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and Remote Sensing through Advanced Filtering Techniques
Hoeben R & Troch PA (University of Gent, Belgium)
ERS-2 Backscattering Coefficient & Soil Moisture for the Southern Great Plains 1997 Hydrology
Experiment
Cravey RL & al. (ESA-ESRJN,Italy)
Comparison of ERS and Multi-Angle Radarsat Measurements on Bare Soils: First results of the
ReSeDa Experiment
Chanzy A*, Calcagno P**, Desprats JF**, King Chr**, Remond A**, M***, Prevot L*, Wigneron
J-P* (*!NRA; **BRGM; ***CETP/CNRS,France)

Classification
Information Extraction for Land-Cover Inventory and Change Detection from Air- and Spaceborne
Interferometric SAR Sensors
Huber R (DLR, Germany)
New Classification Algorithms Using Polarimetric Parameters from SAR Data
Hellmann M (DLR, Germany)
Evaluation of Polarimetric Interferometry for Classification Purposes
Ulbricht A, Papathanassiou, KP (DLR, Germany)

Poster session 3: Agriculture and Land-use
The Calibration of ERS SAR Imagery for Land Applications
Meadows PJ*, Schaettler B**, Laur H*** (*GEC Marconi Res. Centre, UK; **DLR, Germany;
***ESA-ESRIN, Italy)
Improvement of Agricultural Land Use Information from Multitemporal ERS-SAR Data for testsite
OSTALB, Germany
Reich M, Gueth S (Institute of Navigation, Germany)
Land Use Classification with PHARUS Polarimetric SAR
Smith AJE, Van Den Broek AC (TNO-FEL, The Netherlands)
Extraction of Quantative Crop Information Using Multitemporal Radarsat Imagery and Integration in
the SWAP Crop Growth Model
Michaud N*, Boisvert J**, Thomson KPB* & Viau AA* (*Laval U; **Agric. & Agroalim., Can.)
Investigation on the Possibility of Extraction of the Parameters of Jute Crop in Bangladesh Using
Radarsat Data
Zahedul Islam AZ Md., Sardar AM (SPARRSO, Bangladesh)
Monitoring of Rice Field using SAR Data and Optical Data
Ogawa S, Inoue Y, Tomita A & Mino N (Nat. Inst. of Agro-Environmental Sciences, Japan)
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Analysis of Multiple Effects of Bio- & Geophysical Parameters on ERS SAR Backscattering
Hagemeister A, Guenzl M, Selige T (GSF Research Centre for Environt. & Health, Germany)
Winter-time Retrieval of Geophysical Information Related to Next Season's crop Yield
Yakam-Simen F, Nezry E, Zagolski F, Supit I (Privateers, Private Experts in RS, NL Antilles)
An Alternative Sampling Technique for Deriving Crop Area Statistics from Hybrid RS Datasets
Lemoine GG, Kidd RA (JRC-Ispra, Italy)
Interpreting Agricultural Crop Signatures from Flevoland, 1993-1996
Saich P, Borgeaud M (ESA ESTEC, The Netherlands)
Crop Growth Monitoring by Comprehensive Radar Time Series: Canopy Closure Detection at the
Regional Level for Two Crops
Auquiere E, Blaes X, Defourny P (Universite Catholique de Louvain, Belgium)
The Use of Meteorological Data for a Better Crop Discrimination in Radar Data
Auquiere E, Defourny P (Universite Catholique de Louvain, Belgium)
Weather Effects on Radar Backscatter from Crops
Ang W, Hobbs S (College of Aeronautics, UK)
Wind and Rain Effects on SAR Backscatter from Crops
Hobbs S, Ang W & Seynat C (College of Aeronautics, UK)
Crop Parameter Retrieval from Multitemporal SAR Coherence Images
Seynat C & Hobbs S (College of Aeronautics, UK)
The ERS Interferometric Quick-look: a Powerful System to Assess the ERS Tandem Exploitation
Potential for Land Use Information Retrieval
Walker N*, Laur H*, Mica S** (*ESA-ESRIN, Italy; **RACSIEEA, Italy)
Examining the Effect of Satellite Repeat Pass Times on Interferometric Coherence for Land
Classification Applications
Rosich B, Walker N (ESA-ESRIN, Italy)
Mapping Land Cover, Soil Cultivation and Crop Establishment for Nitrate Sensitivity Analysis during
ERS InSAR Data
Zmuda AD*, Slater J**, Batts A*, Seaman E* (*RS Appl. Cons.; **ADAS Consultants Ltd., UK)
On the Applicability of the INSAR Technique on Long Time Scale
Usai S, Klees R (Delft Institute for Earth-Oriented Space Research, The Netherlands)
Quality Assessment of INSAR Topographic Mapping: The Example of Belgium
Derauw D & Barbier Ch (CSL- Centre Spatial de Liege, Belgium)
A Comparison of Regridding Methods for Interferometric DEM Generation and their Impact on
Geophysical Parameter Estimation
Hensley S, Safaeinili A (JPL, USA)

Topography
Interferometric Analysis of Surfaces in Non-Steady Motion
Rott H (University of Innsbruck, Austria)
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Small Displacements Detected by SAR Interferometry on the City of Paris (France)
Fruneau B*, Rudant J-P*, Obert D**, Raymond D** (*Institut Francilien des Geosciences;
**Universite Pierre & Marie Curie, France)
Fusion of Radar and Optical Digital Elevation Models
Honikel M (Swiss Federal Institute of Technology Zurich, Switzerland)
Extraction of Arid Volcanic Surfaces Physical Parameters using Radar Remote Sensing
Paillou Ph*, Souriot Th**, Elizavetin I***, Ansan V**** & Masson Ph**** (*Univ. Bordeaux III;

**Geosciences-Rennes (UPR CNRS); ***NPOMashinostroenia, Russia; ****Univ. Paris-Sud, Fr.)
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Snow
Investigation of Snow and Forest Properties by Using Airborne SAR Data
Alasalmi H, Arslan AN, Hallikainen M, Koskinen J, Praks J (Helsinki Univ. Technology, Finland)
On Estimation of Snow Water Equivalence
Shi J, Dozier J (University of California - Santa Barbara, USA)
Synergy of ERS SAR, NOAA AVHRR & Ground Measur. for Monitoring Snow Melt Process
Grandell J*, Kuittinen R*, Matikainen L*, Janne S**, Metsamaki S** & Koskinen J*** (*Finnish

Geodetic Institute; **Finnish Environment Institute; ***Helsinki Univ. of Technology, Finland)
SAR-based Snow Cover Retrievals for Runoff Modelling
Nagler T, Rott H (University of Innsbruck, Austria)

Agriculture
Comparison of ERS and Multi-Angular Radarsat Measurements on Agricultural Canopies: First
Results of the ReSeDa Campaign
Prevot L*, Calcagno P**, Desprats JF**, Remond A**, Chanzy A*, Chauki H*, Wigneron J-P*

(*/NRA, France; **BRGM, France)
Using Backscattering Models to Define Limits of Crop Information Recovery from SAR Data
Cookmartin G*, Cordey R**, Saich P**, Burgess-Allen P***, Sowter A***, Quegan S* (*Sheffield

Centrefor Earth Obs. Science; **GEC-MarconiRes.Centre; ***Nat. Rem. Sens. Centre Ltd, UK)
Retrieval of Vegetation Parameters from SAR Data Using a Coherent Scattering Model for Grassland
Svendsen MT*, Sarabandi K** (*Technical Univ. of Denmark; **University of Michigan, USA)
ERS-1 /2 Tandem Interferometric Coherence and Agricultural Crop Height
Engdahl M (Helsinki University of Technology, Finland)
Operational European Cereal Monitoring: Methodological Considerations
Kidd RA, Lemoine GG (JRC-Ispra, Italy)

Summary and Discussion
14:00 Session Summaries; General Discussion
16:00 End of the Workshop.

Land-use
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SAR Biophysical Retrievals: Lessons Learned
And Challenges To Overcome
Fawwaz T. Ulaby
Electrical Engineering and Computer Science
The University of Michigan
3228 EECS
Ann Arbor, Michigan 48109-2122, USA
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ABSTRACT
Even though it may be difficult to point to a single,
specific point in time that marks the beginning of the
field we today call "The Retrieval of Biophysical
Parameters Form SAR Data For Land Applications", my
own perspective of history points to the early 1960s.
The publication of the Terrain Handbook in May, 1960
by Professor Bill Peake and his collaborators of Ohio
State University denotes a major turning point and a
transformation
of radar remote sensing from a
qualitative
image-interpretation
technique
into a
quantitative
field of science.
The research work
embodied in the Terrain Handbook represents the first
serious and comprehensive effort to relate the radar
backscatter to the physical properties of terrain. The
evolution of a given remote sensing field, such as "SAR
biophysical retrievals", encompasses four interrelated
activities: (a) technology developments, which, in the
case of SAR, include microwave hardware, signal
processing, antenna design and construction, and sensor
calibration, (b) image pre-processing, which includes
orthorectification, geocoding and despeckling filters, (c)
development
of realistic
and fairly
accurate
electromagnetic scattering models (solution of the direct
problem), and (d) development of practical and useful
inversion algorithms (solution of the inverse problem).
Whereas we, as a radar remote sensing community,
have made phenomenal progress over the past 40 years
in both of the first two of these four activity areas, our
progress has been marginally successful in the third
area and quite limited in scope with regard to the
development
of retrieval
algorithms.
The
disproportional difference in progress between the first
and second pair of activities is quite understandable.
The process is more or less sequential and the emphasis
of much of the research conducted during the past seven
years, since the launch of ERS-1 in 1991, has been on
figuring out how to use mutli-date, single-channel data
to extract biophysical information, which is a far more
difficult problem to solve than the problem of extracting
information
from
mutli-channel
single-date
observations.

Until the past few years, researchers used one of two
approaches to model radar backscatter from terrain.
These were the purely empirical approach and the
"adapt nature to theoretical models" approach in which
scattering elements (surfaces and vegetation) were
modeled as simple shapes with certain statistical
orientations.
More recently, a new approach has
emerged in which "theoretical models are adapted to
nature" wherein natural media are characterized by
aggregate
properties
based
on experimental
measurements.
This paper examines the historical development of SAR
technology, the approaches used in solutions of the
direct and inverse problems and the lessons learned
from them; poses a number of questions; and identifies
the hurdles we need to overcome in order to generate
biophysical products with sufficient accuracy that
society at large would be willing to support financially.
This paper is not intended to be comprehensive
in
coverage nor "scientific" in style. The observations,
opinions, conclusions, and judgements given in the
paper are, for the most part, subjective and therefore
represent only a one man's point of view of history.

40 YEARS OF SAR TECHNOLOGY
This year marks the 40th anniversary of the birth of
SAR. Even though the concept of a "Doppler beamsharpening" radar was introduced by Carl Wiley as early
as 1952, the first successful demonstration
of the
synthetic-aperture-radar technique was not realized until
l958.
At that time, SAR research was part of a
classified project that was conducted at the University
of Michigan. The first unclassified paper describing the
operation of a SAR system appeared in print in 1961.
Production of an image from the signal received by a
SAR system was realized by a hologram-like optical
system and a special lens design. Optical processing
was not replaced with electronic processing until the
development of large-scale integrated circuits in the
mid-I 970's (Fig. l ).

Proceedings of the 2"'1International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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Fig. 1. Historical sketch of SAR developments over the past 40 years.
In the mid- l 980's, we witnessed two major technology
demonstrations: SAR polarimetry and interferometric
SAR, both legacies of JPL's contributions to the
development of SAR for civilian applications. We also
have seen numerous improvements in microwave solidstate technology, data recording, and computer
processing, which together led to the successful launch
and operation of the various SAR systems shown in Fig.
I. By way of illustration, a radar system-- not even one
as complicated as a SAR-- was judged as being well
calibrated in 1970 if its measurement precision was on
the order of ± 2 dB and its absolute accuracy was
estimated to be within 3 dB.
In 1991, ESA
demonstrated that the repeatability of the ERS-1 SAR
system was on the order of 0.25 dB!
BRIEF HISTORY OF RADAR OBSERVATIONS
AND MODELS
The first serious effort aimed at developing quantitative
understanding of how radar waves interact with natural
surfaces and random terrestrial media was conducted at
Ohio State University under the direction of Professor
Bill Peake. Between 1955 and 1960, his team generated
the first handbook of calibrated measurements of the
backscatter from terrain at 10, 15, and 35 GHz. He is
also credited with the development of a number of
scattering models for surfaces and vegetation, as well as
a particularly classic paper in which he established the

connection between the bistatic scattering cross section
per unit area of a distributed target and its emissivity.
As indicated in Fig. 2, which chronicles the evolution of
radar observation and model development over the past
50 years, no major experimental investigations of terrain
backscatter were conducted in the l 960's, primarily
because radar remote sensing research was focused on
understanding geometrical factors associated with SAR
imaging, such as layover and shadow, and on the
generation of geologic and geomorphic maps for
perpetually cloud-covered areas for which imaging
radar offered the only practical means for mapping
them.
Until 1970, no spectral measurements of radar
backscatter had ever been made, for terrain or any type
of natural or man-made target. Intrigued by this
realization, I designed and built a radar spectrometer
that covered the 4-8 GHz band, which later was
extended down in frequency to I GHz, and a second
system was also built to cover the 8-18 GHz range. The
goal was to ascertain whether or not the radar spectral
response of terrain exhibited resonance-like behavior
similar to that exhibited by many types of vegetation
covers in the optical part of the spectrum. Between
1970 and 1984, extensive measurements were made and
many innovative experiments were conducted, both in
the U.S. and Europe, most notably in France and the
Netherlands, and from these the radar remote sensing
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Fig. 2. Historical sketch of radar scattering measurement and model development.

community learnt many lessons.
in the next section.

Some are highlighted

In parallel with the radar observations, concerted efforts
were made to measure and model the dielectric
properties of rocks, soils, vegetation, water, ice, and
snow, thereby providing fundamental links between the
physical properties of scattering elements and their
electromagnetic attributes. Moreover, during the 197585 period, the field of vector radiative transfer, which
had previously been applied to astronomy and other
scattering
media, was introduced and adapted to
scattering and emission by terrain. Studies of radar
backscatter by forest canopies started in the mid- l 980's
using both truck-mounted scatterometers, and airborne
SAR systems.
The field of radar remote sensing research may be
divided into four types of activities:
(I) Technology, which includes signal processing,
calibration,
and other hardware and software
functions related to the generation of a SAR image.
(2) Image Pre-processing,
which includes the use of
despeckling filters, geocoding, image segmentation,
local-slope correction and other radiometric and
geometric corrections.
(3) Solution of the Direct Problem. which aims to
develop models--theoretical,
empirical, or some
combination
of both---that
can predict the
backscattering response of a given terrain target

(such as snow cover) given an adequate description of
its physical properties (snow depth, crystal size,
density, wetness profile, ground surface moisture and
roughness, etc.).
(4) Solution
of the Inverse Problem,
otherwise
known as an inversion algorithm, which aims to
predict the bio-physical properties of a given type
of terrain on the basis of radar observations.
The launch of the ERS-1 SAR in 1991, and the
subsequent launches of JERS-1 SAR, ERS-2 SAR, and
Radarsat, have changed the course of radar remote
sensing research worldwide. On the positive side, the
number of individuals involved in one or more of the
previously defined activities has increased by probably
tenfold, but most of the effort has been focused on
"rediscovery" or on trying to "squeeze" more out of
single-channel observations of terrain than they are
capable of delivering. A positive way by which to view
the experience of the past five years is to regard it as a
combination of training experience for new practionors
of radar remote sensing and as a preparatory step for the
utilization of future multi-channel SAR systems, such as
EnviSAR, Palsar and LightSAR.
Table 1 presents an informal, subjective survey of six
issues of the IEEE Transactions on Geoscience and
Remote Sensing. The survey was conducted for July
1987 to May 1988, and again for the same period a
decade later. Papers related to radar observations of
terrain were identified and then assigned to one of three
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groups. In cases where a paper dealt with more than
one of the three topics, it was assigned to the
predominant one. We observe that the number of
papers dealing with the direct problem increased by a
factor of 2 from 87/88 to 97/98, which is about the same
ratio by which the total number ot papers published in
the journal increased over that time period. A paper
whose primary emphasis is the inverse problem is
defined as one that contributes an operational or nearoperational
algorithm
for estimating
biophysical
parameters from the SAR data. An example of an
operational
algorithm is the ocean wind velocity
algorithm CMOD-4 for the ERS-1 scatterometer.
According
to this criterion
no SAR-biophysical
algorithms appeared in print in the Transactions in
87/88 and only 2 were published in 97/98.
Year
Direct Problem
Image Processing
Inverse Problem
Subtotal
Total

87/88
14
4
0
18

97/98
29

98

177

2

Table I. Classification of articles in IEEE Trans. Geosci. &
Remote Sensing.

In summary, over the past decade we had an upsurge in
SAR-related research activities, but the net productivity
has not increased substantially.

LESSONS AND CONTRIBUTIONS
The following is the author's list of the major advances
made by the radar remote sensing community over the
past 40 years, and highlights of the lessons we learnt
from them:
(I) SAR Technology and Image Pre-processing
(a) Over the past 40 years, processing of the raw
SAR signal has progressed
from optical
processing in the 1960's, to relatively slow
digital electronic processing in the late l 970's
(it took 8 hours of processing time to generate
1 Seasat-SAR scene in 1978), and to real-time
processing today.
(b) Improvements in radar calibration accuracy
now allows discrimination
between
more
terrain classes and the application of inversion
algorithms
without resorting to elaborate
supervised training exercises.
(c) High-quality orthorectification, geocoding and
despeckling filters have been developed for
implementation of geometrical and radiometric
correction.

(2) Dielectric Properties of Natural Materials
(a) Reliable, effective,
and physically
based
dielectric models are now available for rocks,
soils, ice, water, snow, and vegetation material
across the 1-20 GHz spectral band.
(b) The volume fraction of liquid water contained
in any natural material is the single most
important factor governing the scattering and
absorption characteristics of that material.

In Table 2, each of the 18 papers of 87/88 and the 36
papers of 97/98 was subjected to a simple, albeit
subjective, test: is the paper likely or unlikely to have a
long-term
impact on the development
of SAR
biophysical retrieval algorithms? Of the 87/88 set, 11

Impact
Likely

Original
contribution
Incremental
Total

Impact
Unlikely

Technically
OK but
irrelevant

87-88
7

9
(3)

4
11 (60%)

6
15(40%)

4

7(40%)
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Table 2. Is it likely or unlikely that the article will impart a
long-term impact on the development of biophysical retrieval
algorithms?
papers were judged as worthwhile, and of those 7 were
judged to contain original contributions. In 97/98 even
though the total number of SAR-biophysical papers had
doubled to 36, only 9 were judged to contain original
contributions.

Surface Scattering
(a) Reasonably accurate techniques have been
developed for estimating the vertical roughness
(ks, where k=2nf'). and s is the rms height) of a
random surface, but the means for estimating
the horizontal roughness (kf,, where f, is the
correlation distance) with acceptable accuracy
is still lacking.
(b) Modeling surface scattering has proven to be
far more difficult than previously anticipated.
The difficulty stems not from the lack of rigor
of theoretical models, but rather from our
inability to adequately characterize the random
roughness of a natural surface in terms of
model parameters, and also due to the error
associated with representing a medium whose
dielectric profile varies rapidly at the air-soil
interface as a uniform dielectric.
(c) Along directions
away from nadir, the
backscattering coefficient for each of the three
linear
polarizations,
the co-pol
ratio
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( crhh0/crvv0), and the cross-pol ratio (crhv0/crvv0),
all increase rapidly with ks, the rate of
increase slows down when ks exceeds 1 and
each of the three responses approaches a
saturation level when ks exceeds 3.
(d) In general for most natural surfaces, the
dynamic range of o" due to roughness is about
twice that due to moisture.
(e) Algorithms
have been developed
for
estimating soil moisture content of bare-soil
fields from multi-polarized radar observations.
The estimation accuracy of these algorithms is
reasonably good, provided both the absolute
and relative calibration accuracies of the
mutli-polarized observations are within ± 0.5
dB.
(4) Volume Scattering
(a) Vector radiative transfer theory is generally
appropriate for modeling volume scattering by
snow and vegetation covers.
Exceptions
include
situations
involving
coherent
scattering, such as crops planted in periodic
arrangements in which the random variability
associated with row spacing is much smaller
than the wavelength.
(b) In practice, it has been difficult to adequately
characterize the size and shape distributions of
scatterers in a snow layer or a vegetation
canopy. Consequently, it has been difficult to
generate good estimates of the phase and
extinction matrices of the scattering medium.
A new approach has been introduced in which
these matrices are determined empirically
through a special set of measurements, but its
usefulness
is limited to quasi-laboratory
observational conditions.
(5) Terrain
Classification
and Biophysical

Retrievals
As a guide for discussion, we shall adopt the
information retrieval scheme described in Fig. 3 in
which terrain classification
consists of three
sequential levels:
Level 1: Five basic terrain classes, as shown.
Level 2: For short vegetation (sv), such as grasses
and crops, this level discriminates
between
different classes on the basis of their structural
attributes.
A similar approach applies to tall
vegetation (forest canopies).
Level 3: This level pertains to biophysical
parameters.

(a)

The lessons learnt in this activity area are:
On
average,
single-channel
SAR
observations
cannot
yield Level
classification accuracies better than 60%.
The use of multidate observations can
improve the accuracy level, but by no more

(b)

(c)

(d)

(e)

than 10-15%. At Level 2, single-channel
classification accuracies for tree types and
for crops is one the order of 30-40%, which
renders the information essentially useless.
Significant improvement in Level 1 and
Level 2 classification accuracies can be
realized from using dual-channel
SAR
observations, with dual frequency being
superior to two different polarization at the
same frequency. An L/C-band polarimetric
configuration, such as SIR-C, can yield
accuracies exceeding 96% at Level 1 and
90% at Level 2.
Tree height, basal area and biomass of tree
canopies can be estimated with a high
degree of accuracy when a SIR-C like SAR
configuration
is used; the accuracy is
marginally useable when a polarimetric Lband SAR is used; and accuracy is of
questionable value when the observations
are made by only a single-channel or dual
channel SAR.
Correlation
information
derived from
multi-date
interferometric
SAR
observations
can be useful for terrain
classification.
Because the radar backscatter
is only
weakly sensitive to snow parameters (depth
and wetness) at L- and C-bands, limited
progress has been realized in terms of
developing
effective
algorithms
for
extracting
snowpack information
from
orbiting SAR systems.

FUTURE CHALLENGES
It is much easier to look back and reflect on the history
of a particular
field, such as SAR biophysical
retrievals, than to look forward and predict the future.
Be that as it may, this is the author's list of future
challenges facing the radar remote sensing community.
(1)

Technology
(a) The ERS program has demonstrated that it is
technologically
feasible
to achieve
an
instrument stability of .±..0.25 dB for a singlechannel
orbiting
SAR system.
[It is
unfortunate that the same cannot be said about
the calibration gain differences between the
various ground processing
stations.]
In
contrast, the calibration accuracies of the
various SIR-C SAR channels are anywhere
between I and 3 dB. The challenge is to
achieve calibration accuracies with future
systems (Envisat, Palsar, and LightSAR)
comparable with that of the ERS-SAR.
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(b) Spaceborne SAR systems use large, heavy
antennas, requiring large and costly launch
vehicles.
Once the SAR wavelength and
orbital altitude have been specified, the
antenna has to meet a certain minimum
aperture area dictated by range and azimuth
ambiguity considerations. The challenge is to
develop clever sub-pulse coding schemes that
make it possible to suppress the ambiguities,
thereby reducing the requirements on antenna
size by a factor of 5 or 10.
(c) The combination
of on-board real time
processing and the elimination of groundprocessing stations would enhance the utility
of the SAR data immeasurably!
(2)

Biophysical Retrievals
(a) Even though the existence, quantity, and
nature of all life forms in our planet are highly
linked to the distribution and phase of water in
the earth's biosphere, we have no means today
for mapping the spatial distribution or the
temporal variability of soil moisture on even a
local scale.
None of the orbiting sensors
flying today can provide
soil-moisture
information
with useable accuracy.
The
challenge is to develop a SAR estimation
algorithm for predicting soil moisture under
both bare and vegetation-covered conditions.
Possible approaches include:
I . Examining the backscatter response of
bare and vegetation-covered
surfaces at
P-band; to the author's knowledge, no
such experiments have been performed to
date.
2 . Developing
a multi-frequency
multipolarization soil-moisture algorithm using
some novel and clever approach that
perhaps
relies
more on ratios
of
multipolarization
and
multi-band
channels
than on the backscatter
responses.
3. Developing spatial image filters such that
when applied to soil-moisture
maps
generated by available soil-moisture SAR
algorithms, the filtering action removes
large errors and ends up producing a
useable product.
(b) In anticipation of the launch of Envisat, Palsar
and LightSAR,
new multi-date
terrain
classification algorithms are needed for each
of these
system
configurations,
both
separately and in combination.
Multi-SAR
combinations will require the development of
appropriate coregistration image processing
software.
(c) Multi-sensor
fusion, particularly SAR and
lidar data, may prove to be a very powerfull

tool for studying forest environments.
The
SAR provides primarily two dimensional
spatial information and the lidar provides treeheight distributions.
(d) Polarimetry was first demonstrated in a SAR
mode in the summer of 1985. The concept
attracted a great deal of attention, and over the
next few years it captured the interest of many
remote sensing researchers.
Beyond a few
applications
in which the co-pol phase
difference has been shown to provide useful
information
about
the imaged
scene,
polarimetry has not blossomed into a unique
and indispensable remote sensing observational
technique, as many had predicted. This is in
contrast with interferometric SAR which has
established
itself as a powerful tool for
topographic mapping, and an indispensable one
in cloud-covered
areas.
Nonetheless,
the
scattering matrix measured by a polarimetric
SAR
contains
complete
polarization
information about the imaged pixel, and the
challenge is to figure out how to extract scenerelated information from it.

CONCLUDING REMARKS
The field of radar remote sensing at large, and SARterrain biophysical retrieval in particular, has made great
progress over the past 50 years, but for the most part,
technology has always been marching ahead of the
applications. Our challenge as a radar remote sensing
community is to develop smarter, adaptable, and more
robust algorithms capable of retrieving biophysical
information about the imaged terrain at a scale and
accuracy
commensurate
with
the needs
of
environmental
and
commercial
applications.

27

The use of ERS SAR data for land applications: an overview of ESA ERS Announcement of
Opportunity achievements
(I)

Sylvie Remondiere (!),Henri Laur (2)
SERCO Servizi, under contract to ESA-ESRIN, Directorate of Application Programmes
ESA-ESRlN, Via Galileo Galilei, CP64, 00044 FRASCATI, Italy
Tel: 39 6 941 80 686, Fax: 39 6 941 80 622
e.mail: Sylvie.Remondiere@esrin.esa.it
<2l ESA-ESRIN, Directorate of Application Programmes
Via Galileo Galilei, CP64, 00044 FRASCATI, Italy
Tel: 39 6 941 80 557, Fax: 39 6 941 80 280

ABSTRACT
Since the ERS mission started, more than 900 scientific
and application projects have been selected by ESA
through the ERS Announcement of Opportunities. The
Remote Sensing Exploitation Department of the
Directorate of Application Programmes at ESRlN
performs the evaluation of the selected projects in order
to provide an overall assessment by areas of application
based on project activity.
This paper focuses on the current status of the
utilisation of ERS data for land use applications.
Projects carried out under the 2"d Announcement of
Opportunity, issued in 1994, are analysed, as they are
near completion. The projects are grouped by themes,
i.e. land use, agriculture and forestry. An overview of
the methodology applied and the current results is
presented. In addition, results from projects under
National and European Programmes are presented.
The evaluation shows the level of performance for each
application, e.g. a synthesis of the bio- and geophysical retrievable information. It also includes a
number of conclusions regarding the current trends and
the potential for an extended use of ERS SAR data for
the mapping and monitoring ofrenewable resources.

environment while research focuses on result validation
and improvement of methodologies. This paper reviews
the current status of the utilisation of ERS data
products within land applications, in particular for
agriculture and forestry.

2. ABOUT ESA ERS ANNOUNCEMENTS OF
OPPORTUNITY
Throughout the ERS mission, ESA issued several
Announcements of Opportunity (AO) to conduct
research and application development projects using
data from ERS-1 and ERS-2:

Tab. 1: List and status of ESA ERS Announcements of
Opportunity
Year
1986
1990
1992
1994
1995

1995

I. INTRODUCTION
Several hundred projects, since launch of ERS-1, have
assessed and demonstrated the SAR capability to image
features of land surfaces and to complement
information extracted from optical satellite data.
Results obtained in the early years of the ERS mission
have encouraged value adding industry, technical
institutes and the European Union to use ERS data for
renewable resources management in a pre-operational

1998

Programme
!"AO
I" Pilot Projects
2"dPilot Projects
2"" AO
AOL for ERS data
acquired by the
Libreville ground
station
AOT for the
exploitation of ERS
tandem data
3'd AO

Status
Closed
Closed
Closed
Closing
On-going

On-going

Started in June 98

Results of the ERS AO investigations were presented at
ESA international symposia and workshops, i.e.
Cannes in 1992, Hamburg in 1993, Toledo in 1994,
London in 1995, Zurich in 1996 and Florence in 1997.

Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data for Land
Applications. 21-23 October 1998. ESTEC. Noordwijk, The Netherlands (ESA SP-441, December 1998)
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The Remote Sensing Exploitation
Department at
ESRIN is evaluating and following the ERS projects to
provide an overall assessment by areas of application
based on the Principal Investigators activity. In
addition, projects under other ESA programmes (e.g.
the Data User Programme - DUP), national and
European programmes are analysed. Results from the
I st AO and the l st and the 2"d Pilot Projects were
presented at the London Workshop [ 1].
This paper reports on the results achieved since 1995,
within the 2"d AO, the AOL and the AOT programmes,
in particular projects addressing the use of ERS SAR
data for renewable resources and for environment
monitoring. In these programmes, about 40% of the
projects were dedicated to land applications, 11% to
hazards and geology, 9% to the study of atmospheric
processes and climate and 39% to oceanology, sea ice
and ice sheet analysis (fig. 1).

mapping, mapping
additionally, for a
surfaces and crop
vegetation biomass

of changes, mapping of crops and
few cases, to the estimation of crop
production forecasting. Retrieval of
has been rarely investigated.

The relevance of multi-temporal ERS SAR data for the
mapping of renewable resources has been highlighted
in the preliminary stage of the research [1]. Since
1995, projects focus on the quantitative assessment of
extracted parameters, the validation of previous results
and the improvement of methodologies to retrieve
vegetation parameters.
The main categories of land use and crops studied were
the following:

Tab. 2: Land use and crop categories
Main categories
Cereals

Mapping,
Methodology
11%

Atmosphere,

Dried pulses
Oil seeds

Climate
9%

Other crops
Sea ice, Ice
sheet
17%

Plantations
Other land use

Individual
Barley
Wheat
Maize (grain)
Milo
Rice
Field peas
Rape seed
Suntlower seed
Cotton
Sugar beet
Potatoes
Maize (fodder)
Soybean
Bananas
Grassland
Fallow

2.2 Overview of the methods applied for data analysis
Hazard,
Geology
11%

Fig. I: Projects breakdown by application domain

Different approaches have been developed to extract
information on land use and agriculture from ERS
images:
•

Analysis of temporal signatures has been used to
discriminate crops and, in particular, it has been
possible to distinguish winter wheat from other land
use;

•

Pixel-based classification has been used to identify
crops and significant improvement has been found
when speckle filters (e.g. Lee or Map filters) are
applied;

•

Several
studies
have
shown
a significant
improvement of the classification using a fieldbased approach, in order to overcome the problem
of speckle by extraction of image statistics;

AGRICULTURE AND LAND USE
2.1 Overview of the projects
The evaluation of ERS SAR data applications for
agriculture and land use has been performed on 40
projects located either in European countries under
temperate conditions or in tropical countries. They
were initiated in 1995-1996 and are now close to
completion. The projects were dedicated to land use
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These approaches are now commonly
have
been
consolidated
through
performed within the A02 programme:
•

used but they
investigations

The discrimination of land use and crops based on
the temporal behavior of radar backscatter is
analysed in the majority of the projects recently
achieved. As an example, a study has been carried
out on vegetation retrieval based on backscatter
profiles and combining radar and optical remote
sensing
[2]. Wheat, sugar beet and potato
backscatter profile have been analysed over a period
of 3 successive years over the same test site. A
regional approach was developed to model the
canopy and the soil contribution to backscatter
profile, by using a regional crop growth model and
a simplified backscatter model (Cloud model). A
correlation has been found between modeling
results and measurements.

•

Per field supervised
classification
using the
Maximum Likelyhood algorithm is widely used for
land use classification and crop mapping. Progress
has been made to validate previous results, to
transfer the methodologies to new test sites and to
evaluate
classification
accuracy.
Classification
accuracy is often compared to what can be achieved
using satellite optical data.

•

Per pixel unsupervised
classification
with the
ISODATA analysis technique is now applied by
several companies in Europe for the mapping of
crops. It has been developed within the MARS
project and is based on the capability of SAR to
identify changes in soil structure due to field
preparation
in winter and spring. Synthetic
channels (based on backscatter mean, minimum
and maximum values) are generated then isodata
clusters and class assignement is performed [3].
This method requires local knowledge, gathered in
a structured database integrating all auxiliary
information (e.g. meteorological data, DEMs, soil
information,
agronomic
information,
terrain
information, high resolution optical data).

•

Optical satellite data are used in ERS projects for
the segmentation
of radar data and for the
comparison of classifications (number of classes
identified and accuracy). In particular, investigation
has been performed to get the best accuracy for the
major crops with combinations of optical and radar
data taking into account the number of images from
each sensor, the optimum acquisition dates and the
cost of the data [4].

•

Additional research is required for crop growth
modelling versus backscatter as no project reported

on this aspect. Further developments are needed in
interferometry especially with regard to information
derived from coherence images and also in the
domain of optical I radar data fusion.
2.3 Overview of the results
Out of the projects analysed, the main results reported
for the discrimination of land use and crop categories
are the following:
•

Identification
set aside

and location of cereals, oilseeds and

Using winter and spring ERS images, it is possible
to discriminate winter wheat, winter barley, oilseed
rape and to separate these crops from grassland.
The overall accuracy of the classification is in the
order of 70% using ERS SAR alone. If the number
of ERS SAR images increases, e.g. by adding ERS
summer acquisitions
or combining
ERS with
Radarsat images, the overall accuracy reaches more
than 80%, comparable to results obtained from
optical satellite data alone at the same date. The
performance of classification
is linked to the
knowledge of agricultural practices on the test sites
and the understanding of radar data properties.
The methodology has been refined by the JRC for
the EC MARS ST AT looking at an improvement of
the processing chain and of the results by extending
experiment to 20 test sites. A timely selection of
SAR scenes has been done through the use of
relevant meteorological data and the visualisation of
quick looks before ordering the data [5].
In the context of the control of area based subsidies
(EC MARS PAC project), ERS SAR data has been
successfully used to replace missing optical data.
Winter wheat and soybean are always well classified
using ERS SAR alone, while winter barley
discrimination is better using spring ERS SAR
acquisitions and one SPOT from June or July. The
best accuracy for maize is obtained by using 3
SPOT and 3 ERS data but the user found this
solution too costly. Bad results are obtained for set
aside due to the heterogeneity of the fields. Based
on these results and on the cost of data, the user
(French Ministry of Agriculture) suggested the
systematic acquisition of 2 to 3 ERS SAR data in
spring rather than the acquisition of the SPOT
scene from July for the MARS PAC sites of the
North of France [4].
•

Identification and location of maize
Using differences in the coherence values of
different fields, it has been possible to discriminate
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maize from other crops in spring as this crop show
a high coherence value at this period (canopy not
developed) [6].
•

Maize and sugar beet yield forecasting
A semi-empirical model accounting for the structure
and the orientation of canopy rows has been
developed in Belgium for early prediction of crop
yield for row structure crops like maize and sugar
beet. Analysis of backscatter profile has shown that
for homogeneous soil moisture conditions, at early
growth stages, before stock closing date, the
backscatter variations are in the order of 2 to 3 dB
in relation to the canopy row orientation. Further
developments are done under the ESA Data User
Programme [7] [8].
It has been reported in another project that ERS
SAR could be a viable alternative to the use of
optical remote sensing in operational sugar beet
yield forecasting systems. Crop cover is estimated
both from measured LAI and from LAI computed
from radar backscatter and soil moisture using the
Cloud Model. The Cloud Model gives the
relationship between backscatter and leaf area then
inversion gives an estimation of LAI. Correlation
coefficient between the measured LAI and the LAI
extracted from ERS SAR is of the order of 0.92 to
0.95 over 9 fields [9].

•

Identification and location of cotton, discrimination
from other land use
Applying a per pixel algorithm it has been possible
to discriminate agricultural areas from other land
uses and to map 2 groups of crops: one group is
cotton, maize and sorghum and the other group is
peanut and milo. No specific backscatter profile has
been identified for cotton. Better results could be
expected by adding ERS SAR acquisition at the end
of the plant growth as it is the only crop remaining
in the fields. However these preliminary results
have been used to survey the deforestation and the
extension of rural areas, to characterise the need for
new roads and to organise the harvest [10].

•

•

Identification, location and monitoring of rice fields
Rice field mapping and monitoring have been
identified as very promising applications of ERS
SAR data within the ESA-EC ASEAN joint
programme and within previous ESA ERS AO
programmes but no new results came from recent
ones. However, developments and new results were
achieved in South East Asia and in China, within
studies initiated by the University of Singapore
together with the Asian Institute of Technology in
Thailand, by the European Commission (SEARRI
and SARI projects) and by ESA within the
framework of the DUP programme and within a
cooperation with the State Science and Technology
Commission of China. In Vietnam, up to 6 classes
of rice systems were identified using multi-temporal
ERS SAR data sets [I2]. In Sri Lanka, coherence is
used to map rice fields but the topography of the
region and the size of fields are very limiting
constraints. The method will be tested again in flat
terrain [13]. In China, rice maps were produced in
an accuracy of90% in areas with extensive irrigated
rice [14].

2.4 Future prospects
As a result of our evaluation, it has to be stated that
reliable land use and crop area mapping can be derived
from ERS SAR data and can contribute significantly to
existing monitoring systems. The ESA ERS A02
programme has given the opportunity for a number of
projects dealing with agriculture and land use to
consolidate
methodology
and to test dedicated
processing chains. Business case projects are now
initiated by Value Adding Companies aiming at the
adaptation of thematic products tailored for one
category of users.

Identification and location of banana plantations
In Costa Rica, large banana plantations have been
mapped with a high accuracy, 95% for banana/non
banana
discrimination,
applying
a per field
supervised classification on multi-temporal filtered
ERS SAR images. The overall accuracy of the land
use map produced is of 78% and results have been
validated with aerial photographs [ 11].

•

It has been possible to separate grassland from crops
over several test sites of the EC MARS project by
the computation of an annual mean backscatter per
field, always showing low values for grassland. In
this case, acquisitions from autumn and spring are
absolutly needed [4].

Identification and location of grassland

Further investigations proposed within the framework
of the ESA ERS AO programmes aim at the transfer of
the methodologies
to Eastern European and to
developing countries. Research is required for crop
growth modeling and yield forecasting. With the future
ESA ENVISAT mission, there is a high expectation to
improve the retrieval of vegetation parameters using
various incidence and combinations.
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3. FORESTRY

•

Interferometric coherence using ERS tandem data
has been tested in several projects. In these cases,
classification has been done on a per pixel basis.
The classification
algorithm
is a hierarchical
decision tree and decision rules are based on the
value of the interferometric
correlation,
the
difference in backscatter intensity and the texture;

•

Multi-sensor
approaches,
combining
different
configurations of radar data (e.g. ERS SAR, J-ERS
SAR, SIR-C/X SAR) or combining radar and
optical data sets have been experimented.

3.1 Overview of the projects
About 22 projects were evaluated in the domain of
forestry,
mainly
initiated
by European
country
companies or organisations. Most of the test sites were
located in tropical areas (Latin America and in Africa)
or in temperate areas (Europe, USA, Canada). The
projects were dedicated to:
•

Tropical forests, savannah, woodlands
Monitoring changes
Mapping of cover types
Biomass estimation
Deforestation
Mapping of burnt areas

•

Temperate forests, woodlands, grassland
Mapping
Forest decline analysis

•

Boreal forests

3.3 Overview of the results
The main improvement of the methodologies has come
from the use of ERS tandem data to derive coherence
values. As a result of the availability of tandem data,
coherence has been studied over test sites in Europe
over temperate forest.
Out of the projects analysed, application achievements
are the following:

Mapping of burnt areas, burn severity
•
3.2 Overview of the methods applied for data analysis

forest I non forest areas and burned areas. Selective
logging and deforestation are visible but difficult to
identify. Forest type classification is very limited.
Location
of changes
was possible
by the
computation of ratio images.

The preliminary assessment of ERS SAR data for forest
mapping and monitoring
have demonstrated
the
feasibility of forest I non forest discrimination [15].
Limitations were mainly due to ERS configuration, i.e
low incidence angle and low penetration in the forest
cover(C-band). Since 1995, the methods applied for
thematic classification have focused on the use of
texture,
the use of coherence
and a better
understanding of backscatter signatures. In particular:
•

Analysis of radar signatures has been performed for
the discrimination of tree species and biotops (type,
age, phenology, moisture status, green biomass,
stand density, canopy structure). The need for wet
and dry seasons data sets for forest types
discrimination is confirmed;

•

Per pixel supervised classification has been applied
after speckle reduction (Frost filter, Gamma map
filter, or average
of several ERS images).
Unsupervised classification was only used in one
case. Per stand classification has been experimented
in one case:
segmentation
of forest
into
homogeneous
stand areas then stand based
classification provided better results than pixel
based classification.

•

Texture analysis has been often applied for forest I
non forest discrimination as input to classifier;

Tropical forest, savannah:
Using ERS SAR data, it is possible to discriminate

In Africa, an overall accuracy of 90% was found for
the discrimination
between forested and non
forested areas using ERS SAR data. In humid
tropics, it was also possible to identify shrub
savannah and burnt areas. Same cover types were
impossible to retrieve in dry tropics [ 16].
•

Temperate forests, wood land and grasslands
Using ERS SAR data, it is difficult to map forest
species in temperate areas. Analysis of backscatter
values is not sufficient for forest mapping: min or
variations
of backscatter
are found between
coniferous and deciduous stands, some confusion is
found between non forested areas and young
forested areas, also with grassland and urban areas.
The use of interferometric coherence provides better
results. It has been possible to discriminate forested
areas from grassland and agriculture in winter,
spring and summer using tandem data, with an
overall classification accuracy of 79% to 89% from
flat to hilly terrain. Coniferous and forest types have
been identified in winter with an accuracy of 81% to

32

96%, after segmentation
[17]. Young pine
plantations have been identified using tandem data
because the interferometric correlation is higher
compared to mature pines [18].
•

Application of ERS SAR data for forestry monitoring
looks promising using interferometry.
Progress is
expected from future radar mission.

Boreal forests
It was possible to identify fire scars on ERS SAR
images as the backscatter over burnt surfaces shows
a higher backscatter compared to adjacent non burnt
forests [ 19].

3.4 Future prospects
Experience in the use of ERS SAR data in AO studies
has demonstrated
that it is a reliable source of
information to identify forested areas, encroachment,
logging activity and deforestation.
In order to
consolidate these results and to extend the potential of
SAR in this application domain, further investigations
aim at:
•

the validation of classifications,

•

the testing of algorithms
test sites,

•

the use of interferometric

•

the use of other ERS sensors, e.g. the scatterometer
and the A TSR,

•

the added value of other radar configurations
land cover I forest type classification.

At present, it can be seen from new projects initiated
this year within the 3rd AO programme [20] that
proposal objectives address the mapping of renewable
resources but focus on the transfer of methodology
outside Europe.
Additional possibilities are from the future ESA
ENVISAT programme, the availability of new radar
data from other satellites and the availability of high
resolution optical data. New radar configurations and
instrument synergy, e.g. the EN VISA T ASAR and
MERIS synergy will enable development of exisiting
applications and emergence of new ones.
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ABSTRACT
The estimation of radar cross-sections from SAR
imagery requires the data to be calibrated. For the ERS1 and ERS-2 SAR instruments, details of the calibration
steps required for ERS SAR PRI and SLCI products
generated at the ESA Product and Archive Facilities
(PAFs) have been issued by ESA [1]. The purpose of
this paper is to give an overview of these calibration
steps with an emphasis on the calibration of ERS SAR
imagery for land applications.
INTRODUCTION
The ERS-1 and ERS-2 SAR rrussions have been in
operation since July 1991 and April 1995 respectively.
They have fully lived up to their expectations by
successfully demonstrating the ability of imaging radars
to provide valuable long-term earth observation data to
several categories of users. These range from the nearreal time operators to research project groups working
off-line on environmental issues.
Many users, including
those working on land
applications, require the SAR products from ERS-1 and
ERS-2 be calibrated
(absolutely
and relatively).
Absolute
calibration
supports
the
geophysical
interpretation of SAR data by relating the digital values
in data products to the physical and meaningful
estimation of the normalised radar cross-section <J0 (also
referred to as the backscattering coefficient). Relative
calibration enables SAR products from either ERS-1 or
ERS-2 to be compared with each other. ERS SAR users
are required to perform two main steps to absolutely or
relatively calibrate their imagery. One is a correction
for the variation in the ERS-1 SAR replica pulse power
(a replica pulse is used as a representative of the
transmitter pulse in SAR processing). The other is the
correction for ERS SAR on-board Analogue to Digital
Convertor (ADC) saturation.
Any saturation of the
ADC leads to an underestimate in radar cross-section
measurements and hence an ADC power loss correction

D-82234 Wessling, Germany.

is required.
This correction is critical for ocean
applications where high radar cross-sections occur over
large areas and it is also required for certain land
regions. This is more often important for the ERS-1
SAR due to its higher gain settings, and thus the higher
occurrence of ADC saturation than for the ERS-2 SAR.
Examples of regions affected by high ADC saturation
are parts of Greenland and the ice-covered regions of
Iceland. The underestimate in radar cross-section can
be several dB, even for ERS-2 SAR imagery. Due to
the large instantaneous footprint of the ERS SARs,
regions adjacent to areas of high radar cross-section can
also be affected by ADC saturation. As the method used
to calculate the ADC power loss correction is via PRI or
detected SLCI image data rather than via ERS SAR raw
data, it does have its limitations. These are when the
imagery consists of non-uniform high radar crosssection regions such as large cities.
This paper gives the expressions required to derive
distributed and point target radar cross-sections, gives
details of the required calibration steps and includes
examples of the calibration of ERS SAR imagery for
various land surfaces.
DERIVATION OF DISTRIBUTED TARGET

o"

The expression required to calculate the radar crosssection of a distributed target from ERS-1.SAR.PRI
.
.
imagery 1s:2

a

0

< A > Sinn.,
Image Replica Power p
L
ower oss
K Sina RefReference Replica Power

= ---

while the expression for ERS-2.SAR.PRI

(1)
imagery is:-

2

< A > Sin<XoPower Loss

o" = --K

SinaRcf

where:o" =distributed

target radar cross-section,
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(2)
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<A2> = average pixel intensity of a distributed target,
A= pixel digital number,
K = PRI calibration constant (different for ERS-1 &
ERS-2),
a

0=

<XRef

distributed target incidence angle (including any
local surface slope),
=reference incidence angle (23°),

Image Replica Power= power of replica pulse used to
process the image,
Reference Replica Power= replica pulse power of the
ERS-1 SAR reference image (=205229),
Power Loss = ADC power loss.
The first calibration step, the replica pulse power
correction (Image Replica Power/Reference Replica
Power), is only required for ERS-1 SAR imagery.
Replica pulses are used in SAR processing as a
representative of the transmitted pulses from the image
acquisition period. It is thus essential that any change in
transmitter pulse power be reflected in a similar change
in replica pulse power so that the processed imagery can
be radiometrically corrected. Unfortunately, this is not
the case for the ERS-1 SAR [2]. Changes in ERS-1
SAR replica pulse power can, at times, be as large as
2dB while the transmitter pulse is, for the most part,
stable. The SAR processors at the ESA Processing and
Archiving Facilities (PAFs) use one replica pulse per
image for the range compression part of the SAR
processing. The power of this replica pulse needs to be
removed from the imagery. This is achieved by relating
the image replica power to the replica power of the
reference image used to derive the calibration constant
K. For the ERS-2 SAR, it has been found that changes
in transmitter pulse power are reflected in the replica
pulse [2] and hence there is no need for an ERS-2 SAR
replica pulse power correction.
The second calibration step, the ADC power loss
correction, is required to compensate for SAR raw data
saturation within the on-board ADC. This ADC power
loss correction is required for both ERS-1 and ERS-2
SAR imagery. The correction is higher for ERS-1 than
for ERS-2 due to the reduced gain settings of the ERS-2
SAR. These reduced ERS-2 SAR gains are effective for
data acquired after 13th July 1995 (only ERS-2 SAR
data after this date can be calibrated). A method has
been developed [3] whereby the ADC power loss
correction can be estimated directly from PRI image
products. This is achieved by the removal of various
functions from the PRI image and the use of a look-up
table. The various functions are the elevation antenna
pattern, range spreading loss and the replica pulse
correction.
The calibration of the ERS-1 & ERS-2.SAR.SLCI
complex data products requires a slightly different
approach to that for PRI products. Before the radar

cross-section of a distributed target can be calculated,
the complex data have to be converted to power (i.e.
detected). To preserve all the statistical properties of
the data, resampling should be carried out to ensure that
the detected image is adequately sampled (i.e. at twice
per resolution cell). As the ERS SAR complex data is
sampled at once per resolution cell, a resampling factor
of two is required. It is also necessary to ensure that the
complex data power spectra is completely within the
sampling window. If the power spectra is 'folded over'
from one end of the sampling window to the other, then
a spectrum shift is required. In the case where only the
mean intensity of a distributed target is required (such as
for the radar cross-section calculation) then it is possible
to detect the complex data without resampling.
The
expressions required to calculate the radar cross-section
of a distributed target from detected complex data are
different from the PRI products. This is because no
elevation antenna pattern correction and range spreading
loss have been applied to the SLCI products.
For
detected
ERS-1.SAR.SLCI
products
the required
expression Js:-

< A 2 > Sincq, I Image Replica Power
cr = -----Power Loss
K SinaRer S~ Reference Replica Power
0

(3)

while the expression for detected ERS-2.SAR.SLCI

data

JS:2

<A > Sina0 I
1
o" = -----.
--2 Power Loss---2
K SmaRer SF
G(90)

R6

-,-

(4)

RR_,1

where in addition to the terms used for (1) and (2):K = SLCI calibration constant (different for ERS-1 &
ERS-2),
SF = sampling factor for detection of SLCI data,
0(00)2= elevation antenna pattern gain at the
distributed target,
00 = distributed target look angle,
R0 = distributed target slant range,
RRer= reference slant range (847.0 km).
The replica pulse power correction is exactly the same
as for PRI products while the method for calculating the
ADC power Joss considers the fact that detected SLCI
imagery is in slant range and has no elevation antenna
pattern or range spreading loss applied.
Specific details of how the calculate the radar crosssection of distributed targets (including the replica pulse
and ADC power loss) for ERS-1 and ERS-2 SAR PRI
and SLCI products can be found in [ 1]. This reference
also considers the calibration of products that have been
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generated using a nominal replica pulse rather than the
more usual replica pulse generated at the time of
imagmg.

lp = total power in the point target mainlobe,
CF= relative power in the point target sidelobes =
1/(1+ISLR),

The stability of both the ERS-1 and ERS-2 SAR
instruments is important for calibration. This has been
measured throughout the lifetime of both instruments
using the three ESA transponders
deployed in
Flevoland, The Netherlands. The radiometric stability
of the ERS SARs is defined as the standard deviation of
the transponder radar cross-section measurements. For
the ERS-1 SAR the mean stability is 0.20 dB while for
the ERS-2 SAR it is 0.26 dB. Two other parameters can
be measured using the transponders.
These are the
radiometric accuracy and the mean peak to peak radar
cross-section.
The radiometric accuracy is the mean
difference between the actual and measured transponder
radar cross-sections while the peak to peak radar crosssection gives the maximum difference in transponder
radar cross-section measurements.
The radiometric
accuracy for both the ERS-1 and ERS-2 SAR is 0.13 dB
while the mean peak to peak value is 1.15 dB for ERS-1
and 1.17 dB for ERS-2. The ERS-1 results are based on
transponder measurements between September 1991 and
May 1998 while the ERS-2 results are based on
measurements between July 1995 and July 1998.
These results together
with internal calibration
measurements [2] indicate an excellent stability for both
SARs while the radiometric accuracy values are very
good and the peak to peak values are acceptable (given
the quoted accuracy of the calibration constant K is ±0.4
dB).
There
has also been no degradation in the
performance of the ERS-1 and ERS-2 SAR with time
and hence no reduction in the accuracy with which the
ERS-1 and ERS-2 SAR image products can be
calibrated.
DERIVATION OF POINT TAR GET

a

The expression required to calculate the radar crosssection of a point target from ERS-1.SAR.PRI imagery
JS:-

o=

Ir PA Sino,

Image Replica Power

CF K Sina.Ree Reference Replica Power

Power Loss

(5)
while the expression for ERS-2.SAR.PRI imagery is:-

CJ=~

IP pA Sina. P Power Loss
K Sina.Ref

where in addition to the terms used for (I) and (2):o = point target radar cross-section,

(6)

ISLR = integrated sidelobe ratio,
PA= PRI product pixel area (l 56.25m

2),

exp= point target incidence angle.
For detected ERS-1.SAR.SLCI
expression is:Ip PA

cr = -

I

CF K Sina.Rel

I

products the required

Image Replica Power

s~Reference

Replica Power

Power Loss

(7)

while the expression for detected ERS-2.SAR.SLCI data
1s:Ip PA

o = -----2

I

I

CF K Sina.Ref SF

I
Power Loss---2
G(0p)

R~
-3-

(8)

RRcf

where in addition to the terms used for (5) and (6):PA= SLCI product pixel area (-30.8m\
K = SLCI calibration constant (different for ERS- I &
ERS-2),
SF = sampling factor for detection of SLCI data,
G(0p )2 = elevation antenna pattern gain at the point
target,
0p = point target look angle,
Rp = point target slant range.
The derivation of the replica pulse and ADC power loss
corrections are the same as for distributed targets
discussed above.
EXAMPLES OF CALIBRATED IMAGERY
As discussed above, ERS- I SAR imagery needs to have
a replica pulse power correction applied. To illustrate
the variation in ERS- I SAR replica pulse powers, Fig. I
shows the replica pulse power correction for ERS- I
descending passes over Greenland during August 1992 the size of each symbol is proportional to the magnitude
of the correction. The replica correction varies from 0.68 dB to 0.29 dB (i.e. a range of0.97 dB). Notice that
there are only small changes in replica power along each
pass (typically 0.1 dB) while the largest changes are
from pass to pass. Over the lifetime of ERS-1, the
replica correction has, for short periods of time, been as
large as 2 dB [2].
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Fig. 4: ERS-2.SAR.PRI Orbit 4143 Frame 2295(acquisition date 4thFebruary 1996).
section for this image - it has been derived from
Other land features can have high radar cross-sections.
smoothed data and thus the high backscatter from
One example is snow capped mountains. Fig. 5 (left)
individual mountains is not shown. Fig. 6 shows the
shows an ERS-1.SAR.PRI image of the Alps (latitude
same scene as Fig. 5 but from the ERS-2 SAR. Here the
47.1°N, longitude 9.5°E).
Notice that the high
ADC power loss is very small. Note that the radar
backscatter from the mountains is restricted to relatively
cross-section contour plots for these ERS-1 and ERS-2
small regions. As the instantaneous footprint of the
SAR scenes are almost identical and thus show a good
SAR is quite large (5km in azimuth by 15km in ground
relative calibration between the two SARs (the images
range) the high mountain backscatter is averaged over
were acquired one day apart).
the footprint to give very little ADC saturation as Fig. 5
(middle) shows. Fig. 5 (right) gives the radar cross-

0

Fig. 6: ERS-2.SAR.PRI Orbit 4342Frame 2655(acquisition date

is" February 1996).
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Fig. 7. ERS-1.SAR.PRI Orbit 13946Frame 1035 (acquisition date 161h March 1994).

One consequence of the large instantaneous footprint of
the ERS SARs is that land regions adjacent to high radar
cross-section regions, such as the oceans under strong
wind conditions, can also have high ADC power losses.
Fig. 7 shows the Zeeland region of the Netherlands
(latitude 5l.9°N, longitude 3.9°E) when the adjacent
North Sea had a high backscatter. There is a high
concentration of ADC power loss contours along the
coastal region indicating a change in power loss in this
region. This change is not just restricted to the ocean
but also to the neighbouring coastal region. The ESA
transponders were deployed at three locations across this
scene during the ERS-1 3 day repeat period ice mission
phases. The ADC power loss of each transponder was
affected by the state of the adjacent ocean, with the
transponders nearest to the coast being affected more.
This effect also occurred when the transponders were
moved to Flevoland. Here, the Ijsselmeer and Marker
Meer open water regions are nearby. Fig. 8(a) shows
the transponder radar cross-sections relative to their
nominal values without any corrections (replica pulse
and ADC power loss) and derived from ERS-1.SAR.PRI
images. Fig. 8(b) shows the two corrections - note the

~

\jJ~~
'f J • •1t

0

Tran~nde~

high ADC power loss corrections which can be as large
as 2 dB. Finally, Fig. 8(c) shows the transponder radar
cross-sections after the corrections have been applied.
Now the variation in transponder radar cross-section is
much smaller.
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Fig. 8(b): ERS-1 Transponder Corrections.
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Fig. 9: ERS-1.SAR.PRI Orbit 23085 Frame 2565(acquisition date 14thDecember 1995).
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Fig. 10: ERS-1.SAR.RAW Orbit 23085 Frame 2565(acquisition date 14thDecember 1995): histogram of selected raw
data blocks (left panel), the raw data derived ADC power loss in dB (middle panel) and the difference between the raw
and PRI derived ADC power loss in dB (right panel).
Derivation of ADC power loss using PRI imagery, as
clearly not the case here as a large number of samples
described in [I], is ideal for large homogeneous regions,
can be found in the upper and lower quantisation levels
such as Greenland, and is adequate for other types of
for regions around London and the Thames estuary.
distributed targets. It is estimated that the ADC power
Fig. 10 (middle) shows the ADC power loss as derived
loss can be calculated to better than 0.5 dB for
from the raw data. Now the power loss for London is
distributed targets [3].
The method does have
almost I dB higher than that derived from the PRI
limitations where there are a large number of bright
image. For the Thames estuary, the raw data derived
power loss is similar to that derived from the PRI
point targets within the SAR footprint such as is the case
imagery. This is confirmed in Fig. 10 (right) which
for large towns and cities. For such regions, the method
using PRI imagery underestimates the ADC power loss.
shows the difference between the raw data and PRI
image derived power losses.
Fig. 9 (left) shows an ERS-1.SAR.PRI image of London
and its surrounding area. Two regions of high ADC
As is expected, the limitation of deriving the ADC
power loss can be seen; one centred on London and the
power loss is much smaller for ERS-2 SAR data. Fig.
other from the Thames estuary (Fig. 9 middle). The
11 shows the same scene as Fig. 9 - now the ADC power
corresponding raw data product, ERS-1.SAR.RAW, can
loss is up to only 0.1 dB. The corresponding raw data
be used to illustrate raw data saturation and compare the
product has almost no saturation as Fig. 12 (left) shows.
raw data and PRI image derived ADC power losses.
In fact some of the raw data histograms show some bit
Fig. I0 (left) shows raw data histograms for a selection
redundancy where several of the upper and lower
of raw data blocks. The vertical scale of each histogram
quantisation levels are zero. Fig. 12 (middle) shows the
is the same to enable the relative distribution of raw data
raw data derived ADC power loss which has a maximum
samples to be shown. Ideally, the distribution of raw
values of only 0.15 dB. Finally, Fig. 12 (right) shows
data samples should be a Gaussian falling to close to
the difference between the raw data and PRI derived
zero at the upper and lower quantisation levels. This is
power losses.
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Fig. 11: ERS-2.SAR.PRI Orbit 8923Frame 2565 (acquisition date 3rd January 1997).
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CONCLUSIONS
This paper has given the expressions required to derive
distributed and point target radar cross-sections for the
ERS-1 and ERS-2 SARs. The expressions are for PRI
and detected SLCI data types. Details of the replica
pulse power and ADC power loss corrections to be
applied by the user are also given. The stability of both
SAR has been excellent with a mean stability of 0.20 dB
for ERS-1 and 0.26 dB for ERS-2.
A selection of land surfaces have been chosen to
illustrate the importance of the corrections, especially
the ADC power loss correction. Example imagery of
parts of Greenland and Iceland show ADC power losses
of up to 4 dB for ERS-1 SAR data and almost 2 dB for
ERS-2 SAR imagery. Imagery over the Alps has shown
that although there may be parts of an image that have
high radar cross-sections (the mountains), it is the
average backscatter over the SAR footprint that is
important: the Alps have almost no ADC power loss. It
has been shown that land regions adjacent to high
backscatter regions, such as the ocean, are affected by
the ADC power loss. The ESA transponders deployed
in Flevoland and Zeeland have been used to illustrate
this whereby the stability of the ERS-1 transponder
measurements
are significantly
improved by the

application of the ADC power loss. Limitations of the
method of using PRI imagery to derive the ADC power
loss are shown by considering London as this consists of
a large number of point targets. For ERS-1 SAR data,
the PRI power loss technique underestimates the power
loss by almost 1 dB.
For the ERS-2 SAR the
underestimate is much smaller due to the overall
reduction in ADC power loss for this instrument.
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ABSTRACT
This paper describes two techniques that can be used to
exploit the large quantity of SAR imagery acquired by
ERS-1 and ERS-2.
The first is image averaging
whereby several images acquired over the same region
are averaged together to reduce the visual impact of
speckle on full resolution imagery.
The second
technique is the generation of SAR mosaics to enable
large scale structures to be visualised. The purpose of
describing these two techniques is to encourage their use
for existing and perhaps new land applications.
INTRODUCTION
The ERS-1 and ERS-2 Synthetic Aperture Radars
(SARs) have been acquiring calibrated imagery since
September 1991 and July 1995 respectively.
During
that time, both SARs have acquired large quantities of
data [ 1] over large areas of the Earth's surface. Indeed
many areas have been imaged at frequent intervals and
1•
some even once per repeat period
With such large
quantities of acquired data, there are opportunities for
large scale SAR images to be acquired over short
periods of time.
One of the characteristics of SAR imagery, especially
when viewed at full resolution, is speckle. This acts as
unwanted noise which reduces the ability to distinguish
features in SAR imagery. Image multi-looking can be
used to reduce the impact of speckle but only at the
expense of reduced spatial resolution.
Averaging
several images of the same scene together will also
reduce the impact of speckle while preserving the image
spatial resolution.
Although this image averaging
technique is not new [2], it has not been widely exposed
to the land users community.

1

During 1991 and the first 3 months of 1993, ERS-1
was placed in a 3 day repeat period; during the 12
months from April 1994 it was in a 168 day repeat
period while at all other times it has been in a 35 day
repeat period. ERS-2 has always been in a 35 day
repeat period.

ERS SAR swaths are 1OOkm wide and as such this
places a limit on the visibility of large scale land
features. In addition, the orientation of SAR swaths is
determined by instrument and orbit factors. A more
convenient image orientation is that of a standard map
projection. The solution to both of these problems is via
the generation of a mosaic whereby many images are
transformed onto a map projection and combined to
form a large area SAR image. ERS SAR data has
already be used to generate mosaics of French Guiana
[3], Germany [4] and Central Africa [5].
This paper describes and gives examples of both the
image averaging and mosaicing techniques.
IMAGE AVERAGING
Speckle arises when individual scatters within a
resolution cell are not resolved. The consequence of
this is that a uniform area will, in an intensity image,
have an negative exponential distribution with the
standard deviation equal to the mean. For a single
image, the impact of speckle can be reduced by multilooking the data. This is carried out by the averaging of
independent (i.e. uncorrelated) samples. For ERS PRI
image data, the data has 3 azimuth looks while there is
no multi-looking for the ERS SLCI data (i.e. it is single
look data). The disadvantage of multi-looking is that it
degrades the spatial resolution.
The impact of speckle can also be reduced by averaging
together many images of the same scene acquired on
different dates. In this case, the spatial resolution of the
image is preserved. The extent to which the impact of
speckle is reduced depends on the lack of correlation
between the images used for averaging. The technique
of SAR interferometry
has shown that there is
correlation of land scenes for images acquired one or
more repeat periods apart. The correlation between
images depends on such factors as time between image
acquisitions, orbit baseline separation and the type of
terrain imaged (urban areas, for example, are more
correlated than agricultural areas). Image averaging will
only be of benefit if images are not highly correlated.

Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Datafor Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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Before image averaging can be performed, the images
that form the average need to be registered with each
other. Registration has been carried out for images that
have been acquired one or more repeat periods apart. In
this case, the displacement between images is relatively
small (up to several km in both azimuth and range). As
registration has only been performed to a pixel accuracy,
the displacement between images can just be a
translation in azimuth and range. Two approaches have
been used to determine this translation offset:
• by using the peak of a bright point target, such as a
corner reflector, transponder or natural point target,
as a reference location and
• by the correlation of images (a small region of one
image is correlated with a second image to determine
the offset between images).
For the three look ERS PRI imagery (with 12.5m
pixels), it has been found that only one set of translation
offsets are required per scene to ensure adequate pixel
registration anywhere within the 1OOkm by 1OOkm
scene. For the single look detected ERS SLCI imagery
(with 1.95m by 3.95m pixels after detection) slightly
different sets of translation offsets are required for
different parts of a scene. Once registered, the same
region from each image is extracted and then converted
to intensity and averaged (followed by a square root to
give an amplitude version of the averaged image).
Fig. I shows a single and averaged image
Airport from ERS-2.SAR.PRI imagery.
was carried out using the peak of one
transponders deployed in Flevoland some
No additional registration was required and

of Schiphol
Registration
of the ESA
40km away.
a total of 12

images were used to generate the averaged image. Far
more detail in the airport and the surrounding urban
areas can be seen in the averaged image compared to the
single acquisition date image. Even field boundaries
can be identified much more easily in the averaged
image. Fig. 2 shows Amsterdam. Again one of the ESA
transponders was used for registration (20km away).
The averaged image shows much more clearly the canal
and street structure within the city. In addition, the river
flowing through the city is now much more obvious. 12
images were used to generate the averaged image.
The transponders used for registering the averaged
images shown in Fig. I and 2 have been used to
determine the spatial resolution of the averaged images.
The averaged image azimuth and range resolutions have
a 5% degradation compared to the mean spatial
resolution of the individual images. In addition, the
integrated sidelobe ratio also has a 5% degradation.
These results indicate that registering to a pixel accuracy
is sufficient to preserve the spatial resolution when
performing image averaging.
Registration for the London image shown in Fig. 3 was
carried out via the correlation technique using an area
around Farnborough 50km away.
Again far more
infrastructure details such as roads and railways can be
seen in the averaged image. Structure within the park
regions is also much clearly defined in the averaged
image. Again the 12 ERS-2.SAR.PRI images were used
for the image averaging. In this case, all 12 images were
acquired just one repeat period apart from January 1997
to February 1998.

Fig. I: A single and averaged ERS-2.SAR.PRI image of Schiphol Airport, The Netherlands (image size l 2.5km by
l 2.5km). The point targets on the airport runways are only visible in one image and are assumed to be planes.
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Fig. 2: A single and averaged ERS-2.SAR.PRI image of Amsterdam, The Netherlands
12.Skm). The canals within Amsterdam are clearly visible in the averaged image.

(image size 12.Skm by

:t
Fig. 3. A single and averaged ERS-2.SAR.PRI image of south west London, UK (image size 12.Skm by 12.Skm). Hyde
Park and Kensington Gardens are top right while Richmond Park and Wimbledon Common are bottom left.
The ESA ground station at Salmijaervi, Kiruna, Sweden
was used as a reference point target for the averaged
image of Kiruna town in Fig. 4. Although only 4 images
were used to generate the averaged image, there is still a
significant reduction in the visual impact of speckle. It
has been found that for most land scenes a minimum of
6 images are required before a significant improvement
in visual interpretation is achieved.
The averaging technique has also been applied to
detected ERS-1.SAR.SLCI
data.
To preserve the

statistical properties of the data it is sampled at twice per
resolution cell prior to detection. It is also necessary to
ensure that the power spectrum is completely within the
sampling window and not 'folded over' from one end of
the sampling window to the other. The SLCI complex
data is presented in slant range and there is no elevation
antenna pattern or range spreading loss applied. It is
also single look data.
Fig. 5 shows a single and
averaged image of Rotterdam - again there is a
significant improvement the details visible within the
averaged image. One of the ESA transponders deployed
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m Zeeland
registration.
correlation
registration
appreciably
image was

(60km away) was used for initial image
A small additional registration using the
approach was required to achieve pixel
(note that the detected SLCI pixels size is
smaller than the PRI pixels). The averaged
generated using 15 images acquired during

one of the ERS-1 3 day repeat periods. As the SLCI
data is single look, more images are required to achieve
the same reduction in speckle than is the case for the
three look PRI images. The advantage of using SLCI
data is that the azimuth resolution is a factor of three
better than PRI imagery.

Fig. 4: A single and averaged ERS-2.SAR.PRI image of Kiruna, Sweden (image size I2.5km by I2.5km).
center left is an open cast mine. The ESA ground station at Salmijaervi is 30km east of Kiruna town.

Fig. 5: A single and averaged ERS-1.SAR.SLCI
20.7km ground range by 4.0km in azimuth).

The feature

image of Rotterdam, The Netherlands (image size 8.1 km slant range or

MOSAICS
The IOOkmswath width of ERS SAR images restrict the
visibility of large scale features. With the ERS 35 day
repeat period, adjacent swaths can, at mid latitudes, be
acquired only 3 days apart. At higher latitudes the time

separation is shorter. The generation of SAR mosaics
serves two purposes; to convert the location of images to
a common map projection and to combine images from
adjacent swaths. To generate a mosaic using ERS SAR
PRI imagery several problems have to be overcome.
These including the removal of across-track image
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intensity vanations due to the changing radar crosssection of land surfaces across the SAR swath. The
various steps to generate a SAR mosaic are now
described:•

Image spatial averaging.
In order to reduce the
computational time plus disk space required to
generate the mosaic, individual ERS PRI images are
spatially averaged. A root mean square (RMS) pixel
block averaging is carried out. The PRI images used
for the British Isles and Iceland mosaics shown in
Fig. 6 and 7 were averaged to give IOOm pixels (i.e.
using 8 by 8 pixel blocks).

•

Geocoding.
The geocoding process converts the
spatially averaged PRI image, which is supplied in
instrument
coordinates,
into a suitable
map
projection.
Both the British Isles and Iceland
mosaics have been geocoded on to a Universal
Transverse Mercator (UTM) map projection. The
latitude and longitude of the image corners as given
in the PRI CEOS header were used for the
transformation into the UTM map projection. There
are two type of geocoding: ellipsoid and terrain
corrected.
Ellipsoid corrected geocoding assumes
that all the land features have no height above an
ellipsoid.
Terrain corrected
geocoding
uses
information from a Digital Elevation Model (DEM)
to calculate the height of each pixel in a SAR image
and to place the pixel in its corrected geographical
location. The difference between the two types is
most noticeable in mountainous regions where
mountains are distorted in ellipsoid corrected
geocoded images and not in the terrain corrected.
For simplicity ellipsoid geocoding has been used for
the British Isles and Iceland mosaics. These mosaics
have an output pixel size of 500m and 300m
respectively.

•

•

Across-track radar cross-section variation removal.
Land scenes exhibit a variation in radar cross-section
from near to far across-track positions.
This
variation needs to be removed to avoid any
discontinuity between adjacent swaths.
This has
been carried out by fitting a straight line to the
average range profile of several sample images from
the mosaic (those that do not contain any ocean).
The fitting uses a least squares technique and was
applied to the amplitude version of the PRI imagery.
Once an across-track profile was derived, it was
removed from all the PRI images prior to geocoding.
Where there were significant changes in terrain,
another range profile was derived.
Swath overlaps.
Adjacent swaths of the mosaic
overlap. Where possible, the swaths are selected to
ensure a small as possible overlap; this means that all

swaths are either ascending or descending.
Two
approaches were used for overlapping swaths:
intensity averaging of the overlap and using the most
recent image.
The first of these calculates the
intensity average of the pixels in the overlap while
the second places the image most recently geocoded
on top of an earlier geocoded image.
In
mountainous regions, the second of these method is
preferable.
This is because the location of a
mountain top is a function of range position and so
any averaging will lead to a blurring of the
mountains (this should not be a problem if terrain
corrected geocoding is used).
•

Coastline mask. The visual appearance of a mosaic
with any coastal regions is spoiled by the changing
radar cross-section of the ocean (not only acrosstrack but also from swath to swath). This can be
avoided by the generation of a coastline mask. The
mask relies on having suitable coastline data
available. This data needs to have a spatial accuracy
similar to or better than the mosaic. To generate the
mask, the coastline data are geocoded and an ocean
mask produced where the ocean is assigned a value
of zero and the land is assigned a value of one.

Fig. 6 show a mosaic of the British Isles. This was
generated using 95 ERS-2 PRI images. The majority of
these were acquired between October 1996 and January
1997. The mosaic shows significant radar cross-section
differences
between,
for example,
the mainly
agricultural
regions of England
and the more
mountainous regions of Wales and Scotland. Within
Scotland, there are differences in radar cross-section
between the lowland where Edinburgh and Glasgow are
located and the adjacent highlands. In Ireland, a high
backscatter region can be seen in the west. The major
cities such as London, Birmingham, Glasgow and
Dublin are clearly seen.
Fig. 7 shows three mosaics of Iceland. Each mosaic was
acquired during a period of only 34 days and used 36
ERS-2 PRI images (although for the first mosaic four
images from the ERS-1 SAR were used to replace ERS2 images which contained processing artifacts due to a
large number of missing range lines). Fig. 7(a) was
acquired during late winter. Fig. 7(b) and (c) were both
acquired during mid summer and are just one repeat
period apart. The dominant features in these mosaics
are the ice regions. In the winter mosaic they have a
high radar cross-section while in the summer they have a
very low radar cross-section.
Changes in these ice
regions can even be seen between the two summer
mosaics whereby the size of low backscatter regions
have reduced slightly in the later of the summer mosaics.
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Fig. 6: British Isles Mosaic generated from 95 ERS-2.SAR.PRis acquired between October 1996 and January 1997.
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Fig. 7(a): Iceland Mosaic generated using 36 ERS-2.SAR.PRI acquired between l " February and 6thMarch 1996.

Fig. 7(b): Iceland Mosaic generated using 36 ERS-2.SAR.PRI acquired between 5thJune and 9thJuly 1997.
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Fig. 7(c): Iceland Mosaic generated using 36 ERS-2.SAR.PRI acquired between
CONCLUSIONS

The examples of the averaging technique have shown an
improved visual appearance of full resolution imagery
due to reduced speckle (while preserving the image
spatial resolution). It has been found that a minimum
number of 6 images are required before an appreciable
improvement in the visual appearance occurs. As only
images acquired one or more repeat periods apart have
been averaged together, this means that the images used
can span many months. The biggest benefit of this
technique is for land features that do not change over
this time period. Thus, the use of this technique is likely
to be for applications such as those associated with
urban areas (e.g. road identification) and agricultural
scenes (e.g. field delineation and segmentation).
The mosaics of the British Isles and Iceland presented in
this paper clearly show that large area land features can
be visualised using this technique. As the mosaics are
presented in a standard map projection, additional data
from other sources can be used to complement the SAR
data. The British Isles mosaic shows differences in
radar backscatter over large areas while the Iceland
mosaics show that large area changes in radar
backscatter occur as a function of season. Wide swath
products from the forthcoming ENVISAT ASAR
instrument will enable mosaics, including multi-

io" July and 13 hAugust 1997.
1

temporal mosaics, to be generated more easily than has
been possible with ERS SAR products.
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ABSTRACT
Optical sensors have demonstrated a capability
to map urban land cover but also evidence certain
limitations in spectral separation of urban and non-urban
land cover types used in spatial modeling of
environmental parameters. The bio- and geophysical
parameters of imaging radars suggest that they may
contribute to the reduction of this land cover confusion.
This research examined two issues: (I) the ability of
SAR to digitally define and separate urban land cover
and (2) the benefit of digitally combining SAR and
optical data. Six Radarsat images, an ERS image, and a
Thematic Mapper image were digitally classified into
eleven land cover categories. Emphasis was placed on
the ability to distinguish impervious surfaces and
developed land cover. An examination was made of
each of the SAR images and the TM image to determine
which land cover was confused with these urban types.
Four SAR images of different incident angles and spatial
resolution were then digitally combined with the TM
data by image concatenation and fusion and evaluated.
INTRODUCTION
Growth and pressures of urban areas are major
concerns for proper planning and resource management.
Remote sensing has demonstrated its value in
contributing to urban data bases [I]. At the same time,
limitations of optical sensors in separating urban from
non-urban land cover types have also been reported [2]
[3].
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Although considerable work has been reported
on the use of radar to examine various urban land cover

types and urban-related parameters, most of these
studies have relied on visual analysis of the imagery [4][6]. Merging optical and radar data has received
attention, but such research has generally not focused on
urban areas and also relied largely on visual analysis [7].
This research examined two issues: (I) the ability of
satellite-based SAR data to digitally define and separate
morphologic-based urban land cover types for use in
nonpoint source water pollution potential spatial models;
and (2) the benefit of digitally combining SAR and
optical sensor data for such analysis.
STUDY AREA AND METHODOLOGY
The Carmans-Forge Rivers region of Long
Island, New York served as the focus of this study. The
172 sq. km. area contains a mix of rural and urban land
cover and one of the major drainage systems on the
island. The context is that of a complex natural
environment intermingled with high density commercial
and residential development.
The National Oceanic and Atmospheric
Administration (NOAA) Coastal Change Analysis
Program (C-CAP) has developed a protocol and
classification system based primarily on analysis of
Landsat TM data for mapping coastal wetlands and
adjacent upland land cover for any coastal region in the
United States [8]. The eleven C-CAP land cover
categories used in this investigation included four
wetland classes (Estuarine Emergent, Palustrine
Emergent, Palustrine Scrub/Shrub, and Palustrine
Forested), six upland categories (Coniferous Forest,
Deciduous Forest, Grasslands/Cultivated, Bare Ground,
Impervious Surfaces, and Developed), and Water.
Emphasis was placed on the ability to
distinguish Impervious surfaces and Developed land
cover. The former category is characterized by paved
surfaces and structures with little or no vegetation (e.g.
parking lots, highways, shopping malls, and high
intensity commercial and industrial activities). The
latter category is characterized by a mixture of
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structures, roadways, and various vegetation types
typified
by
suburban
residential
land
cover.
Identification of these two land covers is integral to
much analysis and spatial modeling of urban impacts on
the landscape but is also problematic for many optical
sensor-based classifications.
The image data sets, incident angles, and
acquisition dates were:
Radarsat F2N
(40.3°)
(970416)
Radarsat F4N
(44.6°)
(970508)
Radarsat S7
(46.9°)
(970520)
Radarsat S2a (ascending) (27.5°)
(970524)
RadarsatS2d (descending) (27 .5°)
(970528)
Radarsat S 1
(23.1°)
(970624)
ERS
(23°)
(960525)
Landsat TM
(970427)
Spatial resolution of the Radarsat Fine Mode
imagery was 6.25 meters; 24 meters for the Radarsat
Standard Mode data; and 30 meters for the ERS scene.
Each SAR image was registered
using cubic
convolution; a 9X9 Lee filter was applied to reduce
speckle.
The TM data (bands 1-5 and 7) used in the
merged data sets were converted from 8-bit to 16-bit
data to maintain compatibility with the 16-bit Radarsat
data and retain the radiometric detail inherent in the
SAR data. Data fusion sets of SAR and TM data were
generated using Principal Components Analysis (PCA)
to evaluate the attributes of improved spatial and
spectral resolution. The Radarsat Fine Mode data (F2N,
F4N) were each substituted for the first principal
component of the TM 1-5,7 band PCA data set and an
Inverse PCA performed for subsequent classification. A
merged concatenation data set was generated for five
Radarsat/fM combinations (F2N, F4N, SI, S2a, and
S7). This process allowed the addition of SAR data as a
discrete layer. These steps produced two fusion and five
concatenation data sets for analysis, in addition to the
eight single sensor data sets listed above.
Based on the results of earlier work, a
maximum likelihood supervised classification
was
performed on each data set [9], [I OJ. Training sets for
the land cover categories were selected using either a
Euclidean distance seed algorithm or an iterative
polygon generation operation.
Selections were made
with reference to NAPP (National Aerial Photography
Program) digital orthophotos, NWI (National Wetland
Inventory) digital maps, and ground data. Training sets
ranged from 171 to 53520 pixels (4-15 sets per
category) depending on the land cover type and training
set quality.
An accuracy assessment of the fifteen
classifications was performed using different sample
points from those used in training site selection.
Confusion matrices were created and figures
for User's Accuracy (UA), Producer's Accuracy (PA),
and Combined Accuracy (CA) compiled to evaluate the

quality of each classification [7], [ 11]. UA is a ratio
statistic compiled by dividing
the number of pixels
correctly assigned to a category by the total number of
pixels assigned to the category. It is also a measure of
commission error. PA is calculated by dividing the

number of accuracy pixels correctly assigned to a
category by the number of accuracy pixels selected for
that category. It is also a measure of omission error. A
figure for overall accuracy for each of the categories is
desirable to allow ready comparison of results within
and among the data sets. The CA figures provide this
information. It is the product of PA and UA for each
category on each data set.
ANALYSIS AND RESULTS
None of the individual SAR scenes or the TM
scene was able to classify the two urban land covers at
accuracies acceptable for inclusion into applied spatial
models or as input for other, similar urban/resource
management decision processses. However, as the
discussion of the results below suggests, there is much to
be learned from the data.
Single Sensor
Developed

The highest combined accuracy for Developed land
cover was attained by the TM data (60.1%). The best
SAR scene was the S2a image (31.0%) while the poorest
was the ERS image (0.5%). Although none of the
Radarsat HH polarized SAR imagery was able to
produce acceptable results, the extremely low accuracy
of the ERS data suggests that steep incident angle (23°),
VY polarized C-band data are not recommended when
such urban detail is desired, a conclusion also reported
by Weydahl [12]. The SI image, obtained at a similarly
steep incident angle as the ERS image attained a 13.6%
accuracy. Despite unacceptable figures, the HH data did
generate a relatively higher number, suggesting that HH
polarized data are preferable to VY data for detection of
Developed land cover. The results from the SI and S2a
images (23.1° vs. 27.5°) illustrate the dramatic impact a
small change in steep incident angles can have on radar
backscatter from Developed land cover (13.6% vs.
31.0%). That the S2a image also had the highest
accuracy was surprising, as was the fact that detection at
more moderate incidents angles (Fine Mode and the S7
image) was much worse (15.1%-24.5%). The figures
from the S2d image (6.4%) were also markedly lower.
It is believed that these variations were
probably due to the fact that the S2a image was able to
provide some return from the roofs of the residential
structures situated among the tree/shrub and grass
vegetation that typically characterizes such land cover
[4], [5]. In comparison, the moderate incident angle
imagery return was predominantly from the vegetation
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canopy. These results support other observations [4],
[5]. The poor performance of the moderate incident
angle imagery is puzzling given the findings of earlier
research where such imagery was preferred [5], [ 13].
The low accuracy of the S2d image is believed to be
largely the result of look direction change between
ascending and descending passes.
Spatial resolution was also a factor as the F2N
image was superior to the S7 image obtained at a similar
incident angle (24.5% vs. 15.1% ). The difference
(24.5% vs. 16.2%) between the F2N and F4N images
(same spatial resolution and similar incident angle) is
believed largely due to changes that occurred in the
dielectric constants of the landscape components of the
two images. Specifically, the F4N image was obtained
on a day that saw almost 18mm of rainfall in the study
area compared to a dry F2N image acquisition date.
A review of sources of confusion provides an
indication of sensor/land cover relationships.
Points
misclassified as Developed in the TM scene were
minimal and confined almost entirely to Impervious and
Grass/Cultivated land cover. Actual Developed land
cover was also erroneously classified mostly as
Impervious and Grass/Cultivated.
The results for the SAR data were much more
diverse but evidenced a trend.
Specifically, points
misclassified as Developed on the SI image were almost
all wetland land cover or Impervious; actual Developed
land cover was largely mistaken for wetlands but also
for Grass/Cultivated.
This confusion with wetlands and Impervious
was also evident on the S2a, S2d, and S7 scenes, but
Bare Ground was added to the mix in greater
proportions than on the TM or SI data.
Actual
Developed misidentified as various wetlands dominated
the omission error in these three SAR scenes. A similar
pattern of confusion was found on the Fine Mode
images.
Wetlands and Impervious categories were also
the crux of the error in the ERS image, but here there
were instances of actual Developed being misclassified
as Coniferous Forest, a condition found in much lower
frequency, if at all, on the Radarsat data.
In summary, it appears that the Radarsat images
tended to misclassify actual Impervious and wetland
cover as Developed; actual Developed land cover was
misclassified mostly as wetlands.
ERS data also
produced confusion with Coniferous Forest.

Impervious
The TM scene produced the best combined
accuracy results for the Impervious category (54.7%),
followed by the SI image (9.0%) as the best SAR scene.
The remainder of the SAR images generated similar low
accuracy numbers (2.1%-8.9%). Detection patterns
noted for Developed land cover appeared to differ
somewhat for Impervious land cover. That is, there was

now similarity between the SI and S2a images (9.0%
and 8.9%) but a still difference between the S2a and S2d
images (8.9% vs. 3.8%). The differences between the
F2N and F4N images were less pronounced for
Impervious (2.1% vs. 4.8%) suggesting that moisture
variations were not as important for Impervious surfaces
as for Developed. Neither image polarization nor
spatial resolution differences seemed to be important
variables as was the case with the Developed land cover.
Some insight into the nature of Impervious land
cover and SAR signal response can be found by
analyzing the types of confusion produced. Points
misclassified as Impervious on the TM scene were
found to be Developed in most cases; actual Impervious
was typically mislabeled as Estuarine Emergent wetland,
Bare Ground, and Developed. In contrast, points
misclassified as Impervious on the SAR images were
mostly Water, Grass/Cultivated, and Bare Ground while
actual Impervious was mislabeled largely as Palustrine
Emergent wetland and Grass/Cultivated.
The
differences between the sensors dramatically point to the
differences in sensitivity to landscape elements. That is,
the SAR image confusion was due to features that have
similar morphology and geometry while the TM image
confusion appears to be the result of features with
similar vegetation conditions (or lack of vegetation).
Points misclassified as Impervious on the F4N
image differed in some respects from the F2N image. On
the F4N scene, Water was not a confusion problem but
Developed was. High winds (37-55 km/hr) produced
rough water and high waves on the F4N image;
consequently, Water was not the specular reflector it
was on the calmer sea state day when the F2N was
acquired. In essence, the calm water on the F2N image
was spectrally similar to Impervious land cover; the
rough water on the date of the F4N image produced
radar backscatter dissimilar to Impervious surfaces. It is
suggested that the combination of wet leaves, grass, and
roofs (components of Developed land cover), high
winds in the study area (modifying the response from
tree canopy) and wet paved surfaces were responsible
for the Development/Impervious confusion on the F4N
image.
A review of the Standard Mode images reveals
a commonality of confusion. The majority of points
misclassified as Impervious were composed of
Grass/Cultivated, Water, and Bare Ground, but the
priority changed slightly as a function of incident angle.
At steep incident angles, Grass/Cultivated was more
responsible than Bare Ground; at a moderate incident
angle (S7) the order was reversed.
The cause of actual Impervious cover
mislabeled as something else was more mixed.
Although confusion with Palustrine Emergent wetland
was consistently the highest error source, Palustrine
Scrub/Shrub, Grass/Cultivated, Developed,
and
Palustrine Forested also contributed in varied amounts.
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No pattern or basis for these observations is ventured at
this time.
The ERS image misidentified actual Water and
Grass/Cultivated as Impervious but also misidentified
Coniferous Forest as Impervious.
Actual Impervious
land cover was misclassified as Palustrine Emergent
wetland and Grass/Cultivated (similar to the Standard
Mode Radarsat data) but also misclassified it as
Coniferous Forest.
In summary, sea state and moisture appear to
be important variables in distinguishing Impervious land
cover on Fine Mode Radarsat data. Radarsat images
tended to misclassify actual Water, Bare Ground, and
Grass/Cultivated
as Impervious surfaces.
Actual
Impervious surfaces were misclassified as one or more
types of wetland and Grass/Cultivated. The ERS image
produced similar problems but also added Coniferous
Forest to the picture. It would seem that the difference
in polarization is responsible for the added confusion in
the ERS image. No explanation can be advanced at this
time beyond the observation that tall white pines,
prevalent in the study area, may have produced a return
similar to manmade structures on VY-polarized data but
dissimilar on the HR-polarized data.

on the separate TM, F2N, or F4N images but was when
the data were fused. The reasons are unknown.
Image concatenation did improve the accuracy
of Developed land cover with the ConcatF2N image
providing the greatest increase (78.8% vs. 60.1% for
TM). The benefits for the other concatenations were
less substantial. Moreover, the steep incident angle
Standard Mode based concatenation data sets (SI and
S2a) proved better than the S7 concatenation set. Such
evidence suggests, if modestly, that spatial resolution
and incident angle are somehow correlated in such
analyses. Of particular note is the fact that the best
concatenation image for Developed land cover
(ConcatF2N) was not the one derived from the best
single SAR image (S2a).
An examination of the error provides perspective into
these relationships. In particular, points misclassified as
Developed on the concatenated data turned out to be
largely Impervious with Grass/Cultivated land cover a
secondary cause. Impervious was also the primary
source of error on the single SAR and TM images;
however, the concatenation data reduced the frequency
of confusion. Actual Developed land cover was seldom
misidentified, especially compared with the results of
single sensor data sets.

Fusion and Concatenation

Developed
The SAR/TM fusion images were created to
evaluate the benefit of synthesized data. Earlier studies
had indicated some success with this procedure using
optical and SAR data [14], [15]. This was not the case
for Developed land cover in this study. The TM data
accuracy was 60. 1%), but the F2N image fusion
produced only 60.8% accuracy and the F4N fusion
resulted in a decrease to 54.6%. While the latter
accuracy was a function of the influence of rainfall as
discussed above, the general conclusion is not altered.
SAR response dominated every channel of these fusion
data sets. Fusion did not add to the separation capability
of the Developed category.
The primary causes of error on the fusion
images were different from the TM and the individual
SAR images. In the fusion images actual land cover
misclassified as Developed were Palustrine Forest and
Palustrine Scrub/Shrub. Although present as mistakes in
the F2N and F4N images, these categories were not the
prime error factors; nor were they error factors in the
TM image. Actual Developed land cover classified as
some other land cover consisted primarily of Coniferous
Forest and Palustrine Scrub/Shrub on the F2N image
and Grass/Cultivated, Coniferous Forest, and
Impervious on the F4N image. The influence of
precipitation on the latter scene has been noted.
Coniferous Forest was not a major source of confusion

Impervious
In contrast to the Developed category, fusion
did modestly improve the accuracy of Impervious land
cover detection if the weather-influenced data of the
Fusion F4N image (52.9%) is discarded and only the
Fusion F2N image (58.7%) is compared with the TM
image (54.7%). As with the fusion of Developed land
cover, errors in the Impervious fusion data were
different from those observed in the single sensor data
sets. Bare Ground was found to be the major land cover
misclassified as Impervious in the Fusion F2N scene.
User's and Producer's accuracy figures for the fusion
sets were higher and more dispersed compared to the
SAR sensor data alone. The error types and levels were
more comparable to the TM data, although altered in
terms of order of contribution on the fusion data.
The concatenation of TM and SAR data also
improved accuracy for Impervious surfaces compared to
the TM data. Similar to the fusion data, concatenation
provided less of an improvement for Impervious than
the improvement generated for the Developed land
cover. The ConcatF2N data accuracy (59.2%) was
again the best but only 0.5% better than the Fusion F2N
data and only 3.8% better than identifying Impervious
with TM alone. While the ConcatS2a image was on par
with the TM data (55.4% vs. 54.7%), the ConcatSl
(48.0%) and ConcatS7 (44.2%) actually resulted in
worse results than TM alone. The combined role of
increased spectral and spatial resolution is again
apparent in the ConcatF2N data.
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Concatenation
sources
of confusion
for
Impervious are much reduced compared to the single
sensor data. Points misclassified as Impervious were no
longer
predominately Water, Developed, or Bare
Ground as was the case with single SAR images; such
confusion was sharply reduced.
Impervious surfaces
were primarily misidentified as Developed on the Fine
Mode concatenations but were mistaken mostly for
Estuarine Emergent wetland on the Standard Mode
concatenations. The ConcatS7 image also misidentified
actual Estuarine Emergent as Impervious.
Given the
similar incident angle of the S7 and F2N SAR images, it
appears than spatial resolution
is a factor in
classification accuracy and sources of land cover
confusion.
In summary, image concatenation appears to be
more advantageous
in resolving Impervious
and
Developed urban land cover classification error than
image fusion. Results also point to the advantage of
high spatial resolution and moderate incident angle SAR
data. Accuracy improvements were much greater for
Developed land cover than for Impervious surfaces.
SUMMARY AND CONCLUSIONS
This investigation examined the ability of Chand SAR to digitally separate urban land cover and the
benefit of digitally combining SAR and optical data to
improve urban land cover classification accuracies. A
particular goal of the research was to determine if SAR
could improve the classification of two urban land cover
types, Developed and Impervious surfaces, by reducing
the confusion inherent in identifying these classes with
optical imagery. Sources of error were also explored.
Six Radarsat images, an ERS image, and a
Table 1 • Combined Accuracy Summary
Sensor

Developed

Impervious

F2N

24.5%

2.1%

F4N

16.2%

4.8%

SI

13.6%

9.0%

S2a

31.0%

8.9%

S2d

6.4%

3.8%

S7

15.1%

4.5%

ERS

0.5%

5.1%

TM

60.1%

54.7%

Concat F2N

78.8%

59.2%

Concat F4N

73.5%

47.6%

Concat SI

74.0%

48.0%

Concat S2a

72.6%

55.4%

Concat S7

68.1%

44.2%

Fusion F2N

60.8%

58.7%

Fusion F4N

54.6%

52.9%

Landsat TM image of Long Island, New York formed
the basis for the study. Two optical-SAR image
combination techniques (fusion and concatenation) were
compared to evaluate the results of merging SAR and
optical data sets. The summary of the combined
accuracies for each data set, presented in Table 1,
provides a useful reference with regard to the
observations below.
Although the detection accuracies of the SAR
data were low, the findings are useful for noting similar
and dissimilar patterns in relation to previous
investigations. The accuracies and results of the
SAR/optical data combinations were more positive and
demonstrated the potential of multi-sensor data as well
as possible preferences and direction in image merge
techniques.
Among the findings of these analyses were:
1) None of the SAR images was able to identify the
two urban land cover classes at accuracies
acceptable for use in applications modeling. The
SAR image accuracy for Developed land cover
ranged from 0.5% to 31.0%. Accuracies for
Impervious land cover ranged from 2.1% to 9.0%.
2) Steep incident angle, moderate spatial resolution
Standard Mode imagery produced better detection
figures as a single sensor than moderate incident
angle high spatial resolution Fine Mode imagery.
These results run contrary to those reported by
others where moderate incident angles and high
spatial resolution proved better than steep incident
angles [13], [16-18]. One difference between those
studies and the present one was that they relied on
visual analysis of the data rather than a digital
analysis as was applied here.
3) The Radarsat HH data were superior to the ERS
data for classification of Developed land cover, but
for Impervious land cover the results of the two
sensors were much more similar.
4) Fusion of SAR and TM data by PCA provided no
benefit compared to TM alone for separation of
Developed land cover and only minimal
improvement (4%) for Impervious.
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5)

6)

7)

8)

9)

Concatenation of SAR and TM data markedly
improved the classification of Developed land
cover. All five SAR scenes improved the accuracy;
the best combination used the F2N image. The
best single SAR image did not produce the best
concatenated image.
Concatenation of the SAR and TM data improved
the identification of Impervious only when the F2N
image was used.
The improvement
in both Developed
and
Impervious identification using the concatenated
F2N data suggests that improved spatial as well as
spectral resolution are important additions in
improving urban land cover accuracy.
Developed land cover tended to be confused with
wetland and Impervious land cover types on C-band
HH polarized imagery. Developed was confused
with Impervious and Grass/Cultivated land cover on
TM imagery.
Concatenation
of the imagery
resulted in reduced confusion of Developed land
cover with wetlands and Grass/Cultivated
land
cover.
The ability of SAR to distinguish Impervious 3-D
structures from other land covers helped reduce
Impervious error in the merged data. However, flat
Impervious surfaces remained similar in response to
other land covers such as Bare Ground.

I0) In general, image concatenation tended to increase

Producer's Accuracy (reduce omission error)
markedly while generating a slight decrease in
User's Accuracy (increase in commission error).
I I) Image concatenation appears to be more
advantageous in resolving TM-based Impervious
and Developed urban land cover classification error
than image fusion. Accuracy improvements were
much greater for Developed land cover than for
Impervious surfaces.
12) The land cover categories that caused confusion on
single sensor SAR and TM data were different, but
the categories that caused confusion on the merged
images were different from both.
13) SAR contributed geometric information in
separating urban land cover which complemented
the vegetation characteristics provided by the
optical data.
The addition of SAR imagery to optical
imagery does improve the classification accuracy of
urban land cover. Kellndorfer et al. [19] reported that
different categories of land cover were separated by
different image combinations. The research reported
here agrees with their observations.
Weydahl [20], examining ten classes of urban
land cover with Fine Mode Radarsat imagery, found no
systematic change in backscatter as a function of
incident angle, but that residential areas produced the
widest spread in backscatter over the range. This is not

unexpected given the diverse composition of this land
cover type. A change between Fine Mode data was
noted in this research, but it is believed to be a function
of moisture and rainfall. The Standard Mode data did
exhibit a trend for both Developed and Impervious
categories. As incident angle increased (i.e. from 21.3°
to 46.9°) the ability to detect these two land covers
generally decreased, but the low accuracy figures
prevent any conclusive statement.
Dong et al.[4] and Forster et al. [5] noted a
lower and more varied response from residential areas
compared to commercial and industrial areas due to the
effects of vegetation canopy. Forster et al. [5] also
reported that SAR response to urban areas was look
angle and incident angle dependent with the maximum
return at o0 look direction and 45° incident angle. The
observations of this study help build on those findings.
Look angle dependence was noted between ascending
and descending passes and the SAR response was shown
to be incident angle dependent. The greatest range of
response from Developed land cover occurred at steep
incident angles; the range decreased as incident angle
increased. Such a change was not noted for Impervious.
Too, the predominance of a 45° incident angle (and the
backscatter response contrast among land cover
categories) appeared here only when the SAR data were
merged with optical data.
The following observations are advanced in
addressing the bio- and geo-physical urban related
parameters of SAR data in relation to this study.
Single image C-band SAR data cannot be digitally
classified to produce a land cover classification at
accuracies needed for operational applications in a
complex coastal urban environment. It can provide
valuable input for such purposes as a data layer
when merged with optical data or perhaps multifrequency, multi-temporal SAR data sets.
Improvements in SAR classifications should result
if L-band data are added to the CHH-band data
[16], [21].

Seasonal data (three to four images per year) should
aid in the identification and separation of various
vegetation features and their separation from urban
land cover [22].
High spatial resolution imagery is preferred in such
convoluted urban land cover category and
composition environments.
HH polarization provides more useful data than VV
polarization.
The benefits of polarimetric data remain to be
determined but based on other work, polarimetric
imagery appears promising [16], [23], [24]. The
type and degree of improvement remains to be
determined but will center on the ability of SAR to
define useful geometric properties of land cover.
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Although
SAR data have provided and
continue to provide useful data as a single sensor, it is
believed that its role in complex urban environments
such as the one in this study will be maximized when
used in combination with high to moderate spatial
resolution (5-20m) optical
sensors operating in the
visible through mid infrared regions of the spectrum.
Incorporation of ancillary data such as digital terrain
models, digital elevation models (both perhaps derived
from radar interferometry?) and census data to create
image masks and data subsets should also improve SAR
and SAR merged classifications
by reducing the
frequency and potential number of types of land cover
confusion.
In all cases, the examination and use of
digital image analysis should be emphasized rather than
operator dependent visual analysis.
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ABSTRACT
The potential of an entropy-based classification
scheme for identification of vegetation covers and for estimation of biophysical parameters is outlined by using
wide-band polarimetric data sets acquired in the European Microwave Signature Laboratory under fully controlled conditions. The targets used in this experimental
validation include various tree types and maize plants of
different densities and heights. These data sets have been
analyzed by displaying the loci of the measured data in
the Entropy-Alpha plane. The application of this scheme
leads to interesting results and the subsequent interpretation gives an indication about the dominant scattering
mechanism associated to a given target (as a function of
the working frequency and the incidence angle). For example, the estimated scattering mechanism of trees with
disk-shape (eg ficus) or needle-shape (eg fir tree) leaves
is clearly different and shows an opposite trend in the
F.ntropy-Alphaspace as the frequency is increased. Other
interesting results include the different responses from a
single tree and a group of trees.
INTRODUCTION
A lot of radar measurements of vegetation covers have
been done and continue being performed. There is a
great interest in the interpretation of radar measurements
of vegetation covers and in the construction of models to classify/estimate/invert the response from different vegetation kinds. Applications of these classification
techniques include forests mapping, crops monitoring,
biomass estimation, etc. Recently, an entropy-based classification scheme for polarimetric radar measurements
has been published [l]-[2]. By means of this technique,
one can distinguish the dominant scattering mechanisms
present in the vegetation covers. Since the scattering
mechanism depends on the physical structure of the target, vegetation kinds with different morphologies could
be contrasted and, moreover, physical parameters (height,
density) of some vegetation covers could be estimated.
In this paper, the response of some vegetation samples
has been analyzed in order to assess the potentials of the
method and to obtain an insight of the dependence on the
measurement procedures (i.e. incidence angles and frequency bands). Here we present results obtained from
wide-band polarimetric data sets acquired in the Euro-

pean Microwave Signature Laboratory under fully controlled conditions.
CLASSIFICATION SCHEME: ENTROPY-ALPHA
PLANE
The classification scheme employed in this paper is intended to be founded on parameters with physical meaning. This physical information is extracted from the measurements by radar polarimetry techniques: by measuring
the HH-HV-VH-W responses of a target, its scattering
mechanism and orientation can be obtained. In the case
of natural targets the polarimetric response is neither deterministic nor purely polarized and a statistical approach
must be employed. The method proposed here is based
on the computation of the target coherency matrix. By
assuming backscatter calibrated measurements, a target
vector k can be constructed as,

k=

1 [SHH +Svv
SHH -Svv
2SHv

2

l

(1)

Then, by means of a coherent averaging, the coherency
matrix ([T]) = (k · k*T) is obtained. An eigenvalue decomposition of this matrix results in the following expression,

(2)
where At 2: A2 2: A3 2: 0 and [U3] is a matrix formed by
the eigenvectors and can be expressed as,
COS02
'8

sin 02 cos f32e1 2
sin 02 sin f32eh2

The target can be modelled by a three symbol Bernoulli
process. These symbols are the three columns of [U3],
corresponding to three [SJ matrices that occur with probabilities P; = A;/L.A. Thus, we can define the degree of
randomness or entropy H. the average scattering mechanism a and the average orientation angle 7J as,

= - P1 log3 Pi - P2 log3 P2 a = Pio:1 + P20:2 + P30:3

H

7J

=

Pi/Ji

P3 log3 P3 (3)

+ P2f32 + P3{33
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(4)
(5)
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They are defined in the ranges O ~ H ~ 1, 0° ~ o: ~ 90°

and 0° ~ {3 ~ 180°. As shown in [2]. the averaging inherent in this model implies that as the entropy increases
so the range of a and lJ is reduced. The bounds of this
variation for a can be quantified by invoking symmetry
arguments, obtaining a feasible region in the H -o:plane.
The classification process follows by placing the H - o:
loci obtained from the measurements on the feasible region.
EXPERIMENTAL RESULTS
The measurements were performed by positioning the
vegetation samples in a pot and then mounted on a rotating platform inside the anechoic chamber. The pot was
covered with microwave pyramidal absorbers, to make
sure that the measured backscatter did not include any
contribution from the ground and the corresponding interaction with the sample. The measurement system used
in this experiment is based on a network analyzer and
operates in the stepped-frequency mode. In the measurements the sample is rotated in azimuth and the response
is obtained for frequency bands that fall in the range 0.510 GHz and elevation incidence angles from 0 to 60 degrees. The acquired data in the frequency domain were
empty room subtracted and gated in the time domain in
order to isolate the response of the plants from the residual antennas coupling and eventual spurious reflections
in the chamber.
In this study we are interested mainly in two aspects.
Firstly, when measuring the radar backscatter from a vegetation layer. we expect the dominant scattering mechanism to be wavelength dependent because of its inhomogenous structure. On the other hand, as the elevation
incidence angle changes the radar sees different structures of the vegetation samples. Therefore, the dependence of the H - o: values on the frequency and the incidence angle must be analyzed for ensuring the applicability of this classification scheme to vegetation covers.
Here we present results from spans of 1 GHz centered
atL. S. C and X bands: 0.5-1.5, 2.4-3.4, 4.5-5.5 and 7.88.8 GHz respectively. There is one point for each elevation incidence angle, computed by averaging all the azimuth angles and the frequencies in the working band.
The vegetation samples are:
• A fir tree about 5 m high and 2.5 m wide, it has
quasi-horizontal branches bearing 2-3 cm needles
showing a brush-like distribution
• A ficus plant about 2.5 m high and 1 m wide, it
shows 10 to 25 cm long pointed leaves and manytwigged slender branches
• A group of young fir trees about 1.8 m high, regularly planted on a round container with diameter
2.4m

45

I
I

60degj,'
0 ~,

* ,,,
,,

,
,,

,

,,

~

-

~--

,,

Odeg,,-

~-

----

0
0.00

0.25

0.50
Entropy

0.75

1.00

45

,
o,111
lJ'

Ode'*,-

----

0
0.00

,

--

....

-

*''
,,

i>'

0.25

0.50
Entropy

0.75

1.00

45

~

,,

9'
~,

" 15

11Odeg)lt~,

- - - --

0
0.00

-

0.25

0.50
Entropy

0.75

1.00

Fig. 1: H[o as a function of incidence angle at S (top), C (center) and X (bottom) bands for the maize samples: 6x6 plants
about 1.2 m high (stars) and 4x4 plants about 1.6 m high (diamonds). 0; = 0° - 60°
• Two samples of maize: 6 x 6 plants about 1.2 m high
and 4 x 4 plants about 1.6 m high.
Fig. 1 shows a comparison between the two samples
of maize. The loci cover a wide range along the border of the feasible region, presenting an obvious dependence on the incidence angle. As the angle increases, the
dominant scattering mechanism goes toward the dipole
case because from oblique angles the maize samples can
be viewed as a distribution of vertical cylinders that correspond to the trunks of the plants. On the other hand,
from the top, this samples present a random distribution
of wide leaves. At S band the loci of both samples are
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(diamonds), C (triangles) and X (squares) bands for the group
of young fir trees. (}; = 0° - 60°

almost coincident. It can be due to the larger penetration
depth of this band, becoming independent to the height
and density of the samples, and the ground having influence. However, at X band and low angles the differences
are quite large, possibly as an effect of the change in density, since the result is dependent on the upper layer of the
plants (the leaves). These facts could help to estimate the
density or the height of a maize crop, and consequently
its growing parameters.
Fig. 2 displays the loci on the H -a plane for the group
of young fir trees. In this case there is also an evident dependence on the observation geometry. For angles higher
than 20° the loci remain in a narrow region with high entropy and a close to 45°, but for lower angles the loci are
far from this area and the differences between frequency
bands are clearer. This could be due to the presence of the
ground, which is more visible at steep incidence angles.
and to the change in the aspect of the target from different
elevation angles.
Fig. 3 presents a comparison among the group of trees.
the fir tree and the ficus plant in the range si = 39° - 51°
for S and C bands. As expected, the positions of the
fir tree and the ficus on the H - o: plane are completely different. Moreover, the trends as the frequency
increases are completely the opposite. This fact is very
promising from the classification viewpoint. The fir tree
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Fig. 3: H [ex as a function of incidence angle at S (black) and C
(grey) bands for the fir tree (diamonds). the ficus plant (squares)
and the group of young fir trees (stars). O; = 39° - 51°

presents loci close to the a = 45° region, corresponding to the dipole-like scattering from their leaves and
branches. while the ficus has lower a values corresponding to its mixed structure. with plane leaves and cylindrical branches. The spread for the group of trees is
lower than in the case of a single big fir tree. and the loci
have moved towards the maximum entropy region and
a = 45°. This may be due to the differences in the trees
architecture (the small trees present shorter branches and
trunks than the big one). Moreover. differing from the
ficus and the single tree. the loci of both bands are overlapped in the same region.
Finally. an approach consisting in imaging measure-
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ments is being investigated for a further interpretation of
the physical meaning of this polarimetric decomposition.
Fig. 4 shows a preliminary result of applying theEntropyAlpha decomposition to an image obtained from the fir
tree with an ISAR procedure. The image was obtained
in the bandwidth 1-5.5 GHz and with elevation incidence
angles from 28 to 52 degrees. The spatial distribution of
the o: value presents some interesting features. For example, most values are close to 45°. reflecting the contribution of the needle-shaped leaves and branches at different frequency scales. Moreover. on the outer parts of the
branches there are areas with o close to zero. These correspond to surface-like shapes conformed by the leaves
and branches. oriented to the radar and with no interaction with other parts of the tree. On the other hand, there
are some spots near the trunk with values around 90°. that
are due to double bounce reflections between the trunk
and the branches.

Frontal View
6
5

4

[
E 3
.2>

~
2

CONCLUSIONS

0I
-2.5

The potential of an entropy-based classification
scheme for identification of vegetation covers and for estimation of biophysical parameters has been outlined. In
the future, numerical and analytical models for understanding and inferring the results should be constructed.
Polarimetric imaging techniques could be also employed
for studying the scattering mechanisms present in each
vegetation kind.
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ABSTRACT

Classification of Earth terrain components within
full polarimetric data sets is an important application of Radar Polarimetry. Several investigations
have reported the use of polarimetric data to map
earth terrain types and land covers [l],[2J,[3Jand
have advanced a good understanding of polarimetric
scattering mechanisms. In this paper an approach
based on the Shane R. Cloude's DecompositionTheorem [lJ is outlined. The Entropy H and a - angle
Classification is extended by using not only the H
and a parameters but also the first eigenvalue. The
main advantage of these approaches is the strong
correlation between the polarimetric results and the
physical reality which makes this methods suitable
for unsupervised and automatic classification. The
potential of this methods is demonstrated using
space borne data acquired during SIR-C/X-SAR
mission as well as airborne SAR data in L-band
from DLR's Experimental SAR (ESAR) system
of the test site Oberpfaffenhofen, Germany. The
classificationsare geocoded and compared to ground
data for validation purposes.

wave must be measured through a vector measurement process. The SIR-C/X-SAR mission as wellas
DLR's ESAR system provides such full polarimetric
data. From those full polarimetric data sets a couple
of parameters can be derived and used for classification purposes.
In the first part the polarimetric decomposition is described using the Cloude Decomposition
Theorem [lJ. A feature extraction based on an
entropy-a-analysis extended by the use of the
first eigenvalue >.1 is outlined. The powers and
constraints of this method are demonstrated using
spaceborne and airborne full polarimetric data sets
from the test site Oberpfaffenhofen, Germany. The
classification results are geocoded and compared to
other data for validation purposes. In the last section the results are discussed and an outlook is given.

COHERENT

TARGET

DECOMPOSITION

In the case of the SIR-C system as well as the
ESAR system the scattering Matrix [SJ is measured
using two linear polarised antennas

Sn«

INTRODUCTION

Computerised information extraction from remotely sensed imagery represents an important and
developing application of microwaveremote sensing.
Advances in microwavetechnology have provided an
improved measurement capability, allowing the development of coherent systems employing multiple
frequencies and polarisations. Conventional radars
operate with a fixed single-polarisation antenna for
transmission and reception of radio frequency signals. In this way only a single scattering coefficient
is measured for a specific combination of transmitted and received polarisation. Due to this implementation the vector quantity of the scattered wave
is measured as a scalar quantity and the additional
information about the scattering process contained
in the polarisation properties of the signal is lost.
To ensure that all the information in the scattered
wave is retained, the polarisation of the scattered

THEORY

[SJ= [ Sv n

Snv]
Svv

(1)

where the the first index denotes the transmitted
polarisation and the secondone the receivedpolarisation. In the case of the ESAR and the SIR-C systems
the antennas are polarised horizontal H and vertical
V. Because of the reciprocity theorem Suv
Sv H
[I]. Therefore the whole information, contained in
the [SJ-matrix can be written in a vector (Pauli basis)

=

(2)
With this vector the coherency matrix [TJ can b·
formed
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This coherency matrix representation has the advantage of relating underlying physical scattering
mechanisms as shown in the following.
By applying an eigenvalue analysis the coherency
matrix can be decomposed into

[T] = A1~1~iT + A2~2~;T + A3~~T

( 4)

where Ai are the eigenvalues of [T] an ~i the corresponding eigenvectors, which can be written as

(5)
The a angle is a continuous parameter with a
range from 0° to 90°. It can be used to represent
a wide variety of different scatterers while /3i is the
orientation angle, containing information about the
orientation of the scatterer with regard to the line of
sight of the radar.
An angle a = 0° can be interpreted as a surface scattering process. As a increases, the surface becomes
anisotropic (i.e. HH -::fa VV). In the extreme a =45°,
at which point we have a dipole for which one of HH
or VV is zero (which one is zero is determined by
/3). If a > 45°then we obtain an anisotropic dihedral
(i.e. HH -::fa VV) and the phase difference is 180°.
In the limit a = 90° we obtain an isotropic double
bounce scattering mechanism. Note that a is rotation invariant i.e. it is decoupled from /3 and so we
can identify the scattering mechanism independently
of its physical orientation in space. In [3]Cloude and
Pottier define a quantity named entropy H as

= L:-Pilog3Pi

dependent on the data set. These facts allow feature
extracting and classification independent from data
set and a priori knowledge.

Hs-a PLUS l s'r EIGENVALUE CLASSIFICATION

3

H

Figure 1: Entropy of the ESAR data set, Oberpfaffenhofen airfield, white = high values, black = low values

where

(6)

i=l

The entropy H, ranging from 0 to 1 represents the
randomness of the scattering medium from deterministic scattering H = 0 to totally random scattering
H = 1. The entropy map of the ESAR data set is
shown in Fig. 1
Similar to the entropy H, a is averaged

(7)
The a map of the ESAR data set is shownin Fig. 2.
The Entropy H and the a-angle derived from
the Cloude Decomposition Theorem [1],[3]provide
two features. First of all these two parameters are
strongly correlated to the physical properties of the
scatterer which is a basic demand for unsupervised
classification without using a priori knowledge (e.g.
ground data). The second aspect is the fact that the
range of both parameters is fixed and therefore not

For the creation of topographic maps, the Hr-a
parameters alone do not provide a sufficient interclass resolution [5],therefore additional information
is needed. For the approach described in this paper the backscatter intensity information contained
in the first eigenvalue>.1 as shown in Fig. 3 and Fig. 4
is used (please note that the shown areas in Fig. 3
and Fig. 4 are not identical due to the different resolution of both sensors). With this information a better interclass resolution can be achieved due to the
different reflectivity of different groups of scatterers.
In the first step the different classes are separated by
the analysis of their backscatter intensity.
For the airborne ESAR data (Fig. 3) this results
in 5 groups:
• very high backscatter :
This class contains buildings and corner reflectors.
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Figure
2: a of the ESAR data set, Oberpfaffenhofen
airfield, white = high values, black = low values

• high backscatter

:

• very low backscatter

In this class we can find forest.
• medium backscatter

:

This class consists of medium vegetation (e.g
bushes/ sweet corn) and fresh ploughed fields.
• low backscatter

:

This class contains low vegetation (e.g. grass).
• very low backscatter

For the spaceborne SIR-C data Fig. 4 we find:
• very high backscatter

:

This class contains settlements/buildings.
:

In this class we can find forest.
• medium backscatter

:

This class consists of low ar::dmedium vegetation.
• low backscatter

:

This class consists of water and very smooth surfaces.
In the second step these areas are identified using
their scattering properties which can be interpreted
with the H-a parameters. This classification leads
to 6 classes for the ESAR data set as shown in Fig. 5:
• buildings :

:

This class consists of very smooth surfaces (e.g.
runway and taxiways of the Oberpfaffenhofen
air field, water and harvested fields.

• high backscatter

Figure 3: .A1 ESAR data set, Oberpfaffenhofen airfield,
white = high values, black = low values

:

This class contains mainly the runway and taxi
ways of the Oberpfaffenhofen air field.

Very high values for >.1,low or medium entropy
and high values for the a-angle
This is due to the fact that man made structures
show a high backscatter intensity and only one
(or two) dominant scattering process of double
bounce behaviour.
• forest :

High values for >.1, high entropy and high values
for a
The trees have a quite good reflectivity, the entropy is high because all kinds of scattering processes takes place (e.g. volume scattering in thr
canopy, double bounce scattering at the trunks
and surface scattering at the ground).
• medium vegetation:

Medium values for

>.1, medium entropy and low
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Figure 4: AL1 SIR-/X-SAR data set, Oberpfaffenhofen
and surrounding area, white = high values, black = low
values

or medium values for a
In such areas the surface scattering process is
dominant but a second one (resulting from the
interaction with the vegetation) - even if much
lower - is present.
• low vegetation :
Lowvalues for >.1 low entropy and low valuesfor
Q

Over low vegetation mainly surface scattering
processes appear.
• smooth surfaces (roads, runway taxiways,
and harvested fields, water):
Very low values for >.1, low to medium entropy
and a values
Over smooth surfaces also mainly surface scattering processes appear, but since the signal is
reflected away from the sensor, the backscatter
intensity is very low and the Signal to Noise Ratio (SNR) is degraded, which results in an increase of the entropy and a values.
• ploughed fields:
Medium values for Ai, low entropy and low values for a

Figure 5: Classification result, ESAR data set, Oberpaffenhofen test site, buildings(white), forest(grey),
medium vegetation (dark grey), low vegetation (very
dark grey)road like structures and harvested fields (pale
grey), ploughed fields (black)

This fields show also surface behaviour, as expected, but due to the roughness more energy is
reflected towards the sensor and the backscatter
intensity is higher than for non ploughed fields.
With similar considerations we find the classification for the SIR-C data set as shown in Fig. 6
VALIDATION

The results were geocoded as shown in Fig. 7 for
the ESAR data. Afterwards the classificationresults
were compared to ATKIS data (OfficialGerman Geo
Information System), optical data and personal investigations.
As shown above this method provides a good interclass resolution as well as a good classification accuracy. It could be shown that this algorithm is suitable for an unsupervised classificationapproach. The
aim of automation of the classification process and
the data set independence could be reached by the
application of self organising algorithms (e.g. Kohonen feature maps, , fuzzy algorithms etc.). This is
a topic of investigation, which are currently carried
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Figure 7: geocoded ESAR data classification

Figure

6: SIR-C data Classification Using H - a and

>.L1, buildings (white), forest (grey), medium vegetation
(dark grey), low vegetation (pale grey), runway (medium
grey), water (black)

the classification. However,it could be demonstrated
that by using >.1 the classification results can be improved.

CONCLUSIONS

out at the German Aerospace Research Centre. But
even though the results are promising some problems remain. Especially for the spaceborne data set
the limited resolution introduces errors in areas with
mixed scattering mechanisms as discussed in [4]. For
the airborne data the resolution is sufficient for the
creation of topographic maps, but the variation of
the incidence angle over the scene affects the polarimetric properties of the data and can therefore lead
to misclassifications. The variance of the incidence
angle will be a topic of further research.
For both sensors the intensity information is not
unambiguous and therefore terrain corrected data
sets are needed. An other problem is, that for
smooth surfaces with decreasing local incidenceangle
more and more energy is reflected away from the sensor resulting in a degradation of the Signal to Noise
Ratio. This leads to increased entropy and a values
as can be seen in Fig. 1 and Fig. 2 over the runway
and taxiways of the Oberpfaffenhofenairfield and especially over the platform in the lower left part of
the airfield. The backscatter intensity in this area
is very low and without the information of >.1 this
area would occur as forest or medium vegetation in

AND OUTLOOK

The main advantages of the Hs-a analysis over
conventional non polarimetric classification algorithms is the fact that a good correlation between
the Hr-a parameters and the scattering processes on
the ground provide a good interpretation of the data
without a priori knowledge. For investigations on areas with no ground information (e.g. mapping of rain
forest) this method can therefore provide valuable information. The use of >.1 provides a good interclass
resolution and thus an improved classification accuracy. On the other hand the >.1 parameter is not
constrained to a fixed interval and is therefore not
easy to handle for data set independent classification
algorithms. But we hope this problem can be solved
in near future by the application of self organising algorithms. If the number of desired classes is known
a selection of the classes can be achieved by applying self organising neural networks (e.g. Kohonen
feature maps) or self organising fuzzy algorithms.
The key subjects for further work will be the investigation of better suited flexible classification algorithms like self organising maps and fuzzy algorithms. An other important subject is the investigation on P-band data from the DLR ESAR sensor.

70

References
[1] S.R. Cloude and E. Pottier," An Entropy Based
Classification scheme for Land Applications
of Polarimetric SAR", IEEE Trans. Geosc. fJ
Remote Sensing, Vol. 35, no. 1, Jan. 1997

[2] J.A. Kong, S.H. Yueh, R.T. Shin and J.J.
van Zyl, "Classification of earth terrain using
polarimetric synthetic aperture radar images",
PIER, J.A. Kong, Ed. New York: Elsevier, Vol.
3, ch. 6 1990
[3] E. Pottier, "On full polarimetric target decomposition theorems with application to classification
and identification of real target cross section", in
Proc. Int. Rad. Conj., Paris, France, pp.330-335.
May 1994,
[4] M. Hellmann, "A New Approach for Interpretation of Full Polarimetric SAR-Data" Proc.
IGARSS'98, Seattle, USA, July 1998
[5] M. Hellmann, S.R. Cloude, K.P. Papathanassiou,
"Interpretation of SAR-Data using Polarimetric
and Interferometric Techniques", Proc. SPIE'97,
San Diego, USA, June 1997

71

Landuse classification using PHARUS polarimetric SAR
A. J. E. Smith, A. C. van den Broek and R. J. Dekker
TNO Physics and Electronics Laboratory
Oude Waalsdorperweg 63, P.O. Box 96864
2597 AK The Hague
The Netherlands
+31 703740703
a.j.e.smith@fel.tno.nl

ABSTRACT
A classifier is developed in which the polarimetric
component of SAR measurements can be weighed
relative to the absolute amplitude of the measurements.
For a carefully selected weight, this classifier is shown to
perform nearly as well as the optimum Bayes classifier.
Applying the developed classifier to radar measurements
from the PHARUS airborne SAR over the Heerde test
site in the Netherlands, it could be demonstrated that
polarimetric SAR measurements give better land use
classification results than single-channel SAR.
INTRODUCTION
The Dutch PHARUS (Phased Array Universal SAR) is a
fully polarimetric C-band airborne SAR. It has been
jointly developed by the TNO Physics & Electronics
Laboratory, the National Aerospace Laboratory, and
Delft University of Technology,
under programme
management of the Netherlands Agency for Aerospace
Programs (NIVR).
Starting in April 1996, when
PHARUS became operational, its measurements of 3 m
range resolution have been used for many purposes such
as forestry surveys, agricultural studies, cartography, and
target detection. In this paper, an application of the
PHARUS measurements in agriculture will be addressed,
i.e. land use classification of a test site near the city of
Heerde in the Netherlands.
The purpose of the
classification experiment is twofold. First of all we want
to demonstrate that a polarimetric SAR gives better
classification results than a single-channel SAR. Second,
we want to develop a classifier in which the amplitude
component and the polarimetric component of the radar
returns can be separated. Because the amplitude of the
radar return is the dominant information on which a
classification
is based, assigning the polarimetric
component a large weight will result in a lesser
performance.
Still, this might be necessary
in

mountainous areas where lay-over and shadow effects
make the amplitude component
less reliable for
classification purposes. Although the test site in this
paper does not contain mountainous areas, the results
presented here do serve as a first indication of the
performance of the developed classifier.
PHARUS POLARIMETRIC

RADAR DATA

As the PHARUS data are fully polarimetric, complete
information on the complex scatter matrix S is obtained.
This matrix gives the relation between the transmitted and
the received polarised radar signal and, at each pixel of
the radar image, may be written as:

HH
S= ( VH

(I)

The H and V with the complex elements of S refer to
horizontal and vertical polarisation respectively. For
instance, the HV element is measured by transmitting a
vertically polarised radar pulse and receiving the
backscattered
signal with a horizontally
polarised
antenna. If the transmit and receive antennas coincide, the
scatter matrix may be shown to be symmetric and hence
can be described by three unique elements [1]:

s=[2]

(2)

Associated with the polarimetric vector (2) is a so-called
polarimetric covariance matrix P which is obtained by
performing the vector multiplication:
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=

HH·HH*
HH·HV* HH·W*J
(HH ·HV*)* HV ·HV* HV ·W*
[

(3)

deviation of the distribution

(HH ·W*)* (HV ·W*)* W ·W*

In general, the polarimetric radar measurements are
distributed among the user community in the form of (3)
instead of (2).
SUPERVISED CLASSIFICATION

(4)
where Ck is the covariance matrix of the kth class and ICkl
denotes the determinant of this matrix. The matrix Ck is
computed as the average of all matrices P inside a
training area representative
of the kth class, i.e.
Ck=<P>.The test pixel with feature vector S is assigned
to the class with smallest discriminant gk. Notice that the
a-priori probability that a particular pixel belongs to the
kth class has not been included in (4) because it is
unknown, i.e. the a-priori probabilities of each class have
to be assumed equal. It is easy to show that (4) may also
be written as [3]:
(5)
If we would disregard the polarimetry in the feature
vectors, our classification would be based on the absolute

'.I':= ~IHHl +1HVl +1Wl
2

2

the Bayes classifier (4), assuming

2.

In this case,

Isl has a univariate

Gaussian distribution, is given by [2]:

of

Isl . The classifier (6)

assigns a pixel to a class on basis of the "amplitude
content" of s . This is the dominant information in the
feature vector S and corresponds to the brightness in
SAR images, see e.g. the polarimetric image in Fig. 2. On
the other hand, we may also disregard the amplitude of s
and classify a pixel on basis of the normalised radar
returns

PROCEDURE

With the classification of the Heerde test site we take the
polarimetric
radar returns (2) as feature vectors.
Assuming that the radar returns are characterised by a
complex multivariate Gaussian distribution with zero
mean, the minimum distance measure for the kth class is
given by the Bayes classifier [2]:

amplitude

derived from the polarimetric covariance matrix P as
IHH12=HH 'HH*. The µ1s1 and <r1s1 are respectively the mean
(not zero because all Isl are positive) and standard

s = .s/Isl ,

i.e. on basis of the "polarimetric

content" of S . For this type of classification,
following Bayes classifier is obtained from (5):

g k (s) =tr(

c;' P) + lnlCk I

the

(7)

P = P II sl2 and Ck = Ck /I sl2 . The polarimetric
content of s appears in SAR images as the colour. For
where

instance, in the polarimetric image in Fig. 2, the
amplitudes of the HH, HV, and W returns have been
connected to the red, green, and blue colour channels
respectively. Hence, if pixels appear red in the image this
means that the HH return dominates HV and VV. From
(6) and (7) we will compose a classifier in which the
polarimetric part of s can be weighed with respect to the
amplitude part:
(8)
Obviously, the fully polarimetric classifier (8) will not
perform as well as the Bayes classifier (5) which gives
optimum results provided the feature vectors have a
Gaussian distribution.
Also, strictly speaking, the
amplitude component Isl and the polarimetric component

s

of the feature vector s in the Bayes classifier (5)
cannot be separated into a linear expression (8) which
therefore will only be an approximation of (5). However,
by varying the weight

w,

of the polarimetric component

in (8) we do obtain insight into the additive value
polarimetry in land use classification. Moreover, in
next section it will be shown that for certain values of
weight, the classifier (8) is a very good approximation
the Bayes classifier (5).

of
the
the
of

(6)
RESULTS & DISCUSSION
The IHHI, IHVI, and IVVI are the amplitudes of the HH,
HV, and W returns respectively, where e.g. IHHI may be

Table 1 lists the six classes that were identified in the
Heerde test site together with the thematic colours that
they are assigned. In the polarimetric SAR image in
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name
water
urban
forest
grass
soil
shadow

thematic colour
blue
red
dark green
light green
brown
grey

Table I: Identified classes of the Heerde test site.
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Fig. 1: Classification results of the Heerde test site with
the fully polarimetric classifier (8) as a function of the
weight w,. Results are given as the percentage of
correctly classified 6x6 pixel groups per class. The Bayes
classification result was taken as the truth.

Fig. 2, water shows up as black (mainly the river IJssel in
the middle), urban as red (mainly the city of Olst in the
bottom-left part), forest as bright green, grass as the green
fields, and bare soil as the purple fields. Shadow in
general can be seen at the backside of the forests. The
"glow" at the bottom of the picture (near range) is an
artefact caused by an antenna correction error. Fig. 1
shows the classification results of the fully polarimetric
classifier (8) as a function of the weight w, assigned to
the polarimetric part (7). To reduce speckle, the
polarimetric covariance matrix P was computed for
groups of 6x6 pixels which corresponds to an area of
about 9x9 m. As no groundtruth was available for the test
site, we defined the groundtruth by the classification
results of the Bayes classifier shown in Fig. 2 (notice the
misclassification at the bottom due to the antenna
correction error). Fig. 1 then gives the percentage of

correctly classified pixel groups with regard to the Bayes
classification result. In Fig. I, a weight of zero
corresponds to a classification solely based on amplitude
information, i.e. on the amplitude classifier (6), whereas
an infinitely large weight means that we classify on basis
of polarimetry only, i.e. on the normalised polarimetric
classifier (7). Obviously, defining the groundtruth by the
Bayes classifier result is not the most accurate way to
assess the use of polarimetry because of
misclassifications. Still, referring the results of the
classifiers (6), (7), and (8) to that of the Bayes classifier
gives a good measure of their performance. As the
polarimetric content of the feature vectors is less strong
than the amplitude content, the classification results of
the fully polarimetric classifier (8) in Fig. 1 become
worse for large values of the weight so that weights larger
than 10 need not be considered. An exception is the
"urban" class of which the classification result remains at
a level of about 60% which indicates a strong information
content in the polarimetry of this class. An obvious
conclusion from Fig. 2 is that the classification results of
all classes except "soil" improve when the weight of the
polarimetric component in the classifier is increased. This
clearly demonstrates the advantage of a polarimetric SAR
over a single-channel SAR. The fact that the
classification of the "soil" class seems to become so
much worse when the weight in Fig. 1 is increased is
most unlikely due to the polarimetry because we are
adding useful information. A more plausible explanation
will be given at the end of this section.
From Fig. 1 we notice that for each of the six classes, the
best results are obtained for a weight of 2 to 4. The best
overall result is found for a weight of 3. Hence, the fully
polarimetric classifier (8) is parameterised with w, = 3.
The results of the classifications based on the absolute
amplitude of the polarimetric feature vector, on the
normalised polarimetric feature vector, and on the fully
polarimetric feature vector are given in the confusion
matrices in Table 2. Together with Fig. 2, the confusion
matrices allow us to give a more detailed explanation of
the classification results than would be possible from Fig.
1. The numbers in bold in the top part of Table 2 show
that for a classification based on the absolute amplitude,
23.6% of the water areas are misclassified as shadow,
84% of the urban areas are misclassified as forest, and
25.3% of the grass fields are mistaken for soil. These
results can be easily verified with the bottom-left plot of
Fig. 2. The middle part of Table 2 as well as the bottomright plot of Fig. 2 show that classification based on the
normalised feature vector in general results in more
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class
water
urban
forest
grass
soil
shadow

water
75.8
0.0
0.0
0.0
0.1
9.5

class
water
urban
forest
grass
soil
shadow

water

class
water
urban
forest
grass
soil
shadow

water

74.8
0.4
0.3
0.2
0.9
31.7

89.2
0.0
0.0
0.0
0.1
2.2

absolute amplitude
urban
forest

grass

soil

shadow

0.1
0.8
6.4
70.7
6.9
0.3

0.5
1.2
0.8
25.3
89.6
6.5

23.6
0.1
0.0
2.0
2.0
82.9

normalised polarimetric
urban
forest
grass

0.0
13.8
0.4
0.0
0.0
0.0

0.1
63.6
0.7
0.2
0.2
0.2

0.1
84.0
92.4
3.9
1.4
0.8

1.1
30.0
64.2
49.2
33.0
8.2

fully polarimetric
urban
forest
0.0
54.9
0.4
0.1
0.1
0.1

0.2
41.8
90.8
5.8
1.9
0.8

soil

shadow

0.4
0.9
22.5
37.1
6.2
3.7

0.5
2.7
3.3
4.0
50.1
1.6

23.1
2.4
9.1
9.4
9.6
54.6

grass

soil

shadow

0.6
3.0
8.7
92.3
26.9
3.4

0.1
0.2
0.1
1.7
67.2
0.7

10.0
0.1
0.0
0.1
3.8
92.7

Table 2: Confusion matrices for results of the absolute amplitude classifier (top), the normalised polarimetric
(middle), and the fully polarimetric classifier with the polarimetric component weighed with

w,

= 3 (bottom).

classifier
Results are

in %.

misclassifications because the polarimetry is weaker than
the absolute amplitude. Especially the classes "grass" and
"forest" are confused while some soil fields are mistaken
for forest. However, the misclassifications
with the
absolute amplitude as mentioned above are significantly
reduced, i.e. to 30% for the "urban" class and to 4% in
case of "grass". In case of "water", the number of 23. l %
is deceptive as it suggests the same performance as with
the absolute amplitude classifier. The bottom-right plot of
Fig. 2, however, shows that the normalised polarimetric
classifier performs much better, most noticeably at the
upper part of the river, and that the number of 23. l % is
caused by the fact that the Bayes classifier (to which all
results are referred) itself goes wrong here. Hence, the
numbers in Table 2 with respect to the class "water"
should be interpreted with care. The bottom part of Table
2 shows that the performance of the classifier based on
fully polarimetric data is better than that based on the
absolute amplitude. Only in case of "soil" its performance
is worse. A possible reason could be that the Bayes
classifier has incorrectly classified some of the soil fields.

This will bias the results to the absolute amplitude
classifier, as was also the case with water, because the
amplitude is the dominant information in the polarimetric
vector. Another reason could be that some of the soil
fields are partially grown with grass which would also
explain the number of 26.9% in the bottom part of Table
2.
In Fig. 3, the result of the classification based on the fully
polarimetric classifier with weight w.i'
3 is shown.

=

Notice that the results agrees very well with the results of
the Bayes classifier in Fig. 2. In Fig. 3, the RGB (red,
green, blue) values of a thematic colour have been 20
stretched with the values of the Polarimetric Whitening
Filter (PWF) image (not shown). In terms of colours, the
PWF is the "grey scale version" of the polarimetric image
in Fig. 2 where the value of the grey scale is proportional
to the absolute amplitude of the polarimetric vector. The
image fusion technique to produce Fig. 3 is one of a
number of techniques that are currently investigated in
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Polarimetric

Absolute

SAR image

amplitude

Bayes

Normalized polarimetric

Fig. 2: Classification results of the Heerde test site. Top-left plot shows the polarimetric SAR image of the site. The top-right
and the bottom plots show the classification results based on the Bayes classifier (top-right), on the absolute amplitude
classifier (bottom-left), and on the normalised polarimetric classifier (bottom-right).
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Fig. 3: Image-fused classification result of fully polarimetric classifier (8) with a weight

w, = 3 . The

classified image is

fused with the Polarimetric Whitening Filter (PWF) image by 2cr stretching of each thematic colour with the PWF values.
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co-operation with the TNO Human Factors Research
Institute to optimally present SAR images for human
interpretation. The obvious advantage of the technique in
Fig. 3 is that small scale features like roads and ditches
that have disappeared in the classified image are brought
back into the fused image by means of the PWF.
CONCLUSIONS
It could be shown that a land use classification based on
fully polarimetric radar data gives better results than a
classification based on the absolute amplitude of the
radar returns. This clearly illustrates the importance of
using a polarimetric SAR for this purpose rather than a
single-channel SAR. However, confusion may exist
between classes in which case a polarimetric SAR cannot
help. With the test site that we studied these were the
classes "water/shadow"
and "urban/forest". The first
combination is trivial because there is not much
backscatter from a flat water surface which therefore may
easily be mistaken for a shadow area from which no
signal at all will be received back. The latter is most
likely because rows of trees, e.g. in urban areas and at the
edges of forests, have the same reflection characteristics
as blocks of buildings, i.e. dihedral scattering.
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ABSTRACT
We investigate the contribution of information retrieved from
interferometric SAR products for applications in land cover interpretation. A coherence estimate in repeat-pass interferometry from space serves as an indicator for temporal decorrelation
of land-cover. These measurements of interferometric coherence for different dates make change detection and classification more reliable. We will present results from an automatic
land-cover mapping project of the Czech Republic for telecommunications purposes employing multi-seasonal interferometric ERS-1 /2 data. Automatic change detection from ERS-1
data is presented by a flooding study of the river Rhein in Germany. ERS-1 three day repeat cycle data during and after a
flooding of the Rhein river in Germany serves as basis to identify the location of flooded areas, the extend of the flooding and
the land-cover class of the flooded land. Quantitative information from single-pass interferometry in X-Band is provided by
the ability to derive highly-accurate surface models. Detection
of shadow and foreshortening regions is used to infer the land
cover in these regions by fusion with background knowledge.
Airborne AeS-1 data for Oberpfaffenhofen, Germany is studied
for the task of semiautomatic cartographic map production.
INTRODUCTION
It has been noted by various authors that coherence provides
complimentary information to SAR amplitude data for the retrieval of geo- and biophysical parameters [I], [2], (3], [4]. In
this paper we present three different applications which employ
the information contained in interferometric SAR data in various ways. Table 1 gives an overview over considered configurations for specific applications. We focus on analysis methods
generally based on neural network and knowledge based techniques.
BI-SEASONAL

LAND-COVER CLASSIFICATION

Bi-seasonal ERS-1/2 data is used in a land-cover classification
project covering the whole Czech Republic. Four basic classes,
forest, water, built-up and open area, become distinguishable at

Table I: Configurations and applications in this study.

Application
Sensors(s)
Temporal
coverage
Extracted
information
Result

Land-cover
(Telecomm.)
ERS-1/2
spaceborne
Tandem
& 2nd season
Backscatter,
coherence,
InSAR DEM
Land-cover
map

Change
detection
ERS-1
space borne
Repeat pass
3 days
Backscatter
coherence

Land-cover
(Cartography)
AeS-1
airborne
single-pass

Flooding
map

Topographic
map

Backscatter
InSARDEM

a high level of accuracy using textural features calculated from
ERS-1/2 December 29/30, 1995 tandem data and ERS-2 July
27, 1997 data. The application initially required to separate
eight different classes, water, forest, open area, industrial area,
residential area, mining regions, infrastructure. It was discovered that only the first three classes can be separated, industrial
and residential areas have been grouped and the last two classes
are not considered. Figure 1 shows a color composite covering
an area of 30 x 20km produced by combination of the amplitude and coherence layers of a geocoded mosaic of the Czech
Republic [5].
Classification from amplitude and backscatter into the information classes defined is improved by fusion with measures
of local image texture. To find the best texture measures with
respect to the given application we first address the topic of
feature selection.
Textural Feature Selection
We formulate the problem of feature selection as finding a mapping from the initial, possibly very high-dimensional, feature
space of dimension D to a m-dimensional subspace, where
m :S: D. Considering all possible subsets of an initial feature space of dimension D requires 2D evaluations of feature
subsets.
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Figure 1: RGB color composite for tne Czech site formed by
two ERS amplitude and ERS-1/2 coherence image.
We extracted 36 different features, three of which we call primary features. The primary features are A1 the mean backscatter of the ERS-1/2 tandem mission from December 1995, A2
the backscatter of the ERS-2 pass in July 1996 and the interferornetric coherence C taken again from the winter tandem pair.
The extracted secondary features are measures of fractalness of
the digital elevation model (DEM) [6], features of first order
local statistics and co-occurrence matrix features [7] of A2 and

C.
One possible measure of separability with respect to the given
classes is to use .he Jeffreis-Matusita-distance
(JMD) [8]. To
select a m--<limensional subset of features we have to evaluate the JMD for each pair of features in any subset. The discriminating power of a specific subset of features is expressed
by its average J.MD. To express the discriminating power of a
specific feature regardless in which combination with other features it occurs in 1subset we propose the use of an accumulated
histogram of features present in subsets ranked from higher to
lowest JMD [9]. A ranking parameter rank; E [O, ... , 1] for
each feature i is defined by

1
rank, =

M/2

where

__ "'"'""
hij

111/2 ~

j

M

=

2D

'

j

with

hij

=

I: !ik,

Figure 2: Manual interpretation using ERS data and ancillary
maps for the czech site: water ... blue (black), built-up ... red
(dark grey), forest ... green (medium grey), other area (light
grey).
matrix G(d, o ) = [g(i,j, Id, o:)] with d = 1 and
{O,45, 90, 135} at position ( i, y) are defined by:

COC(x, y) =

. _
f zk -

J

CIC(x, y)
where

H1

j)

=

=-

(1 - exp(-2(H1

LL

-

H2)))1l2

9x(i)gy(i) log(gx(i)gy(i)),
j

H2 = -LL9(i,j)Iogg(i,j),
j

9x(i) = Lg(i,j)

and

gy(j) = Lg(i,j)

j

Instead of calculating CIC and COC for each individual angle
direction, the features were derived from a G(d, o:) produced
by summing up the g(i, i.Id, o) for o: = {O,45, 90, 135}.
Table 2: Selected features for Bi-seasonal classification.
Data
Summer amplitude

1 if feature i in ranked subset k,
else,

l0

Coherence
We select features by thresholding the rank; parameter. Table 2 summarizes the selected features for the given task:
For completeness the features co-oocurence contrast COC and
co-occurence information correlation COI for a co-occurence

2

j

k=l

and

L L(i - j) g(i,

n

DEM

Feature
Lee filtered
Co-oocurence
contrast
Coefficient of
variation

Rank
0.7
0.91

Co-occurence

0.62

information correlation
Mean

0.78

-

0.67
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Figure 3: Neural network classification for the Czech site using
ERS-1/2 amplitude, coherence and texture information.
Classification and assessment
The selected features are used to train a one hidden layer multilayer perceptron (MLP) classifier [I OJ. The training set contained 2000 examples with equal class frequency. The used
MLP has one hidden layer containing 6 units - the number of
necessary separating hyperplanes h for pairwise class separation (under some assumptions), formally h

= (;),

where C

denotes the number of classes [ 11]. The MLP is trained by
early stopping, which means that training is stopped when the
error on a validation set different from the training set increases
or stabilizes [ 12]. The employed training algorithm is resilient
backpropagation (RPROP) with weight decay [ 13].
Table 3 gives quantitative results for the test set (full map) and
compares these results to a multivariate Gaussian maximumlikelihood (ML) and nearest neighbor (1-NN) classifier. A
manual interpretation of the image is shown in Fig. 2 and the
result of the MLP classification is given in Fig 3.
Table 3: Classifier performance of MLP, ML and 1-NN.

I

Classifier
MLP
ML
1-NN

I

Overall accuracy
0.84
0.82
0.80

I

Kappa

Figure 4: Thresholded amplitude ratio image for December 31
and 25: Flooding with refernce to December 31 was observed
in the blue (dark) region overlaid on a map layer comprising
build-up area and boundary lines. The square indicates the location of the ERS-1 scene.
truth for training a Neural Network Classifier to classify into
several classes of land cover. The classifier is trained on the
unflooded situation as observed on December 31 and January
3. Under the assumption that calibration of backscatter is accurate and coherence is mainly influenced by temporal decorrelation, the trained classifier is firstly applied to the December
31/January 3 data to get reference data, and secondly to the December 25/31 data. This provides thematic information about
the regions of interest, i.e. the flooded areas, which in turn are
identified by established change detection techniques for ERS
SAR backscatter data. Finally, the results are validated by referring to map data which contains areas of potential flooding.

I

0.66
0.63
0.60

FLOODING DETECTION AND ASSESSMENT
ERS-1 data of a repeat cycle of 3 days is used to to monitor
the Rhein River flooding around Christmas 1993. The data set
consists of data taken on December 25, December 31, 1993
and January 3, 1994. Coherence is estimated for data pairs of
December 25 and 31, December 25 and January 3, and December 31 and January 3. Dugitized map data provides ground-

Change Detection
Change detection in SAR images is performed by ratioing pairs
of images [ 14]. Let Ii be the SAR image taken on December
25, h the December 31 image and h the January 3 image. The
three change images are denoted by r1 = h/ Ii, r2 = !3/ h
and r3 = h /Ii. It should be noted that the images Ii, h, h
are speckle filtered by a version of Lee's filter employing structure detection based on a ratio edge detectors in a window of
fixed size 7 x7 pixels [ 15]. Structure detection becomes especially important to accurately delineate borders of water bodies.
Figure 4 shows the reduction of the flooded areas observed between December 25 and 31, the same event is shown for the
dates December 31 and January 3 in figure 6, figure 5 shows
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Figure 5: Thresholded amplitude ratio image for December 31
and January 3: Decrease of flooding between December 31 and
January 3 was observed in the blue (dark) region.
some decline in flooding between December 31 and January 3.
All images are overlaid on a map layer containing structure e.g.
built-up area and streets as well as border information.
Reference classification
The flooding can only be identified on the December 31 image, the images taken on January 3 corresponds best to the unflooded situation. From the digital map data we identified five
basic classes of landcover: built-up, forest, vegetation, water
and other area. Estimation of coherence, i.e. the correlation
coefficient of the complex signal data, provides complimentary
information to single date backscatter data [2], [3]. Furthermore, measures of textural properties of backscatter and coherence take into account local spatial properties of the data.

Figure 6: Thresholded amplitude ratio image for January 3 and
December 25: Flooding was observed in the blue (dark) region
with reference to January 3.

1
Hom(x,y)

= "'

1

I: l +
i,J

1
(c(x,y)-c(i,j)'~'
c

where N = 7x7 and (x, y) the absolute pixel position, (i, j) the
relative pixel position within the window and c the local mean.
The MLP Classifier again consists of three layers. The number
of hidden neurons his again set by h = (;) = 10, where C =
5. The training set consists of 2500 examples; 500 examples for
each class. Figure 7 shows the MLP reference classification for
January 3.
Quantitative Results

We are primarily interested in the extend and thematic class
of the flooded areas. By combination of change detection and
l
classification results we get the change statistics for the dates
for the complex image pair (h, h). Useful texture measures f December 25 and January 3 summarized in table 4. One colare selected from first order statistics using the feature selection umn also lists a change from water to water which can be exapproach described in the previous section. Coefficient of vari- plained by the remaining flooding on January for which we are
ation of !3 and C3, and contrast Con and homogeneity Hom of not able to infer the underlying class.
C3 are selected by the JMD criterion. All local statistics measures are estimated from 7x7 windows.
Table 4: Extend of flooding and flooded classes.
The coherence texture measures contrast and homogeneity are
defined by:
Built-up Forest Veget. Water Other
Class
Extend [ha]
23.3 279.3 692.4 732.9 465.I
The first step in data analysis is therefore to build a feature vector
= (/3,C3,fT)T.
C3 denotes the coherence estimated

Con(x, y)
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Figure 8: AeS-1 X-Band image view of Oberpfaffenhofen
and Gamma MAP filtered image with final classification result
borders overlaid.

Figure 7: Neural network classification for amplitude data
of January 3 and December 31 I January 3 coherence: water ... blue (black), built-up ... red (dark grey), forest ... green
(medium grey), vegetation and open area (light grey).
AIRBORNE MULTI-LEVEL

IMAGE INTERPRETATION

Airborne single-pass interferometric X-Band AeS-1 data in
investigated for cartographic mapping at small scale in Bavaria,
Germany. The very high spatial resolution of one meter motivates a multilevel understanding scheme to infer classes which
correspond to specific cartographic region signatures. Figure 8
depicts the SAR amplitude image of the Oberpfaffenhofen site.
We show how information can be incorporated in the image understanding procedure at various levels, i.e. by textural information at the pixel intensity level, by contextual classification
by combining class likelihoods and a-priori class probabilities
and by semantic reasoning on adjacency of class regions and
region properties in general.
Pixel-based classification
Contrary to repeat-pass observations, in single-pass X-band
interferometry the interferometrically produced DEM is especially valueable. The DEM is used to extract ambiguity regions, i.e. foreshortening and shadow areas. Exact calculation
of the shadow and foreshortening regions is based on the InSAR DEM and knowledge of altitude Hand range delay r, Fig.
9 shows ambiguity regions calculated from the InSAR DEM.
The feature selection procedure described in the first section is
again used to obtain eight textural measures of amplitude, coherence and also from first oder statistics of the DEM, Using
the manual interpretation shown in Fig. 10 we extracted 2000
examples, 500 for each of the four basic classes, to form a train-

Figure 9: Shadow (top) and foreshortening
for the Oberpfaffenhofen site.

(bottom) regions

ing set for supervised image classification. Fig. 10 shows the
result for the MLP classification, which is inaccurate in ambiguity regions and appears very granular due to the mixture of
the considered classes.
Contextual classification
Equal class frequencies allows the interpretation ofMLP output
unit activations as likelihoods in a Bayesian context [16]. The
proposed simple Bayesian method, where the a-priori class
probability for each class ck and each pixels location is estimated using the Potts model [ 17]:

1

Z exp(-Viz),

Viz = /3 2:= b(Lk - Lz),
LEN

where Z is a normalizing constant and Vii the potential function, f3 a constant, N is the set of pixels in the neighborhood of
the pixel in question, in this case a 5 x 5 square window, and
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Figure I0: Manual interpretation and neural network classification of the Oberpfaffenhofen site; water ... blue (black), residential area ... red (dark grey), forest ... green (medium grey),
open area (light grey).

L; i;; the label of pixel i. The i5 is the Kronecker delta function.
The Bayesian formula provides the framework for combining
likelihoods p(xlck) as provided by the MLP and class priors
p(c~:) by:

where xis the vector of textural features.
Fig. 11 depicts the improvement by considering spatial context
at the class level.
Semantic classification
No useful information can be extracted from SAR shadow areas, so we can either mark all shadow pixels as unclassified or
apply some rules based on region properties to the image, e.g.:
if pixel is in shadow area then increase pixels probability of belonging to the adjacent class in far range
and similar:
if pixel is in foreshortening area then increase pixels
probability of belonging to the adjacent class in near
range.
Applying these rules to the contextual classification results in
the lower image of Fig. 11, the resulting class borders have
already been depicted in the lower image of Fig. 8.
DISCUSSION
The use of amplitude, coherence, and derived texture and
height information has been demonstrated. ERS-112 data and
derived coherence is well suited to identify forest regions.
Additionally temporal amplitude information, preferably from
other seasons(s) increases the classification accuracy for other

Figure
11: Contextual
Oberpfaffenhcfen site.

and semantic classification

of the

land-cover classes, especially vegetation classes which exhibit
temporal backscatter variations.
Events of short duration in time, in the order of a few days
to weeks, require an ERS repeat cycle different from the 35
days time interval. Using 3 day cycle coherence and amplitude data one is able to differentiate between classes exhibiting
low coherence due to temporal decorrelation caused by changes
of the surface cover (flooded regions), temporal decorrelation
due to volume scattering characteristics (forest), and other areas which are moderately stable in time.
In single-pass interferometry volume decorrelation is the major complimentary information to amplitude data. In X-Band
the dominant scattering mechanism is surface scattering, so a
more promising way to use interferometry in interpretation is
to employ the DEM derived from InSAR processing to resolve
ambiguities.
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Abstract - SAR-interferometry has been established as a technique in order to generate topographic
maps of high accuracy. Interferometric data can be
aquired in Repeat-Pass- or in Single-Pass-Mode. If
there is a temporal decorrelation between the respective interferometric tracks (i.e. in repeat-passmode), the interferometric coherencecan be used for
change-detection. Up to now change-detection using the coherence has been performed with spaceborne interferometric data. SAR-data acquired by
satellites is restricted locally by the orbit, in time by
the repeat-orbit-period and technically by the SARsystem-parameters of the satellite. Airborne InSAR
is not restricted locally, nor in time. Recently SARinterferometry has been performed in airborne repeat pass mode by DLR's ESAR. The repeat-passmode of the ESAR operates fully polarimetric in Land P-Band. In this paper, we discuss and assess
the potential of interferometric coherence-maps for
change-detection and the analysis of changes using
full polarimetric airborne interferometric data.
Introduction
The detection and analysis of vegetational changes is
of particular interest for agricultural and forest monitoring. SAR-interferometry provides means to the
phase-correlation between two complex SAR-images
in terms of the interferometric coherence. With the
existence of a time-interval between the aquisition
of two corresponding interferometric tracks, the interferometric coherence can be used as an effective
detector of temporal changes, causing decorrelation.
The sensitivity to small-scaletemporal changes of the
interferometric coherence depends strongly on the
frequency of the SAR-sensor. The time-scale sensitivity of the employed frequency should therefore be
matched to the detection time-interval. Convenient
frequencies are the L-band and the P-band.
Of interest for agricultural and forest monitoring

are changes that result directly from vegetational parameters, for example the growth of the plants, or the
development of the foliage, as well as changes concerning the vegetation, for example mechanical cultivation. Other decorrelation sources have to be distinguished. Sources of decorrelation can not directly
be extracted from the measured interferometric coherence. To get knowledgeabout the quality of vegetational changes additional information is necessary.
In the case of full polarimetric interferometric data,
access is given to target-decomposition-techniques.
The entropy-alpha-decomposition enables a physical interpretation of the scattering process in terms
of three orthogonal scattering mechanisms and the
propability of their occurance. Changes detected by
coherence can be analyzed qualitatively by comparing the scattering mechanismsand their occurance in
the corresponding interferometric tracks. In our experiment full polarimetric interferometric data has
been acquired in L-Band with a time difference of
several days between the respective repeat-tracks.
The interferometric coherence has been calculated.
Changes detected by the coherence have been analyzed, and an evaluation of the quality of the changes
has been made by using Cloude's entropy-alphatarget-decomposition (1].
Coherence Approach
Interferometric coherence "t is usually affected by
changes in between the time of the two observations, i.e. physical parameters (dielectric constant)
'Ye and geometrical parameters (location of the scatterers) "[scat , as wellas by system parameters (signalto-noise-ratio) "(SNR and performance parameters
(baseline) "(base that do not depend on the temporal separation of the observations.
"f

= "f•

* "[scat * "(SNR * "(ba•e

(1)

In order to assign decorrelation to a specifiedorigin
a careful analysis of the different contributions of the
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coherence is necessary. For detecting vegetational
changes with the measured coherence only the term
"[scat that stands for the contribution of change in the
location of scatterers is of interest. Changes in the location of scatterers cause an alteration in the phase,
and consequently a strong decrease in the correlation. Physical properties (i.e. dielectric constant e)
can have a strong influenceon the coherence only in
the case, that the dielectric constant changes significantly in between the corresponding interferometric
tracks [2]. The influence of the signal-to-noise-ratio
(SNR) to the coherence, "/SNR, can easily be calculated [3],corresponding to equation (2).
"I

1
"/SNR

= 1 +SNR

(2)

The observation geometry (baseline) of the corresponding interferometric tracks affects the coherence
in two manners [4]. In the case of surface scattering, the ground wavenumber spectra of the corresponding interferometric tracks show relative shifts.
These shifts depend on the dimension of the baseline of the tracks. The non-correlated parts of the
spectra can be filtered, if a critical baseline [4] is
not exceeded. In the case of a height distribution of
the scatterers, volume decorrelation occurs, depending on the size of the baseline. Volumedecorrelation
can not be excluded by filtering. Hence in the case
of a height distribution of the scatterers, a performance decorrelation term "/ba•e can only be excluded
by reducing the dimension of the baseline. Previous
experiments [5]have shown, that volume decorrelation occurs significantly in forestry terrain, but does
not significantly lower the coherence in farmland.

"I

Polarimetric

analysis

The polarimetric analysis is based on the coherent
Eigenvector-target decomposition algorithm. From
the diagonalization of the 3 ® 3 polarimetric coherency matrix [T] three eigenvectors are obtained,
that can be interpreted as elemental scattering mechanisms. Their relative contribution is given by the
associated eigenvalue. Two main parameters are calculated: the polarimetric entropy H as the logarithmic sum of the eigenvalues,and the scattering angle
a. Both are closely related to the physical properties of the scattering process and can be used for
its interpretation. H is a measure for the depolarisation caused by the scatterer which ranges from 0
to 1. H equal 0 indicates the presence of only one
scattering mechanism, whereas H equal 1 indicates
a random target without any deterministic scattering behaviour. a can be interpreted as an internal
degree of freedom of the scatterer associated with
the type of scattering mechanism with a range of
0° < a < goodegrees. a = 0° represents an isotropic

surface, a = goo an isotropic dihedral or helix. For
intermediate values of a anisotropic scattering mechanisms are described. In the limit of a = 45° we have
a dipole scatterer, with one of the co-polarisedscattering coefficientsbeing zero.
Experiment

and Results

The two corresponding interferometric data-sets
have been aquired by the ESAR on 7.
and
11. of May 1gg8 on the test-site of Oberpfaffenhofen/Germany. Ground-truth data has been collected in April 1gg8 and in September 1gg8. The
ground-truth-collection-time differs from the dataaquisition-time, because the interferometric passes
have been taken from experiments that have been
carried out independently of the purpose of large
time-scale repeat-pass interferometry or change detection. The real tracks have been corrected and
resampled to parallel tracks with a constant pixelspacing in azimuth [5]. Both data-sets have been
processed with a common doppler-centroid, using
the extended chirp-scaling algorithm [6]. The baseline was in the order of 50m in the vertical direction and 12m in horizontal direction. Due to the
corresponding perpendicular baseline of 37m in midrange, about 10 percent of the range-spectra have
been filtered as non-correlated parts of the spectra,
reducing the influenceof "/ba•e to the parts of the data
where a strong height distribution of the scatterers
is predominant (i.e. forest). As a lower limit for the
SNR of ESAR's L-band a value of lOdB can be assumed. The resulting coherence contribution 'YSNR
has a value of o.g, as has been calculated from equation (2). In this case "/SNR can be regarded as having
no significant influence on "I· As the weather conditions in between the two SAR-observationshave been
very stable, a strong change in the dielectric constant e is not expected, and therefore the coherence
contribution "[e caused by a change in the dielectric
constant e can also be regarded as negligible. Consequently the measured coherence 'Y can be regarded
as depending in first order on "[scat: which stands for
changes in the location of the scatterers. In this case
'Y is an effectivedetector for vegetational changes.
The interferometric coherence has been calculated
with a 7 * 7 window and is plotted in figures 1-3.
The entropy and alpha-values are plotted in figure
4-7. Distinct fields are analyzed with respect to the
coherence value.
Fields showing high coherence: - The calculated coherence-value in this case is higher than
0.75. The analyzed fields are labeled in figure 1.
Fields F2, F6, F8 and FlO contain barley, on F4
and F7 grows wheat, on F3 canola, Fl and Fg
are meadows. The high coherence of these fields

89

Figure 1: Coherence map (channels HH-HH) with labels
of high coherent fields.

Figure 2: Coherence map (crosspolar channels) with
labels of fields with intermediate coherence.

can be explained with the absence of strong changes
in vegetation height or vegetation structure between
the two corresponding passes. Wheat, barley and
canola usually do not grow more than 0.5m in one
month, a change in vegetation height concerning the
coherence is therefore not expected in the present
repeat-pass-time-intervall (7]. Consequently the entropy and alpha-values do not vary strongly, except
for field F4, where a decrease of 7° in alpha is observed. The decrease can not be explained with the
present ground-truth.
Fields showing intermediate
coherence: The calculated coherence in this case ranges from
0.55 to 0.73. The analyzed fieldsare labeled in figure
2. F22, F26, F27 are meadows, F21, F23, F24, F25
are wheat- or barley-fields. Entropy values are high
(between 0.6 and 0.78) for all fields, a ranges from
31° to 40°. Both entropy and a vary barely from the
first to the second SAR-observation. As the average entropy here is higher than in the high-coherence
case, an increased influence of volume decorrelation
and multiple-scattering can be an explanation for the
lower coherence. The behaviour of the coherence in
these fields can also origin in stronger vegetational
changes compared to the high-coherencecase, causing more decorrelation.

Fields showing low coherence: - The calculated coherence in these fields is lower than 0.4. The
analyzed fields are labeled in figure 3. The groundtruth collected in April shows that most of these
fields (namely F11, F12, F13, F14, Fl6, FIB, Fl9)
have a bare soil surface. The low coherence of
these fields can result from any kind of agricultural treatment like ploughing, or from sprouts coming out of the bare soil, in between the two SARobservations. In both cases a strong decorrelation
is expected. Fields F12, F13, F14 show a strong decrease in the alpha-value. A lower alpha value can
result from a smoother surface, what indicates agricultural treatment here. The alpha value of fields
Fl1, F16, F18, F19 varies in the range of the standard deviation. On field F15 there were stubbles
in April, whereas in September there was growing
corn. As both a and entropy decrease from the
SAR-observation on 7th of May to the one on 11th
of May in this field, it is likely that the decorrelation here results from agricultural treatment. In
April field Fl 7 was covered with dry stalks of lm
height, in September with canola. This field shows a
strong decrease in a as well as in the entropy. The
entropy-value for the SAR-observationon 7th of May
equals 0.54, what is a clue for the presence of veg-
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tational changes detected by the interferometric coherence using full polarimetric interferometric data
is useful for farmland monitoring.
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Figure 3: Coherencemap (channelsVV-VV) with labels
of low coherentfields.
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Figure 5: Alpha-angle of second observation
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ABSTRACT
In order to improve the knowledge about individual
scattering processes and their effects on the backscattered signal accurate modeling of SAR backscatter is
required. In this paper we present a stochastic coherent
polarimetric scattering model which can be used for
interferometric simulation. Using simulated examples of
several interferometric scenarios, including surface
scattering and small particle volume scattering, we will
outline new possibilities for the extraction of physical
properties of the scatterers.

existing models are either based on a fully polarimetric
but non-coherent [3], or on a coherent but scalar (i.e.
one single polarization) [4J approach, respectively. In
this paper we present a coherent and vectorised model,
which is able to deal with polarimetric effects in interferometric scenarios.
The effects of surface scattering in Polarimetric Interferometry have already been investigated on a theoretical
basis [5J. The background needed for this paper will be
briefly outlined.

In the case of surface scattering the scattering matrix [SJ
can be calculated either using the Physical Optics approximation (PO) or the Small Perturbation Model
(SPM ~ Bragg surface), depending on the surface
roughness compared to the sensor wavelength. Volume
scattering, e.g. from forest canopies, may be simulated
by calculating [SJ of small 3-dimensional ellipsoids and
by arranging them to an elevated cloud of particles with
given orientations and positions in height. Using a coherent Monte Carlo model we are able to apply both
polarimetric and interferometric techniques in order to
investigate the influence of the physical properties of
the scatterers on polarimetric and interferometric observables.

Volume scattering can be simulated by generating a
cloud of randomly oriented and positioned, small anisotropic particles. Considering natural objects as needles
and leaves as usually existent in vegetation canopies, it
is evident to model them as 3-dimensional dielectric
ellipsoids [6J. A polarimetric scattering model has already been introduced in [7], and the inversion algorithm, based on Claude's Coherent Target Decomposition, showed, that it is possible to extract the basic particle shape and the mean orientation. In [8J we investigated changes in the interferometric coherence due to
particle geometry and dielectric properties with regard
to the polarization. From [7J and [8J we learned that it is
possible to distinguish between different forest types
(coniferous, deciduous) because of a significantly different polarimetric behavior.

In this paper we present simulation results for surface
and volume scattering and discuss them with special
regard to known problems and the resulting future enhancements. Furthermore we investigate the influence
of temporal changes on the interferometric coherence
regarding repeat-pass mode applications.

We noticed some problems regarding the model's phase
accuracy and fixed them. In this paper we show new
and more accurate results for both, surface and volume
scattering.

INTRODUCTION
In the past, conventional SAR Interferometry and Polarimetry have been investigated as two separate topics
for inversion studies on forested areas. In recent studies
[l ,2J a new formalism for the combination of those
fields has been developed, called Polarimetric Interferometry, which offers new possibilities for interpreting
and understanding SAR data.
Modeling of SAR backscatter is required for improving
the knowledge about individual scattering processes and
their effects on the backscattered signal. Most of the

In the case of repeat-pass mode also temporal changes
will be included (due to changes in scatterer position
and/or characteristics). Those changes can be the result
of many different effects, i.e. wind, rain, temperature,
etc. We simulate and investigate the behavior of the
interferometric coherence due to a random variation in
scatterer position or orientation between two data acquisitions.
The discussion will concentrate on remaining problems
and the needed future enhancements in order to get
closer to "reality".

Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Datafor Land
Applications. 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December1998)
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COHERENT MONTE CARLO MODEL

z
B

Based on a suggestion for a simplified coherent scattering model [9], dealing with abstract scattering mechanisms, we evaluated a coherent Monte Carlo model,
which is able to operate with more realistic sensor parameters and physical scatterer properties.

particle cloud
consisting of small
particles

/

Scattering Matrix and Model Geometry
We start with the definition of a coherent scattering
vector k as the vectorization of the scattering matrix [S]

(I)

(2)
where T indicates the matrix transposition operation and
are the complex scattering coefficients for p transmit
and q receive polarization (p,q = h or v, respectively). In
the case of backscattering the reciprocity theorem yields
Shv = Svh• hence the k_-vector may be reduced to three
elements (2). Fig. 1 shows the key elements and geometrical setup of the model. Assuming no interaction
between individual scatterers the observed k_-vector at
sensor position i (i = I ,2) can be modeled as the coherent sum of all scatterers in the resolution cell

x
Fig. I:Model geometry
surface [I I]. The validity conditions for these methods
are
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where Kis the propagation constant, A, is the wavelength
and ker;) is the scattering vector of an individual scatterer at position r;. The next two sections describe the
derivation of k(r;) for surface scattering and small particle scattering.
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In the case of PO the scattering vector is given by

(5)

where A is the scattering amplitude, tJ is the local angle
of incidence (depending on the local surface slope in
range), /3 is a rotation about K (proportional to the local
surface slope in azimuth) and Rh, R; are the Fresnel
reflection coefficients [11] for h and v polarization (depending on the local incidence angle and the complex
dielectric constant e; of the surface). In the case of SPM
the scattering vector can be written as

(6)

Scattering Vector of a Random Rough Surface
Random rough surfaces can be defined by two independent parameters, the correlation length P. and the
standard deviation in height er. Using a spectral method
as described in [IO] we are able to generate a sampled
Gaussian surface with given P. and <J" and hence derive
the positions of the surface scatterers in the resolution
cell.
In order to calculate the scattering vector of a random
rough surface we are using either the Physical Optics
Approximation (PO) or the Small Perturbation Model
(SPM, also well known as Bragg-scattering), depending
on the ratio of wavelength to radius of curvature of the

(4)

where

ah= Rh

a = (t:, -l)·~in2t'J-e,6+sin2tJ))
v

(7)

e, cost'J + ~t:,- sin2 tJ

Scattering Vector of a Small Dielectric Particle
Volume scattering can be modeled by a cloud of small
anisotropic dielectric particles. Regarding vegetation
canopies such particles usually are leaves, needles or
small branches, which are small compared to the wave-
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length. A dielectric ellipsoid with dimensions xi, x2, x3
(see Fig. 2) can be used as a simplified representation of
such particles. The scattering vector is dependent on the
particle's orientation ( <p, r, B), its polarizabilities (Pi, Pz,
PJ) corresponding to the x-directions, its volume V and
its complex dielectric constant z; [6]
Shh

=Pi sin2 Bcos2 tp + P: cos2 Bcos2 <p

{f

+ p3 cos2 rsin ' <p + 2 sin2 ()+Pi cos2
. 2 rsm. 2 <p + 2(p i - P2 )
·sm

())

·sinBcosBsin rsin <pcos<p

SAR

(8)

Shv

= (pz

S

+ 3 - p2 sin 2 () - Pi cos2 ()).sin rcos rsin <p
. 2 B)
• 2
= f1p_1 cos 2 () + p2 sin
·cos 2 t + p3 sm
r

Fig. 2: Small particle geometry
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Using polarimetric and interferometric techniques we
are able to derive several observables that are useful for
a physical interpretation of scattering scenarios. Interferometric observables are the coherencies Yhhhh• Yvvvv•
Y11v11vand Y11hvv calculated as follows

(10)

where m,n,p,q = h or v and m,n denote the first sensor
position, p,q denote the second sensor position separated by a baseline B. Polarimetric observables are the
entropy H and the a-angle, calculated using Cloude's
Coherent Target Decomposition as described in [ 12].
The entropy (0 ~ H ~ 1) is a measure of how many
different scattering mechanisms are involved in the total
scattering process, where a zero value means that there
is a contribution of exactly one mechanism, and a value
of 1 means total depolarization and three different
mechanisms. The average scattering process can be
interpreted in a physical way using the a-angle (0° ~ a
~ 90°). For a= 0° we have an isotropic surface-like
scattering mechanism, a= 45° indicates isotropic dipole
scattering and a = 90° indicates an isotropic dihedral.
Intermediate values of a represent anisotropic scattering
mechanisms.

20

lookangle
(degI

Fig. 3: a-angle of a Bragg-surface (o = lcm,
with respect to soil moisture m; and lookangle

P.

= IOcm)

Surface Scattering Results
We already investigated the effects of surface scattering
and their influence on polarimetric and interferometric
observables in [5]. We learned that the coherencies Yhhhh'
Yvvvv and Yhvhv are only affected by baseline decorrelation
in the same way. They are not significantly influenced
by the polarimetric surface characteristics, whereas Yhhvv
depends on the anisotropy of the surface, which is a
function of both, roughness and dielectric properties
(note that in this context isotropic means IS""I = ISvvl,
anisotropic means IShhl -:;:.ISv)). The main conclusion is
that interferometric observables cannot be used for the
extraction of physical surface properties, except Yhhvv'
which can also be calculated for a non-interferometric
but polarimetric dataset ("zero baseline").
From polarimetric analysis using Cloude's Coherent
Target Decomposition we derived the important result,
that the a-angle strongly depends on the dielectric properties of the surface (and thus the soil moisture),
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whereas it is only slightly affected by the roughness.
This leads us to the possibility of extracting soil moisture by simply measuring the a-angle, but we have to
know the lookangle of the sensor, because a varies with

different lookangles. Fig. 3 shows the result of a simulation for a Bragg-surface with a= lcm and fl = lOcm.
The sensor height is 3500m and the wavelength is
23cm. a decreases with increasing volumetric soil
moisture m; and increases with increasing Iookangle.
The former is due to the fact that the reflection coefficients (7) are less different the higher the dielectric
constant, and thus the scattering mechanism becomes
more isotropic, leading to lower a-angles (if IShhl = ISvvl
then a= 0). The latter can be explained by the increasing difference between the reflection coefficients for an
increasing lookangle, resulting in higher values of a.
The entropy H is dependent on both roughness and
dielectric properties and in combination with Yhhvv it
could be used for roughness estimation. Unfortunately
the observed effects are very small (less than 0.01 for a
I0% change in roughness or dielectric constant; see also
[5]). Regarding "real" data, these effects will be hidden
in system noise or other disturbing effects.
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Fig. 4: Dependence of '/hhvv on particle shape; the dashed
line denotes the maximum value in the case of isotropic
discs (spheroidal)
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We compared these results with a polarimetric dataset
from the DLR's ESAR-sensor and found that only about
I% of all bare soil surface scattering in the scene is of
the simulated type (H - 0-0.1, Yhhvv - 0.98-1). Typical
agricultural fields have entropy of about 0.4 to 0.7 and
coherence y1111vv of about 0.7 to 0.8. One reason is that
most fields are relatively dry; using a wavelength of
23cm there will be non-neglectable ground penetration
resulting in volume scattering, which would decrease
coherence and increase entropy. Another reason is that
on many fields there are remnants of vegetation, also
producing volume scattering. In the case of bare soil
surface scattering we have to improve the model particularly with respect to the effects of ground penetration.
Volume Scattering Results
It has been shown in [9] that it is possible to invert the
scattering matrix data in order to obtain estimates of
particle shape and mean orientation using polarimetric
techniques. It has also been recognized that particle
shape only makes little difference to the anisotropy if
the dielectric constant is small. Fortunately e; is generally large in the case of vegetation, resulting in a strong
dependence of the anisotropy on the particle shape. In
the previous chapter we have seen that Yllhvv is affected
by changes in anisotropy, leading to the assumption that
we may use y1111vv as the main interferometric observable
for the extraction of particle shape and dielectric properties.
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Fig. 5: Dependence of '/hhvv on dielectric properties of
short dipoles; the dashed line denotes the maximum
value in the case of isotropic discs (spheroidal)

The results obtained from simulation confirm this assumption. The simulations are performed using a sensor
height of 3500m, wavelength = 23cm, lookangle = 40°
and baseline = 40m. Fig. 4 shows the dependence of
Yhhvv on the particle shape. We choose the dimensions of
the particles to be x1 = 30mm and x3 = Imm and vary
the xi-dimension from 1mm to 30mm. This means that
we are starting with short dipoles (needles) and end up
with discs. The particles are randomly oriented about
line of sight (0 :::; (} :::;21t) and the layer thickness is
I2.5m. We see that the dipole-like scatterers are highly
anisotropic, which results in a low coherence. With an
increasing xi-dimension the particle becomes more
isotropic and the coherence increases. We reach the
highest possible coherence if x1 = x2, because the particles are fully isotropic and a change in orientation about
(}has no influence on the scattering behavior. In this
case we could even change the dielectric constant and
the coherence would not be affected. The maximum
value of Yhhvv = 0.68 is due to the volume decorrelation
occurring at a baseline of 40m and a layer thickness of
12.5m and is independent of polarization.
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As mentioned before the scattering behavior of an anisotropic scatterer changes with varying dielectric properties. We repeat the previous experiment, but now we
change the dielectric properties instead of the particle
shape (Fig. 5). We use short dipoles with the dimensions x1 = 30mm and x2 = x3 = Imm. For large values of

0,8
.c::
.c::
.c::
.c::

Er we observe high anisotropy and a low coherence Yhhvv·
With decreasing dielectric constant the scattering process gets less anisotropic and the coherence increases.
For very low dielectric properties we nearly reach the
coherence of an isotropic scatterer (disc). These results
agree with the expectations and results performed in [9].

Effects of Temporal Decorrelation
Temporal decorrelation occurs if the scattering scenario
has changed between two data acquisitions. Many different complex mechanisms can be the reason for such a
variation, as there may be wind, rainfall, climatic
changes (temperature, humidity), etc. Every mechanism
influences a special set of physical parameters of the
scatterers. Rainfall for example would dramatically
change the dielectric properties. But the most significant
loss in coherence occurs due to changes in scatterer
positions, particularly in height position, because the
height is most effecting the interferometric phase and
hence the coherence. Also a change in the scatterers'
orientation will decrease the coherence, strongly dependent on polarization. In the following we concentrate
on these two kinds of temporal effects, because they are
considered to be of particular importance.
In order to simulate temporal decorrelation due to
variations in height positions we model a cloud of small
leaf-like particles (x1 = 5cm, x2 = 3cm, x3 = 1mm) with a
layer thickness of I2.5m in height and a random orientation about line of sight (0 ::::::() ::::::
7t). The positions Z;
of the particles are changed by adding a normal distributed height variation Liz; (0 ::::::
Liz; ::::::Liz). We choose the
sensor height to be 3500m, lookangle = 40°, wavelength
= 23cm and baseline= 20m. The observed decorrelation
is independent of polarization; hence we only show the
results for Yhhhh (Fig. 6), the other polarizations are
similar. As we can see, the decorrelation is almost a
linear function of L1z and decreases rapidly. With a
change of about I5cm in height all the correlation will
be lost. Considering strong wind between two data acquisitions this amount of variation could obviously
happen, which would result in a very low coherence
over the forested areas.
Wind not only affects the scatterers' height, it also can
change the scatterers' orientation. This is a totally different situation, because a change in orientation has no
influence on the interferometric phase, but on the polarimetric behavior of the scatterer and thus the scatterers'
polarimetric phase relations. For the simulation we
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Fig. 6: Temporal decorrelation due to vertical movement of the scatterers; Yvvvv and Yhvln· show the same
behavior
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Fig. 7: Temporal decorrelation due to changes in orientation; the variation is a rotation of the scatterers
(leaves) about the hh-axis
choose the same cloud of particles as in the previous
experiment, but now we do not change the positions in
height but the orientation about the hh-axis (corresponding to a rotation about L1r, see also Fig. 2). In Fig.
7 we can see that Yhhhh remains constant. This is simply
because a rotation of the scatterer about the hh-axis does
not affect Shh• whereas Svv and Shv change significantly.
The plot shows that Yhvhv decreases faster than Yvwv and
that Yvvvv does not decrease down to zero but stagnates at
L1r 220° and tends to increase a little bit afterwards.
This effect is due to the fact that we are adding a normal
distributed rotation, where the worst case would be if an
individual scatterer is rotated about 90°, resulting in a
degeneration of the leaf into a dipole with the smallest
possible vv-component. A distribution of L1r
220°
seems to produce the highest amount of such scatterer
changes and thus the lowest coherence. We also repeated this experiment, now rotating about the vv-axis
instead, and we observed the same results, but exactly
vice versa for Yhhhh and Yvvl'V·

=

=
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ABSTRACT
This paper presents a first analysis of a temporal series
of SAR data in the framework of the monitoring of
wheat crops. Twenty SAR images, ERS and multiangular RadarSat (23° and 38°), were acquired during
the Alpilles-ReSEDA experiment over a flat agricultural
area located near Avignon, in the south-east of France.
The radar data are related to two surface variables: the
total canopy water content and the surface soil moisture.
Direct modelling of the radar signal is performed in the
framework of a semi-empirical "water-cloud" model
adapted to multi-angular radar configurations. This
simplified model is shown to be able to represent the
radar data obtained along the crop cycle in various
configurations, with a reasonably good level of
accuracy. The estimation of canopy water content using
dual-incidence angle RadarSat data is attempted,
without success.
INTRODUCTION
Microwave remote sensing techniques are of primary
interest for monitoring land surfaces, thanks to their allweather capabilities, to their penetration depth through
the natural media and to their sensitivity to surface
variables (such as water content) that are difficult to
estimate using optical remote sensing techniques. The
radar signatures obtained over vegetation are complex
signals as they are influenced by several factors: the
canopy water content and its geometrical structure, as
well as the surface moisture and roughness of the
underlying soil. As a consequence, the use of radar data
acquired with single configuration SAR's (ERS, JERS)
does not permit to estimate these variables in the
general case. However, RadarSat and, in a near future,
ASAR aboard ENVISAT, permit to combine several
angles of incidence, and several polarisation in the case
of ASAR, thus potentially allowing the estimation of
several surface variables. The development of the
corresponding inversion algorithms should be an
important issue in the following years.
Concerning the use of radar images, the AlpillesReSeDA experiment [I], from which the data presented
in this paper come from, had several goals: (i) testing
the interest of radar times series acquired over the
annual cycle for monitoring bare soils and crops (ii)

testing the multi-angular capability of RadarSat by
combining two satellite passes, separated by a delay of 3
days. In this paper, we present a first analysis of ERS
and multi-angular (23° and 38°) RadarSat images over
agricultural canopies. As a first step, the analysis is
limited to the case of winter wheat fields.
MATERIAL AND METHODS
The Alpilles-ReSeDA experiment
The Alpilles-ReSeDA experiment [I] was conducted
from October 96 to November 97. It was aimed at
improving methods that could lead to a better
monitoring of agricultural areas by assimilation of
remote sensing data into canopy functioning models and
soil-vegetation-atmosphere transfer models. The remote
sensing data acquired were multi-spectral (from visible
to microwaves), multi-angular and multi-temporal. In all
spectral domains, remote sensing data were regularly
obtained from both airborne sensors and from highresolution satellites. The monitored site was a flat
agricultural area whose dimensions are 4 km x 5 km,
located in the Rhone valley, near Avignon, France
(N43°47', E4°45'). The main crops of the area were
wheat, sunflower, corn, alfalfa and grass. Only the data
coming from SAR's aboard satellites (ERS and
RadarSat) are presented in this paper.
SAR images
During the experimental period, 8 ERS images (C-band,
VV) and 12 RadarSat images (C-band HH) were
collected. Six RadarSat images were obtained at 23.3°
incidence angle in "standard" mode, at a spatial
resolution of 25x25 m1, while the six others were
acquired at 38.4° incidence angle in "fine" mode, with a
l 2.5x 12.5 m1 resolution. The time delay between the
acquisitions at 23° and 38° was 3 days. The dates of the
SAR acquisitions are given in table I.
Radar images were geocoded using a Digital Elevation
Model and the orbit description, thanks to a specific
software, which has been developed at BRGM and
particularly adapted to RadarSat data. The field average
backscattering coefficient (cr°) was computed by
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removing the pixels near the field boundaries in order to
eliminate the contaminated pixels.
Date of SAR acquisition
96-12-09
97-01-26
97-02-27
97-03-21
97-03-24
97-04-06
97-04-14
97-04-17
97-05-08
97-05-11
97-06-01
97-06-04
97-06-12
97-07-17
97-07-19
97-07-22
97-08-21
97-09-05
97-09-08
97-09-25

Instrument

ERS
ERS
ERS
RadarSat
RadarSat
ERS
RadarSat
RadarSat
ERS
RadarSat
RadarSat
RadarSat
RadarSat
ERS
ERS
RadarSat
RadarSat
ERS
RadarSat
RadarSat
ERS

Incidence
23
23
23
38.4
23.3
23
38.4
23.3
23
38.4
23.3
38.4
23.3
23
23
38.4
23.3
23
38.4
23.3
23

Table I: SARimagesacquisitions
Ground data
The ground truth measurements were carried out on 12
test fields covering the main crops encountered in the
experimental area and spatially distributed over it. Only
the data obtained over the 5 winter wheat fields are
presented in this paper.
A continuous monitoring of the vegetation was
performed
and
the
measurements
included:
phenological development, canopy height, fresh and dry
total biomass, fresh and dry biomass of the organs, yield
components, leaf area index (LAI). In order to simplify
the analysis, the total canopy water content (kg of water
contained in the vegetation by squared meter of soil,
noted hereafter as we) was chosen to represent the state
of the canopy and its interactions with the microwaves
[2,3]. The canopy water contents were interpolated at
the radar acquisition dates using a classical generalised
logistic function of time, fitted to the experimental data.
Measurements of the soil moisture within the top 5-cm
were performed during the day of the each radar
acquisition, using the gravimetric method and/or using a
TDR probe. The TDR measurements were carried out
with a TRASE device (© Soil Moisture Equipment) on
buriable waveguides installed horizontally at a depth of
2.5 cm. The soil dry bulk density was measured on each
field, allowing converting gravimetric soil moisture data
in volumetric units (m3/m3). The volumetric soil
moisture in the top 5-cm of the soil (noted hereafter as
rn.) is chosen to represent the variations of surface soil

moisture. The soil dry bulk density and the surface
roughness were measured once between two tillage
operations (see [4] for more details).
Model used
To represent the evolution of the backscattering
coefficients obtained as of function of the surface
variables Weand m., we use the semi-empirical "watercloud" model of Attema et Ulaby [2]. This model is a
good candidate for use in inversion algorithms thanks to
its simplicity and low number of variables and
parameters [3,5,6]. In the case of wheat canopies
observed in C-band, it as been shown [3] that the
contribution of the vegetation is limited to the
attenuation of the signal backscattered by the soil
surface, leading to the linear form:
S

0

= -2Bwc I cosq + C(q) + Dm;

(1)

where CTJ is expressed in dB and e is the incidence
angle. In this expression, signal backscattered by the
soil surface is given by C(9)+Dms and its attenuation by
the vegetation layer is given by -2Bwcfcos(9). The
effect of the soil surface roughness on the angular
variations of the backscattered signal is represented by
the angular dependence of the parameter C(9). This
model is well adapted to multi-angular radar data and its
has been shown that it can be inverted [3].
RESULTS
Single configuration analysis
Figures I, 2 and 3 represent the evolution of the radar
signal (respectively given by ERS and RadarSat at 23°
and 38°) as a function of the surface soil moisture m,
and of the canopy water content We.
On figure Ia, the relationship between cr0ERS and the soil
moisture m, exhibits some sensitivity only for the high
values of the soil moisture. This lack of sensitivity of
ERS to the variations of m, was also observed on bare
soils during the experiment [4] and is likely to be
enhanced by a quite strong attenuation by the canopy, as
can be observed on figure Ib, where the radar signal
clearly decreases when the canopy water we increases.
Conversely, RadarSat data acquired at 23° exhibits
some more sensitivity to soil moisture (figure 2a),
although a large dispersion is observed. The attenuation
of the radar signal by the vegetation is clearly less
pronounced in HH polarisation (figure 2b) than in VV
polarisation (figure Ib). Even at 38°, the RadarSat
signal shows some dependence on the soil moisture
variations (figure 3a), though with less sensitivity than
at 23° (figure 2a).
In any configuration, it appears clearly that the
variations of the backscattered signal cannot be explain
by a single surface variable, which confirms the
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necessity of using of a canopy backscattering
including the soil contribution.

model

Fitting of the cloud model
The backscattering model given by eq. I was fitted on
each SAR dataset: ERS (VV, 23°) and RadarSat (HH,
both 23° and 38°). The fitting procedure was threefold:
• In a first step, the sensitivity to soil moisture,
given by parameter D, was estimated using the
RadarSat dataset at 23°, as this configuration
exhibits the better relationship between the radar
signal and the soil moisture. The parameter D
was then set to the value found, D=22.26.
• In a second step, the parameters B and C were
estimated for each SAR, using the data obtained
on two of the five wheat fields. This constitutes
the calibration phase of the model. The
parameter B was supposed to be the same for the
2 fields but to depend on the SAR used. The
parameter C was supposed to depend on the SAR
used, the incidence angle and the field number,
since it represents the effect of the soil surface
roughness.
• In a third step, the model was used with the data
obtained on the three remaining wheat fields, so
as to validate the model. The parameter B was
kept fixed to its value obtained at step 2, while
the parameter C was again supposed to depend
on the SAR used, the incidence angle and the
field number.
The estimated parameters are given in table 2, along
with the standard deviation of the residuals (rmse). The
calibration phase is presented on figures 4 (ERS) and 5
(RadarSat) while the validation phase is presented on
figures 6 (ERS) and 7 (RadarSat).
SAR

type

B

ERS

calib. 0.307

RadarSat calib. 0.163
ERS

valid. 0.307

RadarSat valid. 0.163

C(23°)
(range)
-12.44
-12.93
-9.29
-10.64
-10.24
-12.40
-7.05
-9.76

C(38°)
(range)

D
22.26

rmse
(dB)
1.48

-15.25 22.26
-16.61

0.53

22.26

2.21

-14.84 22.26
-15.67

0.94

parameter obtained on the calibration fields seem to be
well adapted to the validation fields. Furthermore, the
model is able to represent SAR data acquired at 2
incidence angles, with a limited number of parameters.
The quality of the model fitting is slightly better for
RadarSat data than for the ERS one. One must keep in
mind that the data are not acquired at the same dates. In
particular, the ERS dataset covers a larger period of
time (see table I), during which the soil surface
roughness, supposed to remain constant in the model, is
more likely to vary, especially during winter time (in the
weeks following the sowing) and after the harvest (after
the ploughing of the stubble's).
The attenuation by the canopy (parameter B) exhibits a
large increase from HH to VV polarisation. This can be
explain by the vertical structure of wheat canopies
(contribution of the stems) which leads to larger
interactions when the electric field has a vertical
component (VV) [7]. The ratio BvvfBHH is in good
agreement with simulations carried out with the
radiative transfer model Mimics [8]. However, the
values obtained for the parameter B are distinctly larger
than those obtained previously (3,6] or found in the
literature. This discrepancy has to be investigated
further.
The value of the sensitivity to soil moisture (parameter
D) is in good agreement with previously obtained values
[3,6].
The values obtained for the parameter C(9) remain in a
limited range (excepted with RadarSat, for one field,
C(23°)=-7.05), which indicates a coherent behaviour of
the model from field to field. The angular variations of
the parameter C(9) have to be further analysed in
relationship with the soil surface roughness
measurements.
Dual-angle RadarSat data
When applied to radar data acquired simultaneously at 2
incidence angles, it has been shown (3,9] that the model
given by eq. I can be inverted, allowing to estimate the
canopy water content we:
0

0

'

'

s1-s2=CB2-B1)wc+CC1-C2)

Table 2: Parametersof the model given by eq. I, obtained
during calibration(2 wheat fields) and validation(3 wheat
fields), for both SAR systems, along with the standard
deviations of the residuals (rmse). The parameterswhose
valueis imposedare in italics.
This simple model is able to represent the signal
backscattered by the wheat canopies with a reasonably
good accuracy. In particular, the values of the B

(2)

B~ = 20 *BI (ln(lO) * cos(q;))
where i=1,2 are the considered radar configurations and
The application of this inversion algorithm to the
couples of RadarSat data acquired at 23° and 38° with a
3 days delay was totally unsuccessful. Figure 8 shows
that a positive correlation exists between the canopy
water content and the difference between the
backscattering coefficients at 23° and 38°.However, this
relationship is extremely scattered and its slope is far
from being those given by eq. 2.
Further investigations are needed to understand this
failure, but several hypotheses can already be given:
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Figure 6: calibration of the model (I) for the RadarSat
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Fig. 8

RadarSat 23° - 38°
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the range of canopy water content values observed
during the Alpilles-ReSeDA experiment (0-1.9
kg/m1)was small compared to previously observed
values (0-3.5 kg/m1 in [3] for example);
this algorithm is based on the difference of
attenuation of the soil signal between the 2 radar
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radar measurements were not carried out
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term in eq. 2, proportional to the variation of the
surface soil moisture between the 2 radar
measurements;
this method is quite sensitive to the uncertainties
of the various measurements [9].

CONCLUDING REMARKS
This first analysis of the SAR data obtained over crops
during the Alpilles-ReSeDA experiments confirms that
the semi-empirical "water-cloud" models are well
adapted to represent the evolution of the radar signal
backscattered by wheat canopies. The level of accuracy
obtained in fitting the "water-cloud" model is found to
be better with the RadarSat data than with the ERS data,
although they are not directly comparable. The model
adequately represents the angular variations of the
RadarSat data (23° and 38°). The application of a
previously developed inversion algorithm was not
successful and further investigations are needed in that
domain. The analysis of the radar data obtained on the
other crops of the site (sunflower, alfalfa, corn and
grass) is underway.
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ABSTRACT
We develop here a methodology for the comparison of
ERS-2 multi-temporal backscatter values from
agricultural crops with the predictions of a physicallybased radiative transfer model, RT2, driven by field
observations contemporaneous with the satellite
overpasses. The approach makes clear the determining
scatter mechanisms in the crop canopies as represented
by the model, emphasising the roles of each of the
generic plant components.
We give a detailed
description of the intensive field campaign, explaining
how estimates of measurement uncertainties were
derived. Using these, quantitative comparisons of the
model with the ERS-2 values were possible. We draw
attention to discrepancies between the two, and where
possible suggest reasons for these; again these are
facilitated by using the simplified core model for RT2
that is explained here.
INTRODUCTION
Throughout the growing season of 1997 we made
ground-truth measurements on agricultural crops in the
Great Driffield area of the UK. Four crop-types were
studied intensively - winter wheat, spring barley, oilseed rape and potato - with the intention of determining
a quantitative description of the crop structure that
would be sufficient to drive a physically-based radiative
transfer model - RT2 - of radar backscatter. (Results for
potatoes are not presented here.) The measurements
were timed to coincide (within a day) with the
descending pass of ERS-2 so that a direct comparison
could be made between the model predictions and
calibrated, field-averaged values calculated from the
satellite images.
A primary purpose of this paper is to describe our
methodology and results of this comparison. Central to

this is a simplified formulation of the radiative transfer
process that captures the essential features of the model.
This yields three gains: the roles of the various
components in the crop canopy determining the radar
response are made transparent; the sensitivity of the
signal to variations in canopy parameters may be
tackled in a straightforward way; and uncertainties in
the model predictions may be generated directly from
estimates of the errors in the field measurements.
THE RT2 MODEL OF BACKSCATIER
Basic Description
RT2 [1] is a fully polarimetric second-order radiative
transfer model that treats the crop canopy as a plane
stratified multi-layer region over a rough ground
surface.
The scattering properties of all plant components are
derived from their depictions as simple geometric
forms: for example, plant stems are represented as finite
length cylinders, while leaves are modelled as planar
elliptical discs using the modified Rayleigh-Gans
approximation [2]. The orientation of each of the
components is described using one of a number of
possible distribution functions; for example, as a
gaussian with a specified average value (with respect to
the vertical) and a variance about this direction. The
dielectric properties of each component are calculated
from its gravimetric water content using the empirical
model of [3].
The soil dielectric properties are derived from its
volumetric water content using the empirical model of
[4]. Forward scatter from the soil surface is calculated
using Fresnel coefficients alone. Predictions of direct
backscatter from the soil surface may be made using
any of a number of surface scattering models, including
the Michigan Empirical Model (MEM) [5] or the
Integral Equation Method (IEM) [6].

This work was supported by funding from BNSC/LINK
project R2/005.
Proceedings of the 2"JInternational Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Datafor Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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Conceptual Approach

ar, the total attenuation arising from all the scatterers
present:

Embedded in physical radiative transfer models such as

acr. pq) = Iau.

RT2 is the concept that a scattering component of type i
distributed uniformly within a horizontal layer of
thickness d contributes a direct backscatter signal given
to first order by an expression of the form:
d

B(i,1,pq)

=

fs(i.pq)exp[-2a(i,pq)X]

dx

(l)

pq)

(3)

i=l,N

Secondly, the total backscatter from the layer is given
by the sum of all the individual contributions.
For
instance, the direct term is given by:

0

Here,
B
pq
1

S;

a;

is the mean backscattered power,
signifies the polarisation configuration (VV, HH,
HV or VH in our case),
in the subscript to B indicates that only the direct
backscatter term is considered here (see below),
expresses
the backscattered
power
from
component i averaged over the orientations of
the component and is directly proportional to its
number density
is the one-way attenuation per unit layer
thickness caused by component i
alone; it

and a similar modification to (2) accounts for the
surface interaction term.
Thirdly, where there are several layers present in the
representation of the crop canopy, the contributions of
each term from each layer must be adjusted by the
attenuation experienced in passing through the other
layers.
Finally, it is necessary to include the contribution from
the direct ground backscatter and, along with this, to
account for the presence of partial crop coverage early

incorporates a
incidence angle.

in the growing season. If we express by 17 the fraction
of the ground that is covered by the crop, then the
overall predicted backscatter coefficient of the field is:

sec(8) term, where

e is

the

When there is a scattering surface below the layer there
is a second term (indicated by a 2):
d

B(i.2,pp) =

f L(i,pp)exp[-2au.PP>d]dx

Here,
Br

Here,
is an interaction term incorporating the scattering
properties of the component and the surface.
The scattering properties of the former are again
an average over all orientations
of the
component,
while the latter is a forward
scattering strength represented by the Fresnel
reflection coefficient.

It should be noted that the expression in (2) is given for
the co-polarised terms only (pp = VV or HH). The
cross-polarised
terms contain an extra degree of
complexity and are not presented here; however, they
can be treated in a similar fashion.
The net backscatter from this single component (and to
first order) is the sum of the values in (1) and (2).
Next we consider how these single component values
may be assembled to provide a prediction of the total
backscatter from a crop represented as a layered
composite of all these individual entities.
Firstly, when several components are present in a single
layer, the backscatter contributed by a single component
is calculated simply by replacing

(l-17)Gpq
(5)

(2)

0

L

a ' = 17[Bcr.pq) +exp[ -2Acr.pq)]Gpq)]+

ai in (1) and (2) by

Ar

G

is the total backscatter from the vegetation, as
derived in the treatment above,
is the total one-way attenuation experienced by
the microwave energy as it passes through the
crop before reaching the ground
is the direct ground backscatter term.

It should be emphasised that the formulation given
above only incorporates first-order interactions for the
vegetation. For the results presented in this paper it has
been shown that this formulation usually agrees closely
with the results of normal runs of RT2 that incorporate
second order scattering terms.
Only in the case of
cross-polarised predictions for the dense canopy of oilseed rape are the latter terms needed.
Relation To Measurements
The
approach
outlined
above
expresses
the
contributions
from the vegetation to the overall
backscatter
in terms of average scattering
and
attenuation
properties
of the
individual
plant
components.
It is useful to express in simple terms the dependencies
of these average properties on gross characteristics of
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the canopy, in order to relate them directly to the
measurements that can be taken in the field, and indeed,
to plant physiology itself. To first order, the scattering
strengths Si and Li and attenuation constants ai of the
plant components have dependencies:

S ocNV fi(lf)c
L o: N V g;( If/) e'
a; o; NV e"

described below we have used RT2 to generate these
parameters, and expressions (1) - (5) to calculate the
overall response, broken down into the contributions
from each of the plant components.
EXPERIMENTAL CAMPAIGN

(6)

(7)
(8)

where,
is the number density of the component,
is its volume,
are functions of the orientation of the
f(\jf), g(\jf)
component: the overall scattering
strengths of the components are weighted
sums of the contributions from the subpopulations at all orientations
i:;' and e"
are the real and imaginary parts,
respectively, of the dielectric properties of
the component, which are highly
dependent on its water content.
(With reference to (8), it should be pointed out that the
attenuation constant is weakly dependent on the
orientation distribution of the component, but this will
only have an influence if there are gross changes in the
orientation of the plant component).
The expressions (6) - (8) are important for two reasons:
I. They allow a straightforward calculation of the
uncertainties in the predicted signal arising from
measurement errors in the quantities on the righthand sides of them.
II. They allow the sensitivity of the backscatter signal
to small changes in any of the quantities above to be
calculated by direct differentiation using these
expressions. This analysis is potentially useful but
is not taken any further here.
Pursuing this argument a little further reveals two
interesting phenomena. The first occurs when the
attenuation due to one plant component is very high and
it is the principal contributor to direct backscatter.
Integration of (1) and use of (6) & (8) then shows the
backscatter to be a function of the orientation
distribution only (empirically, £' and £" have been
found to be approximately linearly related). In other
words the signal effectively saturates.
Secondly,
integration of (2) reveals a maximum value for

N

v

N = (2 Vds"t1,
above which the exponential
attenuation term will dominate.
Direct integration of (1) and (2) also allows the S, L and
a to be derived directly from RT2 runs considering
each component (leaf, stem, branch, ear/pod) in tum, as
the only component present in model layers of
appropriate thickness.
In the model comparisons

Field Measurements
Table 1 summarises the field campaign dates, a broad
description of the measurements made and the days of
the corresponding ERS-2 overpasses. For each crop
three widely separated fields were selected, and
complete sets of measurements were collected at two
sites in each field on each visit. The field measurements
were designed to provide inputs for RT2 and broadly
followed the recommendations of [7].
On each visit, any pronounced stratification in the crop
canopy was noted, the thickness of each layer was
measured, and generic plant components were identified
and assigned to one of the model layers. RT2 allows up
to three layers, but at most two seemed necessary for the
crops under consideration.
Number densities of all components were counted over
a randomly selected lrrr' area at each site. Generally a
hierarchical approach was used so that (for instance) the
number of oil-seed rape pods was calculated as the
product of the number of pods per branch with the
number of branches per plant and the number of plants
per m2. This has implications in the error analysis, as
remarked below.
A representative sample - typically 20 at each site - of
each of the plant components was measured and average
dimensions were later calculated so that a suitable
geometric form could be used to represent the
component in the model. Thus for stems, branches,
cereal ears and oil-seed rape pods, length and thickness
were measured so that a representation as finite-length
cylinders of circular cross-section could be
implemented; while for leaves, measurement of length,
maximum width and thickness allows for a
representation as elliptical disks. In all cases the
components are treated entirely in terms of these regular
forms, with no allowance for bending, tapering or
curvature, an aspect we return to in the Discussion. The
orientation of the components was characterised by
measuring the inclination with respect to the vertical of
a large number of each of the components. Generally,
both the spread and the mean orientation are important,
but for vertical plant stems and wheat ears only the
spread need be assessed. (Barley ears characteristically
droop in late season, and the angle of droop must be
measured.) A "best-fit" to the available distributions
within the model was then applied for each. Azimuthal
symmetry was assumed for the crop canopies
considered, although in the case of the drooping barley
ears there was evidence to the contrary.
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Table1:Scheduleof intensivefieldmeasurements.
Ground-truth
observation
dates
10- 1112197
17- 18/3/97
21 - 2214197
26 - 2715197
3016 - 117197

1817/97
3/8/97

ERS2:
Julian
Dav
41
76
Ill

146
181
200
216

Crop
measurements

Soil
roughness

O,W
B,O,W
B,O,W
B,O,W
B,O,P,W
B,W
B,W

All
All

P only

[Key:W = winterwheat,B = springbarley, 0 = oil-seed
rape,P = potato]
Samples of each of the components were collected in
sealed containers and analysed later to determine the
gravimetric water content.
For the soil surface, an attempt to quantify the earlyseason roughness was made using a pin-board
profilometer. This comprised a set of 101 metal rods of
equal length, spaced at lcm intervals over a lm long
panel, which are allowed to come to rest freely onto the
soil surface. A photograph was used to record the levels
of the tops of the rods, and this was analysed to generate
measures of the soil topography in the vertical (rootmean-square height, following linear de-trending) and
the horizontal (auto-correlation function) directions.
When possible we assessed the surface roughness at the
two sampling sites in each field parallel to and
perpendicular to drill-lines in the fields. Coincidentally,
one or other of these was very closely aligned with the
north-south direction for all the fields, so that this data
could be used directly for a prediction of the surface
scatter for ERS-2.
For soil moisture assessment, soil samples from the top
5cm were collected on all site visits from all fields,
using a can of known volume. The sampling density
was varied between 2 and 12 samples per field through
the season: the higher densities were introduced when
the soil was drying, where greater accuracy is needed in
measurement of soil moisture for accurate prediction of
the dielectric properties.
Finally, as expressed in (5), we required an estimate of
the crop coverage. This was based on visual assessment
of the percentage of ground surface that could be seen
through the canopy.
Satellite Data
ERS-2 images for both ascending and descending orbits
covering the Great Driffield area were used in the study,
giving 13 images in all coinciding with the duration of
the field campaign. Data were corrected for topography
using a DEM and calibration applied. Field-averaged
cr0 values were then extracted using a digitised map of

field boundaries for the area, which had been verified on
the ground.
Meteorological Data
Records taken at a nearby weather station, covering the
entire growing season, were obtained. An extremely
wet spell of weather preceded the ERS-2 overpass at
day 181, and rain fell heavily throughout that day. Rain
also fell in the area at the time of the overpass on day
41, and some hours prior to that of day 111.
Measurement Errors
Equations (6) - (8) allow the uncertainties in the model
predictions to be made, as long as the errors in the
quantities are available. The functions of orientation are
unspecified in this treatment, however.
As a
consequence it is necessary to consider the sensitivity to
orientation of the various contributors to the backscatter
signal.
As an example, for large leaves, the sub-population
whose normals are aligned along the radar incidence
direction ("specular condition") in the main determines
the direct backscatter from the population of leaves
taken as a whole. However, a wider range of orientation
angles is relevant for smaller leaves, and there are
further complications in the case of the cross-polarised
signal, where the theory is less straightforward.
Another example is the co-polarised "stem-ground"
interaction, (2), which is very sensitive to the number of
stems orientated with their axes near vertical, while the
stems furthest away from the vertical give rise to the
largest cross-polarised signal.
Sensitivity runs were carried out to establish the
dependence on the mean and/or spread in orientation of
the scatter terms in (6) and (7). These covered all plant
components for all of the crops throughout the growing
season. For example, Table 2 shows the sub-population
of wheat leaves on which the direct scatter terms (6) are
critically dependent: the signal is dominated by
contributions from leaves at these orientations. Early in
the season a broad range of orientation angles is
important, since the leaves are small. For the copolarised terms this range becomes narrower as the
leaves become larger, while the cross-polarised
sensitivity remains broad.
Uncertainties in orientation were estimated from the
numbers counted for each of these critical ranges: the
larger the number counted the smaller the uncertainty.
Where the dependence is on the spread-width, as in the
stem-ground interaction, the uncertainty in this is
estimated from photographs and other records taken at
the time of the observations.
For the number densities in (6) - (8), the uncertainties
were estimated from the variance in independent
measurements of their values. As indicated earlier, the
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Table 2: The sub-populations of orientation angles on
which the direct scatter terms of winter wheat leaves are
critically dependent. The values are given in degrees
between the normal to the leaf and the vertical.
Julian Day
41
76
111
146
181
199
215

-18

-

HH

HV

0-30
0-30
20-30
20-30
20-30
20-30
20-30

0-30
0-30
0-10
0-10
0-10
0-10
0-10

0-30
0-30
0-30
0-30
0-30
0-30
0-30

errors are compounded for the plant components. For
the pods of oil-seed rape, for instance, the uncertainty
derives from the product of uncertainties of crop
density, the average number of branches per plant and
the average number of pods per branch, so that the
associated error may exceed 40%.
The errors in the dimensions of the plant components
again come from the standard deviation of the
measurements made on the individual components,
leading to typical values for the volumes around 10%.
A constant uncertainty for the dielectric properties of
20% has been assumed throughout this study. This is in
accordance with the value quoted in [3].
Errors in crop coverage 17 were estimated to be small
for zero or full coverage, with a maximum uncertainty
of 0.15 or so (in absolute terms) when coverage has
been estimated at about 0.5 (but see Discussion).
Finally, from the measurements on the first two site
visits, estimates were made of the uncertainties in the
surface roughness parameters used in the surface
scattering models.
MODEL PREDICTIONS AND ERS-2 COMPARISON
Surface Scattering Model
We made direct comparisons of the early season, nearbare soil ERS-2 cr0 values with the predictions of the
IEM and MEM models, driven by the surface roughness
parameters measured in the fields. These showed that
the MEM was much more useful in generating surface
scatter terms to be used in (5). We were unable to
derive satisfactory values for the surface autocorrelation function term used in the IEM, as explained
in [8].
Although Fig.1 shows reasonable correlation between
the ERS-2 values and MEM predictions, there is a clear
systematic bias. The tendency of our surface scatter
predictions to be too high should be borne in mind for
the remainder of this paper.
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Fig.I: Comparison of ERS-2 near-bare soil
backscattervalues with predictionsof Michigan
EmpiricalModel
Results For Crops
The predictions here result from Monte-Carlo
simulations, using the measurement uncertainties
detailed above when incorporating (6) - (8) in (5).
Backscatter values for each of 1000 ensembles of input
parameters were calculated, and the standard deviation
of the whole set of values was used as a measure of the
overall uncertainty in the mean prediction.
In Fig.2 we present the predicted multi-temporal o" for
one of the winter wheat fields (the other fields show a
very similar pattern). The contributions from each of
the crop components, and their importance throughout
the season, are made explicit
The figure should be understood in conjunction with
Fig.3, which shows the 2-way attenuation through the
crop canopy. Clearly, components which make little
contribution to the backscatter can nevertheless play an
important part in the interaction with the microwave
energy; e.g. the stems at day 181 which are primarily
responsible for the attenuation.
The implications of these results for wheat are that from
day 181 onwards only properties of the ears are sensed
by ERS-2; this would cease to be true only if the
50

__.,__Predicted
Ear(2)

100

Julian Day
150
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200

•
-•-
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Stem(!)
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Fig.2: Breakdownof scatter contributionsleadingto the
predictionof cr0for Field2, winterwheat.
(Numbersin brackets in the legend refer to the model
layerwherethecomponentis located:I=lower;2=upper).
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Fig.3: Breakdownof 2-way attenuationthrough canopy
for Field2, winterwheat.
attenuation through the stems were reduced
significantly. In addition the signal at day 199 is
effectively saturated in terms of the bulk properties of
the ears, as discussed in the Model section.
Fig.4 shows the prediction for HH for this winter wheat
field. There are substantial differences from the VV
prediction both in the overall magnitudes, and the
mechanistic breakdown. The principal reason for this is
the much lower attenuation by the canopy (not shown
here), which allows a large stem-ground contribution.
Polarimetric differences such as these are of obvious
relevance when we consider the enhanced information
on crops that Envisat may bring.
Fig.5 shows the ERS-2 field-averaged cr0 for this field,
which casts doubt on the overall validity of the
modelling. Although the model reproduces well the
signal reduction through the early season, which arises
from the drying of the soil together with the attenuation
of the direct soil term by the growing crop, there are
discrepancies in the mid-to-late season that far exceed
the estimated uncertainties in the predictions. We will
return to this in the Discussion.
Fig.6 shows the corresponding predictions for VV for
one of the spring barley fields, and Fig.7 the ERS-2
values. A notable feature of the predictions occurs from
day 181 to 199, where there is a marked increase in the
signal. This principally occurs because of the droop of

I •

Predicted W _._

100

!

Fig.5: Comparisonof the predictionof Field 2, winter
wheat,withERS-2field-averagedcr0•
the barley ears, which leads to substantial increase in
their radar cross-section. This increase also occurs in
the ERS-2 data, though the magnitude is smaller.
However, there is again a substantial model underprediction at day 181.
Finally, in Fig.8 and Fig.9 we show the corresponding
plots for oil-seed rape. The signal is dominated by the
return from the leaves in the early season, and at day
112 is almost saturated. The pods are almost entirely
responsible for the signal at day 181; there is just a
small dependence on their bulk properties here. There
is a fairly consistent over-prediction of the signal for the
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Julian Day
50

100

150

200

leaves - contributes very little to the microwave
attenuation for VV polarisation on the later dates. In
fact, a measure more in agreement with our definitions
would result from an inspection of the stems only, if
that were possible.
To develop this argument further, suppose the true
canopy coverage for all cereal crops were limited to a
maximum of (arbitrarily) 90% for the later dates.
Fig.10 shows the results for the wheat field considered
earlier and Fig.11 those for the spring barley.
It is clear that much closer fits to the ERS-2 data
emerge, and the results for the other wheat fields (not
shown) are even closer. Fig.12 shows the backscatter
breakdown for the winter wheat field of Fig.10. It is
apparent that the relative importance of the various
contributors has shifted dramatically from those shown
in Fig.2. The direct ground scatter is now the dominant
term throughout.
Despite the closeness of fit, the indications are that this
adjustment has not provided a reliable correction to the
earlier large discrepancies. In Fig.13 a scatter plot is
shown for the soil moisture against ERS-2 cr values
across all wheat fields and for all ground-truth
observation dates. We would expect to see a strong
correlation here if the direct ground term played as
consistent a part in the overall signal as suggested in
Fig.11. There is no such link, and in particular the
values for day 181 fall markedly out of line with those
of the early season dates.
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Fig.9: Comparisonof the predictionof Field 4, oil-seed
rape,with ERS-2 field-averagedcr0.
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first four dates; a possible reason for this is put forward
in the following section.
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There are a number of deficiencies in either our
modelling or field measurements that might account for
the discrepancies between model predictions and ERS-2
observations for wheat. For day 147, attenuation
through the crop may have been over-estimated, thus
suppressing a direct ground scatter term from the
ground that is really present. However, this would
require a very large error in the model representation of
the properties of the crop stems, or an error in the
measurement of the stem thickness of 90%. In addition,
extra deficiencies would need to be proposed for the
later dates, where, as modelled, the crop ears are
important contributors to the attenuation and
backscatter.
A more likely deficiency lies in the canopy coverage
term, TJ, in (5). This was set to 100% in our modelling
from day 14 onwards, in accordance with our field
observations that no ground was visible through the
canopy. However, it is demonstrated in Fig.3 that a
major source of the visual opacity of the canopy - the
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Fig. I0: Predictedcr0 for VY, Field 2, winterwheat, and
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Hence at present we have no satisfactory explanation for
the discrepancies between the model predictions and the
observed values for cereal crops.
However, the
arguments here draw attention to an important area of
uncertainty in the models. The concept of "canopy
coverage" is not clearly defined; and in particular can be
expected to differ from the visually perceived coverage
and to have a dependence on polarisation.
The
sensitivity of the predictions to only small variations of
this term means that the concept needs to be carefully
considered, and will be the subject of theoretical and
practical examination.
In the case of oil-seed rape it can be proposed that the
over-estimated
backscatter
results
from
the
misrepresentation of the leaves as planar objects in the
model. In fact rape leaves are highly irregular over their
surface, which would be expected to reduce their
scattering cross-section. From [9], a leaf lOcm on each
side and with a spherical surface of radius of curvature
20cm will have a scattering cross-section 2d.B lower
than a planar one. The non-planarity across a rape leaf
is at least of the same order, and such a correction to the
model would yield a good fit to the ERS-2 data. The
methodology of this paper allows us to plan practical
scattering measurements to explore this possibility.

The methodology outlined clarifies the essential features
of physical models of radar backscatter that depend on
first-order radiative transfer. The advantages are:
I. The predicted backscatter is explained in terms of
the properties of plant components and their
changes as the plants develop.
II. Uncertainties in the predicted signal may be related
directly to uncertainties in the measured parameters.
III. The sensitivity of the predicted signal to small
variations in the crop parameters may be derived
directly from the differentiable equations.
IV. Although not treated here, it makes obvious the
points of comparison between different models,
since the fundamental scattering properties of the
entities present are addressed directly.
V. Experimental studies to examine reasons for
discrepancies between modelled and real behaviour
can easily be defined.
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ABSTRACT
The ultimate goal of remote sensing instruments, such as
imaging radars is the retrieval of physical parameters of
the targets within the scene. In this paper a complete
procedure for the retrieval of parameters of agricultural
fields from a set of SAR data is demonstrated. A simple
empirical model is developed. This model is based on
simulations made with a more complex phase coherent
model for microwave backscatter from grass-like vegetation. For a specific structure of the grass-like vegetation,
the empirical model predicts the polarimetric backscatter
properties in accordance with the more general phase coherent backscatter model. Whereas the coherent backscatter model is a complex function of a large number of input parameters, the empirical model is a simple function
of only few generic input parameters. It is therefore better suited for inversion. The empirical model is inverted
to retrieve physical parameters of agricultural vegetation
from SAR data.

Kamal Sarabandi
Radiation Laboratory
The University of Michigan
Ann Arbor, MI, 48109-2122 USA

vertical arrangement of the stems whose vertical extend
is comparable with the thickness of the vegetation layer.
Basically these plant components are illuminated nonuniformly because of the attenuation through the vegetation layer. Furthermore the shape of the leaves in grasslike vegetationtypically have an elongated shape that cannot be well approximated by disks or ellipsoids, which
are commonly used for modeling vegetation leaves. Therefore a more complex model for the leaves has to be developed. These problems have been taken into account in a
phase coherent, and polarimetric electromagnetic model
for grass-land and other short vegetation canopies by Stiles
and Sarabandi [3].
A general problem when using electromagnetic backscatter models for retrieval of physical parameters of the vegetation is that the predicted backscatter properties depend
on a large number of input parameters which makes the
inversion process difficult. To develop an effective inversion algorithm, which benefits from the accuracy of the
high fidelity model, but for which the computation time
and the number of influential parameters to be retrieved
is reduced, an empirical model is constructed.

INTRODUCTION
Understanding the scattering process that leads to the observed backscattering from vegetated areas and having
detailed knowledge about the dependence of the backscatter properties on the physical properties of the vegetation
is essential for accurate estimation of physical parameters
using microwave backscatter data. For that purpose different backscatter models have been developed e.g. [I, 2),
which have successfully been used to model the backscatter from forested areas. Although grass like agricultural
vegetation, such as wheat and barley, have simple physical structures compared with the complicated physical
structure of trees, modeling the back-scatter from such
targets is a complicated task.
When modeling the backscatter from grass-like agricultural vegetation, coherent scattering effects must be accounted for, partly because of the row structure in agricultural fields and partly because of the highly non-random

The number of input parameters for the model is reduced
by applying a-priori knowledge about the correlation between different physical parameters of the vegetation for
a specific plant structure in conjunction with information
of the scattering behaviour of the target obtained from
the coherent scattering model. The computation time is
significantly reduced by approximating the dependence
of the polarimetric backscatter parameters on each of the
considered input parameters by a low-order Taylorexpansion, so that the empirical model is a good approximation
to the coherent backscatter model for a certain range of
input parameters.
The simple empirical model is then inverted to determine
the input parameter set that gives the best fit between the
modeled output and the measured polarimetric backscatter properties. The inversion scheme is tested on a set of
L- and C-band fully polarimetric SAR data.
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A similar approach has successfully been used to estimate
vegetation parameters of pine tree stands from interferometric SAR data [4].
Figure 1: Geometry of a blade shaped cross section

EMPIRICAL MODEL
We suppose that the backscatter behaviour of the vegetation can be described by an operator E, which as input
requires the radar parameters, described by a vector K,
the incidence angle 0, and a set of vegetation parameters
denoted by x. The output of the operator is a vector M,
of polarimetric backscatter parameters.
M = C(K,O,x)

(1)

The input vector K includes information such as frequency
and bandwidth of the radar, and x includes information
about the physical properties of the vegetation such as
size, density, orientation and dielectric properties of the
vegetation constituents. Further x may include information about the roughness and dielectric properties of the
underlying soil surface. The set of backscatter parameters, M, which is the output of the operator include the
backscattering coefficients: O"ev, O"gh, and O"gv, the HHVV correlation coefficient and phase difference: Phh,vv
and ¢hh-vv· The operator£ is implemented as a coherent microwavebackscatter model for grass like vegetation
developed by Stiles and Sarabandi [3]. With the development of this coherent scattering model it is hoped that
the complex nature of the scattering is captured, and that
E provides a mathematical description of the scattering
properties of the considered vegetation.
In the applied model the vegetation is described by a collection of stems where a number of leaves are attached to
each stem, and a grain head may be attached to its end.
The grain head is modeled as a dielectric cylinder with a
circular cross section and the stem and leaves are modeled
as dielctric cylinders with circular or blade-shaped cross
sections. The blade shape, shown in Fig. 1, is a general
geometric structure, described by four parameters, to provide a flexibledescription of leaf cross sections. The four
parameters are the leaf thickness, t, the leaf width, 2w,
the radius of curvature and the blade angle, (3.
For grass-like agricultural crops such as wheat or barley, the stem will typically have a circular cross section,
whereas the cross section of leaves will be well described
by the blade shape. The curved shape of the leaves is
modeled as a second order polynomial. Fig. 2 shows
two examples of vegetation structures, from which the
backscatter properties can be calculated by the model.
The underlying soil is modeled as a rough dielctric surface from which the backscattering is calculated using an
empirical backscatter model for bare soil by Oh et. al. [5]

Figure 2: Geometry of the modeled vegetation.

The developed model is a coherent single scattering model,
in which the total backscatter is calculated as a coherent
addition of the scattering from each of the elements of the
vegetation subjected to the attenuation of the rest of the
vegetation layer. For each vegetation element four scattering mechanisms are considered: the direct backscatter, the plant-ground term, the ground-plant term and the
ground-plant-ground term. The contribution to the total
backscatter from each of these scattering mechanisms are
added coherently. Fig. 3 shows the considered scattering
mechanisms that contribute to the total backscatter from a
single scattering above a soil surface The total backscatter
from the vegetation is added incoherently to the backscatter from the underlying soil surface attenuated by the vegetation layer.
No second order scattering terms are included in the model.
This means that only scattering processes, which involve
scattering in at most one vegetation element is considered.
Compared with commonly used radiative transfer models
in which no coherent effects are considered and in which
leaves are commonly modeled as circular or elliptic discs
with a random distribution within the vegetation layer, the
developed model allows a more detailed and precise description of the physical structure of the considered vegetation type.

Direct

Ground-plant

Plant-ground

Ground-plant-ground

Figure 3: The backscatter from a vegetation element
above the ground is modeled as the coherent addition of
4 scattering mechanisms.
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As mentioned earlier, calculation of the backscatter properties M of a given vegetation type by the applied coherent scattering model is computationally intensive and
the number of parameters needed to describe the physical structure of the vegetation may be large. These two
properties of the backscatter model make its use for inversion of vegetation parameters from a set of polarimetric
backscatter data difficult.
We are therefore searching for a simple relationship between the set of input parameters x describing the vegetation and the scattering properties M of the vegetation.
The first step towards this goal is to decimate the dimension of the input vector x. This is done by performing a
sensitivity analysis, identifying and fixing parameters, to
which the backscatter is not very sensitive.
Furthermore the dimension of the input parameter space
can be reduced by taking into account that the physical
dimensions and the dielectric properties of the different
vegetation particles are not independent. This is done by
imposing a growth model on the vegetation, in which it is
assumed that the mean length of the stems and the width
and mean length of the leaves are related to the vegetation
height in a linear fashion. Changing the vegetation height
will thus scale the entire plant, whereas the shape and orientation of the plant components will remain unchanged.
It is also assumed, that the different vegetation parts have
the same dielectric properties. By reducing the input parameter space in this way, a detailed physical description
of the vegetation is maintained although it is described by
only few variable parameters.
In this paper the construction of an empirical model is
considered for short agricultural grass-like vegetation such
as wheat or barley in the early growth stages. In this case
it was found, that the backscattering properties of the vegetation at the two considered frequencies, L- and C-band
could be modeled when describing the vegetation by a
reduced input parameter vector
consisting of five independent parameters. These parameters and their corresponding ranges are shown in Table 1.

x
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C-bandW
C~HH

Range
12-38 cm.
30- 70 % (vol.)
600-1000 m-2
6-13 % (vol.)
0.4-1.2 cm.

Table 1: Range of the input parameters of the empirical
model.
A sensitivity analysis shows that in the considered ranges
of the input parameters, the backscattering coefficients in
dB approximately have a linear dependence on the con-
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Figure 4: Dependence of
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on the vegetation
height along with the best second order polynomial fit
through the centroid xo of the input parameter space.
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Figure 5: Dependence of
and
on the volumetric
moisture content of the vegetation along with the best first
order polynomial fit through the centroid x0 of the input
parameter space.

sidered input parameters except for the canopy height.
For a specific setting, Ko, of the radar and a specific incidence angle.P, a low order Taylor expansion of£ around
the centroid 0 of the input parameter space is therefore
a good approximation to E, The order and coefficients of
the Taylor series are determined by examining the dependence of each of the output parameters in M on each of
the input parameters in the reduced input parameter space
x. In Fig. 4 and 5 the dependence of two of the backscatter coefficients
and
on two of the considered input parameters, the vegetation height and the volumetric moisture content of the vegetation, are shown.
We
found that a first order Taylor expansion was sufficient to
describe the dependence of all the considered output parameters on all the input parameters except for the canopy
height, where also second order were included. The vector of output parameters, M, from the empirical model C

x

Input parameter
Canopy height
Vegetation water content
Plant density
Soil moisture
Soil RMS height
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is then written as
-20

(2)

-.

C0 + A(x - :Xo) + c(xn - x~)2

~

where C0 , A and c all depend on Ko, :Xoand B, and
0 is the parameter in the input parameter vector, that
describes the canopy height.
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Whereas the dependence of the backscatter parameters
on the vegetation input parameters to a large extend was
found to be linear, their variations with incidence angle
is highly non-linear. In order to capture the backscatter
properties as a function of incidence angle, a polynomial
expansion of the parameters A, c0 and c with respect to
the incidence angle B, is carried out on each element of
the vectors c0 and c and the matrix A.
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Figure 8: Comparison of
at L-band calculated using the empirical model and the full coherent backscatter
model.
MODEL INVERSION

(3)

The dependence of the C-band backscatter coefficients
and
is shown in Fig. 6 along with the best fourth
order polynomial fit. For a number of randomly generated input vectors, x, for the empirical model, the corresponding input vector x to the original coherent backscatter model is generated. The output of the coherent backscatter model and the empirical model are then calculated
and compared. In Fig. 7 and 8 a comparison of the vv
backscatter coefficient
at C- and L-band calculated
by the coherent model and by the empirical model are
shown. It is observed, that generally the empirical model
is a good approximation to the coherent backscatter model
with RMS errors of 0.5-0.8 dB for
and
at L- and
C-band, and maximum observed errors of 1.3-2.2 dB.
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The final step in the inversion procedure is to invert the
empirical model to retrieve a few generic parameters of
the vegetation from a set of SAR data. This can be done
by searching the input parameter space of the empirical
model for the estimate :i of the input parameter set, for
which the difference between the output of the empirical
model and the vector of measured backscatter properties
V, is minimized.

:i = mjnL(V,M(x))
x

(4)

The difference is measured in terms of the objective function L which is implemented as a weighted least square
distance given by
n

L(V,M(x))

= Lwi(Vi
i=l

- Mi(x))2.

(5)
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Comparison of random input data and inversion result. Canopy height
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Figure 9: Result of the model inversion for vegetation
height, using polarimetric parameters generated by the
coherent electromagnetic backscatter model as input data
for the inversion procedure

Here the total number of backscatter parameters used for
the inversion is denoted by n, and w is the wieght vector.
SAR data acquired at different frequencies or incidence
angles can be used simultaneously for the parameter retrieval by including the available backscatter parameters
in the vectors V and M(x).
For the minimization of the objective function L a global
optimization procedure based on a general genetic algorithm [6] is employed.
The inversion is evaluated using the output of the coherent backscatter model as a set of input parameters for the
inversion algorithm. For the inversion the backscattering coefficients avv• ahh, and ahv at L- and C-band were
used, and the vegetation height was retrieved with a maximum error of 5.9 cm and an RMS error of 2.2 cm. The
result of the inversion for the vegetation height is shown
in Fig. 9.

RETRIEVAL OF VEGETATION PARAMETERS
FROM SAR DATA

With the confidence on the performance of the inversion
algorithm was then tested on a set of SAR data acquired
on June 3 (L-band) and June 4 (C-band) 1997. The data
were acquired at the Danish agricultural SAR test site
Foulum, which is located in the northern part of Jutland,
Denmark and covers an area mainly consisting of farmland. The SAR data were acquired with the EMISAR
system [7], which is an L- and C-band, fully polarimetric
SAR system, developed at the Danish Center for Remote
Sensing. The EMISAR system is installed on a Danish
Air Force Gulfstream G-111aircraft, it has a spatial resolution of 2m by 2m and a typical range of incidence an-

Figure 10: The aev channel of a sample from C-band
EMISAR image covering Tjele estate, Jutland, Denmark
and surroundig fields.

gles from 30° to 60° across the swath. The processed data
from the system are fully calibrated.
Fig. 10 shows the aev channel of a sample from the Cband EMISAR image acquired on June 4 1997. The sample covers a small area including Tjele estate and surrounding fields, of which some were used for this investigation. Simultaneously with the SAR acquisitions a number of selected fields were subjected to extensive in-situ
measurements. Soil moisture and roughness parameters
were measured along with a number of plant parameters
for the most common Danish agricultural crop types.
From the acquired EMISAR data, a number of agricultural fields were selected, for which the vegetation height
was within the validity region of the empirical model. For
each of these fields the polarimetric parameters needed
for the inversion procedure were calculated.
The major difficulty in applying the described procedure
for short grass like vegetation is, that the dynamic range
of the output parameters is small, when the variation of
the input parameters is limited to the considered input
parameter space. Extending the input parameter space on
the other hand introduces a need for higher order terms in
the Taylor expansion, which will make the inversion Jess
stable. For the considered model the dynamic range is on
the order of 4 dB at C-band and 6 dB at L-band for the
backscattering coefficients aev' a~h and a~v at incidence
angles of 40-50°. The small dynamic range makes the inversion process sensitive to calibration errors in the SAR
data, and to inaccuracies in the model prediction of the
backscatter properties. A difference between the polarimetric parameters measured by the SAR and predicted
by the backscatter model which is larger than 2 dB will
result in a poor parameter retrieval.
Generally the agreement between modeled and measured
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Figure 11: Comparison of vegetation heights found by
the direct inversion method and by in-situ measurements.
The error bars indicate the RMS-error of the retrieval
of the vegetation height, when using model-generated
backscatter data as input for the inversion (Fig. 9)
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to the inversion process as found in Fig. 9.
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ABSTRACT
In this study the relationship between ERS-1/2 Tandem
interferometric coherence and agricultural crop height
is investigated utilizing measurements of crop height
and coherence. Unfortunately concurrent measurements
of crop height and coherence were not available so it
was necessary to combine measurements from different
growing seasons. The lack of concurrent information is
a drawback because differences in crop development in
the two growing seasons could not be accounted for.
Nevertheless, it was possible to derive linear
relationships between crop height and interferometric
coherence for the studied agricultural crops which
indicates that ERS-1/2 Tandem coherence can be used
for crop height retrieval. Further studies are needed to
validate this promising result and to derive
relationships between Tandem coherence and crop
height for a wider selection of agricultural crops.

INTRODUCTION
Agricultural crop growth can be monitored using crop
growth models. However, the estimates of crop growth
are often inaccurate due to non-optimal growing
conditions and uncertainty about the sowing date of the
crops. Remote sensing can provide information on the
actual status of agricultural crops, thus calibrating the
growth model parameters. Monitoring agricultural crop
height using C-band SAR intensity images is difficult
because the radar backscatter is very sensitive to both
soil moisture and roughness even though the influence
of the ground is attenuated by increasing vegetation [1].
When crop canopies are dense or moist C-band radar
penetrates primarily only into the upper layers of the
canopies. Despite these effects the potential of ERS-1
C-band SAR intensity imagery in monitoring the
growth stage and height of rice crops has been
demonstrated [2].

effects caused by differing moisture levels. This is
because changes in the moisture content of the soil do
not change the scatterer geometry resulting in a
coherent intensity change [3]. Volume scattering and
random dislocation of scatterers in a resolution cell
reduces the interferometric correlation and such
behavior is typically observed in dense vegetation
canopies. In this study the relationship between ERS112Tandem inteferometric coherence and agricultural
crop height is investigated.

SAR INTERFEROMETRY
SAR interferometry was first introduced by Graham,
originally for topographic mapping [4]. A SAR
interferometer is formed by relating the signals from
two spatially separated radar antennas. In repeat-pass
satellite interferometry the SAR interferometer is
formed by relating two complex SAR images of the
target area acquired at separate times from a nearly
exactly repeating orbit. The physical separation of the
antennas at the times of the image acquisitions is called
the interferometric baseline and the temporal
separation of the imagings is called the temporal
baseline. In addition to DEM (Digital Elevation
Model) generation SAR interferometry has been proved
useful for example in change detection [5], land surface
classification [6], glaciology [7] and study of seismic
events [8].
Coherence
The correlation coefficient y or coherence between two
complex SAR images Z1 and Z2 is defined as:

Interferometric coherence derived using SAR
interferometry is an additional information channel to
SAR backscattered intensity that is not very sensitive to
Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data for Land
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In ( l) the expectation

value operator

nrn STUDY AREA

E is in practise

approximated with a sampled average:

(2)

where n is the number of independent samples that are
used in the coherence estimation. Assuming flat
topography the standard deviation of the sampled
coherence is given by [9]:

The study area is located in Zuid Flevoland (center at
52.4 ° north and 5.4° east) in the Netherlands,
approximately 30 kilometers east of Amsterdam. The
Zuid Flevoland polder was reclaimed from lake
IJsselmeer in 1966 and its topography is almost
perfectly flat, the general altitude of the area being
three meters below the mean sea level. The reclaimed
polder is used mainly for agriculture and forestry, the
main cultivated crops are sugarbeet, potato and winter
wheat.

DATA USED IN THE STUDY
(3)

From (3) it can be seen that a large number of
independent samples must be included in order to
achieve acceptable estimation precision at low
coherence areas. It is known that estimator (2) is biased
towards higher values especially at low coherence areas
when n is small [10]. As always, there is a trade-off
between precision of estimation and achievable spatial
resolution.
The coherence y is a quantitative measure that is
directly related to the amount of noise present in the
SAR interferogram. Coherence varies between 0
(incoherence) and l (perfect coherence). Several
different effects contribute to the decorrelation
properties of various land surfaces [11]. In repeat-pass
interferometry with short interferometric baselines the
most important sources of decorrelation are volume
scattering in the vegetation layer and temporal
decorrelation caused by changes in the target area
between the two radar passes.
ERS-1/2 Tandem mission
During the ERS-1/2 Tandem mission the ERS-1 and
ERS-2 were operated so that ERS-2 imaged the same
patch on the ground 24 hours after ERS-1. The
objectives of the Tandem mission were primarily
focused on the collection of SAR image pairs for
exploitation in SAR interferometry. The short temporal
baseline makes Tandem image pairs ideal for
interferometric studies of rapidly changing targets like
agricultural fields during growing season.

The data used in this study consists of ERS-1/2 SAR
image data from 1996 and crop height observations
from 1993.
SAR Image Data
Image data consists of eight ERS-1/2 SAR images of
Flevoland in SLCI (Single Look Complex Full Frame)
format acquired during the 1996 growing season. The
eight images form four Tandem image pairs in which
the temporal separation between the images is 24
hours. The Tandem image pairs are listed in Table 1.
Table 2 lists the interferometric baselines and average
coherences measured over agricultural land.
Ground Truth
The ground truth consists of crop height measurements
for sugarbeet, potato and winter wheat from the 1993
growing season [12] and cropmaps from the 1996
growing season [13].

Table 1: ERS-1/2 SLCI Tand
Pair Sensor
Date
1
2
3
4

ERS-1
ERS-2
ERS-1
ERS-2
ERS-1
ERS-2
ERS-1
ERS-2

30.4.1996
1.5.1996
28.5.1996
29.5.1996
4.6.1996
5.6.1996
13.6.1996
14.6.1996

Orbit &
Direction
25067Ase.
05394Ase.
25461Desc.
05788Desc.
25568Ase.
05895Ase.
25690Desc.
06017Desc.

Frame
1053
1053
2547
2547
1053
1053
2547
2547
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Table 2: Interferometric
baselines
and average
coherences of agricultural land for the Tandem image
pairs.
Average coherence
Interferometric
Pair
of agricultural land
Baseline
0.64
1
57m
98m
0.69
2
88m
0.51
3

4

77m

0.47

PROCESSING OF SAR DATA
Interferometric Processing
Interferometric processing of the Tandem pairs was
done with the commercial Gamma Interferometric SAR
Processor (G-ISP). Common band filtering was applied
before interferogram generation in order to minimize
the effects of the baseline geometry on coherence
estimation. The normalized interferograms were
generated by cross-correlating the co-registered images
in the Tandem pairs and multi-looking (5 azimuth
looks) was performed in order to improve on the
estimates of the interferometric phase and coherence.
The resulting 5-look interferograms were flattened by
estimating the local fringe frequency using a 2-D FFf
and substracting the estimated phase trend from the
unflattened interferograms. After multi-looking the
pixel size of the image data is approximately 20 metres
both in azimuth and groung range at ERS nominal look
angle of 23°.

METHODOLOGY
The aim of this study was to study relationships
between ERS-112 Tandem interferometric coherence
and agricultural crop height. Inspection of the ERS-112
Tandem coherence signatures of sugarbeet, potato and
winter wheat from the 1996 early growing season
reveals that the coherences decrease approximately
linearly as the crops mature, i.e. as the crop height
increases (see Fig.I). Unfortunately no crop height
measurements were made in Flevoland during the 1996
growing season. However, inspection of the 1993 crop
height data reveals that height of the studied crops
increases approximately linearly during the early
growing season (see Fig.2). Using the crop height data
from 1993 and coherence observations from 1996 it is
possible to derive a relationship between crop height
and Tandem coherence. Because
coherence
observations are from a different year than crop height
measurements it is clear that differences in the growing
seasons cannot be accounted for. It is reasonable to
assume that there are no great differences between the
growing seasons.
Extraction of Coherence Signatures
The coherence signature of a crop refers to a timeseries of coherence measurements. In this study the
Tandem coherence signatures of sugarbeet, potato and
winter wheat were determined using four ERS-112
Tandem image pairs from the 1996 growing season.
The signatures were determined by extracting the
coherence information of fields on which the studied
crops were cultivated.

Coherence Estimation
Interferometric coherence was estimated using an
adaptive coherence estimator which achieves a good
balance between spatial resolution and estimation
accuracy at low coherence values by adapting the size
of the estimator window according to local coherence.
In addition, a weighting function decreasing linearly
with increasing distance from the estimation window
centre was applied in the estimation. In this project the
Tandem coherence was estimated with the estimator
window size adapting between 3x3 and 9x9 5-look
pixels.
Final co-registration
After the generation of interferograms and coherence
images all image data (ascending and descending
interferograms) was co-registered into a common
(slant-range) geometry.

A cropmap from 1996 [13] was used to identify fields
on which the studied crops were cultivated. In field
selection large fields were preferred over smaller ones
and field boundaries were avoided so that coherence
information from adjacent fields could not influence the
measured coherence. Over 15 fields could be selected
for coherence extraction per studied crop. After field
selection the extration of coherence information from
the Tandem coherence images was straightformard.
The extracted signatures were field-based, i.e. the
coherence values were first averaged field by field and
the crop signature is the average of the field averages.
The standard deviation of the coherence signature was
calculated as the standard deviation of the field
averages.
Farming activity during the 24 hours between the ERS1 and ERS-2 acquisitions disturbs the scatterers and
lowers the coherence drastically so that it no longer
reflects the coherence characteristics of the crop that is
growing on the field. When the coherence signatures of
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individual sugarbeet fields were studied it became
evident that farming activity had lowered the coherence
of one field on Tandem-pair I and of two fields on
Tandem-pair 2. The coherence signature of sugarbeet
was cleaned by ignoring these abnormally low fieldaverages when computing the crop coherence signature.
Cleaning of the coherence signatures was not necessary
for the other studied crops.

height does not depend on the beginning date of the
growing season.

The Linear Model

The extracted and cleaned ERS-112 Tandem coherence
signatures from the I996 growing season in Flevoland
are presented in Table 3 and Fig. I.

Because the coherence and crop height observations
were from different growing seasons it was necessary
to treat them as if they were from the same year
(differences between the growing seasons had to be
ignored). Since both coherence and crop height develop
in a nearly linear fashion during the early growing
season in Flevoland (see Fig.I and Fig.2), a
relationship between them can be derived by fitting
lines into the coherence and crop height observations
and eliminating the time of observation from the two
equations. The linear fits to the coherence and crop
height observations are:

RESULTS
Coherence Signatures

Crop Height Measurements
The heights of sugarbeet, potato and winter wheat were
measured on three separate fields during the I993
growing season in Flevoland [I2]. The three field
measurements were averaged and their standard
deviation computed. The measured crops heights are
presented in Table 4 and Fig.2.
Coherence signatures of the studied crops
1.0

(4)
(5)

A2,B2

is the coherence
is the crop height
is the Julian day of the observation
are the coefficients of the linear fit to
coherence observations
are the coefficients of the linear fit to
crop height observations

By combining (4) and (5) the observation day d may be
eliminated to produce a linear relationship between
observed coherence and crop height:

Fig I: ERS-1/2 Tandem coherence signatures of the
studied crops, I996 growing season.

Height of the studied crops
100

(6)

80

E'
~

60
E
Cl

Equation (6) may be simplified into:

h= C+Dy

'iii
s:
c.

(7)

e

40

o

20

Inspection of (6) reveals that the slope of the linear
relationship depends only on the slopes of the line fits
(coefficients B1 and B2) in (4) and (5). Since the
beginning date of the growing season affects only the
coefficient A2 in (5), it can be concluded that the slope
of the linear relationship between coherence and crop

0
May 1993

June 1993

Fig 2: Measured heights of the studied crops, 1993
growing season.
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Table 3: Tandem coherence signatures of potato,
sugarbeet and winter wheat in Flevoland during 1996
zrowm "season. SD refers to one standard d · ·

Potato
Coh
SD

Sugarbeet
Coh
SD

WinterWheat
Coh
SD

0.74
0.45
0.38
0.18

0.77
0.47
0.44
0.12

0.66
0.55
0.32
0.28

Pair
1
2
3
4

0.03
0.06
0.08
0.05

0.03
0.08
0.12
0.04

0.06
0.09
0.07
0.08

Line fits for sugarbeet
0
0

.g

100

Coherence• 100----------Crop height
------ Line fits
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e
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Table 4: Crop heights in centimetres measured in
Flevoland during the 1993 growing season. SD refers
to one standard deviation.
Sugarbeet
Winter
Potato
Obs.
Wheat
Height SD
Height SD Height SD
Date
12.5
24.5
1.6
15.6

5
15
27
52

1
2
4
3

4
18
36
67

2
5
9
8

45
68
80
90

5
14
9
10

120

1~
1~
1W
Julian Day Number (Jday)

1W

170

Fig 3: Line fits to coherence and crop height data for
sugarbeet.

Line fits for potato
0
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Deriving the Coefficients of the Linear Model
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The linear relationship (7) between ERS-1/2 Tandem
coherence and agricultural crop height was determined
by fitting lines into the coherence and crop height (see
Table 4 and Fig.2) observations and inputting these
values to (6). Line fits were performed using
unweighted linear least squares fitting. The measured
crop heights, observed coherences and line fits for
sugarbeet, potato and winter wheat are illustrated in
Fig.3, Fig.4 and Fig.5, respectively.
The derived linear relationships (7) between ERS-1/2
Tandem coherence and crop height are:
h(cm)=70-110*y
h(cm) = 100-160 * y
h(cm) = 140 - 150 * y

o

40
20
0
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1W
Julian Day Number (Jday)

1W
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Fig 4: Line fits to coherence and crop height data for
potato.

Line fits for winter wheat
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It must be noted that the derived relationships are not
valid for all coherence values or observation days, but
their validity is limited to the period bounded by the
coherence and crop height observations. Fig.6
illustrates the derived relationships and their validity.

,/
b

e

s:

Subarbeet:
Potato:
Winter Wheat

,

60

e

20

o
0
120

130

140
150
Julian Day Number

160

170

Fig 5: Line fits to coherence and crop height data for
winter wheat.
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Crop height as a function of Tandem coherence
120
100

E
~
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1:
~

Sugarbeet
Potato
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Lucerne:h(cm) = 57 - 100 * y

0..

e

o

have derived a corresponding relationship between
ERS-112Tandem coherence and crop height for lucerne
[3] using proper ground truth:

40
20
0.00

0.10

0.20 0.30 0.40
Tandem coherence

0.50

0.60

Fig 6: The determined linear relationships between
Tandem coherence and agricultural crop height during
early growing season.

DISCUSSION
The determined linear relationships and crop height
behave well in Fig.6. The root-crops sugarbeet and
potato are separated from the cereal-crop winter wheat.
It must be emphasized that the determined relationships
are only valid in the beginning of the growing season.
In Fiq.6 the lines for sugarbeet and potato converge at
high coherence values and low crop heights. This effect
is expected since the coherences of bare fields should
be close to each other regardless of the crop that has
been planted on them, different tillage practises may
cause minor differences between fields on which
different crops are cultivated. The line for winter wheat
in Fig.6 does not converge towards the same point as
the lines for sugarbeet and potato - it must be noted that
for winter wheat the linear model assumed for the
development of coherence and crop height does not suit
observations very well (see Fig.5) and the error bounds
in the crop height measurements are the largest of the
studied crops.
Due to the fact that the coherence signatures and crop
height information were from a different growing
season it was impossible to couple crop height and
coherence observations field by field; instead,
coherence signatures which are averages over several
fields had to be used. The variation in crop heights on
different fields could not be accounted for in this study.
Due to limited amount of data the line fits (4) and (5)
had to be performed using only four data points. The
linear model assumed for the relationship between crop
height and coherence is of course a simplification, if
more data were available a more accurate model could
be developed. Despite these shortcomings caused by
lack of ground truth from the 1996 growing season the
results appear to be very reasonable. Wegmiiller et al.

Although the result that ERS-112 Tandem coherence
appears to be related to agricultural crop height is
promising, further studies are needed to validate this
result. Dense temporal sampling over a growing season
with ERS-112Tandem image pairs with proper ground
truth information would permit deriving relationships
between crop height and coherence for a variety of
different agricultural crops.

CONCLUSIONS
This study indicates that agricultural crop height is
related to ERS-1/2 Tandem interferometric coherence.
These relationships can be used to derive agricultural
crop heights during the early growing season using a
single Tandem image pair. Further studies are needed
to validate this promising result and to derive
relationships between crop height and coherence for a
wider selection of agricultural crops. If further studies
are done to determine these relationships it is
conceivable that in the future crops could be classified
and their height retrieved using only interferometric
SAR surveys.
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ABSTRACT

In this paper we investigate the development of a
methodology leading to the optimal identification of
cereals at a pan-European level, focusing upon the
potential for accurate differentiation of cereal types
along with precise area estimation primarily targeted at
an image based level.
In the development of this methodology a number of
important issues are discussed and reinforced with
dedicated investigations. These investigations address
some of the main aspects in multi-temporal cereal
monitoring using multi-source RS imagery. Some early
results of these investigations are presented. Specifically
these are:
I)

Use of crop growth models for the optimisation
of RS data acquisition calendars,
2) Image stratification prior to classification using
pedological and topological information,
3) Data fusion techniques for synergistic use of
SAR and optical imagery,
Although not offered here, the final foreseen outcome
from this work will be the development of a flexible, yet
rigorous rule based procedure that is expected to result
in optimal operational monitoring of cereals at a
European, or wide scale, level.
I INTRODUCTION

Numerous studies have shown that SAR has the
capability not only to identify, but also to monitor and in
some cases estimate various aspects of the agricultural
landscape. These studies, although generally successful,
have tended to rely heavily upon ground data collection
campaigns, or have been very limited in areal, (spatial
or regional) scope, i.e. they have been very intense
campaigns over a limited areal extents.

These studies were initiated to assess the potential for
SAR but we feel that none have fully addressed the
realistic limitations of SAR systems within the context
of large scale, operational, agricultural monitoring
exercises. One of the driving forces behind this
investigation is the desire to be able to produce a
definitive set of rules that could be adhered to resulting
in the best solution to a proposed monitoring program.
This rule-based approach not only highlights both the
potential and the limitations of SAR, but also offers
practical procedures for operational implementation.
Within the Directorate-General VI (Agriculture and
Fisheries) of the European Commission, there is an
active interest in current near-real time monitoring of
the state of specific crops (including cereals) across the
European Union. As noted, by the launching and
successful completion of two DG-VI driven initiatives,
specifically aimed at the use of ERS SAR data for early
rapid estimates of agricultural crop areas [2],[3], there is
also the need for both earlier and more accurate
estimations of specific agricultural cover types.
Within section II, we present an outline of a
methodology aimed at offering an optimal solution for
wide area, crop specific, SAR driven monitoring. In
order to raise a few points for discussion observations
are made with respect to several of the distinct phases
within the proposed methodology. Several of these
points are highlighted in following sections with
specific examples. Finally in section VI, we look
forward to future aspects that must be dealt with before
being able to deliver an optimised methodology.
II OVERVIEW OF PROPOSED METHODOLOGY.

It must be stated that the development of an "optimal"
wide scale monitoring methodology is a gargantuan
task. Therefore we do not intend to, nor cannot, present
all aspects of this within this paper. This is primarily
due to level of detail required to present all the facets,
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and also because this project is still in its infancy. What
we will present are a number of important aspects that
give an insight into the direction of our current work. In
doing this we can also highlight some points which are
more pertinent to this forum, and in doing so will
hopefully promote more questions about the realistic
limitations of not only SAR but also Remote Sensing in
operational monitoring.

l

Project Deftnltion

Collatation of Secondary Datasets
~ge

Each of these aspects can be considered as variables,
which can be set at various levels. In our project the
level of identification can range from generic
cereal/non-cereal delineation, to specific between
cultivars detection. The scale can range from local to
global, and the accuracy of results can not only be
defined in terms of identification, but also spatial or
areal extent, geo-locationaland also temporal.
Although we envisage to consider all aspects of these
variables, and provide a series of definitive rules for
each logical combination, our initial aim, is to provide a
methodologythat allows the following:
• Identification and separation of varieties of cereals,
including cultivars,
• European scale of interest,
• Near real time classification results being offered
throughout the project
• Optimisation of the methodology will be reinforced
by consistent accuracy assessment, and error budget
analysis
The methodology will be developed and tested over 8
of the MARS Activity B sites, these sites being selected
as they reflect not only main cereal producing areas, but
also to reflect as many aspects of variability,
(topological and farming practice), as possible. These
sites are then further split, into test and working sites,
the majority of which are used to test and define the
methodology, and finally some that can be considered
proving sites. Noting that as we are working over a
number of diverse and dispersed sites the amount of
physical ground observations, over the monitoring
period, will be very limited

Final Accuracy Assesment
Stage 7

Figure 1MethodologicalOutline
Within the operational scope the methodology must
be fairly straightforward to implement, highly
automated, and yet rigorous enough so as to allow the
future migration of the techniques to different
monitoring scenarios and scales. The main RS data
sources must be from sensors that are not only
operational but also offer the correct temporal revisit
and spatial scale.
A monitoring project is defined largely by four key
aspects, these being the level of identification, scale of
interest, timeliness of results, and accuracyof results.

Looking at fig. 1 there are obviously a number of
distinct stages to be addressed. Before arriving at the
results from the first stage, outlined above, (project
definition), an iterative trade off between what is
wanted, and what is actually feasible with the available
data (both RS and secondary) must be undertaken. It is
therefore normal for the project definition not only to be
driven by project requirements, but, is also normally
constrained by the availability (affordability) of
secondary data sets, and the correct techniques to
integrate these data.
In the case of this project we are in a unique position.
Aside from the RS data, of which both SAR and optical
(foreseen) form our primary dataset, the secondary data
sets available are for the sites are comprehensive, and
include data from 4 main sources, (non exhaustive):
•
•

Model Outputs: Crop Growth, Backscatter
Ancillary Data: Meteorological, Crop Calendars.

Signature Databases (optical and SAR), historical
Ground observations.
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•

•

Data: DEM, Soil and Topological
Maps, Crop Statistics
Secondary RS, Historical, optical and SAR, Low
resolution, quicklooks and NOAA, Corinne Land
Cover.

Collateral

With this dataset it is possible to address our first two
points:
"What is the minimum set of secondary data that is
required to achieve results that meet the requirements?"
"What is the value of each secondary dataset in terms of
improvementof results?"
Remotely sensed data forms the primary data source
in this methodology, but neither SAR, nor optical data
alone can be seen to offer an optimal solution, especially
in the context of early season monitoring. Therefore we
must not focus not only on fusion of RS data, but also
the integrationof various secondarydata types.
Accepting the fact that multi-source RS data is
required to present an optimum solution for cereal
identification, it is also necessary to address image
acquisition. Complimentary and synergistic studies of
the integration of SAR and optical data have shown that
there are two main windows where to target either SAR
or optical data acquisitions, Fig 2. For example in
Europe SAR is better suited, than optical, to acquisitions
over the winter (cloudy) season where its' sensitivity to
surface roughness can lead to early identification of
cereal sowing.

Throughout the whole methodology one theme that
must be adhered to is the theme of accuracy assessment,
or more specific error analysis. Only by rigorously
addressing the aspect of error analysis is it possible to
determine the benefit of one technique over another. In
[6] we currently address the aspects of sampling
techniques for deriving area estimates.
III OPTIMISATIONOF ACQUISITION
CALENDAR

When planning a monitoring campaign that extends
over large areas it is often difficult to obtain precise
phenological, or crop, calendars. In general these crop
calendars only record specific dates (or ranges) of
activities, i.e. field preparation, sowing and harvest.
Although these calendars are of great use in determining
the optimum dates when imagery should be acquired to
allow maximum chance of either identification or
separation of the cover of interest, it is often very
difficult to interpolate the actual state of a crop on a
certain date. (Other than using heuristic rules).
There exist numerous crop specific growth models,
such as WOFOST[6], WOrld FOod STudies (universal
model), or CERES, Crop Environment REsource
Synthesis, (cereal specific). These models may possibly
be used to visualise, (linking through predicted
development stage) the phenological state of a crop at a
specific date.

Consequently another point to focus on is:
"What are the optimum dates, or windows of
opportunity, for the acquisition of multi source multitemporal images?"
One of the main aims ts m the development of a
methodology is that it should be highly automated. One
of the main areas for improvement with the application,
(development) of automated techniques is in the role of
classification and cluster labelling. As previously
mentioned, there will only be a limited set of "real time"
ground observations. This brings us to probably one of
the most demanding points that should be raised:
"Can resultsfrom secondary data sets, models, crop
calendars, agro-meteorological data, be efficiently and
accurately used in identification of specific cereal
(crop) types?"

Within the optical domain it is quite straightforward
to see that certain crop parameters, i.e. leaf area index,
can be linked directly (with varying degrees of
accuracy) to a radiometeric signature. Therefore it
should be possible to determine the potential
separability of a number of crops purely from a model.
This leads us to a very interesting point
"From the understanding the relationships between
specific crop parameters and returned backscattered
signal from SAR, is it possible to use a crop specific
growth model linked with a specific backscatter model
to predict the backscatterfrom that crop type at specific
times in the monitoringperiod?"
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Figure 2 Optimisationof remotely sensed data acquisition,using crop developmentstages, predicted from the
WOFOST 6.0 Crop Growth Model (showingpotential LAI for winter wheat in the UK)

If the last point can be answered with a positive
response, then we would be in a situation where we
would no longer require dedicated ground data
collection campaigns. The main draw backs to the use,
implementation, of these models is that they require
specific meteorological and agronomic information,and
some form of expert knowledge in order to be able to
accurately interpret them.
IV IMAGE STRATIFICATION

Image stratification is important for two main
reasons. It can be used as form of masking or primary
identification of areas of interest within an image,
allowing certain areas to be ignored in a classification,
and hence reduce workloads. Secondly it can be use as
an a priori data layer, (or weighting) and therefore offer
the potential for improvement in identification or
classification accuracy.
In figure 3a we show a RGB composite of a multitemporal ERS image, (R: 20-09-96, G:29-l l-96,B: 2403-97), with a vector overlay of (regrouped) soil

mapping units (extracted from I: 1,000,000 EU digital
soils map[l] ). The area covered by this composite id
only 40 by 40km. It is clearly seen (it the coloured
version) that the lower right comer of the image is
somewhat brighter on the first date, giving the redder
appearance.
In this area ploughing activities have been initiated (it
is seen to be a rough surface on 20-09) somewhat earlier
that in other parts of the image. The soil in this area, is
heavier in terms of clay content, and has a poorer
drainage than the other soil types. Therefore it is not
only worked harder, (in terms of deeper ploughing) but
also earlier in the season. This is mainly to avoid
problems with access onto the land over the winter
period. The acquisitions on both the 29-11, and 24-03
occurred during significantperiods of rain, giving rise to
this generally darker turquoise appearance. Areas of
bright green and blue indicating rough surfaces on 2911 and 24-03 respectively.
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Figure 3a(Left) 3b(Right): RGB composite of multi-temporal ERS images, (R: 20-09-96, 0:29-11-96,B:
Vector overlay of (regrouped) soil mapping units (ERS SAR images © ESA 1996-1997)

The effect, confusion, that this could have on
automatic classification, i.e. clustering, is clearly seen in
figure 3b. The smaller polygons outline known wheat
fields in the area. It is clear to see that there is a
minimum of two distinct sets of polygons. This
distinction is brought about not only due to the time of
the image acquisitions, but also. and more importantly
by the influence of the underlying soil type on soil
working.
Although we show here a clear example of why
image stratification is important there are still more
points to be addressed:
"What is the most efficient v1ay to incorporate a
priori scene information into a classification/clustering
routine? What otherfactor should be consideredfor use
in a stratificationscheme?"
V DATA FUSION TECHNIQUES

A very simple example of data fusion [4] can be seen
to be the logical addition of optical and classified SAR
images, to resolve class confusion.
Initially a byte-scaled composite classification is
performed on a series of 3 SAR images acquired over a
winter and spring season (12111/96,25/02/96,15103196)

24-03-97),

for the DRIF MARS activity B site. An overall accuracy
of 72% is obtained for 4 mixed crop classes, with the
accuracy assessment being derived from dedicated field
studies. These classes being, winter crop, spring crop,
summer crop and grassland. Due to snow being present
in the final image and the late winter retarding
agricultural practices and crop growth, a large amount
of the confusion, 70%, is due to a misclassification of
spring classes.
A SPOT image (04/04/96) was classified (Photo
interpreted) into 25 groups based on apparent vegetative
vigour, and soil colour, was made available from the
MARS archives for this site. This classification was regrouped into more meaningful crop and bare soil
classes. By logically ANDing all bare soil classes from
the SPOT image with the SAR derived winter classes,
and new subclass is derived. This class has the trend of
areas undergoing apparent typical winter labouring
techniques, but is still bare soil in April. Therefore it is
logical to state that this subclass is in fact a spring class,
rather than a winter. The re-assigned of this sub-class to
winter although only increasing the overall accuracy to
75%, increases the accuracy of the winter class from
74% to 93%.
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VI CONCLUSIONS.

We have tried to present a few insights into the use of
SAR in an operational monitoring context. In doing so
we have raised a number of points that must not only be
addressed, but must be fully answered, before we can
consider SAR as a part of an integral solution. At
present it seems that SAR alone will not offer a solution,
but used in conjunction with specific datasets it is a
useful primary data source for large scale monitoring.
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ABSTRACT
In this paper we describe the experimental set-up of
an alternative sampling technique for deriving crop
area statistics from hybrid remote sensing data. The
main aim of this work is to assess whether more
accurate estimates can be derived at a regional scale
through the systematic integration of image
information layers from diverse sensors, mainly
optical and SAR systems. The proposed methodology
is based on the analysis of the statistical problems
related to crop area estimation from remote sensing
imagery. These include the representation of
agricultural areas, stratified sampling with remote
sensing instruments with different radiometric and
spatial resolutions (and associated classification
errors). The work is part of an ongoing study to
establish robust classification methods and error
budgets models for remote sensing techniques used in
agricultural land use monitoring and assessment
projects.
Keywords: crop mapping, agriculture, area estimates,
classification.
I. INTRODUCTION
The crop area estimation methodology used in the
MARS Activity B project uses optical remote sensing
products (primarily SPOT, TM and IRS-IC data) to
derive indications on crop area change. Area change
calculations are based on the counting of pixels per
delineated crop class (e.g. the MARS Activity B
project). Final estimates are then generated from the
changes in the relative counts between years, which
are weighted with existing knowledge on crop
distributions for large regions in which the site of
interest is located. Apart from uncertainties that are
related to the sample design, does the use of remote
sensing data introduce certain errors that are related to
the accuracy and consistency of the remote sensing
data sets, or the classifications derived from them. The
accuracy assessment of the estimates involves,
amongst others, a comparison to ground data that is
collected on small segments that coincide with the
imagery. The systematically collected ground data set

is also used as an independent source of information
to assess annual crop area change.
The quality of crop classifications derived from
remote sensing data is affected by a number of factors.
A crucial issue is the radiometric separability of crop
classes. This is particularly of concern for sample
areas that include different soil types or land use
patterns [l], [2], [3]. The use of multi-temporal data
combinations is a partial solution to this problem, but,
at the same time, introduces potential inconsistency
between annual estimates if the timing of the data
series cannot be guaranteed. Ideally, the timing of the
imagery
would
coincide
with,
pre-defined
phenological stages of the crops of interest. This can
not always be achieved with optical instruments,
especially for sites in frequently cloudy areas. A very
obvious example in this case is delineation of winter
oil seed rape. This is usually very successful if one of
the acquisitions coincides with the (major) flowering
period. In this case, the crop is easily identified by it's
characteristic colour (yellow). If in the subsequent
year a similar acquisition is not possible (leading to
higher confusion with, e.g. winter cereals), this could
potentially result in strongly biased estimates for this
crop type. The first solution to this problem, the
collection of very frequent image coverage is
currently either not practical (due to costs) or
impossible (frequent cloud coverage). Another
solution to the problem is to tune image acquisitions
to crop phenology features that are identifiable by
their characteristic radiometric appearance over a long
period (e.g. ripening of cereals, early vegetation
covers in spring).
SAR data have special importance in this context,
because acquisition timing is not dependent on
atmospheric conditions, effectively limiting image
coverage to the sensors' revisit times. Also, because
the backscattering signal is sensitive to soil and crop
canopy structure parameters, SAR has the potential to
derive information in complement to information
derived from optical data sets. SAR data from the
European ERS-l and 2 remote sensing satellites have
been used in a semi-operational context during two
pilot projects carried out in 1996 and 1997 ([4], [5)).
The pilot projects were an initiative of the Directorate
General VI (Agriculture), and aimed at improving
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timeliness of crop area estimates derived from image
sets acquired in autumn, winter and spring.
Results of the SAR data derived estimates indicate the
limitation of the ERS resolution-type SAR for areas
where cultivation patterns include small fields. Also,
backscattering coefficients in the off-season can be
sensitive to instantaneous changes that occur in the
period between two subsequent acquisitions. While
this information is clearly indicative for a certain crop
type (e.g. field preparation in autumn), it may not be
inclusive of all occurrences of this particular change.
For example, suppose winter barley is typically sown
in the period l October to 1 November. If two ERS
image acquisitions are on October 14 and November
18 respectively, only those cases that were cultivated
after October 14 would, ideally, be recognised from a
change in backscattering. The earlier sown winter
barley may be easily confused with winter wheat, for
which the sowing period is, say, September 10 to
October 10.
These, and similar findings, have led us to a
methodology that uses so-called pre-cursive crop
information layers, rather than crop classification
images in an area estimation scheme. A pre-cursive
crop information layer assigns labels to a (group of)
pixel(s) stating the in- or exclusivity of a certain crop
type, based on the acquired image. An example of an
inclusive label is "is rough bare soil", one for an
exclusive label is "is not grassland". In some cases,
exclusivity automatically follows from inclusivity (i.e.
"is rough bare soil" is "not a seedbed").

exact field boundaries can not be delineated in the
image, it is still expected that the relative occurrence
of "field fragments" is representative for crop
occurrence. "Field fragments" are considered to be
homogeneous areas with a pre-defined minimum size
(e.g. 1 hectare) that are produced by segmentation.
Note that in this way, we avoid problematic
classification cases such as boundary pixels, mixed
pixels, etc., but also exclude classes that have less
than the pre-defined areal extent (and are likely to be
non-agricultural targets). We have illustrated the
principle with a simulated data set that is depicted in
Figure 1. It contains a typical agricultural area
delineated by a set of field polygons. The crops for
each polygon are selected from the group winter
wheat, winter barley, winter oil seed rape, potato and
sugar beet. The selection is biased so that the winter
crops are assigned to fields which have a size in the
upper 50% of the field size distribution range. Fields
in the lower 50% size range are assigned to potato,
sugar beet or winter wheat. The inclusion of winter
wheat in both size groups is used to illustrate biases in
sampling. The area not delineated by polygons is
supposed to be a non-agricultural mask (e.g. urban,
roads, forest).

This approach has a number of advantages:
•

The methodology is applicable to any type of
remote sensing imagery, whether optical or SAR.

•

Pre-cursive labeling can be based on robust a
priori knowledge, either derived from existing

expertise (i.e. knowledge of radiometric
signatures) or radiometric modeling.
•

Labeling can be accompanied by a measure of
uncertainty which determines the weight of the
individual labels in the final decision on crop
class assignment

II.METHODOLOGY
The principle of the methodology is based on the
statistical understanding that the representativity of
crops in an area is given by the relative occurrence of
"fields" of these crops in a given area. Although, due
to limited resolution of the remote sensing instrument,

Figure 1. A simulated crop map from which
sampled area estimates are given in Table 1
(yellowewinter wheat; brown = winter barley; blue
= oil seed rape; red = potato; green = sugar beet).
In Table 1 we have listed the relative crop area
estimates calculated by three different methods. The
first methods calculates the area estimates directly
from the polygon areas, resulting in the total ("true")
area for each crop as well as the total ensemble of
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crops. The second method derives the estimates from
a simple non-weighted counting of the polygons. This
compares to a typical result of a quick survey that
does not take field size into account. The third method
uses a simple segmentation that has been applied to an
image simulated for the area. Two cases are shown,
one for an image at 20 m (e.g. SPOT) and one at 30 m
resolution (e.g. LANDSAT TM). Image pixels are
simulated from averaging the radiometric features
from the underlying crop. The (one-channel)
radiometric features are assumed to be homogeneous
for each crop. Thus, all pixels within a polygon,
which are at least one pixel away from the boundary,
have exactly the same radiometric value. Boundary
pixels have intermediate values that are the relative
weighting of the constituting fragments. In this way,
the segmentation is very straightforward, since only
pixels with the pre-defined radiometric feature for the
selected crops are selected. The resulting percentage
of non-mask pixels included in the estimates for the
20-m resolution image is 80.5 %, for the 30-m image
70.9%. This means that 19.5 and 29.1% of the pixels,
respectively, are considered to be mixed pixels, and
are not used in the area estimate calculation.
The area estimates results are compared to the "truth"
and presented as RMS errors (RMSE in Table 1).
Obviously, the simple field counting method shows
large deviations, except for winter wheat. The predefined relation between crop class and field size
skews the counting procedure, with large fields being
under-represented and small fields over-represented.
Since winter wheat is equally represented in both size
classes, its area estimate based on field counting is
representative of the real area under winter wheat.
Note that skewed distribution of field-sizes between
crops are very common (in Europe), with bulk crops
like cereals and oil seed crops cultivated in large
fields and cash crops like potato and sugar beet
cultivated in small fields.
For the simulated and segmented image products, the
area estimates for both the 20-m and 30-m cases are
very close to the "truth". The largest (relative)
deviations are for the crops with smallest field size,
and especially for the coarser resolution. This is due
to the boundary exclusion effects of the segmentation,
and related to the larger circumference/surface ratio
for small fields. In principle, the size of the segments
could be used to partially correct for this
undersampling effect.
This simplified example shows that the use of a
weighted sum of homogeneous image fragments
constitutes an efficient way to calculate crop area
estimates for an area for which the total area arable

land is somehow. In our case, we have discussed an
ideal situation, where radiometric behavior of a single
crop class is deterministic and distinct from all other
crop classes. Still, we expect the general concept of
the methodology to be valid also for real world
situations for which sufficient quality image data is
available. A very recent example from literature [6]
points to the general applicability of the proposed
clustering methodology in image classification of
natural scenes. Currently, we are using more
complicated simulations, which incorporate multichannel radiometric models, arrangements of clusters,
etc. to assess area estimation errors using different
sensor scenarios in work that is beyond the scope of
this paper.
Area estimates
Truth

Simple

20-m

30-m

WWH

35.2

34.7

35.2

35.6

WBA

25.5

16.2

26.6

26.9

OSR

26.8

17.0

27.5

27.8

POT

6.7

17.2

5.6

5.1

SBT

5.9

14.8

5.1

4.6

8.59

0.84

1.23

RMSE

Table 1. Area estimates derived for the simulated
crop map in Figure 1 using different methods
(WWH=winter wheat; WBA = winter barley; OSR
= oil seed rape; POT = potato; SBT = sugar beet).
The next step is the extrapolation of the methodology
to applications at large site, or even regional level.
This linkage is straightforward, since it fits in which
previous and current efforts we have undertaken in
combined use of optical and SAR data for crop area
estimation. The segmentation procedure fits in as one
of the processing steps in the modular classification
approach presented previously ([!], [3]). The area
estimation procedure needs a slight adaption to
account for the calculation on the weighted segment
basis. The adapted approach is roughly structured
along the following steps:
I. Input to the processing chain are radiometrically
calibrated (or corrected) images, or products
derived thereof.
2. Images are co-registered to a common projection
system, but not necessarily the same resolution.
3. Images are masked for non-agricultural areas.
Masks are derived directly from image
(combinations) or from alternative data resources
(e.g. topographic map)
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4. The images are subdivided in radiometrically
homogeneous clusters. Clustering is based on the
use of ancillary data (e.g. soil maps, DEM) or
directly on image features.
5. Within each cluster, the image fragment is
segmented in agricultural fragments, with a
minimum
size,
applying
strict radiometric
homogeneity criteria. Segmentation is carried out
on images
with
the best
radiometrically
homogeneous features (usually optical images).
6. For each segment, the radiometric signature is
extracted for each image, or derived image product
in the multi-temporal stack, and only for the
member pixels of the segment.
7. For each image layer, or combination of image
layers, pre-cursive labels are assigned on the basis
of signature analysis.
8. The class assignment
is based on logical
combinations of the pre-cursive labels, either for a
single crop class, or for a combination of crop
classes.
9. Area estimates are derived per cluster from the
weighted average of the segments. The cluster
results are then combined to arrive at an estimate
at the level of the site.

intensity (on October 28) and backscattering change
layers in red, green and blue respectively. The
apparent colours in the composite
are easily
interpreted in terms of agricultural management
practices. For example, red tones indicate high
coherence but low backscattering on October 28 and
little change. Since meteorological conditions for both
acquisitions were checked to be similar (wet, with rain
before and on the day of acquisition,
with
approximately
equal temperatures
around 10-12
degrees centigrade), backscattering change is solely
due to soil roughness change (tillage) or removal of
crop covers (harvesting). Thus, red fields tend to be
smooth bare fields in arable land areas. These are
either prepared seedbeds (for winter crops) or leftover
stubble. Dark green tones indicate low coherence, and
are fields that have a relatively high backscattering at
the end of October and which change little in
backscattering. These tum out to be winter oil seed
rape fields, which, due to the mild autumn, have
already developed a significant vegetation cover. Blue
fields are surfaces showing low-coherence and an
increase
in backscattering.
These fields have
apparently been ploughed in the period between the
acquisitions, and are likely to carry next season's
spring and summer crops. Grassland shows up as dark
tones, indicating low coherency, low backscattering
and little change. Yellow fields are rough (ploughed)
fields that are not changed.

Apart from steps 5 and 6, these steps are already in
place in the current methodology.
Thus, little
investment is needed to insert the segmentation
approach
in near-operational
systems. Ongoing
related work in this context is done on the systematic
use of robust classification rules in step 7.

III. RESULTS
As an example of the proposed methodology, we have
used data for the Great Driffield (DRIF) site in the
United Kingdom. DRIF is one of the 60 sample sites
in the Activity B project, and has been subject of
detailed studies as part of the SAR pilot projects. We
demonstrate
the data fusion
aspects
of the
methodology with a hybrid set of image data that
includes SAR data from the autumn period of 1996
and a SPOT image of the spring of 1997.
The SAR data products is an InSAR pair of October
28 and December 2, 1996. This standard 35-day
repeat cycle pair has a baseline of approximately 50 m
and shows
excellent
coherence
patterns
for
agricultural fields in the scene. The composite product
in Figure 2 is a combination of the coherence, the

Figure 2. An ERS-2 InSAR colour composite. The
InSAR pair is of October 28 and December 2,
1996. Baseline of this pair was approximately 50 m
(ERS SAR images © ESA 1996)
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Note that the use of this image product is typically
pre-cursive, rather than absolute. The pair is simply a
snapshot of a dynamic process. Instead of classifying
this image into a crop map, we prefer to generate precursive decision layers from it. We can generate
binary images for each of the observations, and attach
a measure of (un)certainty to each of these. For
instance, the location of "green" fields (hard-classified
as having coherence c 0.2 and &J° ~-1.5 dB) is stored
as a "is winter oil seed rape" layer. Blue and yellow
fields produce a "is likely spring or summer crop"
layer, red as "is winter cereal or stubble" etc. (note
that all these layer can be combined in a single file).
Uncertainty is lowest for those layers for which the
decision label is most distinctive (e.g. "is winter oil
seed rape" and highest for least distinctive labels (e.g.
"is likely spring or summer crop"). We are working
on methods to formalise and quantify these
uncertainties.
We have combined the results from the InSAR pair,
with a SPOT image of April 10, 1997. This is a
typical early SPOT product in the Activity B project.
We have generated a NDVI image from the SPOT
image, to highlight the gradations in vegetation
development. The image is masked with the most
current image mask used in the project. Spring images
are most useful for separating bare fields (to be
prepared as spring and summer crops) from winter
crops (which have already a crop cover). The latter,
however, are often confused with grassland,
depending on the timing of the image acquisition. In
early April, this confusion is non-trivial. Again, the
SPOT image alone will yield decision maps with low
uncertainty (e.g. "bare soil") and those with high(er)
uncertainty (e.g. "winter crop or grassland"). The
SAR derived decision maps can now be used to either
fine-tune the SPOT classification (e.g. extracting
signatures for fields for which the combined product
yields a low uncertainty on crop type) or in a direct
binary masking mode.
We use the result of a combination of the two
products that outline the occurrence of winter oil seed
rape and winter cereals. The oil seed rape is
determined from the combination of a high NDVI in
the SPOT image and the "winter oil seed rape" precursive information layer in the InSAR product.
Winter cereals occurrence is determined by crossing
the intermediate NDVI classes with the "winter cereal
or stubble" classes. We have retained only those
fragments that are at least 1 hectare. The fragments
are derived from the SPOT image segmentation. For
each fragment, the label assignment is based on both
the NDVI class and the majority filtered SAR derived
information layer. The classification result is than

extrapolated to the full site by weighting the relative
proportions of the two classes with the total arable
land area (known from existing classification results).
Area estimates are shown in Table 2. Results are
compared to the estimates from the operational
Activity B program, obtained at the end of May (with
a second SPOT image).
Area estimates (%)
SPOT
NDVI

InSAR
precursive
informatio
n

Fused

ActB
results of
end of
May

WIC

41.3

45.2

30.2

38.4

OSR

22.1

16.9

13.8

13.2

Table 2. Area estimates derived for the simulated crop
map in Figure 1 using different methods (WtCewinter
cereals; OSR =oil seed rape).
Obviously, the single products are deviating
significant from the more stable estimate in May. This
is particularly true for OSR in the NDVI image
(confusion with grassland) and for WIC in the InSAR
product. The latter is due to the difficulty in precisely
defining the limits of the decision layer (or, the
uncertainty of the pre-cursive information). The fused
product underestimates the WIC fraction significantly.
The reason for this, and a more precise assessment of
the actual mutual inclusion and exclusion of classes
needs further study. We will report further on this
during the workshop.
IV. CONCLUSIONS
We have presented an approach that tries to
systematically combined information derived from
different remote sensing sensors and acquisition
timing. The use of the methodology have as main
advantage that interpretations are based on selected
spectral features that can be explained in a physical
sense. The use of segmented, pure image fragments
was shown to reproduce area statistics with a high
accuracy. We have pushed the argument by using a
fairly complex image product (an InSAR composite)
together with a SPOT image. Although trends in the
fused classification product are closer to the final
estimate than those derived from the inputs, more
work needs to be performed to quantify the results of
the various processing steps. This work will be part of
our ongoing research work in the field of crop area
statistics.
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ABSTRACT
For a straightforward use of ERS radar data in combination with GIS and optical image data a sophisticated
land use detection system was developed by INS. An
operational data flow for preprocessing, coreferencing
and geocoding of ERS data was realised. Central idea of
the system is a field based data processing of slant range
images in order to avoid the influence of radar speckle
within land use fields. Important prerequisite is the apriori knowledge of field boundaries. This could be realised via GPS assisted update of vector data from
automated real estate register or deduced from remote
sensing data, i.e. optical satellite imagery. Both ways
have been performed at INS. A comprehensive ground
truth GIS data base was created to increase information
for monitoring the dynamic of agricultural land use.
Field based classifications have been performed on the
basis of ERS-2 slant range time series (1996-1998) for
test site "Ostalb", The results were very promising.

summer barley = SB, winter rape seed = WR, corn =
CO and permanent grassland = GL) can be considered
as main land use types. They cover about 80 % of
agricultural land of "Ostalb" area. Other land use types
as oats, rye, sugar beet, potatoes etc. occur locally
/regionally, but are less important within overall
statistics.
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INTRODUCTION
In the framework of the A02.D141 project EMAP*
(ERS-1/-2 SAR Data for Monitoring Agricultural Land
Use as a Long Term ~roject) INS performs an analysis
of ERS-1/-2 SAR data as a tool for agricultural crop
monitoring.

Baden·Wiirttemberg

Fig. 1 Test site,,Ostalb", eastern Baden-Wiirttemberg,
yearly updated GIS vector structure of different
test areas, e.g. No. 5 Elchingen

TEST SITE, GIS AND GROUND TRUTH
The INS test site "Ostalb" (Fig. 1) is located in the eastern part of Baden-Wiirttemberg in south-west Germany.
It covers an area of about 1000 km2• The counties
,,Ostalbkreis" (AA) and "Heidenheim" (HDH) are heterogenous with respect to climate (different phenological states of crop types), geomorphology and land use.
Therefore "Ostalb" seemed to be representative for Baden-Wiirttemberg.
Corresponding to official agricultural statistics six land
use classes (winter wheat = WW, winter barley = WB,

For "Ostalb" test site a comprehensive GIS data base
was established and updated [1]. Different official digital data of the Surveying and Land Registry Authority
of Baden-Wiirttemberg were implemented, e.g. vector
data of automated real estate register (ALK = Automatisierte Liegenschaftskarte; used for segmentation), data
of the official topographical and cartographical information system (ATKIS = Amtliches Topographisches
Kartographisches Informationssystem; used for masking), digital topographical maps, digital terrain model

Proceedings of the 2"'1International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Datafor Land
Applications, 21-23 October 1998, ESTEC. Noordwijk, The Netherlands (ESA SP-441, December 1998)
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and agro-ecological data. Ancillary data of crop stand
and soil conditions are continuously collected at the corresponding ERS acquisition date and implemented in
GIS.
The tasks of GIS within EMAP can be considered as for
providing masks for non-agricultural land use,
segmentation (field borders) of different land use
classes and ancillary data for better interpreting,
analysing and classifying ERS data.

were joined to one field representing one land use class.
I.e. a field is considered as an area, which is tilled by
one farmer and has no different varieties. Nevertheless
areas with different row directions but same land use
were divided into fields. From 1997 to 1998 about 20 %
of vectors were to be updated.

GIS Vector Structure
Due to different reasons, e.g. crop rotation, EC common
agricultural policies, farmers yearly change field structure in parts of ploughed land. ALK data represent parcel borders corresponding to the ownership, but not to
the field utilisation structure. To meet the requirements
of field based classification, GIS vector structure based
on ALK vectors has to be updated and refined for each
year. For this purpose at INS two different approaches
were applied:
•
•

GIS vector structure update based on optical satellite imagery
GPS assisted field campaigns

Fig. 2 shows ALK vectors of test area Elchingen (5 km
x 5 km). Parcel structure is corresponding to the ownership.

Fig. 3

GPS assisted update for 1998 of ALK vectors
of test area Elchingen

The update via optical satellite imagery is often disturbed by clouds, haze or other impacts. If cloud free
images are available, the semi automatic method, used
at INS, allows a fast and reliable detection of land use
patterns even for large areas. Nevertheless the GPS assisted approach provided exact coordinates of field borders on basis of ALK vectors. It is more reliable, because of weather independence, but differential GPS
equipment is required and it is time consuming for large
areas.

Ground Truth Data and Parameters
A ground truth monitoring program (concept of project
partner GSF [2, 3]) of three intensity levels was implemented in GIS:
•
Fig. 2

ALK vectors of test area Elchingen

The result of GPS assisted ALK vector update is depicted in Fig. 3. It is obvious that some parcels were divided into fields (resp. cuts/plots). Other parcel borders
were deleted (about 30 % for 1998), because parcels

•

Level 1: For 30 test fields within the test area
Elchingen on each ERS acquisition date different
parameters were in situ measured, e.g. phenology
of plants, plant height, fresh and dry biomass of
plants and crop products. In addition edaphical parameters like moisture of top soil, soil roughness,
stone content of top soil were collected.
Level 2: Ancillary ground truth data were also
continously collected for more than 220 fields
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(590 ha; fields > 80 m width) spread over the entire

•

"Ostalb" area. These parameters were estimated for
description of crop stand and soil conditions and
entered in GIS.
Level 3: Agricultural land use of about 1800 fields
(ca. 3500 ha) was mapped for seven test areas
within the "Ostalb" test site. For these fields also
the row direction was entered in GIS.

GIS data entries for level 1 and 3 are completed and
evaluated. Evaluation and statistical analysis of level 2
data are currently running at INS.
For the further field based investigations of ERS backscatter level 3 GIS data were automatically selected for
agricultural fields with > 80 m width. A number of 499
out of 1800 polygons was picked. These polygons were
20 m inside buffered in order to reduce negative effects
of field margins. Fig. 4 depicts these ground truth data
for the seven test areas of test site ,,Ostalb".
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le••.:12
Lundu~98
~WW

JJ2]

WB

~SR

J:illilll ~~~~
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Fig. 4

B
GL
, --- Outer

Ground Truth of 499 fields (> 80 m width,
20 m inside buffered) for seven test areas of test
site ,,Ostalb".

ERS RADAR SIGNATURE ANALYSIS
ERS Time Series 1996-1998
A radar signature analysis of main agricultural crops
(WW, WB, SB, WR, CO, GL) has been performed for
the selected large sized homogeneous agricultural fields
for the vegetation periods in 1996, 1997 and 1998. Fig.
5 shows mean backscatter values of all analysed fields
for the three years.
During the vegetation period the characteristic changes
of the backscatter behaviour are similar to one another
for the data sets of 1996, 1997 and 1998. The largest
backscatter values are found for WR. WW, WB and SB
show decreasing backscatter values during the vegetation development and reach a minimum shortly before
the plants get ripe and dry. Thereafter the backscatter
values increase again until harvest. WB gets ripe before
WW and SB. Therefore we find the minimum backscatter values for WB at earlier dates than for WW and
SB. The individual CO fields show quite different backscatter values before August, when the vegetation is
only very small, because the backscatter values are then
very dependent on the different surface structures and
row direction of the open soil surface. This results in a
large standard deviation of CO backscatter values during the early vegetation stages. Only very late in the
year between mid of August and September all CO
fields show similar backscatter values and smaller standard deviation.
In July we find the greatest differences in backscatter
behaviour: WW, SB and GL show low backscattering,
whereas the sigmaO values are about 3 to 4 dB higher
for WB, WR and CO.
The direct comparison of the 1996, 1997 and 1998 data
reveals, that in 1997 we had larger backscatter fluctuations, e.g. between 13.04.97 and 18.05.97 and between
12.08.97 and 16.09.97. These short term fluctuations of
the radar intensity are caused by meteorological influence. This could be shown by comparing the backscatter
curves with soil moisture values measured during the
same time period. For example the soil moisture measured on 29.04.97 is high in comparison to the moisture
values measured on 13.04.97 and 18.05.97. High soil
moisture causes higher backscattering of the soil surface. Thus higher total backscatter signals are measured
for bare soil and fields with sparse vegetation canopy,
where the soil reflectivity has as strong influence on the
total backscatter signal. CO and SB show a very significant backscatter increase on 29.04.97, because there we
have almost bare soil conditions. For WB and GL we
find no increased sigmaO values, because the existing
vegetation canopy can depress the soil surface signal.
Also the backscatter increase on 31.08.97 is a result of
increased soil moisture. In 1998 we have high soil
moisture on 14.04.98 and 03.05.98 and a very dry situa-
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tion on 19.05.98. Again we can find corresponding
backscatter variations.
Mean ERS-2 Backscatter Values
01.03.98

01.05.98

01.07.98

31.08.98

31.10.98
- - - - -i
- - -1

- -

0 r~ - -2

degree, when the field slopes are oriented towards the
SAR-sensor, i.e. if incidence angle decreases. This is
consistent with backscatter values for C-Band VV radar
found in backscatter data bases [4].
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Mean ERS-2 backscatter values of all fields of
main agr. land use classes of test site ,,Ostalb"
as a function of the date of acquisition

Influence of Topography
Regression analysis has been performed to quantify the
influence of topography and row direction on the radar
backscattering. Field slopes and their orientation towards the SAR-sensor have been calculated from the
digital terrain model contained in the GIS. Row direction of plants and soil surface resulting from farming
activities have been measured during ground truth acquisition.
Fig. 6 shows the influence of topography on the backscatter of WB on 29.03.98. The backscatter values
(mean values of all WB fields) are displayed as a function of the field slope with respect to the ERS-2 sensor.
A regression line together with the line equation and the
coefficient of determination R2 is also given. Similar results have been produced for all main vegetation types
and acquisition dates. Although the correlation in many
cases is not very high, the results show, that the backscatter sigmaO values increase about 0.2 to 0.5 dB per

The radar backscatter of CO fields is influenced by the
row orientation of the plants during the early stages of
vegetation development. This effect, already detected
with the 1996 data, could be confirmed using the ERS-2
data of 1997 and 1998. If we compare the backscatter
values of the different CO fields during the vegetation
period, we find totally different signatures during the
early vegetation stage. Only very late, when the vegetation has grown high, all CO fields show similar backscatter values. Before that time part of the CO fields
show very high radar backscatter, whereas other CO
fields show lower returns. This difference in radar reflectivity is caused by the different row orientation. According to the soil surface structure parallel or orthogonal to the row direction, the radar reflectivity can vary a
lot. High backscatter values are measured for row directions orthogonal to the sensor look direction, i.e. parallel to the ERS-2 flight track, because more soil surface
elements are oriented orthogonal to the sensor. This
situation corresponds to a row direction of 15 degrees
with respect to north. The lowest radar returns appear
for a row orientation of 105 degrees. The same effect
can also occur for other land use types during the early
vegetation stages, where the radar backscatter signal is
dominated by the soil surface. During the later vegetation stages, when the soil surface signal is damped by
the vegetation cover, the row orientation dependency of
the backscatter signal disappears. It seems that the fully
grown CO canopy appears as a homogenous volume
scatterer, where the striking row direction dependence
of the CO backscatter during the early vegetation stages
has totally disappeared. Fig. 7 shows the influence of
row orientation on the backscatter of CO fields at an
early vegetation stage.
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FIELD BASED LAND USE DETECTION SYSTEM
USING ERS RADAR DATA

Relation between field row orientation and mean sigmaO
values (dB) of corn fields on 03.05.1998
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Preprocessing, Coreferencing, Geocoding

•

Mean ERS-2 backscatter values of corn fields
on 03.05.1998 as a function of row direction

Relation to in situ Measurements
Temporal radar signatures of 30 test fields (20 m inside
buffered polygons) at the Elchingen test area (5 km x
5 km) were produced. Mean values (SigmaO dB) were
calculated for each ERS-2 acquisition until 12.7.98.
These time series of ERS-2 radar backscatter were correlated to the concerning in situ ground truth measurements (fieldwise monovariate statistics). In 1996, 1997
and 1998 reliable correlations of ERS-2 backscatter and
volumetric soil moisture were found for early growing
season. As example see Fig. 8.

For a straightforward use of ERS radar data in combination with GIS and optical image data a sophisticated
land use detection system was developed by INS. An
operational data flow for preprocessing, coreferencing
and geocoding of ERS data was realised.
Time series from 1996 to 1998 of ERS tracks 480 and
208 covering the test site "Ostalb" have been coreferenced separately with correlation techniques. Coreferenced slant range images were geocoded using algorithms created at INS [5]. 50 to 70 ground control points
spread over the test site "Ostalb" have been identified in
the coreferenced radar images and their position has
been marked in geocoded image channels containing information from SPOT optical images, DTM (Fig. 9) and
digital maps. This high number of ground control points
allowed to improve of ERS orbit information by applying least squares techniques to detect linear errors in orbit time and range.

Corrdationuf ERS-2bod<soltteruf m.-wt.2 test 6dds
and vol. soil miislure 09.03. and 18.05.97
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Fig. 8

Correlation of ERS-2 backscatter and soil
moisture of all WW test fields within Elchingen
for the ERS-2 acquisitions from 09.03 to
18.05.97

The deduced coefficients of correlation/determination
R/R2 were varying very much for other parameters, e.g.
fresh and dry biomass of total plants or crop products,
water content of plants/crop products or leaf area index.
This indicates, that most of the relations are not reliable
and have to be considered with care. Because various
effects influence radar backscatter, these fieldwise
monovariate statistics could be hampered by other effects, which were not taken into account. In a next step
it is planned to carry out further multivariate statistical
investigations with the second level of ground truth
data. The results could lead to better classification results.

Fig. 9

DTM and SPOT scene with ground control
points of "Ostalb" test site

Further Data Processing
Conventional pixel based land use classification methods using Maximum Likelihood (ML) or Neural Net
(NN) classifiers provide very poor classification accuracy, if only multitemporal ERS radar data are used as
input. The radar data have to be speckle filtered (LeeFilter, GMAP-Filter), before they can be used as input
channels for a pixel based classifier. These filters improve the signal to noise ratio. However the agricultural
field structure is displayed inadequately in the filtered
images. This led to develop a field based land use de-
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tection system, because calibrated sigmaO values calculated from the mean backscatter value of all pixels of an
agricultural field are almost independent from the
speckle noise. The vector structure of agricultural land
use pattern (Fig. 3 and Fig. 4) was derived as mentioned
before. Each field is identified by a unique vector and
field ID.
The system uses different data types, i.e. geocoded image data, slant range radar data, field based image data,
GIS data and data from external data bases (Fig. 10).
Field based image data can be considered as kernel.
These data provide the possibility to store, analyse, interprete, visualise and classify any kind of data stored
within the system, e.g. calibrated field based sigmaO
values or field based GIS information (land use, direction of plant rows, field slope with respect to the SAR
sensor etc.). The transfer of image data is possible between all file types. The system is based on the PCI image processing software EASl/P ACE. All remote sensing data and also the GIS information are stored as
PCIDSK format files, containing the information as
raster image files, bitmaps or vectors.
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Fig. 10 Block structure of the INS system for a field
based detection of agricultural land use with
multi temporal ERS data

SUPERVISED CLASSIFICATION
Texture analysis
Texture information extracted from the ERS-2 data
could provide additional input information for the classifiers. Twelve different texture features have been
analysed. In most cases the texture allowed a good separation between agricultural land, forested and areas of
residental estate. However the individual types of agricultural vegetation could not be distinguished. Texture
information extracted from the ERS-2 images seemed to
be less suitable for the classification than sigmaO back-

scatter values. Texture data have therefore been excluded from classification input.
Signature Separability Analysis
The class signatures for the main agricultural crop types
are the basis for ML classification. These include the
class correlation matrix, covariance matrix, mean and
standard deviation for all channels to be used as classifier input as well as class a-priori probabilities. Signature separability analysis is the first step to select appropriate classifier input channels. Besides the multitemporal ERS-2 signatures also optical remote sensing data
and coherence information derived from interferometric
processing of ERS-tandem data should be used for this
analysis. The 1996 data include 8 consecutive ERS-2
acquisitions between 02.03.96 and 24.11.96 together
with 3 ERS-1 I ERS-2 tandem pairs and one Landsat
TM image taken on 15.06.96. Unfortunately for 1997
and 1998 no ERS tandem data and optical images are
available. Class signature separabilities have been calculated for the 1996 data using the Bhattacharrya distance measure [6], calculated from class means and covariance matrices. Bhattacharrya separability values
between 0,0 and 1,0 indicate very poor separability.
Values between 1,0 and 1,9 indicate that the two signatures are separable to some extent. Good separability is
given for values between 1,9 and 2,0. Tab. 1 shows the
results of the analysis for various input channel combinations. The last column shows classification accuracies
achieved with ML classification for the same input
channels.
Tab. 1 Results of signature separation analysis using
Bhattacharrya distance measure. The last column shows the classification accuracy of a ML
classification (internal accuracy) achieved with
the corresponding input channels.

8 ERS-2
8 ERS-2 + 1 coherence
5TM
8 ERS-2 + 1 coherence+5 TM
3 ERS-2
3 ERS-2 + 1 coherence
3TM
3 ERS-2 + 1 coherence+3 TM

0,854
1,136
1,222
1,824
0,416
0,795
0,395
1,187

1,892
1,912
1,969
1,996
1,783
1,802
1,940
1,976

1,549
1,670
1,755
1,958
1,151
1,362
1,591
1,828

84,21
89,25
86,81
97,35
68,73
74,79
77,40
89,73

It is very interesting to see that multitemporal ERS-2
input channels show nearly the same signature separation as optical image data, especially if additional coherence information is available. A reduction of the
number of input channels to only 3 selected radar or op-
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tical input channels results in reduced separabilties and
classification accuracies. The minimum separability was
detected between the classes WW and SB for both, the
optical and radar input channels.
Classification Results
For field based classifications the preselection of suitable input channels is less important, because computing time is only a few percent of the corresponding pixel
based classification. This allows to use much more input
channels.
Fig. 11 depicts some examples of different field based
data, i.e. each pixel represents a certain colour coded
value of a unique field (N=499, see Fig. 4). Classifications have been performed with these field based data.
ML and NN classifiers applied on seven ERS-2 sigmaO
signature channels taken between 29.3.98 and 12.7.98
were used for this purpose. The classification results are
displayed colour coded corresponding to Tab. 2.

fields, they cannot be representative for a classification
of other test areas due to e.g. different climate. In this
case we found reduced classification accuracies of
76,9 % for the ML and 86,9 % for the NN classifier.
Tab. 3 Confusion table for the land use classification
corr. Fig. 11 e
Yegetation
WW
WB
SB
WR

co
GL

WW WB SB
#
fields
1,7 9,2
119 85.7
44
0
0 97 7
6,4 2,1 89.4
47
2,2
45
0
0
1,7 3,3
3,3
60
1,8 0,9
0,9
112

WR

co

0
2,3
0
97 8
0
0

3,4
0
0
0
2,1
0
0
0
0
91,7
0,9 95,5

GL

Tab. 2 Colour codes for the classification results
Field classified as
Winter wheat (WW)
Winter barley (WB)
Summer barley (SB)
Winter rape seed (WR)
Corn (CO)
Grassland (GL)

Colour
Red
Green
Dark Blue
Yellow
Magenta
Light Blue

The actual land use in 1998 (Fig. I I a) is to be used for
the interpretation of the results. ML classification result
of confusion table (Tab. 3), is depicted in Fig. 11 e. It
shows that I02 (85,7 % ) out of 119 WW fields are correctly classified. 2 WW fields (1,7 %) have been falsely
classified as WB, 11 WW fields (9,2 %) have been classified as SB and 4 WW fields (3,4 %) as CO. 43
(97,7 % ) out of 44 WB fields have been correctly classified and only I WB field (2,3 % ) has been falsely classified as WR, etc. However field based images like Fig.
11 e contain additionally the exact location of every
field. For these reasons Fig. 11 e and Fig. 11 f offer a
more comprehensive overview on the classification results than confusion tables. If compared with the input
channels ( Fig. 11 c, Fig. I I d), the classification results
of Fig. I I e and Fig. I I fallow the detection of possible
reasons for misclassification.
The high accuracy of more than 90 % of correctly classified fields is of course due to the fact, that training and
validation areas were not separated, i.e. it is the inner
accuracy. Usually classifiers are trained on the basis of a
few but representative fields for each class. However it
is important to select a number of training fields large
enough to represent the overall backscatter behaviour of
each vegetation type. If for example fields of only one
test area (e.g. No. 5 Elchingen) were selected as training

Fig. 11 Examples of field based image data for signature information of the ERS-2 radar data and
classification results
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CONCLUSIONS

AND DISCUSSION

The demands of the European Communities common
agricultural policy (CAP) requires rapid and accurate information (statistics and sites) for agricultural land use
in order to manage and check the declarations for area
based subsidies applied by farmers.
These demands can hardly be met with optical remote
sensing data alone, because cloud free optical images
are often not available during the vegetation period.
ERS radar remote sensing data are operationally available without these limitations. Conventional pixel based
classifiers provide however very poor classification accuracies, if only multitemporal speckle filtered ERS-2
data are used as input channels.
To overcome these limitations, a sophisticated land use
detection system was developed by INS, where field
based signatures are used as classifier input channels.
GIS, geocoded image and slant range radar data are
transformed into field based image data, resulting in a
tremendous reduction of computing time and storage
requirements for the classification algorithms applied on
these data types. Hence it is conceivable to process large
data input like CAP declarations of farmers.
The system was able to detect and separate the considered main land use classes, even if only ERS time series
were used. Thus it can be concluded, that ERS data can
substitute optical satellite imagery, if the mandatory prerequisite (a-priori knowledge of field boundaries via
imageborn segmentation or updated cadastral maps) is
fulfilled.
The presented results were achieved with a very limited
number of only 499 large fields (> 80 m width), where

all fields have been included for signature generation.
This means that the obtained accuracies are inner accuracies. Nevertheless these accuracies were fairly high,
although areas of different agro-ecological units have
been involved. If a sufficient number of training fields
are selected, which fully represent the backscatter behaviour of each vegetation type, this method can also be
applied for areas, which do not include the training sites
in order to get outer accuracies. A larger sample number
with zero buffer zones as well as with smaller fields
(entire GIS data base) will be tested with the method.
For these classifications among the investigated vegetation types other agricultural land use classes have to be
analysed.
The system is however open for the input of auxiliary
GIS data for further improvement (e.g. stratification,
soil moisture, or other parameters, if reliable correlations to ERS backscatter are investigated). It is planned
to apply this method to area wide classifications, if updated field vectors are available for the entire area.
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ABSTRACT
Modelling in agriculture has been widely used for the
prediction of various soil and crop growth variables.
However, in order to obtain precise estimations, models
often require large data sets for the initialisation and for
the adjustment of the soil-crop parameters during the
growing season. Remote sensing, especially radar
sensors can be useful for temporal and spatial
monitoring of the soil and plant parameters. A set of
seven multitemporal RADARSAT images was used to
determine the optimal conditions to extract parameters
such as LAI, crop height, percent soil cover. In
particular, these images were used to evaluate the
possibility of integrating the RADARSAT soil-crop
parameters in the SWAP model in order to obtain more
accurate yield estimates for four crops (com and
soybean, carrots and onions).

INTRODUCTION
Crop yield prediction and soil-crop characteristics
estimation during the growing season is a challenge for
many researchers. The knowledge of these parameters
leads to a better management of farm operations, for
example fertilizer and pesticide applications.
In
addition, it can have beneficial environmental impact
considerations.
One of the ways to improve the soil-crop parameters
predictions is to develop tools known as crop growth
model. In agrometeorological modelling, the model
should reflect a good understanding of the plant-soilatmosphere system in order to simulate the yield or the
soil-crop parameters. Thus, many models takes into
account a large range of environmental factors [I].

Another way to get to this improvement is to use the
remote sensing technology. Remote sensing data,
especially satellite sensor data provides a synoptic view
of the territory and allows the spatial and temporal
monitoring of a particular area.
The actual trend in crop yield prediction and in soil-crop
parameters estimation is to integrate remote sensing
information into the modelling procedure [2][3][4].

Integration of remotely sensed data in crop growth
modelling
Various approaches exist to link the information derived
from remote sensing and crop growth model. First of
all, quantitative information about vegetation, soil or
meteorological conditions can be extracted from
remotely sensed data. This information can then serve
as input values in the model.
The principal
disadvantage of this method is that the relations between
the signal and the parameters can not be extended to
other periods or growing seasons because it reflects a
punctual condition dictated by the satellite calendar, not
the plant phenology.
Secondly, it is also possible to take advantage of the
temporal coverage of the remotely sensed information
by using it to calibrate the model within the growing
season. This is an approach adopted by Maas [1].
Finally, remote sensing can be used to generalize or
spatialize the results of the simulation by producing a
map of the outputs.
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Vegetation parameters extracted from remote sensing
Since the beginning of the remote sensing era, various
environmental parameters have been analysed and
quantified from the radiometric signal of different kinds
of images. In crop and soil sciences particularly, one of
the most important parameter is the LAI (leaf Area
Index) (5]. LAI is needed in many applications such as
crop growth modelling. This is a parameter that reflects
the general state and health of the plant. Visible and
near infrared data have been most frequently used to
extract LAI information for different crop types and
integration in crop growth models [1][6][7][8][9](10].
An important limitation comes from the fact that there is
a saturation of the signal that appears early in the
growing season. So even if the vegetation continues to
grow (LAI increasing), there seem to be no evident
change in the crop reflectance.
Because it is an active sensor (it generates its own signal
and measures the backscattering)
radar has the
advantage of being unaffected by cloud cover (11].
Some studies has been conducted to explore the
possiblity to extract soil-crop parameters (LAI, biomass,
yield) needed in the modelling
from a radar
scaterrometer [l 1](12]. In the light of their results,
radar signal does not seem to be saturated as soon as
the visible-infrared imagery.

with a mean altitude of 55 m above sea level. The
region is one of the most important agricultural zone in
Quebec. Thirty percent (30%) of the agricultural market
revenues of the province come from this region (14].
Various crop types can be found on the site due to the
mineral and organic soil diversity.
The main crops
found on the mineral soils are com, soybean and hay.
The organic soils favorize vegetable cropping such as
onions, carrots, cabbage, lettuce and other vegetables.
In this study, four specific crops distributed on 11 fields
were chosen to characterise field conditions : com,
soybean, carrots, onions. Four fields were cropped with
soybean and three with com in 1997, and 2 fields were
cropped with soybean and five with com in 1998. In the
case of vegetable crops, one field was cropped with
carrots and three with onions in 1997, and three fields
were cropped with carrots and one with onions in 1998.
For the within-field sampling, four plots measuring 60m
x 60 m were placed in every field at places where
different soil conditions occurred as determined from
analysis of airborne imagery. Each plot was separated
into nine subsites (20m x 20m).
Fig. 1 shows the
sampling design.

DATA

Remote sensing data
RESEARCH OBJECTIVES
The main goal of this study is to evaluate the possibility
to infer quantitative crop parameters needed in the
SWAP (Soil Water Atmosphere Plant) (13] model from
RADARSAT fine mode multitemporal imagery.
In
particular, we wish to determine the optimal conditions
when using RADARSAT imagery to extract parameters
such as : crop type, growth stage, soil conditions
(moisture, texture, tillage practice, residue), geometric
configuration (incidence angle, crop row orientation).
Moreover, we want to evaluate the possibility to
integrate the RADARSA T derived soil-crop parameters
in the SW AP model and compare quantitatively the
results of the simulation with conventional methods.
This paper presents the preliminary results obtained
from RADARSA T imagery analysis.

STUDY SITE
The study site is located 50km South of Montreal,
Quebec. The land surface of the area is relatively flat

Four RADARSAT (Fl and F2) images were acquired in
the summer of 1997 and three more images (F4) were
acquired in 1998. RADARSAT operates in the C band
(5.6 cm) and uses the HH emission-reception
polarisation. Table 1 describes the images and their
parameters.

Field I
1

w~
plotA

9

~

plotC

plotB

~

Fig. I : Field sampling design.

~
plot D
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Table 1 : RADARSA T imagery and parameters
Date
June 04-97
June 28 - 97
July 22-97
September07 - 97
June 15- 98
July 09-98
August02 -98

Mode/Beam/Orbit

Incidenceangle

Fine 1Far ascending
Fine 1Far ascending
Fine l Far ascending
Fine2 Near descending
Fine4 Near descending
Fine4 Near descending
Fine4 Near descending

37 °- 40°
37 °- 40°
37 °-40°
39 °-42°
43°-46°
43 °-46°
43°-46°

Field sampling
To characterise field conditions, intensive field work
was done over each of the eleven fields. For each plot
of each field, three sites were sampled, located in the
diagonal of each plot. Information gathered includes :
LAI, soil moisture profile, phenological stage, crop
height, percentage soil/crop cover and debris. This was
done simultaneously with each satellite pass.
Moreover, information about soil pressure head, yield,
and soil roughness was also acquired.
Meteorological data inputs for the SWAP model were
obtained from nearby meteorological stations. The
meteorological data includes minimum and maximum
daily temperatures, humidity, dew point, wind speed,
precipitation and solar radiation.

Meteorologicalconditions
No rain(lastrainyday :May30Tlii
No rain(lastrainyday : June25' )
No rain(lastrainyday: July 15'h)
l mmof rain
20.4 mmof rain
6 mmof rain
No rain(lastrainyday : July31")

Phase II of the project is dedicated to the study of the
SWAP model and the integration of the information
extracted from the imagery. SWAP is a precise model
used for the simulation of the water balance of a
cropped soil that also includes crop yields calculation
[16]. This model requires many parameters and uses the
LAI as a function of soil cover. In this part of the work,
simulations are done with the values of LAI directly
derived from RADARSAT images analysis. Moreover,
simulations are done spatially to form a yield map.
Error analysis and comparison with conventional
simulations (punctual inputs) will be done in the last
part of the project.

PRELIMINARY RESULTS

Com and soybean crops
METHODOLOGY

Radiometric and geometric corrections
The digital numbers of the RADARSAT images were
transformed into backscattering coefficients using a
procedure described by Shepherd [15]. This is done to
re-scale the radiometric data values and it allows for the
comparison between multitemporal images.
Each
images was then rectified and georeferenced to MTM
NAD83 co-ordinates.

Data Analysis
The frrst part of the analysis concentrates on the
elaboration of relations between the radar backscattering
and the soil-crop conditions. Analysis of the temporal
and spatial variability in LAI values, crop height and
soil cover density for the crops under study is made with
a particular emphasis on the effect of row orientation,
soil and meteorological conditions.

At the season's beginning (June 4th, 1997), the mean
backscattering of the com and soybean fields seem to be
greatly influenced by the soil condition. At that time,
soybean was about lcm in height and com was about 4
cm in height and the vegetation cover accounted for less
than 5% of the soil covering. Later in the season of
1997 (June 28th,July 22°d),soybean fields tend to have a
slightly greater backscaterring coefficient than com
fields. This difference is attenuated in the September
image (Fig.2).
In the growing season of 1998, contrary to the
observations made in 1997, com fields have a slightly
greater backscattering than soybean fields. Com fields
also have a more homogeneous response between them.
On the other hand, soybean fields show a range of up to
2 dB in their backscattering (Fig.3).
The different temporal behaviour of soybean and com
crops in 1997 helps in the discrimination of these two
crops. Although com has a continuously growing
backscattering in time, soybean shows a peak in July,
before it starts to decrease toward the end of the season.
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Carrots and onions

-8
-9
-10

Backscattering of the onion field in 1997 is slightly
greater than that of the carrot field. This difference is
present all over the growing season and varies from 0.5
dB (June 4th, 1997) to 2.7 dB (September 7th, 1997).
This difference can not be seen in the growing season of
1998, where the backscatering coefficients of carrots
and onions are very similar early in the season (Fig. 4,
5). In the last image of summer 1998 (August 2°d),the
backscattering from de two crops may be different
because the geometric structure of the mature plants
differs. The carrot canopy is vertically and horizontaly
distributed while the onion canopy is mainly composed
of vertical stems.
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Fig. 2 Temporal evolution of the backscattering
coefficients for soybean and com fields in 1997.
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During the growing season of 98, the analysis is
complicated by the fact that only three images covers
the growing season.
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Fig.5 Temporal evolution of the backscattering
coefficients for carrots and onions in 1998.
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Effects of soil/meteorological

conditions on the analysis

Many factors may influence the backscatering of the
different fields. The geometric properties of the plant
are one of the most influencing characteristics. But as
long as the crop does not cover the soil, soil properties
such as moisture, roughness and debris are also influent
on the radar response [12].
In the present case, the data from summer 1997 and
summer 1998 should be compared with care because
they were particularly different on the meteorological
point of view. The 1997 season was cool and dry
comparing to the summer of 1998, that was mainly
rainy and warm. The emergence of com and soybean
was almost three weeks earlier in 1998 than in 1997.

Effects
of
backscattering

RADARSA T

parameters

on

The soil contribution in the total backscattering of the
fields is not negligible. This is especially true in the
early season and should be taken into account. This can
be done by using a backscattering model. Inversion
algorithms will then be developped and validated.
Texture analysis is also planned in order to obtain more
guidelines to characterize the crops backscattering.
A large part of the work remains to be done in phases II
and III of the project and are planed to be completed by
the end of next year.
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ABSTRACT
In this study we have investigated the backscatter
coefficient of rice fields and some other land covers,
using RADARSAT SAR data. Results indicated that the
backscatter of paddy field is low during flooded seasons
while it increases as rice grow until it is covered fully
with canopy. This enabled us to distinguish paddy fields
from other land covers during flooded seasons.
We have estimated the paddy field areas in selected
regions of Japan during early seasons with very high
precision of about 97.7% accuracy using RADASAT
combined with Landsat TM data. The method thus
developed in this study is very useful not only in
estimating the crop area very early in the growing season
also it can be used at all weather conditions.
1. INTRODUCTION
Rice is one of the important crops in Japan. Therefore it
is vital to monitor the growth conditions of rice and
estimate the area of paddy field as accurately as possible.
This also helps design a good food supply plan.
Accurate estimation of rice fields, using Landsat TM
data (Okamoto, et al. 1996) as well as using ERS-1 data
(Panigrahy, et al. 1997) have been well studied. Kurosu,
et al. (1997) has also published, recently, of monitoring
of rice fields using ERS-1 data. However, the size of
paddy fields in Japan are small and there are mixture of
crops in the fields with many land use covers. Further
more, Japan is located in monsoon area and there are
only one or two optical sensor data sets become available
during the planting terms. It is virtually impossible to
acquire optical sensor data every year during the rice
planting seasons.
In Japan, paddy fields are flooded during the riceplanting season and when we use RADARSAT data,
water covered areas, paddy fields and mountain shades
have low back scatter coefficients. This makes the water
covered areas, paddy fields and mountain shades easy to
distinguish then from other land covers. The defaults of
SAR data is single banded and contains speckle noise.
On the other hand, additional use of Landsat TM data
combined with RADARSAT, water covered areas could
be distinguished from the mountain shade areas and
water covered areas.
The objective of this study, is to estimate the paddy
field area annually and accurately mainly using the

RADASAT data by monitoring the change in backscatter
coefficients in the rice fields. First, we tested some
filtering methods to reduce the speckle noise of
RADARSAT data as it is possible to be acquire
RADASAT data sets at any time by changing the sensor
angles. We also combined the classified image data from
Landsat TM with RADARSAT data, to estimate the
paddy field areas with high precision, under all weather
conditions.
2. TEST SITE AND USING DATA
Test site for monitoring paddy field in this study was
Kantah plain Tochigi, Japan. Test site for estimating
paddy field area was lshikari plain Hokkaido (Fig. 1).
Tochigi area is located in the center of Japan, while
Hokkaido is located in the northern part of the Island.
There are 18 districts in the test site, Ishikari plain
where paddy fields occupy large areas. All paddy fields
are flooded in planting season and after planting, from
Test site for estimating
paddy field area
E145

t

E135

Test site for
monitoring
paddy field

E130
N35

Fig. 1 Test site location
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the end of May to middle of June. Two Landsat TM data
sets were used to select the paddy field candidates.
Another TM data set was used to compare the paddy field
estimated from this method. RADARSAT data set was
used to estimate paddy field areas in the paddy field
candidates made from two Landsat TM.
Three RADARSAT data sets were used to monitor the
paddy fields and three Landsat TM combined with one
RADARSAT data sets were used to estimate the paddy
field areas (Table 1).
In Tochigi area , paddy field is flooded in early May,
and rice is also planted during this season. Therefore,
RADASAT data sets obtained on 17 May, when rice was
in its early growth stage of about 15 - 20 cm height and
on 27 June, when rice was grown to 50 - 60 cm height
were used. Ground survey provided the information
about the status of rice growth in the field. The other
RADASAT data used was collected on 28, July, just
prior to flowering, when rice was grown up to 70 - 80
cm height. ,In Hokkaido area , paddy field is flooded by
the end of May. Planting season in northern area is later
than in the center of Japan, Tochigi area. Rice in this area
is in its early growth stage by 5 and 17 of June.
Table 1. Landsat TM and RADARSAT data sets.
Sensor

Observation date

LandsatTM

12-Jun-96

LandsatTM

8-Jul-93

Use
Removingareas of open water,
mountainousshadows and
selecting paddy field candidates

LandsatTM

l 7-Jun-97

Verifyingpaddy field

RADARSAT

5-Jun-97

Estimatingpaddy field in the
paddy field candidates

RADARSAT

17-May-98

RADARSAT

27-Jun-98

RADARSAT

28-Jul-98

LandsatTM

21-May-87

LandsatTM

24-Jul-93

transformingdigital numberof
path image into backscatter
coefficient

Verifyingland use

3. METHOD OF TRANSFORMING THE DIGITAL
NUMBER INTO BACKSCATTER COEFFICIENT
The following procedures are used to extract the value
of the radar brightness for pixels in processed image for
detected product of path image. If DNi is the digital
number which represents the magnitude of the jth pixel
from the start of a range line in the detected image data,
then the corresponding value of radar brightness for the
pixel is given by;
R

i-IO*loe1of(DN1

2

+A3)/A2il

dB

(1\

Where A2i is the scaling gain value for the j_th pixel,
and A3 is the fixed offset. These values are obtained
from Radiometric Data Records.

Radar brightness data may be converted to radar
backscatter coefficient using the following equation;
a0i=,8°i+10*log10(sin/i)
dB
(2)
Where Ii is the incidence angle at the j_th range pixel.
This formula assumes that the earth is a smooth elllipsoid
at sea level. Following procedures were then conducted
to complete the analysis.
(l)Geocoding: RADARSAT data were projected onto 1 :
50,000 scale topographical maps. Used map
projection of these images was UTM and map system
was Bessel. The resample images were prepared using
nearest neighbor method. Resampled pixels were set
to 12.5m.
(2)Selection of training fields: Using 1:50,000 map and
Landsat TM, training fields of land use were selected.
(3)Transforming into backscatter coefficient: Using (1)
and (2) equation, digital number were transformed
into backscatter coefficient.
(4)Relationship between backscatter coefficient of rice
and rice growth: Rice growth index of fresh weight,
dry weight, LAI(Leaf Area Index) and height were
measured and compared to backscatter coefficient.
4. METHOD OF ESTIMATING THE PADDY FIELD
AREA
The verification of the accuracy of estimation of paddy
field areas was conducted as follows.
(l)Geocoding: Landsat TM data and RADARSAT data
were projected onto 1 : 50,000 scale topographical
maps. Used map projection of these images was UTM
and map system was Bessel. The resample images
used nearest neighbor method. Resampled pixels were
set to 25m in Landsat TM data and 12.5m in
RADARST data.
(2)Land cover classification : Respective Landsat TM
data with bands 2, 3, 4, 5 and 7 were classified by an
unsupervised method (using ISODATA method), in
which 60 initial classes and 95 per cent convergence
limit were used as parameters. After processing the
data, 60 classes were given to grand truth data and recoded to 8 classes.
(3)Combining two land cover classified images : Using
two classified images of Landsat TM, new classes
were set. The new classes were defined as in Table 1.
(4)Extracting open water : Pixels labeled as open water
were extracted from the land cover classification.
(5)Reduction of classification error in forest area : Pixels
isolated in the forest area and labeled as other class of
forest were re-coded to forest.
(6)Selection of paddy field candidates : Paddy field
candidates were selected from the image processed by
(3), (4) and (5). Paddy field candidates were selected
paddy field, field previously.
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(7)Extracting paddy field candidates : Water was
extracted from the Paddy field candidates
using
processed image as given in (6).
(8)Processing
district identification
file : District
boundaries were read from 1 : 50,000 maps and its
coverage file are created by Arc/Info. Each districts
was identified by ID codes. This vector file was
transformed in to raster file.
(9)Speckle noise suppression : Three methods of speckle
noise suppression were tested and evaluated. These
methods are Lee filter, Frost filter and MAP refined
filter.
(lO)Decision of threshold vale in paddy field : After
processing speckle noise suppression, histograms of
land use were calculated and threshold vale of paddy
field was decided from them.
(ll)Selecting
paddy field areas from RADARSAT :
Using threshold vale of paddy field, paddy field
candidates were selected from RADARSAT. By
overlaid two paddy field candidates that was
processed from RADARSAT and Landsat TM, paddy
field areas were selected.
(12)Sum up the paddy field areas for each district : Paddy
field areas was summed up for each district using
district file.
(13)Selecting paddy field areas from Landsat TM and
comparing : Land cover classification obtained by
processing Landsat TM data acquired on 17 June,
1997 was used for this purpose.

Characteristics of backscatter coefficient were shown in
Fig. 2. In general, urban areas had high coefficient
throughout. High backscatter urban areas were urbanl
and urban2 and in descending data set (July 28) they
were high (about 5 dB) while in ascending data sets
(May 17 and June 27) they were low ( about -5dB ) ..
On the other hand, urban3 and urban4 had high
backscatter in ascending data sets and while low
backscater in descending data . This might have occurred
due to the direction of houses or buildings.
Although, backscatter coefficients of paddy field were
increased from May 17 to June 27 it remain almost
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unchanged from June 27 to July 28. River and pond had
low backscatter coefficients in all three data sets. The C
band of SAR data showed that it is easy to distinguish
paddy field from other land covers, when we use data
obtained during flooded seasons and growing periods.
Backscatter coefficient and rice growth index is related,
especially backscatter and LAI is observed to lineal
relationship(Fig3).
The study fields had complex land usage due to a
mixture corps and growing at various stages. Backscatter
coefficient of field area were decreased from May to
July as the crop grows, ploughed field would be covered
with crop covers.
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Table 3 Comparisionstatistical paddy field area
and the estimated value.

Distance(meters)

Distance(•eters)

Distance (meters)

District
Fukagawa C.
NumataT.
Asahikawa C.
HokuryuT.
Tippubetsu T.
MoseushiT.
Uryu T.
ShintotsukawaT.
Takikawa C.
Ashibetsu C.
Akabira C.
Sunagawa C.
Urausu T.
NakafuranoT.
NieT.
Tsukigata T.
BibaiT.
Furano C.
Total

Dist.nee (meters)

Fig.4 Comparison of filter processing to reduce speckle noise.

Paddy field and water area are were distinguished from
other land covers using TM data set of 12 May, 1995 as
it was the flooded season,. Then paddy field were

NB

A
Stat. Area

B
Est. Area

Rate(%)

A-8
Diff.

6,950
2,550
7,440
2,180
2,320
2,790
2,470
3,660
2,770
1,670
464
609
1,830
1,860
1,550
1,800
6,440
1,260

6,959
2,508
6,952
2,062
2,340
2,901
2,312
3,730
2,993
1,446
469
754
1,699
1,879
1,484
1,646
6,065
1,232

100.1
98.3
93.4
94.6
100.9
104.0
93.6
101.9
108.l
86.6
101.0
123.9
92.8
101.0
95.7
91.4
94.2
97.8

-9
42
488
118
-20
-111
158
-70
-223
224
-5
-145
131
-19
66
154
375
28

50,613

49,429

97.7

1,184

distinguished form water area using TM data set of 8
July, 1993. Combing these two classified data of Landsat
TM, image of paddy field candidates were created.
Digital number of radar brightness for pixels contains
speckle noise. Fig. 4 shows that digital number of
original pixel was varied in same land use. Among three
filtering methods that were tested MAP refined filter
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yielded the best result. Its result shows that homogeneous
area were averaged and that edges of different areas were
detected sharply. This method was adopted in this
analysis.
Histogram of land use after filter processing , are shown
in Fig. 5. Digital number of paddy field and water area
were lowest in them. Only river bed arranged and
covered with grass was not distinguished from paddy
field. Threshold was decided to be 34.
After overlaying paddy field candidates of RADARSAT
and paddy field candidates of Landsat TM,
paddy
field was determined. Paddy field area of 18 districts
were totaled from the number of pixels. The result was
shown in table 3 and Fig.6. The total difference between
statistical area and estimated area was -2.3 %. As
overlaying RADARSAT data and Landsat TM data,
center of Ishikari plain were correspond to each other,
but paddy field that is distributed in high elevation area
was in a different position because of fore shortening
phenomena. As a result, total paddy field area was under
estimated This could have been avoided if it was
geocoded using DTM data.
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backscatter in flooded season. Backscatter of paddy field
increases as rice grows. However, it is impossible to
monitor rice fields precisely due to speckle noise of
SAR data . Combining geographical information system
with SAR data might help solve this problem.
For an accurate estimation of paddy field area under any
weather conditions, use of RADARSAT
data in
combination of paddy field candidates made from
Landsat TM data are very useful. Merely using
RADARSAT data which contains speckle noise results
in low accuracy of estimation of paddy field area. There
are no created paddy field from forest or grass land in
Japan. It is possible to use paddy field candidates made
from Landsat TM every year. However in this study it
became possible for us to estimate paddy field area with
97.7% accuracy. Moreover, this method can be used to
estimate crop area very early on the growing season. One
problem is to correct the fore shortening phenomena.
Further studies are being carried out to improve the
problem caused by fore shortening.

4,000

~

E

-~

REFERENCES

w

2,000

0

2,000

4,000

6,000

8,000

Statistical area (ha)

Fig. 6 Comparisionstatistical paddy field area and
estimatedvalue.

6.CONCLUSION
Using seasonal RADARSAT data, characteristics of
backscatter
coefficient
in agricultural
area were
investigated. As the result, paddy field has low

Kurosu T., Fujita M. and Chiba K.,1997,The
identification of rice fields using multi-temporal
ERS-1 C band SAR data. International Journal of
Remote Sensing,18,14, pp.2953-2965.
Okamoto, K. and Fukuhara, M., 1996, Estimation of
paddy field area using the area ratio of categories
in each mixel of Landsat TM. International
Journal of Remote Sensing,17,9, pp.1735-1749.
Panigrahy, M., Chakraborty, M., Sharma, S. A, 1997,
Early estimation of rice area using temporal ERS1 synthetic aperture radar data - a case study for
the Howrah and Hughly districts of West Bengal,
India. International Journal of Remote Sensing, 18,
8, pp.1827-1833.

161
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ABSTRACT
The paper presents the results of multiple statistical
analysis of soil and crop parameters and the response of
the ERS SAR sensor. The investigation is aimed to
improve the monitoring of crop land changes. The
studies were devided into the analysis of fields under
vegetation canopies and those with bare soils, because
the radar response from the soil surface is different to
the vegetation. The first part of the investigations was
focused on bare soil fields. For this condition the radar
response was considered to be dependent largely on soil
roughness and soil surface moisture. The spatial
distribution of the soil surface moisture was modeled
using climatic and soil property data.
In the second part, representing the main vegetation
period, the radar data obtained were modeled with
simple regression
functions, considering
the
dependence of the back-scattering coefficient on the
vegetation water mass, vegetation dry mass, vegetation
height, total biomass and the volumetric soil surface
moisture.

INTRODUCTION
Crop rotation and crop ratio are increasingly changing.
This general situation in arable farming has a different
course in different regions dependent on the local site
conditions. This differentiation is caused by natural
resources as clima, terrain and soil. But more and more
it becomes dominated by the economical basic
conditions.
The regional cropping practice in no longer predictable
by the natural resources. The practice of site adapted
and therefore regional stable crop rotation and crop
ratio is pushed into the background of farm
management and the crop selection planning is
dominated by short-term oriented maximizing the
economical interest.

This has strong influence to the ecological situation.
The risk of land use depend pollution is increasing. The
risk of erosion, ground water contamination and soil
degradation is changing annually and locally on small
scale.
Fieldwise and site related information about the real
cropping practice is becoming more and more
important to take agropolitical measures against
overproduction on the agromarket as well as to take
environmental oriented measured against regional
pollution.
Using remote sensing technologies the actuality and
density of fieldwise and site related information can be
improved. The first aim therefore is the fieldwise
inventory of crops. This can be realized by satelliteborne monitoring if the availability of satellite images
is ensured over the year. It cannot be guaranteed by
optical sensor wavebands which are not able to
penetrate the clouds. But it is possible to guarantee
frequent time series of satellite images using radar
sensors. These are potentially suitable to record the
local course of seasonal changes in cropping practice.
The seasonal changes of the crop land surfaces are
temporary dominated by the crop stands or by the soil
surface. The crop stand present period (defined as the
time span between certain plant cover and harvest) is
different for all the crops. These periods are typical for
the crops and can be used for crop classification based
on time series of ERS SAR images. The stand of each
crop has typical properties depend on its morphological
phenotype. But also within the fields of each crop the
stands are varying. These differentiations are caused by
crop varieties and the local growth conditions based on
soil and climatic resources as well as on management
practice.
Because the response of SAR from the soil surface is
different to the vegetation both periods have been
investigated separately. The soil surfaces also have
different conditions during the time period they are
visible for the sensor. These conditions are influenced

Proceedings of the 2"JInternational Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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by surface moisture and roughness and are dependent
on soil texture.
The following studies are aimed to analyse the
influences of soil and vegetation parameters and their
combinations on the backscattering signal.

DESCRIPTION

OF MEASUREMENTS

From the year 1996 to now, an extensive set of 32 ERS
SAR scenes (usually 10 per year) was acquired from a
50 x 50 km large investigation area. The chosen area is
located in southern Bavaria, Germany, between Munich
and the Danube river, covering different landscapes
such as a tertiary hilly country, cultivated low moorland, fertile plains and quartary gravel plains (Fig. 1).
Simultaneous to the satellite overpath, ground truth
measurements were made of a set of 30 testfields within
the investigation area. The testfields represent the 5
principal crops in this region: winter wheat, winter
barley, spring barley, rape seed and maize. The chosen
ground truth parameter set includes: vegetation water
mass, dry biomass, total biomass, vegetation height and
the volumetric soil moisture, measured with TDR
(Time Domain Reflectometry).

peculiarities within the fields (incompleness,
crop
disease, waterlogging, etc.).
In addition, field parameters from different ancillary
data sources (in brackets) could be derived: local
1
incidence angle (DEM), row direction
(GIS field

boundaries), soil type, soil texture, physical soil
properties (digital soil map 1:50.000 [l]), spatial
distribution of the daily rain precipitation and
evapotranspiration (Deutscher Wetterdienst) and
volumetric soil surface moisture (modeled with climatic
and soil data; see next page).

SAR DATA PROCESSING
Special care was taken to avoid data distortion by
resampling the original SAR image data. For this
reason, the investigations have been done on single
look complex (SLC) data which are delivered by the
ESA originally in sensor dependent slant range
geometry. For the derivation of backscattering
coefficients (<J"), the latest calibration prescription,
published in June 1998 [2], was used. An inverse
georeferencing program [3] was applied to transform
GIS and ground truth vector data from their original
Transverse Mercator Projection to the SLC slant range
pixel geometry. By overlaying the transformed vectors
over the SAR images the zonal statistical attributes
could be assigned to each polygon on a field basis. To
avoid disturbing field boundary effects, all polygons
were buffered before with a negative buffer-distance of
20 m ("' 1 SAR pixel). Further, only those pixel were
considered which are completely enclosed by the
polygon outline. The averaged backscatter intensity of
those pixels were finally related to the ground truth
parameters.

APPROACH FOR BARE SOILS

Fig. I: Location of the study region

Besides the field measurement data, a comprehensive
ground truth data base consisting estimated data was
established for another 465 fields spatially spreaded
over the investigation area. This data base contains
additional categorized parameters of the vegetation
cover and the soil surface: vegetation coverage (5
classes), vegetation height (11 classes), leaf orientation
(6 classes), vegetation developmental stage (18 classes),
ear orientation of cereals (6 classes), ear length of
cereals (3 classes), tillage (10 classes), soil roughness
(5 classes) as well as different vegetation and soil

The C-band response from bare soils depends largely
on the soil roughness and the soil surface moisture as
long as the terrain effects are neglectable. To retrieve
the soil roughness contribution of the signal from bare
soils, all influences contributing to the main signal,
apart from the soil roughness have to be eliminated.
This was realized by finding the corresponding
relationship between the backscattering coefficient and
the modeled volumetric soil surface moisture.
Assuming that

ao = aBo-s +b
1

(1)

Considered to be equal to the direction of the longest
axis of a field polygon.
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where
er backscattering coefficient (dB)
00-s volumetric water content between the soil surface
and the depth of 5 cm (m' m")
a
slope of the regression line (dB I m' m")
b intercept of the regression line (dB)

er can be directly corrected when the soil moisture
content of the 5 cm top soil layer is known.
After the correction of the moisture effect, the
remaining backscatter should only be sensitive to the
roughness of the soil surface. The roughness can then
directly be correlated to a specific soil management or
tillage. For testfields outside the flat gravel plains north
of Munich, a relief correction according to the moisture
correction, using the mean local incidence angle of the
field, had to be performed.

SOIL SURFACE MOISTURE MODEL

2. The amount of the daily climatic water balance
leads to a fill up (CWB > 0) or an emptying (CWB < 0)
of the available water capacity A WC (pF 1.8-4.2). The
bound water (pF > 4.2) was considered to be a constant
of the soil type. Both parameters, the available water
capacity and the bound water of the 5 cm top soil layer
were derived from physical soil properties stored in a
Soil Information System based on the digital soil map
1: 50000 [1]. To obtain the actual soil surface moisture
of the image acquisition day the daily changes of the
top soil moisture content had to be balanced starting
from an initial day with a definated soil water content.
This initial day was found by searching for either a day
after a longer period of evaporation (A WC= 0) or a day
after a longer period of infiltration (A WC = 100%). In
those cases where the balance of the actual soil water
content exceeded the total water capacity a surface runoff was assumed and the AWC remained on it's 100%.
The content of coarse soil was taken into account by
non-linear correction term cs, which reduces the
volumetric soil surface moisture:
n

The soil surface model is based on the daily change of
the climatic water balance in consideration of the
available water capacity of the first top soil layer from
0-5 cm. It is considered that the radar (5.3 GHz) is
primarily responding to the moisture of this layer
(approximately 0 - 1 cm for wet soils and 0 - 5 cm for
dry soils) [3].

ASMad =AWC;J*cs+

i=O

(3)
where

AWCid
1. In a first step the daily precipitation was interpolated
between 45 meteorological stations within the
investigation area using geostatistical kriging methods.
Accordingly the potential evapotranspiration was
calculated with data of 9 available meteorological
stations based on the empirical equation by Haude [4].
Due to the low spatial variability of the calculated
evapotranspiration, these values had to be interpolated
by creating simple Thiessen polyons. The regionalized
daily precipitation and evaporation rate, covering the
entire investigation area, was calculated for 9 preceding
days of each ERS overpass. The daily climatic water
balance resulted in:
CWBad-x = pad-x - ETPad-x
where
CWB
p
ETP

ad-x

daily climatic water balance (mm)
daily precipitation (mm)
daily evapotranspiration (mm)
preceding day x (with x from 0 - 9) of an
image acquisition day (day of year)

(2)

LCWBad+i

n

actual soil water content of the image
acquisition day (Vol.%)
available water capacity of the initial day
(mm)
correction term for coarse soil content (mm)
climatic water balance of the image
acquisition day (mm)
number of days between initial day and
image acquisition day

3. The model was validated for each date in the ERS
time series by TDR measurements which were made on
the 30 testfields. Therefore the model was run with a
chosen depth of 10 cm (according to the length of the
TDR TRIME tube). The comparison between measured
and modeled soil moisture for the 2th March 1997 is
shown in Fig. 2. For other dates of the time series the
modeled soil surface moisture showed also good
agreements to the measured values (r2 > 0.8). The mean
deviations between measured and predicted moisture
content ranged between 2.8 and 4.2 Vol. %,
considering all image acquisition days of the time
series 1997.
The observed mean variations between measured and
modeled values are caused by soil heterogeneities
within some testfields. The model had a high sensitivity
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to the water capacity of the initial day when drought
conditions were assumed. In these cases the initial
water capacity of silty and loamy soils were set on an
estimated 40% A WC. Fig. 3 shows the modeled soil
surface moisture for 18th October 1997, assuming
overall bare soils.
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RESULTS FOR BARE SOIL ANALYSIS
For a preliminary assessment of the moisture effect on
the radar response, correlation and regression analysis
were carried out first with the data of the 30 testfields.
Considering the whole time series 1997 no significant
correlations between cr0. the TDR-measured soil
moisture and the estimated roughness class were found.
A groupwise analysis of the data for each acquisition
date showed improved results, but the number of cases
(6 < n < 8) were to small for significant statistical
statements.
In a second step the correlation and regression analysis
were performed on 168 fields using now the mean field
values of the modeled soil surface moisture, the
estimated roughness class, the mean local incidence
angle, the mean soil texture group, the sum of rain
precipitation of 4 preceding days and the row direction
of tillage. Using a stepwise regression method, the soil
moisture (r = 0.38) was the only variable in the final
regression function due to the low correlations of the
other parameters (r < 0.22) with the backscattering
coefficient. Further analysis were performed deviding
the data set into 3 principal soil texture groups: sandy,
loamy and coarse soils. Especially for loamy soils the
groupwise correlations showed improved results with a
correlation coefficient r = 0.64 between cr0 and the soil
moisture. An impact of the soil roughness on the radar
response was only found for sandy soils (r = 0.49). For
loamy and coarse soils this impact was remarkable low
(r < 0.1). The results of separated soils group analysis
show that cr0 is dependent on the soil surface moisture,
both measured and modeled. A soil texture effect is still
visible. Moisture has more influence on cr0 on loamy
soils than on sandy or coarse soils. For sandy soils the
occuring roughness of the soil surface was found to be
significant (r = 0.49) but not for loamy soils. The
influences of surface moisture and roughness of soils on
the backscattering coefficient are different for different
soil textures.
Comparing the found correlations between modeled soil
surface moisture vs. cr0 and the sum of rain
precipitation of 4 preceding days vs. cr0 [4], a general
improvement of the results could be achieved using the
modeled soil moisture values.

VEGETATION ANALYSIS

1-i nodata

Fig. 3: Spatial distribution of the volumetric soil
moisture (Vol. %; 0 - 10 cm layer) of 18th October
1997, assuming overall bare soils. Scale » 1 : 450000.

The effect of vegetation is to attenuate the microwave
emission from bare soils. This attenuation depends
mainly on the mass of vegetation and the wavelength.
The vegetation cover also adds to the total radiative
flux with its own emission [5]. This additional
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component
becomes
more
influential
with an
increasing
roughness
of the vegetation
canopy
structure. The effects of vegetation roughness itself is
dependent on the instrument incidence angle, the
polarization and the frequency whereas a higher
penetration depth for vertically polarized data was
found [6].
In this case study the time-variate impacts of the two
principal plant parameters dry biomass and
plant
height on the radar backscattering coefficient were
investigated for the above mentioned principal crops.
The parametre dry biomass was expected to determine

cl during the early growth stages of a crop. After a
distinct phenological stage it should be the plant height
which influences the radar response, describing the
roughness of a vegetation canopy.
The measurement of dry biomass is very time- and costintensive. Due to that fact, it was investigated:
• whether the parameter dry biomass is derivable
from the parameters plant height and EC-growth
stage and - if yes • similar correlations between the derived dry
biomass and the backscattering coefficient can be
found according to the results based on measured
data.
Categorized data of the plant height and the EC-growth
stage were recorded from 465 testfields.

ANALYSIS OF ERS TIME-SERIES
The results of backscatter time-series for different crops
are illustrated in Fig. 4.
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a clearly visible attenuation during the months of
March until end of May according to the increase of the
soil coverage and the vegetation biomass. A minimun
of cr0 is reached on the 151th julian day (31st May). This
date marks the stage of heading for winter wheat and
the beginning of the flowering for most of the winter
barley fields. After that date the canopy morphology is
dominated by vertical stalks and ears.
In contrast to cereals, maize and root crops are
characterized by a more balanced seasonal cr0 pattern.
Also field-to-field variations were found for maize,
sugar beet and potato which can be attributed to their
interdependence with the row direction towards the
sensor [4].

RESULTS BASED ON MEASURED DATA
The measured dry biomass of each cereal crop was
correlated to cr0 considering the time span until the
151tl1day of the year (31st May). In that period of time,
the observed decrease of the backscattering coefficient
is strongly related to the increase of the dry biomass.
The fitted curves in the scatterplot (Fig. 5) show nonlinear courses of the regressions (log e) with a higher
gradient in the early vegetation period. The strong
decrease of cr0 seems to be correlated with the
increasing degree of soil coverage during the month of
March and April when still bare soil contributes to a
high signal response. When a full vegetation cover is
reached and the plant growth is dominated by vertical
elongation, the measured increase of the leaf area index
leads to a saturation of the signal attenuation (Fig. 5).
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Fig.4: Temporal backscattering profiles for 8 main
crops derived from 176 fields

Fig. 5: Correlation between the dry biomass and the
backscattering coefficient for three cereal crops during
a time span from March to May.

Each point represents a mean d' value of about 20 to 40
test fields per crop. For cereals the mean backscattering
time profiles show a very similar seasonal pattern with

Also for rape seed, which has an approximately 4
weeks advanced development stage compared to the
winter cereals, the dry biomass is statistically correlated
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to the backscattering coefficient. Until the beginning of
the flowering the dry biomass is the most representative
plant parameter to describe the backscattering signal
(R2 = 0.77) on rape seed fields.
A lower sensitivity of cr0 to the dry biomass was found
for maize and potatoes. In the early growth stages
(before canopy closure) potatoes show good agreements
with the row direction of the seed dams. As Fig. 6
shows an increase of cr0 by 4 to 6 dB when the radar
beam hits the rows orthogonally (dams are aligned in
azimuth direction of the satellite).
Also after canopy closure it is difficult to find plant
parameters which correlate with cr0, because many
potato fields have mixed varieties with different
phenotypes and partial harvesting dates.
Compared with cereals, maize is a stem-dominated
crop and has therefore completely different scattering
characteristcs. In contrast to potatoes only a low
sensitivity of cr0 to the plant row direction was found
for maize (R2 = 0.34; n = 48). In those cases where the
radar beam is aligned with the plant row direction the
backscatter is considered to be more influenced by the
soil surface properties and correlations to the measured
soil moisture were found. Concerning the parameters
plant height and dry biomass no statistical correlations
with the radar response could be found.
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the plant geometry and orientation statistics of the
multiple scatterers.
As Fig. 4 demonstrates, a uniform increase of cr0 for
cereals was found'. With the increasing roughness of
the canopy structure the vegetation cover adds with its
own emission to the total radiative flux. The radar
backscatter which is composed of four principal
components, direct, reflected, direct-reflected and
surface scattering [5] seems now to be dominated by the
direct-reflected term. The only measured plant
parameter in the ground truth data base which might
contribute to describe the roughness of the canopy
structure is the plant height. The found correlations to
cr0 range between R2 = 0.15 and 0.53. This underscores
that the complexity of the backscattering mechanism
during these growth stages could not be captured with
the available set of plant parameters. Combinations of
parameters, analyzed in multiple regression models,
could also not describe the backscatter during that
period. Further studies will be undertaken to describe
the crop stand properties as they are relevant for the
backscattering signal pattern.

RESULTS BASED ON ESTIMATED DATA
The found correlation coeffients between dry biomass,
plant height and EC-growtll stage ranged from 0.91 to
0.94 for cereals (Fig. 7) and from 0.80 to 0.87 for
maize and rape seeds.
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Fig. 6: Correlation between look direction and the
backscattering coefficient for potato fields with a soil
coverage less than 40%.
Regarding the period after the flowering (generative
period) correlations with the dry biomass were no
longer found. One reason might be tnat the dry biomass
increase reaches a saturation weight and the absolute
differences of the dry biomass between the SAR
acquisition dates become smaller. More significant than
the biomass effect seems to be the clearly visible
changes of the canopy morphology and related to that
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Fig. 7: Correlation between dry biomass and plant
height for three cereal crops

2

To some amount, the high cr0 values measured at the
acquisition day 186 resulted from intercepted water
droplets on the plants due to heavy rainfall during that
image acquisition.
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To derive the parameter dry biomass, multiple linear
regression functions were calculated for each individual
crop using the plant height and EC-growth stage data.
The found correlations between cr0 and dry biomass,
which are now based on a much broader data base, are
listed in Tab. 1. The considered time spans of each crop
are in accordance to the time spans used for the
measured data.
Tab. 1: Correlation coefficients between
biomass for 5 principal crops

-·~!'?~----

- 0.84
- 0.86
- 0.74
- 0.35
- 0.58

The studies are carried out in the framework of EMAP
(ERS SAR Data for Monitoring Agricultural Land Use
as a long-term Project). EMAP is equally financed by
the German Space and Aircraft Establishment (DLR)
and the German Federal Department of Agriculture
(BML).
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According to the results of the measured data, good
agreements were found for cereals only. The results
underscore that the relationship between the backscatter
coefficient and the dry biomass is also significant when
estimated ground truth data are used. Further the
results show that an upscaling from measured to
estimated data is possible.

CONCLUSIONS
The results showed that a differentiated investigation of
bare soil periods and crop stand present periods are
necessary.
Concerning bare soils it was not possible to isolate the
influences contributed by the soil surface moisture from
those caused by the soil roughness. Interdependences of
both effects with the soil texture were found. It has to
be evaluated, whether the present ground truth
parameter set is sufficient to describe the complexity of
the radar signal from bare soils.
Concerning the vegetation analysis it was found that for
cereals and rape seed the backscattering coefficient can
sufficiently be described by the dry biomass. Maize and
potato show clearly visible correlations with the row
direction. These results were confirmed using the
categorized estimated ground truth data. Consequently
reductions of the ground truth parameter set are
possible without a significant loss of information.
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Crop Growth Monitoring by SAR Time Series :
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ABSTRACT
The REDCEMS project (Radar Extracted Data for Crop
Early Monitoring Systems) carried out in the framework
of the Data User Programe (ESA) is based on the
analysis of the temporal signature of the variation
coefficient averaged on a minimum number of fields.
Five different SAR times series including 57 images
acquired from various configurations were compiled
and related to the crop stages observed from the field.
The drop of the mean variation coefficient
systematically observed for the VV polarisation data
corresponds with to the canopy closing date for the
maize and the sugar beet. The results also illustrate the
significant influence of the acquisition time and of the
local incidence angle in SAR times series.
INTRODUCTION
The potential contribution of SAR times series to the
crop monitoring has been demonstrated by various
studies [1], [2] and [3]. In the context of the global
market there is an increasing demand from the agribusiness industries for improving and developing crop
monitoring systems. However operational use of SAR
images has yet to be integrated in existing information
systems.

Sugar Beet (IRBAB) any forecast system should deliver
the production estimation in September at two
aggregation levels : the national level and the factory
level. In The Netherlands a nation-wide forecast system
is based on an agrometeorological model divided in two
phases by the canopy closing date. The forecast system
requires the mean sowing date and the canopy closing
date for each district in addition to the meteorological
data. This closing date actually corresponds to the
physiological stage of 4 gr. of sugar per plant.
For the maize the information needs is related to the fact
that no official figures on maize production currently
exists in Belgium. Most of the maize production never
reaches the market and the total production is not
estimated. However, the direct use of concentrated
cattle feed, depends on the forage maize availability.
The cattle feed industry needs some information about
maize production and it is currently using very coarse
estimations in order to organise their food import and
production. The Maize Research Centre has adjusted a
maize oriented crop growth model, namely CERES, to
Belgian conditions and can provide some yield
prediction based on field observations distributed over
Belgium. The yield estimation for the maize should be
available for early September at the regional level.
OBJECTIVES

The REDCEMS project (Radar Extracted Data for Crop
Early Monitoring Systems) carried out in the framework
of the Data User Programme initialised by the European
Space Agency is based on a detailed analysis of the enduser information needs and their specific requirements
(time delivery, aggregation level, reliability). This
project intends to develop a processing chain of SAR
time series which will lead to the determination at a
regional level of the canopy closure date of two major
European crops (sugar beet and maize). This specific
parameter was found a key indicator of the crop status
and can be used as input in the existing monitoring
systems of the concerned agribusiness industries.
For the sugar beet the current yield forecast accuracy
varies from 5 to 10 %. In Belgium, each sugar factory
carries out its own yield forecasting at the local level
and based on field sampling (1 sample per 100 ha)
repeated for three periods (from early August to midSeptember). According to the Royal Institute for the

Previous results obtained for 1995 using ERS time
series have illustrated the capabilities of the SAR
sensors to detect the canopy closing date for the maize
[4]. This study aims to document the robustness of the
detection for different gorwing seasons, for different Chand sensors and for different crops.
Furthermore an operational use of such source of
information requires a better temporal resolution than
the 35-day revisit cycle of the ERS satellite. Thanks to
the overlap between adjacent orbits the temporal
resolution can be increased to I6 or 19 days for high
latitudes as the Northern part of Europe. The integration
of ascending and descending images would provide a
resolution of up to 6 or 13 days for the ERS sensor and
to 3 or 14 days for RADARSAT sensor. In the
perspective of such temporal resolution improvement
the study investigates the influence of the acquisition
configurations, i.e. from adjacent orbits and from

Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Datafor Land
Applications, 21-23 October 1998, ESTEC. Noordwijk, The Netherlands (ESA SP-441, December 1998)

170

ascending or descending
consistency.

mode, on the time series

METHODOLOGY
The time series including four different orbital
configurations,
were built using a dedicated preprocessing chain described in [5]. This chain includes
an advanced geometric correction method taking into
account the scene topography and the orbital parameters
of the satellite [6].
The data interpretation is based on the temporal change
of the mean variation coefficient over the growing
season. For each growing season two temporal profiles
of the mean variation coefficient are respectively
extracted from the SAR time series from two sets of
field, i.e. maize and sugar beet, identified and located by
ground observation.

CV

the mean variation coefficient for the M
fields.

STUDY AREAS AND DATA SETS
The field campaigns corresponding to the three growing
seasons cover different areas all included in the Belgian
region of intensive agriculture and located in the
overlapping area of the 4 ERS images. The region is
mainly composed of agricultural fields with a mean size
of 7 ha. The soil of this large agricultural zone is a
Pleistocene loam deposit.
The relief is slightly
undulating with sharper slopes following the
hydrographic network. The terrain's altitude varies from
47 to 297 meters and the mean altitude is of about 136
meters.

The signal amplitude recorded over a field shows a
large variability as long as this is mainly influenced by
the soil conditions, i.e. roughness and moisture. The
effect of the growing vegetation progressively reduces
the heterogeneous soil impact on the signal. This
variability sharply decreases with the development of
the vegetation until the crop canopy closes.
According to the statistical properties of radar images
the variation coefficient is related to the target
heterogeneity.
The standard deviation of a target
without texture is proportional to the mean and the
variation coefficient is a constant. For a textured target,
the variation coefficient increases with its heterogeneity.
The mean variation coefficient (Cv) of a set of field is
computed as follows :
1

s=

N

N-t';~{(cro}-cr0J

cv.1 =-s

(1)

(2)

co

M

Cv = lCVj

(3)

j=I

with:

s
the variance of the considered field,
N
the number of pixels in the field,
(oo), the backscattering coefficient for the
pixel i,
crO the mean of the backscattering
coefficient for the considered field,
CVj the variation coefficient for the field j,

Figure I: The study areas corresponding to the various
field campaign.
Field campaigns provide ground information about
maize and sugar beet crop development. The minimum
size of individual fields considered for the study is 3
hectares in order to get reliable signal statistics. The
canopy closing date corresponds to a phenological stage
observed from the ground when the size of the
horizontal projection of the leaves which are orthogonal
to the rows is greater than or equal to half the distance
between the rows (figure 2).
The study is based on three ERS-1 and 2 time series
acquired in 1995 (14 images from April to October),
1996 (11 images from March to August) and 1997 (9
images from May to August). A RADARSAT time
series were also acquired in 1997 (13 images from June
to August) over the study area. A mosaic of SPOT
images serves as the master image for the ground
control points collection and a DEM were generated
from a regular 40-meter grid of quoted points.
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Four georeferenced time series including the various
configurations were processed with a very high
geometric accuracy ( 1.5 pixel) in order to provide the
field statistics. The mean and the standard deviation of
the backscattered signal for each field were extracted for
each date using vector files containing the parcel
boundaries and a I-pixel buffer zone to reduce the
border effect. No radiometric correction was not
applied since only the time profile of the variation
coefficient is used in the interpretation scheme.
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I
'

0.35

-~[\

---- -- ~163\J1,. \

103'
0,33
0,32
0,31

!13
0.3 1--------------110

Figure 3 : Canopy closing date for the maize and
temporal profiles of the coefficient of variation
averaged from 40 fields for the 1995 (a), from 27 fields
for 1996 (b) and from 56 fields for 1997 (c).
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The figure 3 shows the evolution of the average
coefficient of variation for the maize from 40 fields in
1995, 27 in 1996 and 56 fields in 1997. The canopy
closing period as observed from the ground is also
reported on the graphs. The figure 4 illustrates the same
results for the sugar beet from 89 fields in 1996 and 148
in 1997.
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These curves seem to follow the same overall pattern
with three different phases. The coefficient of variation
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values are variable and rather high until the beginning
of the growth phase. This is related to the heterogeneity
of the bare soil and the row orientation. Then they
strongly decrease to a lower level and remain low after
the canopy closing period.
This characteristic pattern of the coefficient of variation
is not clear on temporal signatures of single field but
appears when it is averaged on several fields. The
aggregation level of the information, i.e. the minimum
number of field necessary to retrieve the
canopy
closure date, appears compatible with the end-users
requirements.

series is much higher when considered separately
(figure 6). The acquisition time corresponding to the
two modes, i.e. 5:30 a.m. for descending and 5:30 p.m.
for the ascending, seems to have a significant impact on
the amplitude signal. This can be explained by the large
difference in moisture conditions due to the dew on the
canopy for early morning orbits.
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The 1997 ERS and RADARSAT time series were
compared for the sugar beet (figure 5). The profiles of
the coefficient of variation highlight a much bigger
sensitivity of the VV polarisation with regards to the
vegetation biomass than the HH polarisation.
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Figure 6 : Time series of the signal amplitude over
maize fields (n=156) respectively acquired by the
descending (dotted line) and the ascending (continuous
line) mode ofRADARSAT in 1997.
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The integration of various orbital configurations include
in a single time different local incidence angle for a
given field. The influence of this shortcoming is
assessed for the VV polarisation. The curve reported in
the figure 4b is split into separate time series according
to the ERS orbits (figure 7).
The coefficient variation drop observed after the canopy
closing date, i.e. between the days 165 and 184, occurs
for the three different orbits. The separate time series
appear significantly smoother than the integrated one.
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Figure 5 : Comparison between HH and VV polarisation
for the sugar beet time series in 1997. The coefficient
of variation is averaged from 148 fields for VV
polarisation time series and from 268 for the HH
polarisation time series.
Acquisition time influence
The integration of the ascending and descending modes
of RADARSAT in a single time series allows to
increase the temporal resolution.
However the
consistency of both ascending and descending time

The comparison between the figures 4b and 7 illustrates
the noise level induced by the combination of the
various configurations in a single time series. This
noise level does not affect the canopy closing date
detection. On the other hand the integration of all the
orbits improves significantly the temporal resolution.
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require to reduce the time series noise by including local
incidence angle correction.
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PERSPECTIVES
These results correspond to an on-going project and
must be considered as preliminary. The 1998 growing
season must still be processed to be related to an
extensive field campaign over a large area also
illustrated on figure 1.
The already available time series from ERS SAR
sensors demonstrate the feasibility of the integration of
various orbital configurations
for crop monitoring
purpose. The coefficient of variation seems particularly
relevant for such monitoring using high temporal
resolution time series. For the three available years a
systematic drop of the coefficient of variation can be
related to the crop development. For 1996 as for 1997
the coefficient variation decreases earlier for the sugar
beet than for the maize. This shift corresponds to the
respective crop development phase where the canopy
closure occurs earlier for sugar beet than for the maize.
The RADARSAT contribution seems rather limited in
this interpretation scheme.
The HH polarisation is
slightly sensitive to the crop development but in a more
continuous way. No radical change in the coefficient of
variation has been detected. A different interpretation
approach must be considered to make use of the
RADARSAT data.
In addition the difference in
moisture conditions
between early morning and
afternoon passes does not allow to combine the
ascending and the descending acquisition modes in a
single time series.
Further research
should contribute
to a better
understanding of the coefficient of variation profile. A
modelling research will support this empirical approach
in order to document more precisely the relationships
between the vegetation stage and the SAR derived
temporal signal. The operational perspective may also
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ABSTRACT
This paper reports on a preliminary set of results using
ERS SAR imagery of agricultural crops in Flevoland to
study the stability of multi-temporal radar signatures
from one year to the next. Direct comparisons of the
crop signatures from one year to the next are made to
derive limits on their stability and account for the
differences between them. The cause of sharp rises (of
several dB) in multi-temporal signatures of some crop
types is linked to rainfall and freezing. However, there
also seems to be a link between the imaging geometry
and the increases in intensity - multi-temporal signatures
composed of images from different orbit tracks can look
different to those derived from a single track. Model
simulations of rainfall and incidence angle change
confirm the plausibility of these mechanisms and
emphasise the importance of correcting for them. The
possibility of timing critical phases of the crop growth
cycle is highlighted using field-to-field variations with
particular regard to the emergence of sugar beet.
The inter-year comparison also allows us to make
generalised comments regarding the performance and
stability of crop classification algorithms from one year
to another. Only summer months are consistently
identified as helping to distinguish broad-leaved crops
from cereals. There is some evidence that other times of
the year assist in distinguishing specific crops but this
evidence is not stable from one year to another.

On a more practical level, one of the principle
requirements of the routine use of SAR data for
agricultural crop classification or crop monitoring is
robustness. Natural variations in the state of the
vegetation-soil system from one field to another will
feed through directly into fundamental limitations on the
performance of analysis techniques and these variations
can occur both spatially (within a site or image) and
temporally (from one year to the next). In this paper,
both these issues are addressed by accounting for the
inter-year variations of agricultural crop signatures with
the aim of placing limits on their stability over a four
year period.
DESCRIPTION OF THE DATA
The data used is composed of 70 ERS SAR PRI images
of the Flevoland agricultural site, over the period 1993
to 1996. The images have all been calibrated [2] and,
though ADC saturation corrections have not been
applied, they are believed to amount to not more than
about 1.5 dB underestimation of the backscattering
coefficient on some of the very brightest images [3]. The
images have also been registered by simple (polynomial)
warping on a year-by-year basis. For a site as flat as
Flevoland, this mainly amounts to translations and
rotations. Crop maps for each year have enabled us to
extract field-averaged signatures for the principle crops
in the area - here we focus on wheat, sugar beet,
potatoes, barley and grass.

INTRODUCTION
Though we have come some way towards understanding
the form of multi-temporal ERS SAR signatures for
agricultural crops [1] we are not yet in a position to be
able to account quantitatively for the differences that are
found from one site to another and from one year to
another. These are usually attributed to differences in
soil type, soil preparation, rainfall, duration of the crop
growth cycle and it is expected additional information
needs to be used in order to interpret the signatures
correctly and relate them to the crop growth cycle.
Implicit is the assumption that there is a multi-temporal
profile that can be interrogated with radar observations
though this profile may be obscured by external effects.
It is not yet clear which features of the multi-temporal
sequence are characteristic of the crop itself and it is
certainly not obvious how the external effects can be
removed so that the underlying signature can be
reconstructed.

In addition to the image data we also have hourly and
daily records of rainfall over the area and measurements
of the state of the crop throughout the growing season.
COMPARISON OF THE SIGNATURES
In Figs. 1 to 4 we show the signatures for each of the
years 1993 to 1996 respectively. In each case we show
just the average of the field-averaged values for each
crop type - these are derived from between ten and fifty
fields for each crop type. The mean profiles shown
typically have a standard deviation (associated with
field-to-field variations) of 1-2 dB. Several authors have
indicated that the standard deviation associated with
field-to-field variations may carry additional information
relevant to wide area monitoring. An outline of this idea
and some of the findings from these datasets are given in
a later section.
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Fig. 4 Field averaged crop signatures for I996

The I993 data in fig. I have been given previously [4]
and are shown here for completeness. It is immediately
apparent from these that though the mean signatures of
each crop type are fairly similar from one year to the
next, there are also some dramatic differences. Chief
amongst these are:-

Other features of the figures that we wish to highlight
are (i) the mid-season trough for cereals is not
pronounced in the 94 data and is perhaps only just
appearing in the 96 data, (ii) grass is almost always the
darkest of the vegetation types, especially during autumn
and winter, (iii) the dense crops (sugar beet and
potatoes) are nearly always brighter than the other
vegetation types except during April of 1996 when they
are the darkest, (iv) barley and wheat often have similar
profiles - however, during May of each year, there
seems to be some evidence that the barley signatures are
brighter by about 2 dB.

spikes of about 2-3 dB in the signatures in I993,
very large increases (up to 10 dB) in 1994 and a
general "spikiness" late in the year,
bright signatures at the start of I995,
large changes in signal brightness (by up to I0 dB)
in early I996.
As pointed out earlier, the general presence of spikes in
the multi-temporal signatures is not believed to derive
from ADC saturation [3]. This corresponds to an
underestimation of the backscattering coefficient (of
rarely more than I.5 dB for most land scenes) and
occurs where a large part of the SAR footprint has a
high backscatter. If anything, it would accentuate the
spikes in Figs. I to 4.

Accounting for the differences from one year to the next
is by no means easy. There are two external influences
on the signature that we focus on, namely, the effect of
rainfall and of imaging incidence angle. In advance of
these the effect of temperature is highlighted (for one of
the imaging dates) and a set of simulations of the
backscattering profiles is given that will serve as a
baseline for probing the specific variations highlighted
above.

177

THE EFFECT OF TEMPERATURE
The large changes in signal brightness in early 1996
(Fig. 4) can most likely be linked to freeze/thaw. In late
January the temperature has fallen to approximately I0°C. The associated freezing has the effect of
drastically diminishing the amount of power scattered
back to the radar (by about 7 dB). This is followed by a
rise in temperature so that by mid February the signal
has increased to more than its former level, probably the
result of thawing. We do not yet have access to a
complete record of temperature throughout the four
years and so cannot at the present time determine if
freezing consistently leads to similar brightness changes.
MODELLING THE MULTI-TEMPORAL

PROFILES

In order to demonstrate the plausibility or otherwise of
any mechanism to account for the form of the multitemporal profiles, one needs to have a physical model
that allows predictions of the backscattering coefficient
to be made. One also need to have a set of in-situ data
that represent the temporal development of the crops
and can be used to drive the model.
As we do not have access to sufficiently detailed in-situ
measurements for each year, throughout the growing
season, we instead make use of a set of data that are
intended to be "representative" of the growth of the
crops [5]. These have been used to drive the RT2
second order radiative transfer model [6] which treats
the vegetation as a layer of elliptical discs or finite
cylinders. Figs. 5 and 6 show simulations of the
backscattering
profiles for wheat and sugar beet
respectively. The solutions shown in Fig. 5 and 6 are
calculated to first order (which is adequate for C-band,

VV polarisation). The sugar beet is treated as a layer of
flat elliptical discs whilst the wheat is a layer of (near-)
vertical cylindrical stems and thin (elliptical) leaves.
Where the wheat heads have emerged, these have been
included as an additional second layer and are modelled
as (near-) vertical cylinders. The representative ground
data cover the period day 120 to 240 (May to August).
We have also added an additional data point at day I00
(early April) which we treat as bare soil. The data points
in Figs. 5 and 6 are the observed values for all four
years.
The comparison of the model representation and the
observed data is quite good for the sugar beet fields. For
the wheat fields, the model representation captures the
"trough-like" behaviour of the observed multi-temporal
profile. However, it seems to underestimate the total
backscattered power at the lowest point of the trough.
The underestimation of the scattered power has been
found elsewhere [7] and suggests that representing the
wheat heads as vertical cylinders is not correct. During
the mid-season the returned intensity is dominated for
the most part by the upper layer of wheat heads though
there is a residual dependence on the ground through
interactions which scatter from the vegetation canopy
onto the ground and vice versa.
To probe this further, in Fig. 7 we show the dependence
of the C-band scattering on the mean inclination angle of
the wheat heads. At 0° (which is the value used in the
simulation of Fig. 6) the scattered power is relatively
low but increases quite rapidly to a maximum near 70°.
This is a physical effect and corresponds to the
maximum in the radiation pattern when a cylinder is
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Fig. 5 The simulated multi-temporal profile for wheat
and the observed (field-averaged) backscatter for years
1993-96.

Fig. 6 The simulated multi-temporal profile for sugar
beet and the observed (field-averaged) backscatter for
years 1993-96.
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With the radiative transfer model and the associated
model inputs for wheat and sugar beet, we are in a
position to discuss possible mechanisms for the effect of
rainfall and also (fairly simply) investigate the effect of
imaging the crop canopies at different incidence angles.
In the following sections the modelling results are
described and an account of how they relate to the
observed radar signatures is given.
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THE EFFECT OF RAINFALL
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Fig. 7 Backscatter coefficient for wheat as a function of
mean inclination angle of the wheat heads.

We do not yet have complete records of the rainfall for
199516 and can therefore only compare the 93 and 94
signatures with rainfall.

illuminated normally to its axis. For the ERS SAR
simulations this means that the maximum will occur at
approximately 67°. (Note that we are not saying that all
of the cylinders are normal to the incident radiation,
merely that a greater proportion are than when they are
all vertical.) The rapid increase in the scattered power
shown in Fig. 7 has two important implications:-

Figs. 8 and 9 show the mean multi-temporal signatures
(which duplicate Figs. I and 2) along with histograms of
the daily rainfall throughout the year. The timing of the
image acquisitions are also shown (marked by arrows).
The principle points that we wish to make about these
are the following :-

(i) as far as theory is concerned, the predictions will be
very sensitive to the orientation distribution used to
model the wheat heads,
(ii) if this physical effect really does represent nature,
then we would expect that as the heads of cereals tilt
away from normal, the scattered power should increase.
Not only this but we would expect the effect to be more
noticeable at shorter wavelengths (X-band) and less
noticeable (if at all) at longer wavelengths (L-band).
The adequacy of representing wheat heads as vertical
cylinders still needs to be confirmed with further

1993
Both the third and fourth passes (during March)
occur two days after a small amount of rainfall. On
the third pass the signal for all crops consistently
rises by -2 dB but on the fourth pass there is no
evidence of a rise.
During mid-May the cereal signatures consistently
rise by 2 or more dB but the only rainfall near this
was 6 days before.
Most of the passes later in the year occur on rainy
days. Some of them have extremely strong rainfall
but there is no evidence of strong increases in signal
brightness.
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1994
The third pass (mid-May) exhibits a strong increase
in brightness (by up to 8 dB) and seems to match a
period of rainfall.
The fourth pass follows a period of several days
rain (and in fact it is still raining on this day) but the
signal has fallen back to its former level (up to an 8
dB decrease).
The cereal and broad leaved crops exhibit
substantial (2 or more dB) rises during mid to late
June. The wheat signatures consistently (over 30
fields) rise by about 4 dB. The only accompanying
rainfall was between two days (0.2 mm) and four
days (up to 6 mm) previously.

water droplets in the vegetation are Rayleigh scatterers,
the total extinction coefficient is

(2)

where y = (e-1)1( e+2)
coefficient due to the
symbol k0 is used to
incident radiation. The

for permittivity s. The extinction
vegetation is kev. Note that the
denote the wavenumber of the
backscattering term Qback is
(3)

The main problem here is one of consistency - how is it
that apparently strong rainfall can be linked with large
rises in the backscattering coefficient on some dates but
not on others ? And if the signal rises by several dB
(consistently over many fields of that crop type) but
there is little or no associated rain is this related directly
to the crop?
Though we have demonstrated that there seems to be a
link between the backscattered power and the rainfall,
we cannot account for these inconsistencies without a
model. We are currently pursuing this with related work
using SIR-C data. Approaches to this include treating
the rainfall as a cloud of water droplets in the vegetation
canopy [8], as a highly reflective surface (ground) or as
in increase in soil moisture. A more sophisticated idea is
to treat the rain droplets as a reflective "skin" around the
leaves [7]. In the following, a preliminary treatment of
the first two of these mechanisms is given along with
some comments on ways to distinguish them.
Droplets suspended in the canopy
The rainfall is explicitly included as a cloud of water
droplets in the vegetation canopy. The canopy is treated
as a single layer of depth, d, for which the total VV
backscattering is [9]

o

= 41tQhack 1-exp(-2k,d /cosn]
2k,lcos~

+ 8JtdQhisu1tic R,.,. exp(- 2k,d

I cos~)+ exp(- 2ked I cos o)J 5

and the bistatic term is

For
a
distribution
n(a) =a1aP exp{-a2a0}

of
rain
droplet
sizes,
n is everywhere replaced by

n(a) and integration over a from 0 to oo [IO]. We use a
mode radius of 0.4mm and values for P and Q of 5 and 3
respectively [10]. Also, the fractional volume occupied
by the droplets is replaced with Rid (for rainfall Rover a
canopy of depth d). Rather than calculate all the terms
by hand, we use a theoretical scattering model to
determine the vegetation scattering properties encoded
in the backscattering and bistatic terms "Q" and the
extinction coefficient for the vegetation layer (k,v) and
insert these into (I). The values of the scattering terms
for the vegetation are provided by the RT2 radiative
transfer model (6] which is driven for model inputs to
represent a layer of wheat 25 cm high (such as one
might have in early to mid May). The direct ground
scattering term is estimated using the Kirchhoff
Geometrical Optics approximation [IO] for a vertical
standard deviation of I cm and a horizontal correlation
length of 10 cm. The volumetric soil moisture is
assumed to be 0.3. The values required for the
subsequent simulations are given in table 1 which is also
a summary of the predictions of the model ( 1) at C-band
for the case of no water droplets.
Table I: Contributions to the backscattering
of wheat 25 cm high

(I)
where the Q terms are the VV components of the phases
matrices for backward and bistatic scattering, k, is the
extinction coefficient, Rvv is the Fresnel power reflection
coefficient at the ground surface and Os is the ground
backscattering coefficient. Under the assumption that the

Canopy (dB)
Canopy-ground (dB)
Penetration depth (rn)
Bare _ground(dB)
Total (dB)

Day_ 130
-18.7
-11.0
0.28
-8.30
-9.29

for a layer
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In Fig. 10 the effect of introducing water droplets into
the canopy is shown. The x-axis of this figure is the
rainfall in mm which is assumed to be suspended in the
canopy. The corresponding scale in fractional volume
(which is the rainfall divided by the height of the
canopy) goes up 6%. The results are unchanged if we
use instead a mode radius for the droplets of Imm
provided the amount of rainfall is modified to keep the
fractional volume the same.
It is clear that the water droplets suspended in the
canopy dominate the scattering for fractional volumes
greater than about I% (which for a droplet mode radius
of 0.4mm corresponds to about 3mm of rain). Not only
are they the strongest source of scattered power, they
also attenuate all other contributions to a negligible
level.
A prediction not shown but relatively easy to make is the
equivalent result if the canopy is imaged at other
wavelengths. In particular, the above model suggests
that the effect of the rainfall is even stronger in X-band
(in the sense that it dominates the scattering for lower
amounts of rainfall) and unnoticeable at L-band.
Therefore, though the model only establishes the
plausibility of this mechanism at C-band, it provides a
way of determining whether it really does apply by using
multi-frequency radar data, This is currently under
investigation with SIR-C data.
Increase in Soil Moisture
The above model establishes that rainfall can have a
significant effect on C-band imagery if it is suspended in
the vegetation canopy. An alternative mechanism is that
instead the rain is not held in the canopy but on the soil

surface and drains into the upper layers of the soil. In
Fig. 11 shows the dependence of the scattering on the
volumetric soil moisture for wheat and sugar beet as a
function of time. This shows clearly that if the rain
drains directly into the upper layers of the soil then it
can again have a significant effect on the backscattering
coefficient. For the 25cm wheat canopy discussed above
(day 130), the backscattering coefficient rises by about 5
dB for an increase in soil moisture from 0.1 to 0.5. Fig.
11 also makes clear that the effect is strongest where the
vegetation canopy is low lying (early season) or dry (late
season) - during June and July, not only is the
backscattering at its lowest but the dynamic range for
the same change in soil moisture is only about 2dB.
Again, just as the effect of rainfall in the canopy is
frequency dependent, so a similar argument can be
applied here. However, in this case, it runs in the
opposite direction - if the effect of rain is to lie on the
soil surface or drain into the upper layers then it will be
most noticeable at L-band (especially where the canopy
is most developed) and less noticeable at X-band.
Therefore, multi-wavelength observations provide a
direct way of distinguishing these two mechanisms.
An aspect we have not touched upon but which is clearly
of relevance is the persistence of these effects - how
long does rainfall continue to influence the radar
signature after it has stopped. This is probably linked to
many other aspects of the problem such as the local
meteorological conditions (wind, humidity), the amount
of rainfall and the soil conditions (and moisture
content). The answer to this problem is outside the
scope of this paper but it needs to be considered.
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Fig. 11 Multi-temporal profiles for wheat and sugar
beet under different soil moisture conditions.
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Fig. 12 The observed multi-temporal signature of wheat
in 1993. The lines correspond to imaging at two
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THE EFFECT OF IMAGING ANGLE
It has been pointed out previously [11,12] that multitemporal signatures of vegetation may show the effects
of imaging at slightly different incidence angles. The
idea here is that if a sequence of images are all from the
passes in the same direction (for example, descending),
then if the images come·from different tracks the site
will be imaged in different parts of the swath. This is not
a matter of pixel sizes changing across the swath as this
has been corrected for. Instead, it is a physical effect
associated with actually looking at the target from
slightly different inclinations. The effect seems to be of
order 2 - 3 dB for differences in incidence angle of
about 4°. In Fig. 12 is the observed multi-temporal
signature for wheat in 1993 which has been decomposed
into two classes - those observations in which the site
was imaged at 20.2° and those when it was imaged at
23.5°.
The evidence provided by this dataset is not as
compelling as found elsewhere [11,12] but seems
plausible, especially early in the year where the fieldaveraged signatures have low standard deviation.
Additionally, a dependence on imaging angle seems
plausible, especially if bare soils are imaged (as these
can often have a very sensitive dependence on incidence
angle). Therefore, it might be expected to show up either
early or late in the growing season. The situation with
regard to crops during the mid-season, however, is much
less clear.
In Fig. 13 are the multi-temporal predictions of the
radiative transfer model for wheat and sugar beet at
different incidence angles. It is clear that the strongest
dependence is early in the season when the crop has
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Fig.13 Simulated multi-temporal signatures for wheat
and sugar beet at incidence angles between 19° and 25°.

either not emerged or is very low lying. In this case, the
variation in the backscattered power reflects the
incidence angle dependence of bare soil scattering. Later
in the season, the incidence angle dependence weakens
as the crop becomes denser.
WIDE-AREA MONITORING
The multi-temporal profiles given in Fig. I to 4 did not
include estimates of the standard deviation in the
signatures resulting from field-to-field variations. These
are indicated explicitly for sugar beet for each of the
years in Fig. 14. This figure shows a distinct rise in the
field-to-field variability during March for all four years.
Up until this time the standard deviation is
approximately I dB but rises to approximately 2 dB
over April and May before decreasing again. (The
sample size for each of the profiles shown in Fig. 14
differs but is always greater than ten fields.) These
features also clearly appear in Fig. 6. The origin of
1996
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H
I

c
.Q

~>
Q)

-

2.5
2

"O

.,

E

"O

1.5

c

"'
1ii
0.5

Feb

Apr

Jun

Aug

Oct

Dec

month

Fig. 14 Standard deviation associated with field-to-field
variations in the backscatter from sugar beet fields.
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variations in the field-averaged signatures is not yet
known but is probably driven by variations in "fieldaveraged" soil and vegetation properties. Previous
studies [5] have suggested that field-to-field variations
in fractional ground cover at the time of crop emergence
may be particularly critical. Earlier than this time, the
backcattering coefficient is dominated by the soil and, if
fields of the same crop type are prepared in
approximately the same way, the field-averaged
signatures may exhibit little variation. Similarly, long
after crop emergence, the backscattering coefficient
(especially for dense broad-leaved crops) is dominated
by the vegetation and again the signatures may be fairly
uniform over a large area. In this simplified picture, the
critical time is crop emergence when the dominant
contribution to the backscatter changes from soil to
vegetation. If crop emergence occurs at different times
across a region then this would be reflected in a short
period where the variability of the field signatures is
increased, thereby providing a possible way of
measuring the time of crop emergence by sampling field
signatures across a large area.
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The significance of features in the "standard deviation of
the field-averaged signatures" still needs to be more
rigorously confirmed with a larger number of fields. If
true, then confirming the plausibility of the process
outlined above is possible through modelling by
examining (i) variations in the radar signature induced
by realistic soil or vegetation variations throughout the
year (including fractional ground cover) and (ii)
determining the extent of the effect for different crop
types. This will be conducted in the future.
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STABILITY OF CROP CLASSIFICATION
The variations in field-averaged crop signatures will
also place a limit on the performance of crop
classification algorithms. Though we do not perform any
actual classification, we can make generalised comments
regarding the performance of automatic classifiers by
using a simple separability measure [ 13] for estimating
the classification rate for two classes with mean
backscatter u, and standard deviation, SD ;, (where
i=l,2),
(5)

For Gaussian distributions (which is by no means
assured) classification rates of 90% correspond to S >
1.5, whilst S - 0.55 corresponds to a rate of about 70%.
In Figs 14 and 15 we show specific examples of the
estimated classification rates as a function of time
throughout the season for wheat versus sugar beet (Fig.
15), and wheat versus barley (Fig. 16). The horizontal
line marks the separability corresponding to a pair-wise

distinguishability rate of approximately 90%. These
figures make the point that (i) the classification rates are
usually higher during the mid-season and may well
exceed 90%, (ii) classification rates are poorer in the
early season when the crop has either not emerged (in
which case we depend upon differences in ground
preparation) or is low lying, (iii) though the rates may
sometimes be very high, they are not reliably so from
one year to the next (that is, even if the rates are high in
one year, it cannot therefore be assumed that they will
be high in all years). We have determined the estimated
classification rates on a crop-pair by crop-pair basis for
each of the years and summarise the main findings
below:Crop pairs that generally have S ~ 2:Potatoes I Wheat, Sugar beet I Wheat,
Potatoes I Barley, Sugar beet I Barley
(and these only from June to early Aug)
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Crop pairs that have S <:: 1 throughout the year:Grass I all

Crop pairs with S < 1 consistently:Potatoes I Sugar beet
Crop pairs where it is difficult to generalise:Wheat I Barley
The procedure above identifies only two preferred time
of the year for acquiring images to help in crop
classification (consistently from one year to the next) summer months (June to August) which will help
separate the broad-leaved crops (potatoes and sugar
beet) from the cereals (wheat and barley) and a
preference for autumn and winter to separate grass
(though to a certain extent it also seems to be separable
all year round).
Distinguishing between the broad-leaved crops potato
and sugar beet is much harder. The separability measure
S - 1 through the entire year indicating that the
separation between the mean signatures is at least
matched by the inter-field variability. It is similarly
difficult to distinguish the cereals (winter wheat and
barley). There is evidence of separation in one of the
datasets (1993) where they can be distinguished very
well during the mid-season but this is not reproduced in
the following three years.

imagery. Summer months are identified as the only
consistent time of the year at which crop types (broadleaved versus cereals) can be distinguished and, though
there is evidence that specific crops (sugar beet I
potatoes, wheat I barley) can be separated at other times
of the year, this evidence does not appear stable from
one year to the next.
This work will be extended to identify the physical
causes of the similarities and differences between the
signatures from one year to the next using theoretical
scattering models supported by AirSAR and SIR-C/XSAR data. This approach will allow us to (i) identify
simplified models that capture the essential physics but
are amenable to parameter retrieval, (ii) identify the
origins of field-to-field variations in crop signatures and
how these influence crop classification and (iii) simulate
the role of alternative polarisations in crop monitoring
studies, which we will do with a particular emphasis on
ASAR to be launched in 1999 on-board ENVISAT.
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ABSTRACT
Applications of satellite synthetic aperture radar (SAR)
data in agriculture are developing rapidly. Radar
backscatter is determined largely by the liquid water
content and structure of the target, both of which are
affected by weather. This paper provides an overview
of Cranfield's work on the effects of weather on radar
backscatter and considers its broader context.
The aim of the research is to quantify weather effects to
enable more effective use of the data available. Wind,
precipitation and temperature can all have a
measurable effect on radar backscatter of natural
targets; current work at Cranfield concerns the effect of
rain on backscatter intensity and wind on
(interferometric) coherence in particular. Observations
and parametric modelling are used to develop and
validate concepts.
The expected outcomes of the research are algorithms
to quantify the effects of rainfall on backscatter
intensity, and relationships between plant structure,
weather, and coherence. Potential applications of the
research include quality checking SAR datasets,
improved quantitative use of SAR data, and estimation
of certain crop parameters in suitable circumstances.
INTRODUCTION
Synthetic aperture radar (SAR) has become an
important Earth observation tool. The SAR data
available are the magnitude and phase of the
backscatter coefficient (cr0) for resolution areas on the
ground approximately I0 m in size. Backscatter
magnitude is the most widely used parameter.
Backscatter phase can be exploited in SAR
interferometry, and provides an additional source of
information.
Physically, cr0 depends on a wide range of factors, some
are system dependent (e.g. radar wavelength, mean
incidence angle, polarisation (incident and received));

others are determined by the target. The target's
structure and relative permittivity (Er) determine the
target-dependent backscatter properties, and for natural
targets the liquid water content tends to dominate the
effective Er since Er for (liquid) water is much larger at
microwave frequencies than for most other components
of the target, and water is a major constituent.
Weather is clearly expected to affect both the structure
and water content of natural targets significantly.
Wind affects the structure directly and is also a major
influence on plant microclimates more generally.
Temperature changes are important around freezing
point, since ice and liquid water have very different
dielectric constants. Mechanical disturbance through
freeze I thaw cycling (at least over short periods) and
general temperature dependence of electrical properties
are not expected to be significant. Precipitation has a
direct effect on the effective water content of the target,
and rain in particular is expected to be significant.
Other weather factors (e.g. amount and direction of
solar radiation) also have effects but ones which are not
generally expected to be significant.
The influence of weather has been reported many times
illustrating most of these effects; examples include rain
streaks draped across Wyoming [I, Fig. 8.8] and
dramatic changes in coherence due to the water I ice Er
contrast [2]. Over oceans, surface winds are routinely
measured using radar backscatter. In agricultural
applications (based almost wholly on backscatter
intensity to date), weather has been treated as an
occasional source of data loss - images affected by
unusual weather conditions are usually discarded. This
practice is probably acceptable for operational use of
SAR backscatter intensity, but there are suggestions (3]
that the phase (as coherence magnitude) can be used to
estimate some crop parameters directly, at least in
certain circumstances. To develop this requires an
understanding of the mechanisms underlying coherence
loss for vegetation, and current indications are that
weather is an important factor.
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Weather in the Propagation Medium
In addition to weather effects directly on the target
there can be measurable effects due to perturbations of
the propagation medium, i.e. the atmosphere. These
effects are either attenuation and atmospheric scattering
due to intense precipitation, or refractive index
perturbations due to humidity variations across the
SAR image. The first of these corrupts the radar
backscatter measurements (they no longer represent the
surface properties accurately), and the second affects
the
phase
information
contained
in
SAR
interferograms. Reference [4] summarises atmospheric
effects which can be a significant problem with
interferogram generation for accurate elevation models.
Outline of Contents
The rest of the article considers two areas of current
work at Cranfield: (1) rain effects on backscatter
magnitude and (2) the role of wind in determining
coherence for vegetated surfaces. The article ends with
a discussion and conclusion.
RAIN EFFECT ON BACKSCATTER

These concepts have been applied to attempt to quantify
the effect of rain on the backscatter properties of
different SAR scene components. The results are semiquantitative at best, but do provide clear mechanisms
explaining effects consistent with observations.
Built-up Areas
Table I [5] summarises the expected dielectric
properties and reflection coefficient (R) for normal
incidence for concrete with various moisture contents
(Mv = volumetric moisture content) up to the
maximum typically found (-8%). The Gain is the ratio
between the reflection coefficients when wet and dry.
The values were calculated assuming that concrete
could be modelled as a soil with 69% sand and 31%
clay (the results are relatively insensitive to the exact
composition assumed), and then dielectric properties
were predicted using the polynomial expressions in [6].
Mv
E' = Re{Er}

2.76

0.04
3.53

0.06
4.31

0.08
5.10

E" = lm{Er}

-0.12

0.03

0.18

0.34

0.50

n

1.42
0.030
0.0

1.66
0.062
3.20

1.88
0.093
5.00

2.08
0.123
6.19

2.26
0.150
7.06

R
Gain (dB)

To understand the scattering mechanisms it is
important to know the relative sizes of the scattering
object, the penetration depth of the radiation in the
object, and the wavelength of the radiation in the
object. In broad terms the penetration depth determines
the portion of the object responsible for scattering, and
the phase variation across the object determines
whether or not phase differences across the object are
significant.
The effect of rain is to add a layer of free water to the
surface of the wetted object.
For relatively
impermeable objects like masonry [5) and living
vegetation this layer is quite thin but for looser soils the
moisture penetrates more deeply. This is relevant to
understanding appropriate methods of accounting for
the extra moisture due to rain, since if, as for a wetted
leaf, the moisture layer and object are thin compared to
the wavelength then the phase can be assumed constant
across the object and an effective value of Er can be
obtained from the (volume) weighted average of the
relative permittivities of the separate media involved
(this approach is probably satisfactory when only a
small fraction of the water is within a few molecules of
the interface). If there is more intimate mixing, e.g.
absorption, then a significant fraction of the water may
become bound at interfaces and more complex methods
of calculating an effective Erare required [6,7).

O.G2

0
2.00

Table 1: Modelled dielectric constant and normal
reflection coefficient for wetted concrete at 6 GHz [5].
These results show that with the typical surface
wetnesses likely after rain on built-up areas there is
expected to be a significant increase in the reflection
coefficient, and thus of the received power. Signals
from urban areas typically have strong returns assumed
to be due to corner reflectors created by adjacent
vertical and horizontal surfaces. The strength of these
reflections could increase by several dB, although
receiver saturation may limit the recorded signal.
Natural Surfaces
Similar effects to those observed with concrete surfaces
are expected to be found with natural surfaces. Two
cases need to be considered, bare soils and vegetation.
Bare soils are simpler since only one scattering
mechanism (i.e. surface scattering of some sort)
generally dominates. The fact that there are often
several competing mechanisms in scattering from
vegetation makes this case more complicated.
Bare soil
A similar method to that applied to concrete surfaces
can be used to predict the reflection properties of wet

187

soil surfaces. Until pools of water start to form at the
surface, it can be assumed that the effect of surface
moisture is to increase Er of the soil. The increased
contrast between Er for the air and the soil increases the
fraction of power scattered I reflected. Increased
scattering (by a few dB) is expected and has been
observed [l].
Vegetation
There are two factors which complicate the case of
scattering from wet vegetation: (1) the scatterers
already contain significant amounts of water, and (2)
there are several different scattering mechanisms
operating. The first of these means that additional
water has a relatively smaller effect on vegetation than
it has on a dry soil. The second means that the net
effect of additional water could in principle reduce the
backscattered signal. (For example, if the measured
signal is determined principally by volume scattering or
surface I stem multiple reflections, then increased
reflection at the top of the vegetation layer due to
moisture could increase the power reflected away from
the receiver, and reduce the amount available for
multiple scattering towards it. Then even though the
multiple scattering may become more effective because
of the surface wetness, it operates on a reduced amount
of available power and so the measured signal could in
principle actually reduce.).
Observations of the effect of rain on vegetation suggest
that the effect is more complicated than the bare soil
situation [1,5], and that the increase in backscatter is
much reduced (although still positive). Details of the
vegetation and soil structure and moisture content
determine the response in any particular case, and these
can be very variable. To understand the effects in more
detail it is necessary to have models able to quantify the
relative importance of the different scattering
mechanisms.
WEATHER EFFECTS ON COHERENCE
Interferometric coherence is a statistic which indicates
the degree of (complex) correlation between subscenes
of two SAR images. The phase of the coherence forms
an interferogram which can be used to measure
topography, and its magnitude indicates the degree of
similarity (analogous to the usual correlation coefficient
calculated from two real datasets). If the scene is
completely static between the times at which the two
SAR scenes are acquired then the coherence (when
corrected for other system-dependent parameters) is 1.
If the scene changes significantly (e.g. by movements

on scales approximately equal to the wavelength of the
radiation or significant changes in Er) then the
coherence is near 0. A physical interpretation of
coherence is that it represents the fraction of power
scattered by unchanged parts of the scene (8).
Several examples of weather-related decorrelation have
been published. Reference [9] suggests that windinduced movement of trees dominates most of the loss
of coherence ("decorrelation") observed for forests,
although the mechanisms are poorly understood.
Similar effects are expected to apply to agricultural
vegetation, but the relative importance of scattering by
the soil will be greater. The decorrelation due to
changes in Er around the freezing point have already
been noted [2]. Data for oil see rape [3] show an
intriguing relationship between coherence magnitude
and crop parameters which the above physical
interpretation may help explain.
Research at Cranfield [2] is currently focussed on windrelated decorrelation for (UK) agricultural crops. Rain
could also cause decorrelation by changing the relative
importance of different scattering mechanisms, but is
expected to be less important than decorrelation due to
wind or freezing I melting.
Wind Decorrelation Mechanisms for Crops
Wind moves components of vegetation (e.g. leaves,
stalks) by distances up to a wavelength (for ERS SAR)
or more, which are large enough to cause decorrelation.
Several possible mechanisms can be proposed to
describe the effect of wind, and the two studied at
Cranfield are (1) elastic displacements (i.e. the plant
returns to an equilibrium state when the disturbance is
removed), and (2) a static rearrangement (after
disturbance by the wind the plants adopt a new
configuration and do not return to their original state).
Real canopies are likely to show both mechanisms,
although one may dominate. Static rearrangment is
unlikely to lead to clear relationships between
decorrelation, vegetation parameters, and wind because
of its sensitivity to individual events over a long period
of time. However, the elastic displacement is a simpler
situation and one in which it is possible that useful
relationships between plant parameters, weather and
decorrelation can be derived. Elastic displacement is
most likely to be observed (if it exists in nature) before
the canopy closes fully, i.e. while there is relatively
little mechanical interference between neighbouring
plants. This condition applies to some agricultural
crops, and therefore to a potentially economically
significant subject.
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Wind Decorrelation Research Areas
Although there are empirical observations of
correlations between coherence and crop parameters [3]
the mechanisms are not understood. Research planned
at
Cranfield
will use
a combination of
micrometeorological observations (including wind field
anemometry just above the crop canopy level) and
observations of plant dynamics to provide observational
data to evaluate the importance of the two mechanisms
proposed above.
These observations will be
complemented by backscatter simulation using
radiative transfer models (e.g. RT2 developed by GECMarconi and collaborators) to quantify the relative
importance of different backscatter mechanisms (e.g.
single or multiple scattering, the soil contribution, etc.).
Observations of actual plant motion statistics can then
be combined with backscatter mechanism analysis and
a simple coherence model to attempt to predict
coherence for the study crops.
An important step relating the observations to the
coherence predicted for a group of pixels, is to
understand how to combine the effects of movements of
individual plant elements to derive a suitable
backscatter value for the whole resolution volume.
This is not trivial if multiple scattering is important (as
is often the case with vegetation). Correlations between
plant component motions within the resolution volume
become important. The approach proposed uses a
model such as MIMICS or RT2 to analyse the signal
into components scattered by different mechanisms,
and then a model similar to that described in [8] to
recombine components but accounting for the different
displacements. It may be necessary to divide the
resolution volume into sub-volumes (e.g. within which
plant motions are coherent) each of which can be
treated separately before being combined to generate
the required signal.
Observations will play an
important role in determining appropriate analysis
methods (e.g. if the horizontal motion coherence length
scale is not much longer than the height of the crop
then inter-sub-volume scattering will need to be
accounted for explicitly).
Validation of the method is difficult for several reasons.
Direct validation is not possible until (1) a valid
observational methodology has been developed and
demonstrated, and (2) the methodology can be applied
with simultaneous SAR imaging suitable for
interferometry. We hope to develop the methodology,
but suitable SAR missions appear to be limited to the
standard ERS 35-day repeat period, which is too long
for straightforward use since plants can grow
significantly in this period. The alternative method of

validation is statistical, using previously recorded SAR
images (e.g. from the ERS Tandem Mission with a 1day revisit time or the 3-day orbit repeat period early in
the ERS-1 mission) for similar agricultural areas. The
observed coherence variation could be compared with
predicted variations of coherence based on the field
observations to see whether the two are compatible.
Without an appropriate SAR interferometry mission
(not necessarily using spaceborne SAR) in the future, a
statistical comparison using past data is all that is
possible.
Multi-temporal Coherence Analysis
Related to the study of the decorrelation mechanisms
described above, there is a study of the information
available from a time series of coherence images for
UK agricultural crops [2]. It is clear that coherence
provides complementary information to that available
from backscatter intensity, and this research aims to
evaluate potential applications, initially in crop
classification.
DISCUSSION
Of the weather effects discussed here, atmospheric
factors and rain act primarily as sources of noise. A
clear understanding of the mechanisms helps the user
to deal appropriately with contaminated data, and may
even allow corrections to be applied to remove some of
the effects of the contamination. These corrections
would require some knowledge of the target type (e.g.
bare soil, crop, forest) and of the weather. Forecast
analysis values may be adequate instead of in situ
weather measurements simultaneous with and local to
the imaged area.
Coherence and its relationship to weather and crop
parameters is less well understood.
Published
observations [3] suggest that there is a useful
relationship between coherence, weather and (some)
crop parameters, at least in certain circumstances.
Research is underway to develop an understanding of
decorrelation mechanisms for crops (at Cranfield) and
forests [9]. If this is fruitful it may be possible to
estimate some vegetation parameters based on
knowledge of coherence magnitude (possible as a time
series) along with basic weather data (e.g. surface
temperature and winds), and possibly a crude
classification of the vegetation type (e.g. cereal crop,
root vegetable).
Interferometry does place particular requirements on
the satellite operations. Orbits must be precisely
controlled and the orbit repeat period is a key factor. A
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period of no more than 2 weeks is usually taken to be
required for optimal monitoring of vegetation, and this
may conflict with other requirements (e.g. global
coverage). Factors such as an optimal combination of
wavelengths, polarisations and incidence angles have
not been considered yet. This probably requires a better
understanding of decorrelation mechanisms before a
clear recommendation can be made.
CONCLUSIONS
Weather effects have been observed in several ways in
SAR data, either as interferogram
atmospheric
artefacts, or effects on the target backscatter properties
(both backscatter amplitude and phase).
In general
weather effects are regarded as sources of noise or
contamination of the data, and for operational use such
data are often discarded.
However, studies of backscatter coherence suggest that
weather-induced changes may help determine surface
backscatter properties that can be used for target
classification
(already demonstrated)
or parameter
measurement
(yet to be demonstrated
reliably).
Interferometry
places particular
demands on the
operation of spacebome SAR which may make it
difficult to obtain suitable datasets for vegetation
monitoring unless significant potential benefits can be
demonstrated.
Apart from the scientific interest of
understanding
observed phenomena, the (potential)
relationship between weather, coherence and crop
parameters provides clear motivation for research to
understand mechanisms of loss of interferometric
coherence for vegetation.
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ABSTRACT
This paper presents the preliminary results of a threeyear research project aiming to develop the
understanding of the coherence as a physical parameter
to retrieve crop parameters. The project objectives and
methodology are presented. The main objective of the
research is to implement a coherence model, using plant
motion statistics at different stages of the growth and a
backscatter intensity model to estimate the repartition of
the backscatter power between the different parts of the
plant. Validation of the model will be made using
Single Look Complex data from the ERS-1/2 Tandem
Mission. These data were used to produce coherence
images over a test site located over Cranfield
University, UK. A time series of coherence and
backscatter images was produced, and preliminary
results indicate that they have a valuable potential to
identify different types of vegetation.

INTRODUCTION
The ERS-1/2 tandem mission Single Look Complex
(SLC) data is widely used for SAR interferometry
applications. The complex degree of coherence is an
estimate of the amount of change in the complex
backscatter between two SLC data sets recorded from
the same area on the ground. In the case of the ERS-1/2
tandem mission, where the time difference between the
two satellite passes is only 24 hours, it is expected that a
change in the complex backscatter would be mainly due
to a change in the position of the scatterers in the
ground resolution cell, as this affects the phase of the
received signal. At C-Band (ERS case: f=5.3 GHz,
A.=5.66cm), a motion of the individual scatterers of a
few centimetres results in a phase change of one cycle
or more. Consequently, the magnitude of the complex
one-day coherence calculated from the tandem mission
data is expected to be sensitive to vegetation structure.
As the plant grows over the season, its structure changes
and so is its random motion between the two satellite
passes. The temporal variation of the coherence over the

growth season for a given crop should reflect this
structural change, and could in theory help identifying
the type of crop. It is the objective of the research
project introduced here to quantify these qualitative
considerations, i.e. to assess the potential of coherence
to retrieve crop parameters. Recent work [1,2] showed
that the combined use of backscatter intensity and
interferometric correlation had a strong potential for
vegetation monitoring. So the backscatter intensity will
also be used in the research as it provides additional and
complementary information compared to the coherence.
This paper presents the objectives and the methodology
which will be applied in the research project, as well as
preliminary results emphasising the potential of
coherence for the retrieval of crop parameters.

PROJECT OBJECTIVES AND METHODOLOGY
The aims of the research are ( 1) to quantify the
mechanisms leading to a loss of coherence in
agricultural crops typical of the south-east of England
and (2) to evaluate the use of coherence to measure
vegetation parameters to be defined.
The expected quantitative results of the research are (1)
a coherence estimator model with error estimates and a
definition of boundary conditions for its applicability,
and (2) typical temporal variation signatures from
different crops which would allow separation of
different crop types.
Three different aspects of the research need to be
combined to meet these objectives.
1- Building of the coherence estimator model. A model
based on [3] will be used. It assumes that the complex
backscatter is composed of two basic responses, namely
the static and weather dependent components. More
than one weather dependence can be included and the
relative strength of each component needs to be
specified. The weather components are defined in terms
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of a probability density function with a mean and
standard deviation also to be specified. The relative
strengths of the different components will be evaluated
with the RT2 software. RT2 is a SAR Interaction
Modelling Software developed by the GEC-Marconi
Research Centre, UK [4]. It predicts the polarimetric
backscattering coefficient from a vegetation medium. It
also gives the individual contributions to the total
backscatter from the different scattering processes
(single scattering, double scattering within a vegetation
layer or between two layers, etc). This facility will be
used in the research as an input to the coherence model,
i.e. to determine the contributions to the backscatter
from the static and weather dependent parts of the crop.
Different crops will be modelled at different stages of
their growth.
2- The definition of the weather dependent components
will mainly focus on wind effects. The swaying of crops
is supposed to have a major effect on coherence and
plant motion statistics therefore need to be evaluated.
They will then be used to derive the statistics of the
weather dependent components of the coherence model.
Simultaneous measurements of the wind velocity by a
set of anemometers and of the three-dimensional
displacements of the different components of the crop
will be made. The use of photogrammetry for the latter
is currently being assessed.
3- The third step in the project is to compare the
coherence estimates and their predicted temporal
variation throughout the season to the values obtained
from the ERS-1/2 tandem mission SLC data. The
coherence
images are obtained with the ISAR
interferogram generator software [5]. This validation
stage is needed to correct the model if necessary and to
assess its strength and limitations.
The three-fold methodology presented here will help to
state on the possibility to retrieve crop information and
to identify crop types with the coherence. A secondary
objective of the research is to focus on the detection of
crop development at an early growth stage, which is an
area where optical remote sensing fails to obtain good
results. The use of coherence for that purpose will be
assessed.

GENERATION OF THE COHERENCE IMAGES
FROM THE ERS-1/2 TANDEM MISSION DATA
13 image pairs from June 1995 to May 1996 have been
processed to obtain one-day coherence images. They
were all recorded while the ERS satellites were on a
descending pass, at 11:00 am (track/frame 94/254 7) or

10:57 am (track/frame 323/2547). Two image pairs
corresponding to an ascending pass of the satellite at
10:06 pm were also acquired but are not included in this
study. The test site imaged is centred on Cranfield
University, England (lat.-long ""'52°05N - 0°37E). The
SLC data used is presented on Table 1. It shows that the
data covers the end of the growth season 1995 and the
beginning and middle of the season 1996. The data
acquisition focused mainly on spring and summer, as
they are of greater interest for agricultural crops.
A coherence calculation window of 3x15 pixels in
ISAR has been chosen as it provides a good
compromise between statistical significance and spatial
resolution. Although ISAR has been used without
including the orbital parameters for the time being, the
inclusion of these is planned as they are expected to
yield higher quality results not only for the coherence,
but also for the interferogram which will be used to
generate a local DEM.
Image n°
1
2
3
4
5
6
7
8
9
10
11
12
13

Date (dd-dd/mm/yy)
06-0710611995
25-26/06/1995
11-12/07/1995
30-31/07/1995
15-16/08/1995
03-0410911995
08-09/10/1995
02-03/01/1996
25-26/02/1996
12-13/03/1996
31-01/03-04/1996
16-1710411996
05-0610511996

Track/Frame
323/2547
94/2547
323/2547
94/2547
323/2547
94/2547
94/2547
323/2547
94/2547
323/2547
94/2547
323/2547
94/2547

Table I ERS-112tandem mission SLC data used for the
project
BASELINE DECORRELATION EFFECT
The symbols used in the following section are
summarised in Table 2.
Symbol
A.
R
d

e
p
h
b

Description
Radar wavelength
Slant range
Slant range resolution
Incidence angle
Weighting
function
constant of the pulse
compression process [6]
Scattering volume height
Perpendicular baseline

Value (ERS case)
0.0566 m
850km
9.6 m
23° at mid-swath
0.167 [7]

Variable
Variable

Table 2 Definition of constants and variables
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The complex degree of coherence is the correlation
coefficient between SLC values from two different
images, calculated for a small numbers of pixels in a
sub-window of the full scene [8,9]. An inherent loss of
coherence occurs because the two satellites are not at
the same position when they record the SLC data for the
same scene.

justifies the need for a local DEM. For the data used in
this study, the perpendicular baseline varies from 8 to
398 meters, leading to coherence loss factor ranging
from 0.997 to 0.801 for a flat surface. As a first
approximation, the baseline decorrelation effect is
removed by dividing the total coherence by the
coherence loss factor [10].

It was shown in [ 1O] that the spatial baseline correlation
is the Fourier transform of the radar impulse response
intensity. Using this property and assuming that the
radar frequency response is a the "cosine on a pedestal
function":

DEM- SLOPES

Q(f) =I+ 2/3 cos(2ef I Br)

(1)

where f is the spatial frequency and B, is the spatial
bandwidth (B,=l/ground range resolution=tan8/d), the
baseline decorrelation is expressed as:

cot

since nhr )

y=

1+2p

t 1-r)[

i+2p2cos(2nr)

]

+-

2p (

!_/!__

)

2

tr

sin(2nr)

}

(2)

where r = 2db/t,Rtan8. This expression matches the
results presented in [7]. The volume scattering effect
included in equation (2) (the "sine" term) assumes an
homogeneous medium. The loss of coherence with
increasing baseline is plotted in Figure I for different
volume heights and shows that the effect of volume
scattering on the baseline decorrelation can be neglected
for agricultural crops, whose height does not exceed 2
meters. This would not be the case in forestry
applications. Equation (2) also shows that the incidence
angle affects the baseline decorrelation. The knowledge
of the local terrain slopes is therefore needed in order to
correct the coherence images for this effect. This
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In order to estimate the local slopes, a DEM was
generated using the interferogram produced by ISAR.
The DEM is currently being validated and is not
presented here. As a first approximation, the coherence
values presented in the remainder of this paper were
corrected for baseline decorrelation with slopes
estimated locally on the terrain itself. The topography of
the region is such that all slopes are estimated to be in
the range [-3°;+3°], which, according to equation (2),
represents a minor effect on the baseline decorrelation
factor. The knowledge of the local topography is
therefore not critical here but will need to be included
for completeness and better accuracy.

EXAMPLE OF COHERENCE AND INTENSITY
IMAGES (IMAGE PAIR 25-26 JUNE 1995).
Typical coherence and backscatter intensity images are
displayed in Figure 2. The area represented on these
images is of 600x600 pixels, after averaging five lines
in the azimuth direction. Assuming a pixel size of 25m,
the resulting area covered by the images is 15x15 km.
The Cranfield airfield can be easily identified at the
centre of the backscatter intensity image. It is an area
mainly covered with short grass, where quasi-specular
reflection gives rise to a low backscatter intensity. The
coherence values for the airfield are high as the
complex backscatter remains roughly identical between
the two dates. The two images show that backscatter
intensity and coherence reflect different properties of
the surface and therefore give complementary
information about the soil cover.

-go4
003
0.1
0.20 L
0

=----- ...•......-="'1
200

600

400

Perpendicular

800

1000

1200

baseline (rrt

·------·-·--·-------- -----..

Figure I Baseline decorrelation effect for different
volume heights, plotted with the ERS parameters

The example of the airfield can actually be generalised
to the rest of the imaged area, where it clearly appears
that the backscatter intensity image and the coherence
image display different features of the soil. The black
areas of the coherence images can be related to forested
areas or water, in the form of lakes or rivers. For both
images, the field structure is visible, and shows that the
coherence can in principle help for land-use
classification purposes.
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MULTI-TEMPORAL ASPECT

Detection Of Farming Activity
Using a set of coherence images separated in time can
give valuable additional information to identify land use
types. An example of this is in the identification of
farming activity. Activities such as harvesting or
ploughing result in a sudden change in the coherence
compared to the adjacent dates, because they radically
change the scattering properties of the surface. If
farming activities take place in the one-day time span

between the two satellite passes, areas of very low
coherence will appear on the coherence. When farming
activity occurs between two pairs of satellite passes,
which is the most common case, changes in the
coherence can be visualised by RGB composites of
three successive coherence images for example. The
time of harvest can be estimated with a time accuracy of
about 15 days with a configuration similar to that of the
ERS-1/2 tandem mission.

Temporal Variation Of The Coherence In The Growth
Season
A preliminary study of the temporal variation of the
coherence and of the backscatter intensity over the
growth season is presented here. For each of the 13
image pairs, three land-use types have been studied: a
semi-urban area (Cranfield University), grassland areas
(the Cranfield airfield, separated in 3 zones numbered
from 1 to 3), and agricultural areas ("Hurst farm" fields
la and lb, and "field n°2"). The coherence and
backscatter intensity values of each pixel have been
averaged for these areas of interest.
Coherence vs. Normalised Backscatter Amplitude
In Figure 3, the normalised backscatter amplitude (i.e.
the backscatter amplitude divided by the average
amplitude from the 13 data points) is plotted against the
coherence (corrected for baseline decorrelation,
assuming a flat surface) for an agricultural field ("field
n°2") and grassland (Cranfield airfield, zone 2). Each
point corresponds to one of the 13 dates when the SLC
data were acquired. An ellipse was fitted to the cloud of
points obtained using the statistical second moments.
The values for the semi-major axis (a), semi-minor axis
(b), and the surface of the ellipse (S) are presented on
the graphs. Similar graphs were produced for a set of
different areas on the image. 2 agricultural fields
("Hurst farm" fields Ia and Ib), 2 other zones of the
Cranfield airfield (Airfield 1 and 3), and a semi-urban
area (the Cranfield campus) were analysed. The
corresponding size and area of the fitted ellipses are
summarised in Table 3.

Figure 2 Backscatter intensity (top) and coherence
(bottom) images of the Cranfield test areafrom ERS-112
tandem SLC datafrom 25-26 June 1995

The "Hurst farm" fields Ia and Ib are of the same crop
type and a similar ellipse area is obtained (S,,,1). The
portions 2 and 3 of the airfield yield a similar ellipse
area (S,,,0.22), corresponding to the land-use type
"grassland", whereas portion I gives an area similar to
that of the field n°2 (S,,,0.55-0.6). This unexpected
result was further investigated and it appeared that
portion I, which was thought to be part of the airfield,
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Variation of coherence with time
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Figure 3 Coherence vs. normalised backscatter
amplitude for the Cranfield Airfield (zone 2) and an
agricultural area (field 2).
has recently been abandoned and is now an agricultural
area. Further analysis of the crop data will show if the
crop type cultivated in that part of the airfield is
identical to that of the field n°2. The preliminary results
presented here show the potential of coherence as a
complement to backscatter amplitude to identify crop
types, via their variation throughout the growth season.
Further work will aim to assess the use of the fitted
ellipse area for a thematic classification of the land
cover.
Area name
Hurst farm field la
Hurst farm field 1b
Field n°2
Airfield 1
Airfield 2
Airfield3
Cranfield campus

The variation of coherence with time is presented in
Figure 4 for grassland (airfield, zone 2) and an
agricultural area (Hurst farm field la). The points are
numbered from 1 to 13 according to Table I. The
agricultural field being simply bare soil in winter, the
corresponding coherence values obtained from SLC
data recorded in winter are higher than for the airfield,
which remains grassland throughout the year.
Coherence values for the crop field are lower in the
summer 1995, as expected from a fully grown plant
compared to grass. The low coherence of point 6 (3/4
September 1995) most probably corresponds to some
farming activity taking place between the two satellite
passes in field la. However, the values obtained for the
spring 1996 for both the crop field and grassland are
very close to each other. Several hypotheses can be
envisaged here. First, it is possible that the Hurst farm
field was kept as grassland or that the crop cultivated in
the season 1996 was different from that of 1995. This is
a fairly common farming practice in the region. The
second possibility is that, until the last image of the data
set (5-6 May 1996), the crop present in field 1a in 1996
was not developed enough to be differentiated from
grassland with the coherence value only. The coherence
model to be developed should help to state on this point.

a
0.367
0.277
0.236
0.220
0.180
0.241
0.167

b

s

0.963
1.042
0.828
0.805
0.375
0.311
0.304

1.111
0.908
0.614
0.558
0.213
0.236
0.159

Table 3 Dimensions (a: semi-major axis, b: semi-minor
axis) and area (S) of the fitting ellipses for the different
types of land cover.

It is worth mentioning that other parameters than the
plant growth status have an effect on coherence. Point
10 (12-13 March 1996) on Figure 4 shows a sudden
drop in the coherence value for both the airfield area
and the Hurst farm field 1a. This is thought to be due to
·-·-------------·
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Figure 4 Time variation of coherence and backscatter
intensity for grassland (Airfield 2, dotted line) and an
agricultural area (Hurst farm field Ja, solid line). The
points are numberedfrom I to I 3 according to Table I
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the presence of a layer of frost on the surface at the time
of the satellite passes (11 am). The temperature and a
full set of other weather parameters are continuously
recorded by an automatic weather station at Cranfield.
The analysis of the data shows that the temperature was
below 0°C during the two nights preceding the
recording of the SLC data, still 0°C at 11am on March
121h, and 0.8°C on March 131\ I lam. The hypothesis

here is that the surface was covered by a layer of frost
that changed its dielectric properties, and consequently
the backscattering properties of the surface between the
two dates. This would explain the loss of coherence
common to all the land surface types in the image, as
represented by point 10 on Figure 4.

CONCLUSION
The preliminary results presented here pointed out the
potential of using the time variation of the coherence
over the growth season to identify different vegetation
types. Coherence was derived from SLC ERS-112
Tandem mission data over a test area at Cranfield, UK.
Using the coherence together with the backscatter
amplitude proved to yield promising results, through the
calculation of the area of the ellipse fitted to the cloud
of points on a coherence vs. intensity chart. Such a
technique will need to be assessed in more detail in the
remainder of the research project. Farming activity was
found to be recognisable by the sudden change in
coherence it infers. If farming activity occurs between
the two satellite passes, it leads to very low coherence
levels, as already pointed out in [2].
Future work will include measurements of crop
statistical motion under different wind conditions, as it
influences the phase of the backscattered echo. This
observational part of the project is planned for the
growth season 1999. It will be an important step for the
building of the coherence model, which is a central
milestone of the research project described in this paper.

Although the potential of coherence for forest
monitoring is already fairly well acknowledged, it still
needs to be demonstrated for crops. This is the main
reason which justifies the need to model coherence
theoretically: it will help stating on the potential uses,
the limitations, and the accuracy of the retrieval of crop
parameters with one-day coherence.
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ABSTRACT
ADAS, a land and environment consultancy, is
responsible for monitoring various government funded
agri-environment schemes and satellite imagery is
increasingly one of the data sources being used in this
task. Current research has examined how ERS Tandem
imagery can be used to provide information on land
management and crop establishment over the autumn
and winter. In winter, catchments are most at risk from
nitrate leaching after soils return to full water saturation.
Research has shown that ploughing in the autumn
(rather than direct drilling) increases nitrate leaching
and that an autumn sown crop or winter cover can
decrease nitrate leaching. Thus during winter, the area
and location of bare soil (particularly ploughed land)
influences the degree of nitrate leaching.
To
successfully model nitrate movements over river
catchments requires various parameters including
information on the area and location of various land
cover types, the presence and degree of ground cover of
winter crops and the location of bare land (including
evidence of whether this land has been cultivated).
InSAR processing of 4 ERS Tandem pairs from 1995
was used to produce geo-coded multi-temporal
coherence and intensity images for an area of the Rivers
Learn, Cherwell and Great Ouse Nitrate Vulnerable
Zone in England. Thematic information derived from
these images has been compared with a SPOT XS
image and farmer's records collected after the ERS
acquisitions. Analysis has shown that the potential for
discriminating land cover and bare soil conditions is
best achieved by combining multi-temporal coherence
and intensity images. Data compression techniques
have been used to reduce the thematic information into
three channels. Pixel based classification has then been
used to map autumn/winter land cover, including
identifying cultivated bare soil and variation in the
degree of establishment of autumn sown crops.
INTRODUCTION
The Rivers Learn, Cherwell and Great Ouse Nitrate
Vulnerable Zone (NVZ) is the largest of the NVZs in
England, covering approximately 176,000 ha. The NVZ

comprises the catchments of the rivers Learn, Cherwell
and Great Ouse. It is located in the Counties of
Cambridgeshire, Bedfordshire, Northamptonshire and
Oxfordshire and bounded by Bedford, Northampton,
Warwick and Aylesbury
The NVZ is dominated by arable farming, which
accounts for (47%) of the land use in the NVZ.
Grassland (both temporary grassland and grass leys
forming part of an arable rotation) accounted for over a
third of the NVZ area, Table I.
ITE Land cover type
Arable
Grass
Total agricultural land
Urban and suburban
Woodland
Other non-aa, Land

% land use
47.0
38.8
85.S
10.9
1.7
1.6

Table 1: Proportions of Agricultural and NonAgricultural Land Use
The study area covers 149 fields and is situated in the
eastern part of the Leam catchment which is
predominately covered by clay soils developed on river
alluviums and glacial drift materials. Mean altitude is
95 m and mean annual average rainfall 680 mm.
Previous work has already shown that interfermetric
correlation and intensity images can be combined to
improve thematic land classification and to monitor
farming activities [1], [2]. This research aimed to
investigate the potential of such data to identify broad
land cover categories currently used by ADAS in the
monitoring ofNSAs, namely:
• winter-sown combinable crops
• spring-sown (autumn cultivated) combinable crops
• natural regeneration (maize stubble, set-aside, spring
cultivation)
• agricultural grassland
• non-agricultural grassland (e.g. amenity grassland).
• water bodies
• forest/woodland
• urban/suburban
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GROUND DATA

PRE-PROCESSING OF TANDEM IMAGERY

Land cover information (for comparison with data
derived from the ERS Tandem data) was acquired
primarily from cropping records from three large estates
in the area. Records on cropping for 1995/96 (the
period during which the ERS tandem mission occurred)
were supplemented by a field survey during June 1997
to establish land cover for non-agricultural land use,
such as woodland. Details of cropping from the three
estates included harvest and sowing dates for the period
before, during and after the ERS Tandem Mission, and
the crop type (such as winter wheat, winter barley,
winter oilseed rape, spring barely, beans etc.) present
during autumn/winter 1995/96.

ERS Tandem Imagery
ERS Tandem imagery was obtained for 4 consecutive
months during the autumn 1995 (Table 2). Images were
chosen from August, September, October and
November. All of the pairs were one day apart.
InSAR processing
An Earthview InSAR Workstation was used to process
the data to produce 'intensity' and 'coherence' images
for each of the 4 pairs.

Fig. 1: SPOT XS infra red composite, 18 Nov. 1995 with field boundaries superimposed,
NVZ boundary shown in yellow (Red : band 3, Green : band 2, Blue : band 1)
To further aid interpretation of the processed InSAR
imagery, a SPOT XS optical image was acquired for
18 November 1995. Visual interpretation of this
imagery confirmed that there had been no change in
non-agricultural land-use between the period of the
InSAR data and the field-survey of non-agricultural
land use in June 1997. In this image water is black and
woodland in reddish brown /green. Fields of bare soil
or limited crop cover appear green, grass fields and
established winter combinable crops (cereals and
oilseed rape) appear in reds and are difficult to separate.

Satellite

Date

Orbit

Frame

Product

ERS-1

15/08/95

21353

2547

SLC

ERS-2

16/08/95

01680

2547

SLC

ERS-1

19109195

21854

2547

SLC

ERS-2

20109195

02181

2547

SLC

ERS-1

24110195

22355

2547

SLC

ERS-2

25110195

02682

2547

SLC

ERS-1

28/11/95

22856

2547

SLC

ERS-2

29111/95

03183

2547

SLC

Table 2: ERS Tandem mission data for the Rivers
Learn, Cherwell and Great Ouse NVZ
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Interferometric processing was used to generate:
•
•
•

Digital Elevation Models (DEM)
phase coherence images
single-look intensity images for each image pair.

For each image pair, the DEMs were generated from
phase unwrapping of the interferogram. This was then
used to geocorrect the image products, involving both
referencing to the map system and correcting for terrain
distortion. A secondary rectification was necessary to
geocorrect the images accurately enough to overlay map
vectors showing the field and other parcel boundaries of
the study area. This was performed using GCP's
identified from 1:25,000 scale maps.

high interferometric correlation. There are exceptions
to this, with oilseed rape showing lower coherence as
the vegetation cover in the ground increases, whilst the
backscatter remains relatively high. For some fields the
backscatter increases and becomes very high during
October and November, a response to late cultivation
and an increase in surface roughness.
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Techniques for land cover mapping using both 'phase'
and 'intensity' information are summarised in [4]. Such
studies have shown that phase differences between
passes can be expressed in terms of interferometric
correlation or coherence. This coupled with backscatter
intensity and backscatter intensity changes from one
date to the next can be used to successfully discriminate
between forest, agriculture, water and urban land.
Multi-temporal coherence images have been used to
monitor farming activities, as coherence images show
sensitivity to changes in surface roughness due to soil
cultivations [1], [2].
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The backscatter intensity was not normalised for
topographic incidence angle effect. Calibration
constants were extracted from the tape headers so the
backscattering coefficient could be determined [3]. The
four ERS-2 images were speckle filtered using two
passes of the Frost filter, with a window of 5 x 5.
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Backscatter and interferometric correlation databases
were generated by crossing the vector coverage for
ground data fields with the respective images to extract
parcel statistics. Fig.2 shows scatter plots of the
backscattering coefficients as a function of the
interferometric correlation for each month during the
autumn period. Data for all 149 land cover parcels are
included. The plots show that the backscatter and
interferometric correlation each contain thematic
information about land cover categories and land
surface change associated with agricultural and land
management of each category.
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Fig. 2: Backscattering coefficients plotted as a function
of the interferometric correlation over time for different
land cover categories
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The differences in the interferometric signatures of
different land cover categories was examined for
individual fields by combining the coherence images
into a colour composite, Fig. 3. Woodland and water
surfaces have the darkest colour signatures as these have
low interferometric correlation on all dates.
Urban
areas appear as bright (white) areas, having high
interferometric correlation on all dates. Bare soil and
Interferometric
correlation,
August
Land cover category

(displayed in red)

surfaces with low vegetation cover (such as for winter
cereals) are light grey as the correlation is fairly high
and does not change much between the image dates.
Where there is a difference in coherence between image
dates, then the colour that represents the date of the
higher coherence dominates. A number of fields appear
either yellow, blue or red.
The colours for these
categories are described in Table 3.
Interferometric
correlation,
September
(displayed in
green)

Interferometric
correlation,
October
(displayed in
blue)

Colour in RGB
Composite

High

Medium

Medium

Red

Medium

Low

Low

Red

Winter sown cereals

High

High

High

White/grey

Winter rape

High

High

Low

Yellow

Spring sown crops

High

High

High

White/grey

Natural regeneration

Low

Low

Medium

Blue

Medium

Medium

Medium

White/grey

Woodland

Low

Low

Low

Black

Water

Low

Low

Low

Black

Agricultural grassland
Non-agricultural grassland

Urban

Table 3: Interferometric signatures for land cover categories and corresponding colour in the August,
September, October colour composite shown in Fig. 3.

Fig. 3: Multi-temporal coherence composite (Red - interferometric
correlation August 15&16, Green - interferometric correlation
September 19&20, Blue - interferometric correlation October 24&25)
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Fig. 4: Principal component composite combining backscatter and interferometric
correlation (Red- PC 3, Green PC 2, Blue PC I), River Ouse NVZ

Legend
Autumn_cover

-

Mask classes
Established c:rop (rape)

-

Grassl.(lnd
Ploughed fields
Low cover (spring crops)

Fig. 5: Autumn land cover map for the River Great Ouse NVZ

Bare soil (winter cereals)
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CLASSIFICATION

CONCLUSIONS

Principal Components Images
The four ERS-2 intensity and four coherence images
were combined using Principal Components Analysis
(PCA). All of the images were first standardised by
subtracting the image mean and dividing by the image
standard deviation. A Frost filter using a 5 x 5 window
was applied to the PCA image to remove residual
speckle. Several passes of the filter were used. A mask
was created for woodland, water and urban by box
classifying these classes using the intensity and
interferometric correlation images. The mask was then
applied to the Principal Component composite so that
these non-agricultural classes all appeared black on the
image, Fig. 4. In relation to the ground data and the
SPOT XS image, the image is interpretable:

The interferometric correlation and intensity of ERS
Tandem radar data allowed identification of all the
existing ADAS land cover categories required for
nitrate modelling and improved discrimination between
woodland and arable classes. The result of combining
intensity and interferometric data using PCA also
showed the location of fields of bare soil and the degree
of establishment of winter sown combinable crops, both
of which are of high value for nitrate modelling.

•
•
•
•
•
•

bright green areas represent agricultural and nonagricultural grassland,
dark green fields are oilseed rape,
bright pink represents fields which were ploughed
(i.e. rough) in October and November
blue areas correspond to winter sown cereals (some
vegetation cover not a lot),
orange areas are spring sown crops (i.e. bare m
autumn), and bright
red represents natural regeneration (set-aside).

Pixel Classification
Fig. 5 shows the result of a supervised maximum
likelihood classification on the first three bands of the
Principal Components image.
Post-classification
filtering has been applied using majority filter with a
7x7 window. The ground data (cropping records and
field survey data) were used to extract training
signatures for land cover categories based upon the
ADAS classification. Further subdivision of the ADAS
classification was possible and the winter combinable
crop category was split to include categories of oilseed
rape and ploughed fields. The non-agricultural classes
of woodland, water and urban were masked prior to
classification. Due to the limited number of fields for
which ground data were available, no classification
accuracy assessment was applied.
During class
assignment the thresholds for the class limits were set to
force each of the pixels into an individual land cover
category, hence there are no unclassified pixels.
The classification shows the potential of InSAR data to
produce maps showing the distribution and extent of
land cover categories of autumn land cover that are
suitable for nitrate sensitivity analysis. All of the
information was derived from satellite radar data.
Further work should aim to include more ground data so
that the classification performance using both per pixel
and per parcel classification can be assessed.

This was achieved at a critical time of year (in terms of
nitrate leaching) irrespective of cloud conditions.
Oilseed rape (with a high green cover at the end of the
autumn period) was distinguishable from crops, such as
winter cereals, which retained a lower 'green cover'
during the autumn period. The coherence images
therefore have potential for monitoring the success of
crop establishment in the autumn/winter period,
information that is vital for and would help to improve
the success of modelling of nitrate leaching. This would
be additional information that has not been widely
available for nitrate modelling to date, and which could
be produced across extensive areas.
However the interferometric data were acquired as part
of a short duration mission using two satellites with
similar spectral band widths acquired one day apart.
The results of this research are encouraging in that they
demonstrate that satellite radar data can be used to
produce a land cover classification relevant to nitrate
modelling.
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ABSTRACT
This paper describes a processing chain for the
integration of SAR images into time series. The time
series are dedicated to crop monitoring in an area of
intensive agriculture characterised by large fields with
moderate topographic relief. Four requirements for the
use of the processing chain in an operational context are
analysed and allows the building of the processing
chain. These are: a high temporal resolution, a high
geometric accuracy, a short processing time by
limitation of human intervention and finally, the
preservation of the signal content. The paper also
assesses the geometric accuracy of the whole processing
chain and the preservation of the image content from a
radiometric point of view.

precision of a few meters can be reached over a full
SAR scene [5]. However there is no literature on the
evaluation of the methodology accuracy for the
combination of SAR images acquired from various
orbital configurations. Moreover, most of these articles
are also applied on hilly terrain [3], [4], [5] while our
study area has a very moderate relief.
Thirdly, the processing time of a new image must be as
short as possible. The time between the acquisition of a
new image and the extraction of the radar information at
field level depends on many factors. Among them, the
human intervention in the data processing is very
determining. During the geocoding, for instance, the
time-consuming step is the collection of ground control
points by an operator. In an operational context, these
steps have to be reduced as much as possible.

INTRODUCTION
There is an increasing demand from the agri-business
industries for improving and developing crop
monitoring systems. SAR images integrated into time
series have already demonstrated their potential as a
source of relevant information. In an operational
context, the time series have to meet four requirements.
First of all, the temporal resolution must be very high.
The current revisit cycle of SAR satellites does not meet
the needs of crop monitoring. Indeed, the vegetative
growth of crops such as maize or sugar beet is
concentrated in periods no longer than two months
while RADARSAT has a revisit cycle of 24 days.
Consequently, only 2 or 3 images of the same orbital
configuration are available during the growth period.
Secondly, the geocoding of the images must be very
accurate if data is to be extracted at field level. This is
particularly tedious when images are acquired in various
orbital configurations. Indeed, due to radar principles,
i.e. the measurement of the time between the emission
and the reception of the signal, the geometry of SAR
images is highly influenced by the relief [1], [2].
Numerous articles showed that advanced methods
taking into account the topographic relief and the
satellite orbital parameters give much better results than
the polynomial methods for SAR image geocoding [3],
[4], [5], [6], [7]. Based on only a few ground control
points (GCP) and a good digital elevation model a

Finally, the processing should not modify the
information content of the image. In many cases, it is
suggested that geocoding alters the signal and that the
extraction should be realised on uncorrected SAR
images [1].
The overall objective of this paper is to describe a semiautomatic processing chain for the creation of a high
temporal resolution SAR time series in the perspective
of operational crop monitoring. This processing chain
has to meet the four requirements listed previously.
More particularly, this study aimed at:
- demonstrating the necessity of SAR geocoding
when dealing with images acquired in various
orbital configurations, even on areas with slight
relief such as an area of intensive agriculture;
- underlining the possibilities of processing time
reduction;
- assessing the geometric accuracy of the
processing chain
- analysing the effect of the developed
processing chain on the signal extracted at the
field level;
TEST SITE LOCATION
The test site is located 25 km south of Brussels and
covers a total surface area of 1600 km2, i.e. 50 % of the
total overlapping area of the 4 ERS images as shown in

Proceedings of the 2"'1International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data/or Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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fig. I. It is the intersection between the SAR images and
the digital elevation model available for the geocoding.

between two data acquisitions over the same area.
RADARSAT is so far the radar satellite with the
shortest revisit cycle (24 days). The revisit cycle of ERS
(and the future ENVISAT) is of 35 days. This is
insufficient for crop monitoring.
Fig. 2 shows the evolution of the height of a maize field
and all the simultaneous SAR acquisition possibilities
over this site. We see that the main part of the growth
occurs during a 50 day period. If only the first orbit plan
is chosen for image acquisitions, 2 ERS (orbit 2) and 3
RADARSAT (orbit 3) image acquisitions are possible.
In this case, ERS will be unable to detect the end of the
growth of the maize field.

-Track
Track
Track
-Track
Dipal

344,ascc:nqmodl:
072, ascendiDg mode
~Z3.descending mode
151,descendingmode
elevation model

Fig. I: the study area is the intersection between the
available DEM and the 4 ERS SAR images. It covers a
total surface area of 1600 km2
The relief is slightly undulating with sharper slopes
following the hydrographic network. The terrain's
altitude varies from 47 to 297 meters and the mean
ltitude is of about 136 meters with astandard deviation
of 39 meters . The study area is mainly composed of
agricultural fields with a mean size of 7 ha.
DATA DESCRIPTION
The research is based on 55 SAR images acquired
between 1995 and 1998: 42 ERS PRI images and 13
RADARSAT images in SGX format [8]. A mosaic of
SPOT images serves as the master image for the ground
control points collection.
The DEM has been processed at the Belgian National
Geographic Institute from I-meter spatial resolution
aerial photographs sampled on a regular 40 meter grid.
No corrections are made for the points falling on
buildings, trees, forests, etc. In open areas, the Z
accuracy is expected to be lower than 2 meters. The
points are used to build a tin model of the relief using
the ARCINFO®facilities and, then, resampled to fit the
image pixel size.

It is possible to increase the number of SAR data
acquisitions over the same area by using images from
contiguous orbits and images acquired in ascending
mode. In Western Europe, two contiguous images
overlap by 50%. An area of 5000 km2 is thus covered
twice during the revisit cycle of the satellite. If the
corresponding ascending images are acquired, the
temporal resolution is doubled over a 3000km2 surface
area, as shown in fig. I. We see in fig. 2 that the
combination of images acquired in various
configurations allows a better monitoring of the crop
growth. It is thus possible to acquire 9 RADARSAT
images and 6 ERS images over the same site and during
the same period.
It is also important to note that the temporal resolution
obtained is not constant through time. Fig. 2 shows that
4 RADARSAT images can be acquired in 11 days, and
that there is a gap of 13 days, that is to say half of the
revisit cycle period, before a new acquisition. This
period is shorter for ERS.
The effect of the temporal resolution on crop monitoring
by the RADARSAT satellite is illustrated in figure 3.
For 316 sugar beet fields and 592 wheat fields, the per-
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ASSESSMENT OF THE TEMPORAL RESOLUTION
OF SAR SATELLITES IN THE CONTEXT OF CROP
MONITORING
In this section, we make a distinction between the revisit
cycle and the temporal resolution. The revisit cycle of a
satellite is defined as the time between two passes on
the same orbit. The temporal resolution is the time

Mai22heigh1
Radarsat acquisitions
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Fig. 2: Simulation of the RADARSAT and ERS
acquisition possibilities over the growth period of maize
inl 997.
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field DN values were averaged. In fig. 3.a, we plotted
only the values obtained from three RADARSAT
images acquired in ascending mode from a single orbit.
In fig. 3b, we added the values obtained from the 10
images acquired in the other orbital configurations.
The integration
of images
from other orbital
configurations allows a better determination of the
temporal SAR signature of the two crop types. In the
sugar beet case, for instance, the profile of figure 3a
seems to indicate a decrease in the signal, followed by a
plateau or a slight increase. As we introduce new data,
the profile changes drastically. The same observation
can be made in the wheat case. In fig. 3.a, the signal
seems to increase slowly throughout the growth season.
After the introduction of the other points, we see that,
there is first a plateau then a strong increase of the
signal. At the end of the growth season the signal
decreases to its lowest values.

ASSESSMENT OF SAR IMAGE GEOMETRY
Geometric Distortions in SAR Images
The local topographic relief affects the geometry of the
image. Because the radar measures times, distortions in
the range direction occur when the target imaged by the
radar is at a different height from a reference level. The
target appears to be closer to the nadir line than it
actually is. This phenomenon is called foreshortening
and affects differently the geometry of images acquired
in various orbital configurations. Foreshortening is
spectacular in mountainous areas but is not well
documented on areas with moderate relief.
In this section, we quantify the effects of foreshortening
on our test site. To compute the difference of the
parallax error of a target located at a height h on two

contiguous images we used the equation given by
Guindon and Adair [3]:
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Fig. 3: temporal signature of the per-field DN value
averaged on 316 sugar beet fields (in blue) and 592
wheat (in green)fields using a single (a) or 4 orbital
configurations (b).

Fig. 4 shows the difference of parallax error for the
range of the test site relief height for 2 contiguous ERS
images and 2 contiguous RADARSAT images acquired
following the beam S4 [8]. In two images whose centres
are 50 km apart, the parallax difference engendered by
the same object at 50 m above the reference level will
be of 2 pixels for ERS and 1 pixel for RADARSAT. At
the maximum height of the study area (300 m), these
differences are respectively of 9 and 5 pixels. The
differences are doubled when the images are acquired in
ascending and descending mode since the object is
viewed from theopposite point of view. The use of
geocoding methods accounting for the relief is thus
necessary.
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the 4 images and the DEM has a total surface area of
1600 km2•
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Fig. 4: difference of parallax error for the range of the
test site relief height for 2 contiguous ERS images and 2
contiguous RADARSAT images
Geocoding Methods Performance Assessment for
Constitution of Time Series
In this section, we compare the photograrnmetric
method developed by Toutin et al. [9] with the classical
methodology based on a second order polynomial
equation. Indeed, previous articles have shown that the
better RMS error obtained on the GCP with a third order
polynomial equation is mainly due to the increase in
degree of freedom. At the same time, the error
computed on verification points (VPs), i.e. points that
are not used to compute the model coefficients, is the
worst with a third order equation [5].
The comparison is based on 4 ERS images acquired in 4
orbital configurations (two contiguous orbits in
ascending mode and two contiguous orbits in
descending mode (fig. 1). The overlapping area between

,
1·

For each image, we selected a set of 30 GCPs spread
over the entire image. These GCP sets are different from
one image to another. A common set of 20 verification
points was also selected in the overlapping area of the
three images acquired during the same year. In a first
experiment, the X and Y true coordinates of the GCP
are computed from the SPOT mosaic while the altitude,
needed for the photogrammetric method, is determined
with the DEM or with topographic maps. The accuracy
of the two sources is similar (more or less two meters).
Although the number of GCPs collected is adapted to
the polynomial method and is unnecessary for the
second method, it was decided that this set would be
used for both methods for comparison purposes.
The accuracy of the two correction methodologies rs
assessed in 4 steps:
1.

computation of the root mean square error and of
the maximum error (in pixels) for the 30 GCPs (tab.

2.

computation of the root mean square error and of
the maximum error (in pixels) for the 20 VPs (tab.
2);
computation of the root mean square error and of
the maximum error (in pixels) for the 15 best GCPs
(tab. 3). The 15 best GCPs are different for the two
methods;
computation of the root mean square error and of
the maximum error (in pixels) for the 20 VPs using
the GCPs set of the previous step (tab. 4).

1);

3.

4.

Table 1: Comparison between the photogrammetric and the polynomial methods with the RMS and the
·
(in pixel) f
Photogrammetric
method
Polynomial method

RMS
Maximum error
RMS
Maximum error

Ascending,
Track 344
2.29
4.07
7.43
21.63

Ascending
Track 072
2.48
5.16
3.94
11.30

Descending
Track 151
2.14
3.80
3.02
6.78

Descending
Track423
2.13
4.68
4.10
7.52

Table 2: Comparison between the photograrnmetric and the polynomial methods using the RMS and the
·
(in pixel) for a set of 20
Photogrammetric
method
Polynomial method

RMS
Maximum error
RMS
Maximum error

Ascending
Track 1
3.70
6.36
6.00
14.38

Ascending
Track 2
I
I
I
I

Descending
Track 3
4.61
8.28
6.3
12.58

Descending
Track4
3.18
7.74
6.20
9.89
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Table 3: Comparison between the photogrammetric

Photogrammetric
method
Polynomial method

RMS
Maximum error
RMS
Maximum error

and the polynomial methods using the RMS and the

Ascending
Track 1
0.94
1.36
1.23
1.38

Ascending
Track 2
0.83
1.43
1.19
1.44

Descending
Track 3
0.79
1.17
0.99
1.21

Descending
Track4
0.69
1.24
1.57
2.05

Table 4: Comparison between the photogrammetric and the polynomial methods using the RMS and the
·
(in pixels) for the 20 VPs but with the narameters of the second set of GCP
Photogrammetric
method
Polynomial method

RMS
Maximum error
RMS
Maximum error

Ascending
Track I
4.91
8.23
6.06
12.62

The results clearly show the superiority of the
photogrammetric method even for a relatively flat area
(tab. 1 to 4). The errors (RMS and maximum error)
seem also more stable using this method (tab. 1). The
RMS varies between 25 and 30 meters using the first
method while it goes from 38 to 93 meters using the
polynomial method. The same conclusion can be drawn
for the maximum errors which reached an extreme of
21.63 pixels (270 meters) for one of the corrections with
the polynomial method while the maximum error
computed using the photogrammetric method was not
greater than 64 meters.
The errors computed with the 20 verification points
(VPs) are greater in both cases but the photogrammetric
method always gives the best results (tab. 2).
Theoretically the errors obtained with the verification
points using the photogrammetric method should be of
the same order as those obtained with the GCPs. The
difference could be due to the fact that the selection of
the GCPs has been optimised for each image to correct
while the VPs were common to the three images. A
verification point that appears clearly in one image can
be less visible in another one because either the
geometry acquisition or the acquisition dates are
different.
The structure of the error in the VP localisation is also
different depending on the correction method. In the
photogrammetric case, the errors comes equally from
the X and the Y contributions while using the
polynomial method, the biggest errors are mainly due to
the X contributions. In both cases the errors are not not
linked to the altitude of the points.
When we used the 15 best GCPs, i.e. those with the
smallest error contribution, the differences in the RMS
errors between the two methods are reduced (tab. 3).
This is not the true for the 20 VP. Indeed, the errors are
more or less the same than those obtained with the first

Ascending
Track 2
I
I
I
I

Descending
Track 3
4.28
8.73
7.94
17.57

Descending
Track4
3.48
7.45
7.29
13.74

set of 30 GCP in the case of the photogrammetric
method while it is increased for the polynomial method
(tab. 3). The photogrammetric method is not sensitive to
the size of the GCP set.
Orbital Stability
The centre X coordinates of images acquired in the
same orbital configuration are close to eachother.
Indeed, the orbits of radar satellites are permanently
checked and corrected. The position of the centre in the
range direction of 7 ERS SAR images acquired in the
same orbital plane was calculated. The maximum range
distance between the centres of two images of the same
orbit and frame is of 90 pixels (1125 m). We can
compute with (1) the difference in parallax error for the
range of the test site relief height for 2 ERS images
having their centres at I km from eachother. For a target
with an elevation of 300 meters above the reference
level, the difference of the displacement will be of 3
meters, which is very low compared to the size of the
pixel. In the case of our RADARSAT images, the
maximum distance between two images of same orbit
and frame was of 152 pixels in the range direction (1216
m). Such a range displacement between two images
leads to a difference in parallaxes of 1 meter for a target
with an elevation of 300 meters above the reference
level. Images acquired in the same orbital configuration
are thus affected by the same geometric distortions.
Coregistration of Images Acquired in the Same Orbital
Configuration
As shown in the previous section, the images of a same
track and frame are affected by the same geometric
deformations. We show here that these images can be
coregistered by a simple translation. For any
corresponding points in two images, the differences
between the X coordinates and the Y coordinates are
always constant. Moreover such corresponding points
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different master GCP sets. In this case, 4 master images
were integrated in the database and we used the master
GCP set described in the section on the evaluation of the
geocoding method.

are easy to find in the two images because they have the
same radiometric response.
We selected 20 corresponding points spread over two
full SAR images of the same orbit and frame. The AX
and LIY parameters, determined with a single point, were

respectively equal to +58 and -146 pixels. The 19 other
points were used as GCP to determine the parameters of
a first order polynomial. The best RMS error (0.85) is
obtained with the two following equations:
x2
y2

=
=

60.19031 + 0.9999331xl+ 0.0003956672yl (2)
-145.7327 - 0.00007258747xl +1.00003lyl (3)

These two equations are very close to translation
equations with a LIX of +60 and a LIY of -146 which is
very close to the translation factors obtained with a
single point. On the other hand, a RMS error of 1.33
pixels has been obtained with the two translation
equations determined using a single point.
DESIGN OF A FAST TRACK
PROCESSING CHAIN
The previous sections allow us to build a new fast-track
processing chain (fig. 5). The whole processing chain is
based on a database of master images. There are as
many master images as there are orbital configurations
covering the study area. The best GCPs between each
master image and a georeferenced document- in this
study, a SPOT mosaic - are selected and form the

When an image has to be processed, the algorithm reads
the track and frame number in the auxiliary file and
selects the corresponding master image (fig. 5, step 1).
The two images are displayed and the operator
determines the translation factors AX and LIY (fig. 5,
step 2) between them. These factors are added to GCPs
of the master GCP set (fig. 5, step 3). The result is a
new GCP set to be used in the last step of the procedure.
Finally, the image is geocoded using the
photogrammetric method (fig. 5, step 4) and is
integrated as a new channel in a synthetic image.
This processing chain already meets two of the
requirements mentioned in the processing chain. First,
thanks to the integration of images acquired in various
orbital configurations, the time between two
acquisitions is now compatible with crop monitoring.
Secondly, the integration time of a new image to the
time series is very short since only the determination of
the translation factors between the master image and the
image to process needs human intervention. Further
improvements in the processing chain will allow a
complete automation of the processing chain. The two
other requirements are assessed in the following
sections.

Master image
(PRI, SGX)
Track i, Framej

Image n° k (PRI, SGX)
Auxiliary file

Master GCP set
for image ij

Image file
translation factors

GCP set for
image k
DEM
Synthetic image
with k channels
Figure 5: scheme of the fast track processing chain.
The second step (in red) represents the only one that needs human intervention.
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PROCESSING CHAIN ASSESSMENT
Geometric Accuracy Assessment
The geometric accuracy assessment of a time series
produced with the processing chain has been made on a
synthetic channel. The pixel values of this new channel
are an average of the pixel values of all the other
channels. If the geocoding is good, the limits are sharp
and the RMS error is low. Inversely, a bad geocoding
results in blurred limits. The selection of good
verification points is difficult and the RMS errors are
higher.
We checked the accuracy of two time series. The first is
constituted of 8 ERS images acquired in I996. I3
RADARSAT images acquired in I997 form the second
time series. The two time series are constituted of
images from 4 orbital configurations (two contiguous
ascending and two contiguous descending). For both
time series, the accuracy is evaluated with a set of I5
verification points. The coordinates of these points are
determined simultaneously in the synthetic channel and
in the SPOT mosaic. Results (tab.5) shows that the
errors expressed in pixels are similar in both time series.
Due to pixel size, the absolute error in meters is higher
for ERS. These results should be used as a reference for
the creation of a buffer zone when extracting the perfield signal statistics or the per-field backscattering
coefficient.
Signal Degradation Due to Geocoding
The last step of the geocoding implies the resampling of
the input pixel values into a new file. Three resampling
methods are classically used: the nearest neighbour, the
bilinear interpolation and the cubic convolution. The
two last methods alter the data values and must not be
used if signal extraction is envisaged after geocoding
[IO]. The first method does not alter the data values but
some pixel values may be dropped or duplicated. This is
particularly true with the geocoding method used in the
processing chain since the topographic relief is
Table 5:geometric accuracy assessment of the
processing chain for two time series (ERS &
RADARSAT)
Expression in meters
Total
X RMS
YRMS
RMS error
error
error
ERS
RADARSAT

31.9
21.0
Total
RMS error

ERS
RADARSAT

2.54
2.62

18.3
14.3

26.1
15.4

Expression in pixels
X RMS
YRMS
error
error

1.46
1.79

2.09
1.92

Max.
error

61.7
36.25
Max.
error

4.93
4.53

accounted for. The degradation of the signal of in
particular area after geocoding can be assessed in two
different ways: either by carrying out a test of equality
on the pixel means [I I] or by the determination of the
relative error on the mean, the variation coefficient and
the backscattering coefficient.
These various tests have been first realised for a large
area involving urban areas, forests and crops. The
topographic relief is representative of the whole study
area. For the test on the means, the null hypothesis is
rejected at a level of confidence of 0.95. The two means
are different even if the relative errors on the statistics
(means, variation coefficient) and on the backscattering
coefficient are less than I %. Globally, geocoding thus
affects the signal value.
However, the processing chain we developed aims at
extracting the signal only on intensive agricultural areas.
The slopes of the fields are very low compared to the
slopes of the entire study area. The raw image was thus
systematically sampled with a window of 30 by 30
pixels. Each window was geocoded using our
processing chain and thanks to aerial photographs we
determined their land use. The tests were only carried
out on the 57 samples exclusively located on fields. The
mean slope of the samples was determined with the
available DEM. For all the samples, the mean slope was
equal to I .6I. At a level of confidence of 0.95, the
equality of means is always accepted. However, in 6
cases, the relative error on the mean value is superior to
I percent (tab 6). It is superior to 2 % in only one case.
The relative error on the backscattering coefficient
expressed in dB is superior to 1% in two cases but is
always inferior to 2%. For the variation coefficient, the
number of fields for which the relative error is superior
to I % is I6. For 3 fields, the error is superior to 2%
with an extreme of 4.36%. For I9 samples among the
57, the geocoding of the images implies an error
superior to I% for at least one extracted value (mean,
variation coefficient or backscattering coefficient). The
number of samples drops to 4 if the threshold is fixed to
errors superior to 2%. There are no clear relationships
between the relative errors and the mean slope of the
sample.
Table 6: Relative error due to the geocoding for the
mean, for the variation coefficient and for the
backscatterinz coefficient (57 windows sampled
Relative
Mean
Variation
All
o"
error
value coefficient (dB) variables
<1%
51
41
55
38
13
2::I%-<2% 5
2
I5
2
2::2%-<3% I
0
3
0
1
2::3%
0
1
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On the Retrieval of Forest Biomass from SAR Data
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Abstract:
The question of retrieving forest biomass from SAR data has been subject of numerous research works since the
early 1990s. The first results using AIRSAR data showed that it was possible to invert P band SAR data into
biomass maps. Using the currently available spaceborne SAR data, namely ERS, JERS and RADARSAT, the
biomass retrieval appears limited in terms of biomass range and, in certain cases, site specific.
To provide an overview on issues related to forest biomass retrieval this paper will present a survey of the
possibilities and limitations of SAR data at different frequencies, polarisations and incidences.
First the definition of biomass and biomass parameters (age, height, stem volume,dbh) will be addressed, and the
information requirements in forest management and in global environment studies for biomass information will be
discussed.
The information content of SAR data in terms of the retrieval of biomass parameters will be assessed, based on an
understanding of the underlying scattering mechanisms, which in turn are derived from observations and modeling
results. For this purpose, an analysis of data acquired by multiple frequency, incidence and polarisation systems and
by systems with interferometric capabilities has been carried out. The results, which have shown that the sensitivity
to biomass parameters differs strongly at different frequencies, polarisatons and incidences, have been interpreted
using theoretical models. The aim was to determine the scattering mechanisms involving different categories of tree
elements such as trunks, branches and leaves. This understanding is necessary to explain the relationships between
the radar intensity, and to a lesser extent, polarimetric and interferometric measurements, with the dielectric and
geometrical properties of the constituent scatterers, which in turn, are related to the required biomass parameters
(e.g. above ground biomass or stem volume) via allometric equations. The theoretical models appeared useful to
assess the validity domains of the observed relationships, when the effects of ground characteristics, tree species,
mixture of species, topography .. need to be accounted for.
The information content relevant to biomass retrieval of ERS, JERS, RADARSAT data, including interferometric
measurements will be summarised. The definition of optimum systems will be addressed using results obtained with
SIR-C/X-SAR data and airborne systems.

Full-length paper on pages 595-600
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Land cover type and biomass classification using AirSAR data for evaluation of monitoring
scenarios in the Colombian Amazon
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ABSTRACT
The potential role of a spaceborne SAR component
within a dedicated global monitoring system for
tropical rain forest areas is investigated. Use is made of
NASA's airborne radar system AirSAR, which
acquired C-, L- and P-band polarimetric data of a
colonisation area located at the edge of the Colombian
Amazon. Classification accuracy for primary forest,
secondary forest, recently deforested areas and pastures
are studied to determine optimal wave parameter
combinations, using an extensive database of 778 plots.
Kappa statistics are used to compare results for
different combinations. The relevance of polarimetry is
studied by incorporating the (multi-look) pdfs of the
polarimetric phase differences and the polarimetric
correlations. In addition possibilities for biomass
estimation are studied using detailed vegetation
structure measurements of bush invaded grasslands (5
plots), secondary forest (10 plots) and primary forest
(13 plots). High accuracy for land cover type
classification, i.e. over 90%, can only be obtained when
two frequency bands are combined. L-band with HV
polarisation and P-band show the best possibilities for
biomass estimation. After land cover type classification
at least 6 biomass classes can be differentiated at a high
level of confidence. The results clearly indicate how
SAR systems may be designed to accurately monitor
processes of deforestation, land and forest degradation
and secondary forest re-growth. The effect of Faraday
rotation on P-band data collected from spaceborne
SAR is also taken into consideration.
1. INTRODUCTION
Tropical rain forests cover large parts of the Earth's
land surface. The significance of these forests, and the
need for information, can be seen from several
perspectives: (a) Tropical rain forests play an essential
role in global hydrological, biochemical and energy
cycles and, thus, in the Earth's climate; (b) The tropical
rain forest is one of the Earth's most complex
ecosystems and has large bio-diversity. The functioning
of this ecosystem and the significance of its genetic
resources are still not well understood; (c) Tropical rain
forests are of great economic value as a major source of

timber and other products, and as a source of land.
Large areas are converted into forest plantations,
arable land and pastures. An urgent need exists for
accurate data on the actual forest extent, deforestation,
forest structure and composition. These data serve
several purposes. They are needed as input for climate
studies, for selection and surveillance of forest reserves
(with or without sustainable use) and surveillance of
environmentally sensitive areas, the latter related to
mining and selective logging activities in areas under
sustainable management. In new settlement or
colonisation areas data on land cover (change) and land
degradation processes are needed for land use planning
and development of sustainable land use management.
Hence, the availability of accurate land cover maps,
and the possibility to update these maps frequently, is
of great importance.
In this paper an attempt is made to assess the potential
role of a spaceborne SAR component within a
dedicated global forest monitoring system [7], by
analysing experimental data from NASA's AirSAR
airborne radar. Making an assessment of specific
information needs, that can be fulfilled by such a
system, is not a straightforward procedure in a period
of time where the relevant technologies are advancing
fast and new policies for sustainable forest management
and nature conservation are in development.
Tentatively, it may be assumed that, at map scales of
1:100,000, and smaller, accurate and up-to-date maps
are required to fulfil several types of information needs.
Processes of deforestation, conversion of forests to
other types of land cover, secondary forest extent and
land degradation will be some of the important types of
land cover dynamics under consideration. Though
spaceborne SAR in the near future may well be capable
of providing relevant information, it is not yet clear
how such a SAR should be designed in terms of, for
example, wave parameters and resolutions. Clearly the
optimal design will depend on specific priorities in
information needs. On the other hand, the need to
develop new dedicated spaceborne SAR systems will
not be very great in case spaceborne SAR missions that
are already planned, such as the C-band ASAR on
ENVISAT or the proposed polarimetric L-band
'LightSAR' of NASA, can already satisfy the

Proceedings of the 2"JInternational Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data/or Land
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information needs cost-effectively. The use of P-band
SAR has been proposed for its supposedly superior
capabilities for 'biomass' assessment and deforestation
[8,13,14]. On the other hand, technical problems make
the use of P-band questionable: P-band radiation is
subject to Faraday rotation in the ionosphere, there is
no ITU frequency band allocation (as yet) for radar
remote sensing in P-band and, in the event there is one
in the near future, the limited band-width will prevent
acquisition of data with both high radiometric and
spatial resolution.
The results of research conducted at a well surveyed
test site of the 'Tropenbos' foundation in Guaviare, a

colonisation area at the edge of the Colombian
Amazon, may provide some insight into the above
mentioned issues. In May 1993, the AirSAR (POLSAR
mode) collected fully polarimetric C-, L- and P- band
data [I 0] in this area, thus enabling evaluation of the
utility of different wave parameters for different
information needs. In this paper the results of an
analysis of land cover type and biomass classification
capabilities for a single frequency band (polarimetric or
single/multi-polarisation) and for combinations of
frequency-bands (polarimetric and/or single/multipolarisation) are presented. The results are discussed in
the context of different monitoring scenarios,
considering the presently operational and the (possibly)
forthcoming satellite radar systems (section 5). A land
cover map resulting from AirSAR data classification is
presented as well as some direct applications of the
results, such as a biomass class map (section 6).
2. BRIEF DESCRIPTION GUAVIARE TEST SITE
The study area is located in the Colombian district of
Guaviare (2.5°N, 72.5°W), south of the Guaviare river
corresponding to the natural boundary between the
Amazon rain forest and the savannahs of the Llanos
Orientales to the north. The total annual rainfall
fluctuates around 2600 mm with a maximum in May
and a dry period from December to March. The natural
land cover mainly consisted of tropical rain forests and
edaphic savannahs, but due to the process of
colonisation, extensive parts of the primary forest have
been cut and converted into cropland, pastures or
secondary re-growth (fallow). Part of the remaining
forest is under human influence, meaning that valuable
trees have been extracted and that the original structure
of some of the forest fragments has been affected.
Pasture for cattle breeding is the dominant land use on
the upland. After cutting and burning of primary or
secondary forests, annual and perennial crops (mainly
maize, cassava, plantain) and, subsequently, forage
grasses (mainly Brachiaria decumbens) are grown.
Pastures may degrade seriously and are sometimes left

to bush fallow for a certain period. The processes of
deforestation and land cover change are still going on,
resulting in a continuous forest fragmentation, which
makes this area a very interesting one for monitoring
studies.
The most important vegetation cover types in the study
area are (1) primary forest, (2) secondary forest
regrowth, (3) recently deforested (burnt) areas and (4)
pastures. Recently deforested areas are areas where
forest has been recently cut and the remnants have been
burnt after a short period of drying. Usually crops are
planted shortly after burning, while big branches,
trunks and stumps of big trees remain present for some
time. In addition some natural savannahs (5) and bush
lands (6) occur in the westernmost part of the test area.
The location and extent of these two classes are known,
and are not subject to significant change over time. The
latter two classes are excluded from the results
presented in this paper since the four classes described
above suffice to evaluate all different monitoring
scenarios.
3. DATA BASE
The AirSAR images [17] are in 16-look Stokes matrix
format with a pixel spacing of 6.66 m in range and
around 8.20 m in azimuth. The incidence angle ( 6;)
varies from about 20° to 60°. For the identification and
the description of the land cover types, field
observations on vegetation and terrain characteristics
were made at 123 locations in the 45°-60° incidence
angle range. With the help of the land cover map [I],
aerial photography acquired in 1990, airborne radar
data acquired during the SAREX campaign of ESA in
1992 [6,18] and terrain knowledge, a total of 778 areas
of at least 50 pixels could be delineated, covering the
four land cover classes in a 25°-60° range of incidence
angles.
Detailed measurements of structural and physiognomic
characteristics were made for 13 plots of primary forest
and I0 plots of secondary forest. In addition, vegetation
characteristics were collected for 5 plots of grassland
with varying degrees of bush invasion. For the
estimation of (total above-ground wet) biomass, for the
plots of primary forest and secondary forest an
allometric equation calibrated for the (Colombian)
Amazon [12] was applied, using trunk diameter and
height to the first living branch. The biomass of the
pasture plots was estimated by cutting and weighing all
vegetation within some small sample areas within these
plots.
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A database with averaged Stokes matrix elements was
created, which forms the basis for the analysis in this
paper.

!Pi j . The theoretical pdf for multi-look backscatter is
given by the gamma function, for phase difference and
correlation marginal distributions are given by [16]:

4. APPROACH
The usefulness of certain combinations of frequency
bands and polarisation, polarimetry, the effect of
incidence angle and the effect of speckle have to be
evaluated for different types of information needs. This
was done in several steps, which will be described
briefly. The incidence angle behaviour of the parameter

P¢(¢>1¢>i,jp;j)=

[

angle range studied, for all land cover classes and
frequency bands. It was decided, arbitrarilly, to develop
a classifier using field averaged radar data for all fields
in the 45°-50° incidence angle range (table l) and
apply selected classifiers on AirSAR image data in the
42.5°-55° incidence angle for validation (section 6).
A statistical description of full polarimetric data can be
made
in
several
ways.
A
mathematically
straightforward approach would be to describe the
cross-products of the elements of the scattering matrix
S, i.e. the elements of the covariance matrix. Another
way would be to decribe the data in terms of
backscatter,
polarimetric
phase ¢ difference and
correlation
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+
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where F is a hypergeometric function.

jpj . Though mathematically

more complex, the latter approach was selected here
because it allows better interpretation in terms of
physical mechanisms
of backscatter
and, hence,
physical understanding.
The complex correlation between the HH- and
VY-returns can be computed as:

(I)

For a spatially homogeneous area i the probability
density functions (pdfs) can be described by the
number of looks (per pixel) and the underlying values
Table I. Number of plots per vegetation cover
class and selected incidence angle ranges.
Cover type
Primary Forest
Secondary Forest
Recently cut
Pastures
Total

-1Pil
2
,,_

(1

(2N-1)/3arccos(-/3)
(
2)+112

y ( r=a0 I cosBi) appeared to be low for the incidence

polarimetric

¢i and correlation

for backscatter )/;, phase difference

25°-60°

45°-50°

233
227
93
225
778

34
25
24
22
105

For a classification procedure statistical descriptions
are needed for pixels belonging to a certain class, rather
than belonging to a certain homogeneous area. Such
distributions do not follow directly from theoretical
considerations. Assumptions should be made, which
have to be carefully verified with experimental data.
The latter is out of the scope of this short paper. Here,
it is assumed that pdfs are well described by Gaussian
distributions for the parameter y (in dB), by circular
Gaussian distributions for the phase differences:

with j3

=jp;jcos(¢>-¢>i} -tr<¢>-::,tr, where ¢; = the

"effective mean" phase difference for class i and

IP;!

= the "effective mean" correlation for class i, which
equals (2) for N= I and by Beta distributions for the
correlations:

r(a+b)
/3 (p la,b ) = r(a)r(b)

Ip 1u-l (I- Ip 1\9-l
II
J , 0< p <I,
(5)

where a and b are regression parameters.
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It is assumed that the objects display azimuthal
symmetry and, consequently, that only the correlation
and phase difference
distributions
for HHNVpolarisation is important, and that for HHIHV- and
HY NV-polarisation these can be ignored [11].
The field averaged Stokes scattering element data of
the database are used to calculate field averaged values
for backscatter, phase differences and correlation.
Since each field has at least 50 pixels, or N=800
independent looks, for homogeneous
fields these
averages closely approach the underlying values and
can be regarded free of the effect of speckle. The
standard deviation of the backscatter follows from
[5;eq.27] and is less than 0.154 dB for N>800. The
standard deviation of the phase difference depends on

IP;I

for

and follows from [16;eq.69]. It is less than 2.48°

IP;I

= 0.5 and N>800. The standard deviation of

the correlation follows from application of the CramerRao bound [15;eq.20] and is less than 0.018 for
=

IP;!

0.5 and N>800.
The effect of speckle can be simulated by using these
field averaged values to draw randomly from the
distributions given by (2) and (3). Here this was done
100 times for each field, thus raising the number of
samples to be classified from 105 (table 1) to 10.500.
The likelihood for an (polarimetric) observation vector
to be classified as class i is modeled as the product of
the joint Gaussian distribution of the backscatter values
multiplied by the likelihoods of the phase difference
values and the likelihoods of the correlation values. It
is assumed, therefore, that values for phase difference
and correlation are independent from each other and
independent from backscatter level. It is noted that this
assumption is not well validated, and, consequently,
classification results may be underestimated.
A Kappa statistic ( K ) can be computed to
evaluate significant differences between any
pair of classification results, cf. [9]. A test
statistic AK can be introduced as:

~

LJK =

where

a: [k]

lk1-k2I
~a;,[k1 ]+a;, [kz]

.

is the approximate large sample

variance of K . At the 95% confidence level
two results may be considered significantly
different if AK> 1.96 [2].

5. RESULTS
Land cover type classification
The simulated classification results for the four main
land cover types using a single channel configuration
are shown in Table 2. It also includes results for LLand RR-circular polarisation since these (and only
these!) are not affected by Faraday rotation in P-band
as can be deduced from [3]. At the 'l dB' level only Lband HY-polarisation (Lhv) and P-band HVpolarisation (Phv) show reasonable results (80%).
Table 3 shows that at the '1 dB' level many
combinations of 2 channels reach results over 90%.
There are many combinations of Lhv with C- or P-band
and combinations of C- and P-band which are
successful. Single frequency combinations are inferior
to many of the best double frequency combinations.
The effect of speckle can be studied in many ways. Fig.
1 shows results for some combinations as a function of
speckle level. It clearly illustrates that for some of the
better combinations results do not improve
considerably anymore after 20 looks. Consequently, on
average, an area related to 20 looks may be considered
as the smallest area detectable with any system that is
using these combinations. Using three or more channels
doesn't improve results considerably as can be seen in
table 4. This table also includes results for polarimetric
Table 2. Overall Maximum Likelihood (MLH)
classification results (expressed in percentages) at
the 95% level of confidence for the 45°-50°
incidence angle range using a single channel, for
speckle levels of 0, 1 and 2 dB, (i.e. N>800, N=20,
N=5, respectively) for all AirSAR channels studied
and for 4 land (vegetation) cover types. The bold
numbers indicate the best result plus the results that
are not significantly different from the best result at
the 95% level of confidence. The numbers in the
shaded boxes indicate the worst result plus the
results that are not significantly different from the
worst result at the 95% level of confidence.
Channel

Chh
(5)

Chv
Cvv
Lhh
Lhv
Lvv
Phh
Phv
Pvv
Prr
Pll

91.4
82.9
81.9
88.6
79.0
81.0
78.1

66.2
73.0
80.3
70.4
74.0
72.2

60.4
67.5
57.4
62.5
62.3
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systems. Also fully polarimetric P-band systems are
considered since these can be corrected for the effects
of Faraday rotation relatively easily [4]. In table 5 the
confusion between any pair of land cover classes for a
number of wave parameter combinations is shown.
Depending on specific application needs, certain
combination can be preferred, even when they yield
lower overall results. For example, for monitoring the
decrease of forest area it may be important to
discriminate forest (primary and secondary) from
pastures. L-band with HR-polarization would be well
suitable. For this particular configuration the confusion
with recently cut areas would be large and also primary
and secondary forests would be confused to a large
extent. Some dual-frequency systems give excellent
results, for example: a C-or L-band polarimetric system
in combination with P-band in RR-polarization.

Table 4.
Overall Maximum Likelihood (MLH)
classification results (expressed in percentages) at the
95% level of confidence for the 45°-50° incidence
angle range for a selection of combinations at the '1
dB speckle level'. The bold numbers indicate the
best result plus the results that are not significantly
different from the best result at the 95% level of
confidence. The numbers in the shaded boxes
indicate the worst result plus the results that are not
significantly different from the worst result at the
95% level of confidence.
Channel
Cool, Looi, Pool
Chv, Phv, Prr
Cool, Prr
Phv, Cvv
Cvv, Chh, Chv, Prr
Looi, Prr
Lhv, Prr
Cool, Looi
Looi, Cvv
Pool
Pvv,Phh,Phv
Looi
Lvv,Lhh,Lhv
Lhh, Cvv
Lhh, Prr
Cool
Cvv, Chh, Chv
Lhh
Cvv, Chh
•
Cvv
Chh

100
90
"Cl

.!!! 80
:t:
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.!!! 70
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0
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Fig. 1. Overall Maximum Likelihood (MLH)
classification results (expressed in percentages) at the
95% level of confidence for the 45°-50° incidence
angle range for several combinations as function of
the speckle level expressed in number of looks.

94.7
94.0
93.1
93.1
92.6
91.9
91.2
90.4
89.5
87.1
86.1
85.8
85.0
81.l
73.3
68.4
61.9
60.1

K
0.931016
0.921145
0.909599
0.908934
0.902984
0.893512
0.883844
0.873539
0.862657
0.829398
0.816590
0.813185
0.803859
0.751464
0.647533
0.581294
0.497471
0.465214
0.393662
0.373692
0.275277

u~lRJ
0.000768
0.000885
0.001018
0.001032
0.001077
0.001174
0.001275
0.001365
0.001479
0.001803
0.001904
0.001926
0.001996
0.002492
0.003142
0.003612
0.003859
0.003928
0.004008
0.004144
0.004154

Table 3. Overall Maximum Likelihood (MLH) classification results (expressed in percentages) at the 95% level of
confidence for the 45°-50° incidence angle range using 55 combinations of two channels, for a speckle level of '1 dB'
and for 4 land (vegetation) cover types. The bold numbers indicate the best result plus the results that are not
significantly different from the best result at the 95% level of confidence. The numbers in the shaded boxes indicate
the worst result plus the results that are not significantly different from the worst result at the 95% level of confidence.

Chh
Chv
Cvv
Lhh
Lhv
Lvv
Phh
Phv
Pvv
Prr

.,

Cvv
Chv
••••••.,o••.,?? .......... ..•..,\

Lhh
75.7
H/6.l:tl.••••· 81.7
81.l

Lhv
83.7
86.9
86.1
83.1

Lvv
74.8
80.6
78.7
74.6
80.4

Phh
85.3
90.3
90.3
72.7
91.4
86.1

Phv
88.7
92.9
93.1
78.8
91.2
85.3
84.3

Pvv
83.6
89.1
89.1
71.8
87.5
80.8
80.1
80.0

Prr
86.5
92.2
92.3
73.3
91.0
84.3
79.9
80.8
76.3

Pll
86.8
92.0
91.9
72.5
91.2
84.7
78.0
81.3
77.1
76.4
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Table 5. Percentage of confusion between land cover type pairs for the 45°-50° incidence angle range at the 1 dB
speckle level for the cases given in table 6. Each entry gives the result as the percentage of the sum of class a samples
classified as b and class b samples classified as a from the sum of class a and class b samples, in the absence of other
classes (i.e. absence of class c, etc., and the class 'unknown'). The expected value for maximum confusion therefore is
50%.
Bands and polarisation

Loss of
forests

Newly
deforested
areas

Forest
stages

Primary -Pastures
1-4
SecondaryPastures 2-4
Primary-Recently
Cut 1-3
SecondaryRecentlv cut 2-3
Pastures - Recently
Cut 3-4
Primary-Secondary
1-2

Bands and polarisation
(continued)
1-4
2-4
1-3
2-3
3-4
1-2

Chh

Cvv

Lhh

Lhh
Cvv

0.5

Cvv
Chh
Chv
7.7

20.1

10.6

18.6

10.3

1.9

7.5

1.5

12.6

3.3

40.9

0.4

3.0

11.3

3.2

30.8

0.3

2.2

38.6

32.3

I. I

16.8

0.8

46.0

46.9

23.8

43.1

24.4

Prr
Lhv

Cpol

Lpol

Lpol

Lpol
Prr

Cpol
Prr

Ppol

Cvv

Cpol
Ppol

0.0
0.3
2.9
4.6
0.1
4.3

4.0
4.3
0.5
0.6
12.3
40.0

0.0
0.0
0.5
1.4
0.7
10.8

0.0
0.0
2.2
3.6
0.1
4.0

0.0
0.5
0.4
0.2
0.1
5.8

0.0
0.6
10.2
9.3
0.0
2.0

0.0
0.1
0.1
0.1
0.0
10.1

Mapping of biomass classes
The potential for biomass class mapping was studied by
evaluating the backscatter for all 5 fields of pasture, I0
fields of secondary forest re-growth and 13 fields of
primary forest for which biomass (directly or indirectly)
was estimated. For these fields the above ground fresh
biomass was found to vary over the range of 2.9-10 ton
per hectare ( 1 ton = I000 kg; I ha = I0,000 m2) for
pastures, 6-159 ton/ha for secondary forest and 137-297
ton/ha for primary forest. Biomass varies over several
orders of magnitude and is expressed at the logarithmic
scale. y values (in dB) were fitted to these
logarithmically
scaled biomass data (x) using a
functional relationship of the form ;{dB]= a+ b(l-exp(cx)), where the fit parameters a, b and c are determined
by minimising the Standard Error of Estimate (SEE).
The main results are summarised in table 6. For the Cband the correlation is not very high. The maximum
value for r2 is 0.66 and was found for the YYpolarisation. For L-band with HY-polarisation and for
P-band high values are found. However there are some
differences: L-band with HY-polarisation has a high

0.0
0.1
2.2
9.0
0.9
11.1

0.4

Cpol
Lpol
Pool
0.0
0.0
0.1
0.1
0.0
1.2

correlation but the signal tends to saturate at high
biomass levels. For P-band the saturation is less,
however the dynamics at low biomass levels are lower.
The combination of these bands can be used to improve
overall results for the whole biomass range under study.
Averaging backscatter of P-band with RR-polarisation
and L-band with HY-polarisation, for example, results in
a slightly higher correlation (r2 is 0.94) and a
significantly lower SEE. The ratio of the total range of
backscatter and the SEE for this particular combination
is high, namely 13.07. This number may be interpreted
as 6.7 times 1.96 standard deviations or. in other words,
at least 6 classes of biomass may be distinguished at the
95% confidence level (this should be interpreted as the
confidence level for the real class being not more than
one class away from the estimated class, see also next
section). Also, since biomass values of the savannah,
beyond the lower end of the range shown here, and
biomass values of higher biomass primary forest (at
other test sites) beyond the higher end of the range
shown here, obey this functional relationship very well,
it is believed that up to 8 biomass classes may be
discerned using this particular combination. Further
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Table 6. Relationship between backscatter, expressed
as J{dB], and biomass expressed as log 10 of the
above ground fresh biomass in tons/ha, for several
frequency
and polarisation
combinations.
The
regression results shown apply to the lowest Standard
Error of Estimate (SEE) and the associated

6. APPLICATION OF RESULTS

correlation coefficient r2• Further, the total range of y
of the experimental data and the ratio of range and
SEE are shown.

?

SEE

[dB]
C-HH
C-HV
C-VV
L-HH
L-HV
L-VV
P-HH
P-HV
P-VV
P-RR
L-HV+
P-RR

0.31
0.61
0.66
0.81
0.93
0.77
0.90
0.94
0.91
0.93
0.94

0.44
0.34
0.52
1.16
1.05
0.95
1.43
1.71
0.87
1.24
0.94

range range/
[dB] SEE[dB]
3.3
3.2
4.8
9.3
11.6
7.8
11.1
16.1
9.6
13.2
12.3

7.3
9.3
9.3
8.0
10.9
8.2
7.8
9.4
11.0
10.6
13.1

analysis, of additional biomass values of other areas in
the Amazon, may permit further elaboration of this
relationship and more insight into the saturation effect
found for higher biomass values.
P-HV
0

-10

'iD

.c:,
0

E
E
0

'-"
-20

..
-30~~~~~~~~~~~~~~~~~~~~~~

o~

0.5

1.0
log 1O(Biomoss)

1.5
[ton/ho]

2.0

2.5

Fig. 2. P-band with HY-polarisation backscatter as
function of biomass. The biomass is the fresh weight
above ground biomass (in tons/ha) at the logarithmic
scale (i.e. 1.0 is 10 ton/ha, 1.5 is 31.6 ton/ha, etc.).
Experimental data for primary forest (0), secondary
forest (0) and pasture (*) are fitted to a curve of the
form J{dB]= a + b(J-exp(-cx)), where x is the
logarithm of the biomass.

On the basis of the previous results a system
configuration may be selected. As an example the
combination Lhv and Prr may be chosen since it shows
good overall classification results (table 4), even for a
low number of looks (Fig. 1), little confusion between
any pair of land cover classes (table 5) and useful
information on biomass over a large range of values
(table 6). To validate the appropriateness of the selected
configuration the AirSAR data are classified in the
42.5°-55° incidence angle range using the statistics
derived for the 45°-50° incidence angle range (section
5). The pixels within the first angular range and within
the 778 ground truth plots can be used for validation.
The results are shown in table 7. Except for a little
confusion between primary forest and recently cut
forest, the result is very good. It is noted that no
confidence level for the classification was applied and,
thus, all pixels are classified as one of the four land
cover classes (i.e. there is no class 'unknown'). The
resulting values thus can be better than the ones given in
the previous section. In this case they appear to be
considerably higher with an overall result of 97.5%.
Using the functional relationships between biomass and
the average backscatter of the Lhv and Prr bands a map
of biomass classes can be created. This was done for six
arbitrarily chosen biomass classes, namely: (1) ::53.16,
(2) 3.16-10, (3) 10-31.6, (4) 31.6-100, (5) 100-316 and
(6) > 316 (in ton/ha). Since the relationship does not
hold for the class of recently cut areas, these areas have
been excluded from the biomass classification. It is
difficult to validate the accuracy of these results since
acquiring a sufficient number of additional biomass
values is a huge task. The consistency between biomass
classification and land cover type classification can be
checked, however. Table 8 shows for each land cover
class (excluding recently cut areas) the distribution of
biomass classes as a percentage of the total area. The
agreement with expected biomass ranges is high for all
three land cover types. Very low values of biomass (0 3.16 tons/ha) were classified in areas corresponding to
the natural savannahs (in the westernmost part of the
area), which is in agreement with field observations. The
same low range was found for some pasture areas (east
of the savannahs), indicating low biomass values which
may be associated to recent pasture burning or pasture
land degradation. The first possibility is Jess likely since
burning of the pastures usually takes place during the
dry season while the images were recorded in the middle
of the rain period. However, though no degradation data
are available (as yet) to support such a hypothesis
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firmly, the trend that more lower biomass pastures are
found in the older settlement areas is in correspondence
with expectation. Pastures in the higher biomass range
(3.16 - 10 tons/ha) were found to correspond to areas
where tall grasses and high proportion of bushes and
small palms occurred, as was recorded in the field. Both
the secondary and primary forest classes show a
Table 7. Confusion matrices for the total sample area
within the classified image, for three optimal
combinations of two channels of different frequency
bands. Results are expressed in % of pixels. The land
cover types are encoded as: (1) Primary forest, (2)

Secondary forest, (3) Recently cut areas, and (4)
Pastures.
1

Lhv - Prr

1 98.9

2

3

4

1.1

0.0

0.0

2.5

96.2

1.3

0.0

3

7.0

0.5

92.4

0.0

4

0.0

0.2

0.0

99.8

2

Total

97.5

Table 8. Percentages of areas corresponding to the
classification of the four main land cover types and
the six biomass classes. The land cover types are
encoded as: (1) Primary forest, (2) Secondary forest,
(3) Recently cut areas, and (4) Pastures.
1

2

3

4

masked

0

0

100

0

0-3.16

(0-.5)

0

0

0

10

3.16-10

(0.5-1.0)

0

1

0

69

Biomass classes ton/ha
& log.units

10-31.6 (1.0-1.5)

I

33

0

20

31.6-100 (1.5-2.0)

12

54

0

1

100-316 (2.0-2.5)

55

12

0

0

>316

32

1

0

0

(>2.5)

distribution over several biomass classes in the middle
and higher ranges. The potential of radar to monitor
forest biomass change is of great importance. In the case
of secondary forest, biomass change assessment can be
useful for monitoring regeneration processes. For
primary forest it can be applied to monitor degradation
processes or forest dynamics.
It should be noted that the biomass class map shows
broad biomass classes over several orders of magnitude
at a logarithmic scale and, thus, is useful for assessment
of spatial patterns associated with land and forest
degradation and secondary re-growth processes. It does
not show accurate biomass value estimations and, thus,

is of limited value for, say, foresters who want to assess
parameters such as timber volume.
7. CONCUSIONS AND RECOMMENDATIONS
The results presented in this paper give a good insight
into the problem of optimum wave parameter selection
for operational systems, the utility of polarimetry, how
this relates to certain applications (in tropical rain forest
areas) and to the accuracy that can be obtained. Certain
scenarios may be used to evaluate these results. Within
each scenario the appropriateness of a certain system
configuration for a certain application is investigated.
The usefulness of these systems for land cover
monitoring depend on, among other things, the type of
information (land cover classes, biomass classes), the
scale and accuracy of this information and the temporal
frequency at which this information can be obtained.
Depending on the specific information needs, land cover
monitoring systems should have the capability to (1)
differentiate between forested and non-forested areas,
(2) to detect new areas of deforestation, (3) to
differentiate between primary and secondary forest (e.g.
to study regeneration), and/or (4) to provide some data
on biomass (e.g. to study degradation or to provide
estimates on timber volume). Other issues such as costs
and timeliness are beyond the scope of this paper.
In summary one may conclude that C-band is useful for
monitoring deforestation, especially when the
observation frequency is high. The very poor capability
to differentiate primary and secondary forest may pose
problems since the latter may develop very fast after
clearing and sometimes even before clearing of the
original forest is complete. In L-band with HH- or VVpolarisation monitoring deforestation is also not without
problems since recently cut areas are not well
differentiated from the forested areas. Adding HVpolarisation would solve this problem to a large extent.
P-band has the same problem to a larger extent and for
all polarisations although P-band's capability in
differentiating pastures, secondary forest and primary
forest are superior. P-band is not superior in biomass
mapping over L-band with HY-polarisation. There are
differences however: P-band has slightly better
possibilities for the higher range and L-band HVpolarisation for the lower range of biomass.
Results would greatly improve if a dedicated system
could be developed using two frequencies.
Combinations of C- and L-band or C- and P-band would
give good overall results (up to ::::::90%), although there
is still some confusion between primary, secondary and
recently cut forest. The combination of L- and P-band
would be almost perfect. The combination of good land
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cover type and good biomass classification,
particularly useful.

may be

Accurate field observations and measurements play a
crucial role in analysis and validation. Though an
extensive good quality data set was available the
importance of repeating the experiment in other areas of
the Amazon, and in different seasons, should be
emphasised. For example, soil moisture variation,
depending on wavelength and polarisation, may have a
significant effect on the results. Also local variation in
physical characterisation of the land cover types, related
to factors like variation in floristic composition,
physiognomy, forest structure and management practice,
may have important effects.
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ABSTRACT
Fully polarimetric C- L- and P-band data of NASA's
AirSAR system was acquired over a primary forest area in
the center of the Colombian Amazon. The area is
characterized by a high diversity of forest types and
flooding conditions. The potential of mapping land units,
forest types and flooding characteristics by airborne
polarimetric SAR is studied, using an extensive set of
biophysical characteristics that was already available from
two previous inventory studies. New field observations
were made including detailed measurement of forest
structure, biomass and flooding conditions at 23 0.1 ha
plots and observation of flooding conditions along some
transects.
New polarimetric decomposition tools were developed to
determine the relative contribution of surface scattering,
volume scattering and the trunk-ground interaction
scattering component to the total power. A hierarchic
classification procedure was adopted. The results indicate
possibilities of radar to assess parameters related to forest
structure, biomass, flooding and ground surface
characteristics. Optimum wave parameters (bands,
polarisation) are indicated.
1. INTRODUCTION
The present awareness and concern about global
environmental changes, such as high rates of deforestation,
brings governments and international organizations to
develop effective measures for a better management of our
environment. Deforestation rates are especially high in the
vast tropical rain forest areas. At the same time these areas
are acknowledged as an important factor in the global
hydrological and biochemical cycles, as an important
genetic reservoir and as a potential permanent source of
production.
For the management of these areas many information
needs exist. Severe cloud cover often prevents the

acquisition of optical remote sensing data. At the other
hand radar may provide different or additional
information. Within an operational 'end-to-end'
information system, therefore, a combination of optical
and radar, spaceborne and airborne, systems may be
utilized [3]. This paper focuses on airborne radar for forest
inventory. Such data may be utilized for sustainable forest
management, forest rehabilitation, inventory of
(remaining) pristine forest, biodiversity studies, etc.
Several types of radar systems exist that are potentially
very useful for large scale forest mapping. High-resolution
X- or C-band InSAR can provide useful information on
individual trees in the upper canopy [6]. Longer
wavelengths, such as L- and P-band, can provide
information related to lower forest layers and, potentially,
to flooding conditions and biomass. In this paper the latter
type of system is studied using AirSAR images [5]
acquired in May 1993 over a well surveyed test site in the
Colombian Amazon.
2. ARARACUARA STUDY SITE
The Araracuara study area is located in the administrative
districts of Amazonas and Caqueta in the South East of
Colombia. The centre co-ordinates are 0°40'S, 72°15'W.
The mean annual precipitation is 3053 mm. Rainfall levels
are relatively low in the months of December, January and
February (dry period) and increase sharply from March
until May when it reaches its maximum value. The general
physiography of the region is fairly uniform with little
variation in altitude (100 m - 300 m). Originating from the
Andes the Caqueta river, with its floodplain and terraces,
is an important physiographic feature. The tertiary
sedimentary plains are also of great importance and cover
great part of the uplands. A dense dendritic drainage
pattern is present in the whole area.
The area is an Indian reserve, populated by a group of
settlers and about 2000 indigenous people belonging to
various tribes. Several land use types have been described
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already for the study area [I]. Slash and burn agriculture is
practiced by the local people.
Landscape-ecological maps of the area (scale I: I00,000),
integrating
geomorphologic,
soil
and
vegetation
characteristics, provide detailed information on the forest
types and forest biophysical characteristics [I]. These
maps indicate four main geomorphologic
units; the
alluvial plain of the Caqueta, the alluvial plains of
Amazonian rivers, the sedimentary plains and the hard
rock formations. These units are subdivided into land
systems. For example, frequently inundated flood plains,
rarely inundated flood plains, low terraces and high
terraces are land systems of the alluvial plain of the
Caqueta, These land systems are subdivided in land units.
Furthermore, the map summarises forest types with their
structural and floristic characterization, soil types and
organic soil profile types and relates these types to specific
land units. Table I gives a brief summary of the main
landscape-ecological units.
Table I. Landscape ecological units (source [I]).
Geomorphological
Unit

Land Systems

LandUnit

Alluvialplain of
the Caqueta river

Frequently
inundatedflood
plain

As
An
Ac
Ab
Am
Ee
Eb
Tp
Tb
Tc
Hd
Hp
Cc
Ce
Cb
Cm
Be

Rarelyinundated
floodplain
Lowterraces
Highterraces
Alluvialplain of
Amazonianrivers

Inundatedplain
of clearwater
rivers
Inundatedplains
of blackwater
rivers
Terraces

Tertiary
sedimentaryplains
Hard rock forms

Isolatedhardrock
hills
Sandstone
plateaus

Table 2. Biophysical characteristics of vegetation types
source: [I].)
Height Biomass Basal Density DensityDensitySpecies
upper (tons area treelets trees palms
canopy /ha) m2/ha
(m)
hizh' forests

(HI)
(H2)
(H3)

Rd
Rp

340
240
190

36
26
25

640
570
650

71
44
71

4
3
7

39
26
32

14
8

130
20

27
7

680
1700

117
40

7
3

14
10

250
200
50

34
29
8

620
490
1420

92
89
12

9
27
9

17
26
4

-

-

-

-

-

-

[owforests

(LI)
(L3)

palm swamp forests

(Pl)
(P2)
(P4)

20
21
6

non-forest tvnes

(SI)

-

The vegetation is characterized as a tropical humid forest.
The structural characterization of the forest is based on the
description made by [I]. Three main forest types can be
found: High Forest, Low Forest and Palm Swamp Forest.
Each of them can be subdivided according to total height,
biomass, basal area, tree density, palm density and treelet
density. Table 2 summarizes vegetation types with their
biophysical characterization.
3. METHODOLOGY
The approach to classification is cf. [2]. Use is made of
full polarimetric information by taking into account
distributions for backscatter, polarimetric phase difference
</!; and polarimetric correlation
for forest class i. The

!Pd

latter distributions are directly related to scatter
mechanisms. An example is given in Fig. I. It shows
theoretical phase distributions for the 'odd bounce'
mechanism ( </!; 0°,
0.8), 'even bounce' mechanism
(</!;=

DP
Sm
Sv
Si
Sp
Ih

26
22
20

= IP;I=
180°, IPd = 0.8), and 'diffuse scattering'

(</!;= 0°,

IP;!= 0.2), as introduced by [4]. In fact, real distributions
can look very different. By using these distributions in the
classification procedure real scattering mechanisms,
including scattering mechanisms that cannot be easily
classified as one the three theoretical ones, are fully
incorporated (an example is given in Figs 2 and 3).
Besides full polarimetric classification, the use of singlefrequency, single-polarisation was studied. Here three
different types of decomposition of the total power (TP)
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were used. The first uses the linear polarization (HH, VV
and HV), the second uses circular polarization (RR, LL
and RL) and the third uses 45° linear polarization
(+45°+45°, -45°-45° and +45°-45°). It is noted that
0

0

0

0

arp =aHH +2aHv +aw
0

0

0

(1)

=a RR+2aRL +aLL
=a

0
0
++45 + 2 a +-45

+a

0
--45

The reason to study decompositions other than the
conventional one is due to the fact that these may be better
related to the backscatter phenomena of interest. In
forests, and in particular flooded forests, the 'double
bounce' scatter mechanism plays an important role. The
relative importance of this mechanism can be determined,
for example, by using algorithms as proposed by [4] using
the full polarimetric information. In fact, the double
bounce contribution to total power can be measured
directly by the +45° linear receive and -45° linear transmit
antenna configuration. Compare, for example, the use of a
45° tilted dihedral corner reflector for calibration of HVbackscatter. Here the geometry is the same, however,
antenna and target are rotated 45° in a plane perpendicular
to the line of sight, observing, more or less vertical, tree
trunks on a horizontal plane.

Flooding conditions, soil drainage, accumulation of
surface organic material and forest structural parameters
all can have influence on radar backscatter. The analysis
was designed to study backscatter variation in the images
according to this conditions. A division of the forest area
was made according the ecological diagrams presented on
the landscape ecological map of the Middle Caqueta Basin
[1]. This classification seems to suit the study of radar
backscatter since it divides the forest in flooded systems
and upland systems and combines information on
drainage, soil richness and forest types. Each of these two
systems, subsequently, is divided into well drained and
bad drained land units, resulting in four main ecological
groups: Well drained upland systems, badly drained
upland systems, well drained flooded systems and badly
drained flooded systems. Each land unit is characterized
by the type of soil, the organic profile type and the
structural and floristical characteristics of the vegetation.
For this study the drainage conditions, the land unit and
the forest types are analized. Table 3 summarizes the
above mentioned groups and the corresponding land units
and forest types.
Upland systems are not inundated and correspond to the
areas of high and low terraces of the Caqueta river,
terraces of the Amazonian rivers and the sedimentary
plains. These areas are 10 m higher than the Caqueta river
level. The topography is almost flat for some of the land
units, but others are steeply dissected.

0.8

Table 3. Ecological grouping of forest types for study of
radar backscatter behaviour.

0.6

.-?'

'{':cological

.D

_g

0.4

2

Q

0.2

'Groups

Upland systems
Land Unit Forest Type

~ell
Idrained

Do
Ho!
Sv

Tp
0.0

Hl-H3
Hl-H3
Hl-H3
Hl-H3

Ac
Ce
Ee
Cc
Ee

H2
H3-Ll
Hl-H2-H3
Hl-H3
P2

L3
L3
P2
L3
P4

Ac
Cb!
Ee
Cm2
Ebl
Eb2
Eb3

Pl
P2
P2
L2
P2
L3
P4

~-

-200

-100
HH-VV

0

Phase difference

100

200

[degrees]

!Bad
Idrained

Fig 1. Theoretical scatter mechanisms: Odd (--),
even (
) and diffuse (-------), with <h = 0°,
=

IPd

<h = 180°, IPd = 0.8 for 'even
<h = 0°, IPi I= 0.2 for 'diffuse scattering'.

0.8 for 'odd bounce',
bounce' and

Flooded systems
Land Unit Forest Type

Ho2
Hp3
Thi

Tb2
Tb3

228

Flooded systems include the alluvial plains of the Caqueta
and the Amozonian rivers. Their heigh relative to the river
not exeeds l 0 m and the terrain is almost flat. These land
units are subject to inundation: some areas are flooded
every year, and some others are flooded rarely. The water
level can rise up to 9 meters above normal river level.
The images were studied using land units as the basic
sample class. Polygons were digitized on screen to sample
radar backscatter characteristics for each class. The
boundaries between the land units of the Landscape
ecological map of the Middle Caqueta were spatially coregistered with total power images to aid the initial visual
interpretation. Polygons were only digitized where there
was
the certainty that the area on the radar image
corresponded to the correct class. More than 900 polygons
were digitized over the five available AirSAR scenes. All
polygons delineate areas in excess of 50 pixels (800
looks).

the three bands. It is interesting to notice that the
classification accuracy and the average confusion between
classes in the absence of other classes are better when
analyzing the upland systems separately than when
analyzing the two systems as if they were one. This might
have some consequences on flooding classification
mapping in case the location of upland systems is not a
priori known.
Table 4a. Number of samples n available for study of
flooding conditions.
Total

Table 4b. Overall Maximum Likelihood (MLH)
classification results (expressed in percentages) at the
95% level of confidence using a single channel (cases
1-27), and using fully polarimetric bands (cases 2834) for flooding conditions. Six results are shown per
case: overall result (%) and averaged confusion
(AC%) for all samples, for Upland systems only and
for Flooded systems only. The averaged confusion
(AC%) is between flooding condition class pairs (in
this case there is only one pair). This result is
expressed as the percentage of the sum of class a
samples classified as b and class b samples classified
as a from the sum of class a and class b samples, in
the absence of other classes (i.e. absence of class c,
etc., and the class 'unknown'). The expected value for
maximum confusion therefore is 50%.

Additional observations of Land unit characteristics,
flooding and soil conditions and measurements of forest
structural parameters were made over 23 plots of different
forest types.
In order to establish relations between radar backscatter
properties and the above-mentioned (bio-, geo-physical)
parameters the sample data was grouped according to:

1. Flooding conditions: to assess the potential for
2.
3.

delineating flooded areas,
Land units: to assess the potential for mapping Land
units within the same ecological group,
Forest types: to assess the potential for mapping.

Allsystems

RESULTS
1. Flooding conditions
For the upland and flooded systems and for the
combination of the two systems, a single band
classification accuracy is highest, and the average
confusion between the classes in the absence of other
classes is lowest, when the P-band with +-45° polarization
is used. P-band circular polarizations and L-band HH
polarization also give good classification accuracies but
the average confusion between the classes is higher in
almost all cases. When adding polarimetric information
average confusion between the classes decreases in
general (Tables 4a and 4b). The best result can be
obtained when combining the polarimetric information of

596
339

I. Nonflooded
2. Flooded

Upland Flooded
systems svstems
431
170
174
165

Band
I

CHH

2
3
4

CHY

5

6
7
8
9
10
II

12
13
14
15
16

cvv
CRR
CRL
CLL
C++
c +-

c -LHH
LHV
LVV
LRR
LRL
LLL
L++

Upland
svstems

Flooded
svstems

%

AC%

%

AC%

%

AC%

57.9
49.0
59.9
58.3
55.5
57.2
53.8
64.9
55.9
80.7
67.2
75.9
76.2
69.9
76.8
69.3

39.6
48.3
37.4
38.1
42.4
39.5
43.8
32.2
42
17.7
30.6
22.7
22.4
28.6
21.8
28.9

53.2
41.6
55.9
63.1
59.6
60.6
56.7
68.1
58.6
82.6
76.8
79.5
75.5
74.5
76.8
72.8

43.8
56.5
41.8
33.1
38.1
35.6
40.6
28.9
38.4
15.8
21.5
18.6
23.2
24.7
21.5
26.3

62.2
59.9
60.8
55.5
56.1
56.1
54.1
59.0
57.8
79.1
59.0
73.8
74.1
64.2
75.3
65.4

36.3
38.4
36.9
41.0
42.2
40.7
43.9
37.8
41.0
19.2
38.1
23
23.3
33.4
22.1
32.3
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17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

L +L -PHH
PHY
PVV
PRR
PRL
PLL
P++
p +p -Po!C
Po!L
Po!P
Pol CL
Po!CP
Pol LP

78.0
68.1
84.7
58.4
74.4
85.3
85.4
85.3
80.6
88.2
81.9
77.8
82.8
87.0
83.8
89.1
87.5

20.3
30.2
13.6
38.7
24.1
12.9
13.0
13.3
17.4
I0.3
16.1
20.7
14.2
10.0
12.2
8.0
7.8

78.0
71.0
89.3
77.5
82.7
88.8
91.3
89.3
86.9
91.4
89.4
81.5
84.6
92.3
86.9
93.1
92.6

20.5
28.0
10.4
21.8
16.8
10.4
8.2
IO.I
12.4
7.9
IO.I
17.3
12.4
5.2
IO.I
3.5
2.9

78.2
62.2
81.7
69.5
75.3
80.5
79.1
80.2
77.6
81.7
78.5
73.3
80.8
83.7
78.5
83.4
82.6

19.5
35.2
13.4
28.2
20.6
15.7
17.4
16
18.6
14.5
18.6
24.1
16.3
12.8
16.6
12.5
12.5

34

Pol CLP

93.0

7.0

92.4

2.7

82.3

11.6

data. In both cases the confusion between the classes is
very low.
For the badly drained flooded systems results are good
when combining C or L with P band polarimetric data. In
these three cases the classification accuracies are above
90% and the confusion between the classes is very low.
Table Sa. Number of samples n available for study of
land units.
Ecological
Groups
Well drained

Upland S' stems
Land unit
n
Dp
17
Hp!
200
Sv
59
Tp
156

Bad drained

Hp2-Hp3
Thi
Tb2
Tb3

2. Land units
For the well drained upland systems the classification
accuracy is lower than S4% and the average confusion
between classes in the absence of others is always higher
than 20%. When using polarimetric information results
improve, but still very bad values are found for both
parameters. In general it can be said that using the studied
radar data, it is not possible to differentiate between these
Land units. It is possible that this units can be
differentiated by textural analysis because the sedimentary
plain (unit Sv) is steeply dissected compared to the other
areas, which are almost flat. When analyzing the confusion
matrices of the results it can be seen that the terraces of the
Amazonian rivers (Dp) can be differentiated from the
terraces of the Caqueta river (Hp l , Tp), but still some
confusion can occur.
For the badly drained upland systems the units Hp3 and
Hp2 were treated together because their biophysical
characteristics are almost the same. They have the same
soil conditions and the same forest type. Perhaps some
differences on the canopy height can be found. Again in
this case the possibility of differentiating these Land units
using a single band were very poor. When adding
polarimetric information results get much better,
especially the average confusion between the classes. By
combining polarimetric information of two bands or by
combining all three bands, results increase considerably.
For the well drained flooded systems, results are relatively
good when combining polarimetric information of P and C
band or, better, by combinig P, Land C band polarimetric

18
36
89
22

Flooded s stems
Land unit
n
Ac
85
Ce
56
Ee
29
Cc
20
Ee
10
Ac
10
Cbl-Ec
61
Cm2
18
Eb!
11
Eb2
10
Eb3
18

Table Sb. Overall Maximum Likelihood (MLH)
classification results (expressed in percentages) at the
9S% level of confidence using fully polarimetric
bands (cases 28-34) for land unit classification.. Eight
results are shown per case: overall result (%) and
averaged confusion (AC%) for well drained upland
systems, badly drained upland systems, well drained
flooded systems and badly drained flooded systems.
The averaged confusion (AC%) is between land unit
pairs. This result is expressed as the percentage of the
sum of class a samples classified as b and class b
samples classified as a from the sum of class a and
class b samples, in the absence of other classes (i.e.
absence of class c, etc., and the class 'unknown'). The
expected value for maximum confusion therefore is
SO%.

28
29
30
31
32
33
34

Upland System
Well
Bad
drained
drained
AC% % IAC%
Band %
DoJC
48.6 25.9 73.9 11.0
IPoJL
57.2 15.6 73.9 I0.8
DoJP
61.1 19.3 68.5 10.8
IPoJCL 63.4 12.4 86.1 13.9
Do]CP 61.8 15.5 87.9 14.2
IPoJLP 63.0 13.2 85.4 16.2
Do]CLF 68.1 IO.I 91.5 1.3

Flooded Svstem
Well
Bad drained
drained
% IAC% %
~C%
65.5 8.7
59.8 8.1
52.0 14.1 70.9 3.8
69.5 7.7
83.5 2.2
76.0 4.5
85.8 1.5
80.0 3.7
91.3 0.8
78.5 4.7
92.9 0.6
86.0 2.0
95.3 0.2
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differences could be detected by the radar. For this system
some of the P band single channels gave classification
accuracies higher than 80 % but confusion between classes
were much lower when adding polarimetric information
for the same bands and the combinations of it. The best
result was achieved again by combining the polarimetric
information of the three bands.

P-Band
5
4

n
II
:: II
,, II
:: II

>-.

~ 3
:.0
0
D

, , 11

2
o, 2

I I

For both the well and bad drained units of the flooded
system the classification accuracy was higher when using
or combining P band polarimetric data. Again the best
overall results and the lower confusion between classes
was found when combining the polarimetric data of the
three bands.

~~ I
I

I
I
·' \.,{ .._'. I
I
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HH-W Phase difference [degrees]
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Fig 2. Experimental P-band backscatter mechanisms
found for classification of land units (case 30) in
badly drained flooded systems. HH-VV phase
difference distributions (for 16-look data) are shown
for: Ac(--),
Cbl-Ec (
), Cm2 (-------), Ebl (.-.-.-), Eb2 (-..-..-) and Eb3 (- - -). These results
may be compared with theoretical curves as shown in
Fig.I.

Table 6a. Number of samples n available for study of
forest types.
'Ecological
'{;roups
Well
drained

Unland Svstems
Forest tvoe
n
Hl-H3
431

Bad
drained

P2
L3
P4

P-Bond

36
107
22

12
10 ~

••

i
~>-.

·-

."\ i i
··.I
i

Table 6b. Overall Maximum Likelihood (MLH)
classification results (expressed in percentages) at the
95% level of confidence using single channels (cases
10-27) and fully polarimetric bands (cases 28-34) for
forest type classification. Six results are shown per
case: overall result (%) and averaged confusion
(AC%) for upland systems, well drained flooded
systems and badly drained flooded systems.
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20
H3
56
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29
H3
IO
Pl
10
P2
72
P4
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Fig 3. As figure 2, but for the pdf of correlation.
3. Forest types

10
11

For the analysis of the upland systems according to forest
types, the well drained and bad drained units were treated
together because the well-drained land units have the same
Forest type (Hl-H3). Therefore, in theory, no possible

12
13
14
15
16
17

Band

%

LHH
LHV
LVV
LRR
LRL
LLL
L++
L+-

77.5
69.3
68.6
64.8
54.9
66.1
48.2
68.6

Flooded systems
Well
drained

IAC% %
14.9
22.5
15.6
16.9
25.0
17.0
25.8
15.8

30.0
37.0
39.5
40.0
47.5
38.5
50.0
41.0

Bad drained

IAC% %
16.2
14.3
13.7
13.4
11.3
13.6
10.9
13.l

47.2
20.5
31.5
52.8
35.4
48.0
35.4
55.9

AC%
16.1
28.1
20.0
15.4
18.6
16.2
19.6
13.0
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18
19
20
21
22
23
24
25
26
27

L -PHH
PHY
PVV
PRR
PRL
PLL
P++
p +p --

50.3
81.2
57.9
74.7
83.l
83.6
83.7
81.9
84.7
82.7

24.4
11.7
29.5
12.2
11.l
12.7
10.l
13.9
9.1
13.8

51.5
45.0
42.5
50.0
48.5
45.0
47.0
43.5
41.0
48.5

10.8
14.0
14.0
12.5
12.4
14.5
13.2
14.4
14.0
13.2

37.0
51.2
26.8
65.4
51.2
48.0
54.3
48.0
54.3
48.0

20.4
13.7
24.4
10.4
15.0
14.3
11.6
15.6
13.2
15.7

28
29
30
31
32
33
34

Po!C
Po!L
Po!P
Pol CL
Po!CP
Pol LP
Pol CLP

68.5
82.9
88.3
87.l
89.9
89.3
90.8

15.5
9.3
7.3
5.0
5.2
6.1
2.6

65.5
52.0
69.5
76.0
80.0
78.5
86.0

8.7
14.1
7.7
4.5
3.7
4.7
2.0

61.7
75.0
88.3
84.4
92.2
93.8
96.l

8.5
3.8
2.1
1.9
0.8
0.7
0.1

in flooded and non-flooded areas, will be elaborated in a
next paper.
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ABSTRACT
The INDREX campaign was executed in Indonesia to
study the potential of high-resolution interferometric airborne radar in support of sustainable tropical forest management. Severe cloud cover limits the use of aerial photography which is currently applied on a routine basis to
extract information at the tree level. Interferometric radar
images may be a viable alternative once radar imaging at
the tree level is sufficiently understood. It is shown that
interferometric height images can contain large height
and displacement errors for individual trees but that this
problem can be solved to a large extent by application
of the Van Cittert-Zernike theorem and models for the
vertical variation of backscatter intensity. The predicted
loss of coherence in lay-over regions of emergent trees is
shown to be in good agreement with the loss of coherence
as observed in the high resolution radar data (r > 0.90).
INTRODUCTION
To enforce national legislation for sustainable forest management or to verify implementation of guidelines for
sustainable forest management as proposed by the International Tropical Timber Organization (ITTO), information on terrain, forest and tree characteristics is needed.
Among others, systems should be available to monitor
logging activities and to detect illegal logging, allowing
timely action to be taken. Because cloud cover severely
limits the application of aerial photography for this purpose, the use of airborne radar is proposed as an appropriate alternative.
To study the potential of radar the Indonesian Radar Experiment (INDREX) campaign was executed in Indonesia in 1996 under the auspices of the Indonesian Ministry of Forestry (MOF) and the European Space Agency
(ESA). The Dornier SAR system [2] collected data in
several modi over Dipterocarp rain forest test sites in the
provinces of East-Kalimantan and Iambi. In the same

period aerial photography was acquired and ground observations were made. In this paper results of highresolution (1.5 m) C-band interferometric SAR data of
one of the East-Kalimantan test sites ('site C') are discussed. This particular test site includes the Wanariset
research forest and the ITTO plot for forest rehabilitation.
Parameters such as tree position, tree crown dimensions,
canopy cover and terrain slope angle, and the location of
skid trails and logging roads, are of particular interest. In
principle such information can be retrieved on a routine
basis over large areas from aerial photographs. Repetitive
observation would allow assessment of logging intensity,
erosion and fire susceptibility, verification of reforestation obligations, etc. However,cloud cover too often prevents timely observation.
Radar does not have this limitation. Moreover, images
of short-wave high-resolution radar, in principle, may
give sufficient information. Since other physical mechanism underlie radar imaging, radar images can not be
treated in the same way as aerial photographs. Notably
effects of 'radar shadow' and 'lay-over' should be handled with care. lay-over, for example, occurs where two
tree crowns with different heights are located at the same
range distance (see also Fig. 1). In non-interferometric
radar images these two tree crowns will be imaged on
top of each other, without being able to detect such a situation. In interferometric images this situation can be
detected through the measurement of phase coherence.
In tropical forests height differences between individual
trees can be substantial and are common. Emergent trees
in primary and logged-over forests can reach more than
10 m above other upper canopy trees. The same is true
for secondary forest which often comprises remnants of
the former primary forest.
In theory the problem of lay-over may be solved to a
large extent by making use of the observed interferometric phase coherence. Loss of coherence is indicative for
layover and can be modelled as a function of vegetation
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height differences.

The larger the height differences in

a certain range cell the lower the observed coherence. In
this paper the observed coherence as found for such emergent trees is compared with predictions following application of the Van Cittert-Zernike theorem. Results clearly
show that the interferometrically
substantial underestimation

derived height can be a

r

1

of the true tree height, while,

ri

Range cell

at the same time, large displacement errors for individual
trees can occur. Application of the Van Cittert-Zernike
theorem can correct for both types of error and may be
basic to the development of inversion algorithms for automated production of tree maps.

THEORY
Lay-over region
For a vegetation layer that is characterized

by volume

scattering the complex cross correlation can be modelled
by [5, p. 87], [3]

(E1(x1, r1)E;(x2, r2)) =

(1)

[ O"(x',y',z')

Fig. 1. Lay-over in tropical rain forest. The antenna
positions are numbered as 1 and 2 and are separated
by the baseline distance B. A local coordinate ( has
been defined with the origin halfway the line connecting the two scattering layers. The effective heights of
the upper and lower crown layers are indicated by b.u
and b.1. b.h is the distance between these layers.

·eik(r1 (y' ,z')-r2(y' ,z'))

·W(x1 - x', r1 - r1(y', z'))

imated by
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= wavelength (m)
= volume backscatter coefficient (m2 /m3)
= radar impulse response function
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= image coordinates of image 1
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point for the impulse response whereas the primed co-
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ordinates correspond to the scatter location.

B cos
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Now consider the lay-over situation depicted in Fig.

tor in (1) the way in which the Dornier SAR was oper-

where a simplified interferometric

SAR geometry has

ated during the INDREX campaign must be taken into ac-

The derivation of the complex degree of

count: transmitting and receiving with the same antenna

been adopted.

=

"(). For

and

BP

the calculation of the phase fac-

but toggling between the upper and lower antennas from
coherence now follows from the Van Cittert-Zernike the-

pulse to pulse [2]. As a consequence, an additional factor

orem [3, p. 207]. The two range distances can be approx-

2 is needed in the phase factor in (1). Note that the factor
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2 is also needed with repeat-pass interferometry [4]. The
phase factor becomes

(4)

The interferometric phase c/> and the coherence µ were
estimated using a spatial average

~

c/> = tan

_ [Im ( 2:~ EfE~*)]
1

With ( = z' / sin () and assuming perfect registration
of the two complex images (X1 = X2
x and r1 =
r2 - r), (1) can be written as

1

---'-------'-

Re (

2:~ E1 E~*)

(8)

1

(9)

·W2(x - x', r - r')dzdxdr
where

2kBn
r sin e'

(6)

O'.= --

Finally, the complex degree of coherence is defined as
[1]

(7)

J J Ja(x',y',z')eiazw2(x-x',r-r')dzdxdr
J J J a(x', y', z')W2(x - x', r - r')dzdxdr
Note that

lµI does not depend on the factor e-i2kBp.
EXPERIMENT

The Dornier SAR sensor and image parameters for track
KAL.19C of the INDREX 1996 campaign are listed in
Table 1.
Table 1: Dornier SAR sensor and image parameters.
centre frequency
bandwidth
polarization
centre swath incidence angle
swath width
number of looks
operating altitude
slant range pixel spacing
azimuth pixel spacing

5.3 GHz
lOOMHz

vv
63 deg
2km
4
3228 m
1.249 m
1.364 m

with N the number of looks per pixel. Fig. 2 shows slant
range images of the z-coordinate, the backscatter amplitude and the coherence for a subset of the SAR data. Labelled polygons enclose the crowns of large trees which
were selected during fieldwork.
In several study plots in situ measurements were made of
large individual trees. For each tree the total tree height,
tree crown dimensions, the height of the tree base relative
to all trees in the same study plot, the tree position and
the characteristics of the terrain and vegetation in the layover region were measured. From these measurements,
.6.u, .6.1, and .6.h as shown in Fig. 1 could be derived.
For this study the results of 4 study plots with a total of
28 trees were used.
VOLUME BACKSCATTERCOEFFICIENT
Consider the 2 layers depicted in Fig. 1. The volume
backscatter coefficient is assumed to be only a function
of z'

a(z')

=

au(z')

+ az(z')

(10)

with au(z') and az(z') the volume backscatter coefficients (m2/m3) for the upper and the lower layer respectively. It seems reasonable to assume that the backscatter
coefficient a0 (m2/m2) for an emergent tree is the same
as the backscatter coefficient for the forest on average.
Because emergent tree crowns are lay-over regions, the
backscatter coefficient is expected to be twice as high
due to the contribution of the lower vegetation layer. This
was verified by comparing the average intensity of a large
image subset of 1000 range by 2000 azimuth pixels to
the average intensity of all lay-over regions of emergent
trees. The intensity for the lay-over regions of emergent
trees was found to be 1.80 times the intensity of the large
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image subset, which is close to the expected value of 2.0.
Consequently, it is assumed that

(11)
or

J

(J"u(z')dz'

=

J

(J"1(z')dz'.

(12)

The coherence was modelled using (7) with five different
functions for (]"(z') and ignoring the radar impulse response. The latter seems reasonable because we assume
a to be independent of x' and y' and because the resolution is fine compared to the layer heights flh, flu and
flz. The first function for (]"(z') simply assumes two
scattering points

(13)

with b(z') the Dirac delta function (m-1). Both scattering points lie at the top of their respective layer which
means that the points are separated a distance flh +flu.
Using (13) in (7) we obtain

and

as illustrated in Fig. 3 where
of flh
flu.

+

lµI is shown as a function

The second function for a (z') assumes a rectangular
shape for rru ( z') and a;(z'):

(J"(z')

=

(J"~X(~2 2 ~+Ll
1

u

)

+ (J"?x(-~-Ll2 1

,

-~)

2

(16)
with
Fig. 2. Slant range images of the z-coordinate (top),
the backscatter amplitude (middle) and the coherence
(bottom).

1

b-a
X(a,b) = {
0

(a< z' < b)
otherwise

(17)

237

-}.
Ii1h

l~l
0

20

40

60

Height difference (m)

Fig. 3. Plot of [µI as a function of height difference 6.h +
6.u for B = 1.097 rad, r = 6888 m, Bn = 0. 727 m
and a(z') given by (13).

Fig. 4. Two photographs of typical tree crowns showing
that most scatterers are concentrated in the upper part
of the crown: (a) tree (4,1) and (b) tree (4,6).
RESULTS

And µ follows as

The third function for O"(z') assumes an asymmetric triangular shape for O" u ( z') and a symmetric triangular
shape for ai (z'):

O"(z')

= 0"~1/J(!:..h..
!:..h..+.±Ll
!:..h..+Llu)
2 ) 2
5 11.) 2

(19)

with

7/J(o,b,c) ~

{

2(z'-a)
(c-a)(b-a)
2(c-z')
(c-a)(c-b)

0

(a< z' < b)
(b ~ z' < c) .

(20)

otherwise

The asymmetry for the upper layer reflects the assumption that most of the backscattering originates from the
top of the tree crown (see Fig. 4). For the lower layer
which is a collection of tree crowns at different heights
(Fig. I) a symmetric function for O"z(z') seems more appropriate. As a further refinement the height of the upper
layer may be limited to an arbitrarily chosen value of 5
m for rectangular and triangular functions. Thus, in total,
five functions for (T ( z') are proposed for evaluation here.

For 28 selected trees the interferometric height was extracted from the slant range SAR data and was compared with the interferometric height of neighboring pixels. The average height of these neighboring pixels is
assumed to be representative of the height of the lower
layer in the lay-over region. Fig. 5 shows the interferometric height difference as a function of the true height
difference as measured in the field. It clearly shows that
the interferometric height difference underestimates the
true height differences. lay-over causes the scattering
phase center to be lower than the crown of the emergent
tree. For the same 28 trees the coherence was extracted
from the slant range SAR data and was compared with
the predicted coherence using the in situ measurements
for all 5 function for (T(z') introduced in the previous
section. Two results are shown graphically. Fig. 6 shows
the predicted coherence against the observed coherence
for (T(z') for the triangular functions in (19). Fig. 7
shows the same but using the condition that the height of
the upper layer is set to a maximum of 5 m. The error
bars in both figures are ± I standard deviation intervals
which were derived from the Cramer-Rao lower bound.
The Cramer-Rao lower bound gives a lower bound on the
variance of any unbiased estimate [6, p. 253], and it can
be shown that the Cramer-Rao lower bound for [µI is [7]

(21)
where µ0 is the expected value ofµ and N is the number
of independent samples. Both figures show the validity of
the VanCittert-Zernike Theorem. Results for the 5 mod-
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Fig. 7. Predicted coherence against the observed coherence with a triangular a(z') using the condition that
the height of the upper layer is set to a maximum of
5m.
els are summarized in Table 2. Shown are the coefficient
of correlation (r) and the Mean Error (ME).
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The results show that the interferometrically derived tree
height can be a severe underestimation of true tree height
because of lay-over. The associated loss of image coherence in such lay-over areas can be modelled well by the
Van Cittert-Zemike theorem. Using several models for
the vertical distribution of the volume backscatter coefficient a(z') it is shown that the correlation between predicted and observed coherence is high and not very sensitive for the selected shape of a(z'). Correlation values
of 0.91 and 0.92 were found in all cases. There are some
differences though in systematic errors but these are never
very high. The simplest model is a cosine function of the
height difference between the top of the emergent tree
and the top of the canopy in the lay-over region. Given
the observed coordinates y0 and z.; the corrected coordinates Ye and Ze follow from (15)

Predicted coherence

cos-1

lµI

Ye= Yo+ 2atan0

(22)

Fig. 6. Predicted coherence against the observed coherence with a triangular a(z').

(23)
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The model may be applied in algorithms for automated
production of tree maps.
Table 2: Results for the 5 models.
Function for

u(z')

Dirac delta
rectangular
triangular
rectangular, max(~u, 5.0)
triangular, max (~u, 5.0)

r

0.916
0.906
0.908
0.919
0.919

ME
0.00182
0.02259
0.02699
-0.00346
0.00615

ACKNOWLEDGMENTS
We acknowledge MOF and ESA for realization of the INDREX campaign, Dornier Satellitensysteme GmbH for
SAR data acquisition and the MOF-Tropenbos Kalimantan project for logistic support. We also wish to thank
Martin Vissers, lain Woodhouse, Anja de Jong and Eric
van Valkengoed for assistance and ideas.
REFERENCES
[1] M. Born and E. Wolf. Principles of Optics: Electromagnetic Theory of Propagation, Interference and Diffraction
of Light. Pergamon, Oxford, 5th edition, 1975.
[2] N.P. Faller and E.H. Meier. First results with the airborne
single-pass DO-SAR interferometer. IEEE Trans. Geosci.
Remote Sensing, 33(5):1230-1237, 1995.
[3] J. Goodman. Statistical Optics. Wiley-Interscience, New
York, 1985.
[4] J.O. Hagberg, L.M.H. Ulander, and J. Askne. Repeatpass SAR interferometry over forested terrain. IEEE Trans.
Geosci. Remote Sensing, 33(2):331-340, 1995.
[5] A. lshimaru. Wave Propagation and Scattering in Random
Media, volume 1: Single Scattering and Transport Theory.
Academic Press, New York, 1978.
[6] J.A. Rice. Mathematical Statistics and Data Analysis. Wadsworth Publishing Company, Belmont, California,
1988.
[7] M.S. Seymour and I.G. Cumming. Maximum likelihood
estimation for SAR interferometry. In IGARSS'94, pages
2272-2275, August 1994.

241

An inversion algorithm for automatic retrieval of tree crown characteristics from
high-resolution interferometric SAR data
C. Varekamp and D.H. Hoekman
Wageningen University
Dept. of Water Resources, Nieuwe Kanaal 11, 6709 PA Wageningen, The Netherlands
tel:+31-317-482765, fax:+31-317-484885,
email: chris.varekamp@users.whh.wau.nl, dirk.hoekman@users.whh.wau.nl

ABSTRACT

radar look direction ____.

This paper addresses the partial segmentation of a SAR
image using the interferometric phase difference observed by an high-resolution interferometric SAR. The
aim is to recognize tree crowns and retrieve tree crown
parameters from SAR data of forested areas. The partial
segmentation is just one of several steps in a tree crown
parameters retrieval algorithm. An operational constraint
is the large amount of SAR data to be handled. An efficient retrieval algorithm is therefore required.

(b)

INTRODUCTION
Currently, aerial photography is used for monitoring forest. However, the application of this technique is often
hindered by cloud cover. This fact has initiated research
into the use of high resolution airborne interferometric
SAR [2]. High-resolution (1.5 m) X- and C-band interferometric SAR data were acquired by the DornierSAR system over forested areas in Indonesia during the
ESA-INDREX campaign in 1996. Fig. l(a)-(c) show the
4-look amplitude, phase difference and coherence. The
pixel spacing is 1.25 m in range direction and 1.36 m in
azimuth direction. Large tree crowns can be seen. One
such large tree crown has been surrounded by a circle in
Fig. l(b). In the same period stereo aerial photographs
were acquired and ground observations were made. The
latter included detailed measurement of the three dimensional structure of the forest [5].
Segmentation or boundary finding is a task that is important in a variety of applications ranging from biomedical
image analysis to the compression of video frames. Segmentation can be viewed as the problem of reconstructing a piecewise constant surface. In case of a noisy signal, different reconstructions can be equally 'good': the

(c)

(d)

Fig. I. Dornier SAR data: (a) amplitude; (b) phase
difference after subtraction of flat plane phase difference; (c) coherence magnitude; (d) phase difference
gradient.

problem is said to be ill-posed since often no unique solution exists. To make the problem well-posed one has to
restrict the class of admissible solutions [IO]. A simple
method is region growing [3], [7] with reasonably good
results for SAR data [8]. A major drawback of region
growing is that a non-parametric local criterion (connectivity) is used. Without further shape or size constraints
the method is very sensetive to noise. Other global
methods use a Bayesian approach in which a Markov
random field model is used as prior distribution to impose smoothness on the segmentations [4],[1]. These last
methods are computational demanding and therefore not

Proceedings of the 2"JInternational Workshop 011Retrieval of Bio- & Geo-physical Parameters from SAR Data for La11d
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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V

suitable for tree recognition over large areas.

as a measure of the difference between the observed

cdf and the theoretical cdf is now given by
NOISE MODEL
It has been shown [8], [13] that the probability density
function (pdf) of N-look

V =

phase difference (<l>)has the

max

[Fq,1(<I>') - Fq,1(<I>')]

-oo<if>1<oo

+

max

[Fq,1 (<I>') -

-oo<if>1<oo

form

Pq,

= (1 -

(<I>I E(<I>), IE(p)I)
(2N
. { [(N -

(2N - 2)Y
[ (1 - Y2)N+~

l~(p)l2)N

(1)

1)!]2 22(N-1)

y

_1
(-

E( <I>')and

1
) + -(l---Y-2)-N

Fq,1 (<I>')]

IE(p) I in

unknown, they are estimated from set
likelihood estimate of

- 2)!

cos

Since the parameters

(3)

Pq,1 (<I>')are

R. The

maximum

E( <I>')is

l
We could assume a beta function [9, p. l 04] for the pdf of

+

1
2 (N -

r(N

-

Y

-

= IE(p)I

r(N

'L r(N 1)
r=O

1 -

r(N
with

N-2

r)

1)

-

l)

ting two parameters to the coherence measurements and

~ - r)

would slow down the segmentation process considerably.
1+(2r+1)

Y2}

For the moment we assume that the coherence magnitude

(1 - y2)r+2

can be estimated as

1

pis the com-

cos [<I>- E(<I>)] and

plex degree of coherence.

the coherence magnitude. However this would mean fit-

2

1E(P)1 = -n L IPkl

The N-look coherence mag-

interferometer

geometry, a flat plane phase difference is

usually subtracted from the original phase difference

For a horizontal vegetation layer with spatial constant
properties, the observed pixel values <I>'will be independent and identically distributed with pdf given in (l).
KUIPER TEST

the vegetation

is implicitly modelled

as a layer with spatial constant properties (E( <I>)and
IE

(p)

Fq,1 (<I>') is
Pq,1 (<I>'). Large

The theoretical cdf of the phase difference
values of

V are relatively

unlikely under the null hypoth-

esis (constant height of scattering phase centre and constant coherence magnitude).

A suitable goodness-of-fit

measure of the data model is therefore

P(V > Vobs)

(6)

The Kuiper test is preferred to the more common K-S test

By posing the tree recognition problem as a segmentation problem,

and that this will not result in a very large bias.

obtained after numerical integration of

(2)

<I>'= <I>- <I>
flat plane·

(5)

k=l

nitude IPI is also measured by the interferometer. To remove the natural trend in the phase difference due to the

n

because it is more sensitive to changes in the spread of the
phase difference pdf [ 11, p. 626]
VALIDATION OF KUIPER TEST

I). More specifically, it is assumed that over a

single tree crown the height of the scattering phase cen-

Fig. 2 gives a simple synthetic example in which a square

tre is constant and the coherence magnitude is constant.

of 10 X 10 pixels has been observed after degradation by

To test this, the Kuiper test [6], [12] (a variation of

the noise model in ( 1). The square lies "-'8 m higher than

the Kolmogorov-Smirnov

Consider a 4-

the background and has a slightly lower coherence that

connected region in the phase difference image to be the

the background. The example represents the situation of

set

R

test) is used.

= {<I>;, <I>;, . . . , <I>~} with <I>;, <I>;, . .. , <I>~

Fq,1 (<I>') of
Fq,1 (<I>') is the

in increasing order. An unbiased estimate
the cumulative distribution function (cdf)

fraction of data points to the left of <I>~.Kuiper's statistic

a large tree crown extending above lower vegetation causing the coherence to decrease due to lay-over.
To assess the performance of the Kuiper test for segmentation, a window of lOX IO pixels is placed over
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Fig. 2. Single realisation from the noise model in ( 1) with
for the square: E(<I>') = 0.3 radian and IE(p)I =

0.85, and for the background: E( <I>')
and IE(p)I = 0.95.

= 0.0 radian

the square and shifted to the right until it encloses only
background pixels (Fig. 2). Fig. 3 gives probability
P(V > Vabs) as a function of the pixel shift for 30
realisations. At first glance the result looks poor since
a large variation in probability is found for the correct
location. This means that setting a lower bound on the
probability will not result in a good segmentation performance. However, it is interesting to know at what pixel
shift in the range (0,5) the maximum of P(V > Vobs)
occurs for each of the 30 realisations. For 25 out of 30
the maximum occurred at pixel shift O; for 4 out of 30
realisations at pixel shift 1; and for only l case at pixel
shift 2. This result is acceptable.
PARTIAL SEGMENTATION
The SAR imaging process projects the 3D scattering tree
crown volume into 2D cylindrical zero-Doppler radar coordinates. Under the plane wave approximation, the SAR
image is just the projection of the 3D tree crown onto
a flat plane. The objective of the partial segmentation
is to estimate an optimal smooth boundary of the 2D
crown projection. The Kuiper test identifies if the region inside the boundary has constant properties (E( <I>)
and [E(p) [). We also need a mechanism that finds the
boundary of the 2D crown projection. The phase difference image gradient magnitude has the desired property that it is at a maximum at the edge of tree crowns.
Fig. I(d) gives the phase difference gradient magnitude of
a smoothed version of <I>'.
We describe the boundary using closed parametric
curves. Consider a closed curve of the form C
(x (t), r (t)) around region R. Boundary pixels B =

0.4

0.2

0.0
0

2

4
6
Pixel shift

8

10

Fig. 3. Probability P(V > Vobs) as a function of the
pixel shift for 30 realisations.

{1, 2, . . . , m} are those pixels that lie on
erage gradient on B is now calculated as

-

C. The av-

f [\7<I>'lj

[\7<I>'ls =

j=l __

m

(7)

with [\7 <I>'[ the gradient magnitude using the approximation given in [7, p. 132]. Region information and boundary information are now combined into a singe objective
function

0 = ln P(V

> Vobs) +a ln [\7<I>'lw

(8)

Parameter a can be adjusted to give more weight either
to region information or to boundary information. Fig. 4
shows the optimum boundary obtained for the tree crown
indicated in Fig. l(b). Choice of curve parameterisation
and optimisation method will need further study.
CONCLUSIONS
This paper addresses the problem of the partial segmentation of high resolution interferometric SAR data for the
recognition of tree crowns. Validation results on synthetic data show that the Kuiper test can not be used as
a global parameter to identify the boundary of a region
with a given probability P(V > Vobs). On the other
hand, Kuiper's probability P(V > Vobs) can be used as
a parameter in an optimisation with the phase difference
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Fig. 4. Optimum boundary.

gradient on the region boundary as a second, driving, parameter.
It is noted that this paper only discusses one step in an
parameter retrieval algorithm. A next paper will discuss
other steps that are needed for the automatic retrieval of
tree crown parameters from high resolution interferometric SAR data. The bias of the coherence estimation will
also be treated in a next paper.
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ABSTRACT
This paper demonstrates that SAR texture can be
applied in classifying Amazon rain forest into forest
and not forest categories. When optimised texture
measures and segmentation methods are applied, the
results are compared with corresponding classification
-of Band 5 Landsat TM imagery.
INTRODUCTION
A typical SAR image of the Tapajos National Park
region of the Amazon rain forest is shown in Figure I.
This was obtained with the Canadian Centre for
Remote Sensing C-band airborne system in 1992 as
pan of the SAREX-92 campaign. The image is aligned
tu the normal compass directions
with North
approximately at the top. The radar illumination is at an

angle of 65° from the right. The majority of the image
is gathered from the Terra Firme region of rain forest
with very uniform topography. However, to the West
(left) there is structure, corresponding to a sloping
region leading down to the River Tapajos, which
dominates the t1uctuations in the image. In the NE
corner a small section of the Santarem-Cuiaba highway
is visible. Around this highway there is a mixture of
primary forest and clearings, some with different
degrees of regeneration.
Initially, in Section 2, we show that the texture
information in this image allows us to discriminate
between forest and not forest classes within the scene.
Optimised texture measures and classification based on
annealed segmentation (from the CAESAR software
package by NA Software) are demonstrated. While the

Figure l : SAREX-92 image of part of the Tapajos rain forest in Amazonia.
© British Crown Copyright, DERA/1998
Published with the permission of the Controller of Her Britannic Majesty's Stationery Office
Proceedings of the 2"dInternational Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data for Land
Applications, 21-23October1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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classification is qualitatively reasonable. it is important
to calibrate its performance against current techniques
using Landsat TM optical imagery. We compare
classification performance in Section 3. indicating that
some of the discrepancy between the results arises from
the different physical processes involved in forming the
images: other differences arc a consequence of real
changes.
INFORMATION CONTENT
Initially we examine the information carried hy the
intensity. and underlying radar cross-section (RCS).
directly. Figure 2 illustrates the result l1f applying
annealed segmentation to the intensity of Figure 1. This
has the effect of reconstructing the underlying RCS
within
the
scene
including
bright
regions,
corresponding to the crowns pf emergent trees. the from
edges pf clearings and topographic features. as well as
dark ones. mainly associated with shadowing. There is
no information that can he directly applied in
discriminating between forest and not forest classes.
However, the ctearings around the highway arc found 111
he segmented into a small number pf regions. indicating
that the cross-section is almost constant, while the
returns Irorn primary forest show greater fluctuations
11....fI. This suggests that clearings might he identified as
regions with small local contrast. Pr texture. In order 111
make use of this information it is essential tu derive an
optimised texture measure. which depends L111the
statistical properties l)f the returns trorn the different
regions pf rain Iorest.
The observed texture uf primary fort's! has been shown
111 be reasonably consistent with a Kvdistributed
intensity Pr amplitude arising irorn combining an
underlying gamma-distributed RCS tluctu.uion with
speckle during the imaging process [ 1.2.-t I. Previous
studies 15-7 l demonstrated th.u the normalised Ing
texture measure. U, =In T - In .r . approximates the
optimum estimator tor determining the order parameter
of Kvdistr ibuted radar clutter. where the bars represent
local average» over a window L'f M pixels. As tl1c
number l1f luoks increases this measure tends tu the full
Maximum Likelihood Estimator as the PDF converges
on a gamma-distribution. Such texture is characterised
completely by the mean. µ . and order parameter. \' .
L'l the distribution. Residual fluctuations in the texture
measure Jue tu speckle can then J1c rc111L1vcJusing
simulated annealing [.~.-tI. Indeed. the texture can
dassilicd hy applying a threshold corresponding tl1 an
order parameter value 11fabout 3 11.-tI. We segment the
texture in Figure I using annealing methods l~-121
Iollowcd by classification achieved J1y applying a

threshold to the segmented texture 1121. The overlay Llf
the boundary between forest and nor forest classes on
the segmented annealed texture measure is shown in
Figure 3. The topographic structure on the West of the
scene gives the highest values 11!the texture measure
while the clearings yield low values. Note that the
existence ut' topographic structure within clearings
would limit the viability of this classification method.
An overlay of the class boundaries on the original
image. in Figure 4. shows that the resulting
classification is consistent with what might he derived
by a human observer. Note that there are very few not
forest regions identified in the centre of the scene.
where we expect primary forest. Some are detected in
the region of varying topography to the West. Careful
study of the region around the highway shows that
there are regions of slightly higher contrast. around the
identified clearings. which have been categorised as
forest. These correspond Ill more advanced stages uf
regeneration. The original SAREX data had a
resolution 11fom by 6m with sample spacing of .+.5111
which was averaged to 9m with a final effective looks
parameter of about 13. Since the angle of incidence
was 65:. the shadows of emergent trees provide a wellresolved contribution which yields the observed texture
in primary forest. Degrading the resolution or reducing
the incidence angle renders the method non viable. In
LKt. Fine Mode 5 Radarsat, with a resolution about <Jm
and an angle uf incidence of 45". will support this rain
forest texture classification 110.13.161 hut ERSI. with
resolution of about 25m and angle or incidence ,1r 23
W\lUIJnot l3.l5.16I.
COMPARISON OF SAREX AND TM
CLASSIFICATION
Having demonstrated the viability llt' high-resolution
SAR texture fur rain iorest classificauon. it i\
important to calibrate it against current techniqueusing .~Ornresolution Landsat TM optical imagery.
which has been demonstrated to give visually
reasonable
classification
using
the Band
5
1 approximately
I urn) image
[ l.+-16]. The
corresponding image. obtained in 1996. is rotated and
scaled 1,1 register with the 1992 SAREX data. The
L'lass boundary trom the TM data is overlaid on this
resarnpled TM image Figure 5. The TM boundary i\
also overlaid on the original SAR image in Figure n
while the SAR boundary is overlaid on the TM image
in Figure 7. Signiticam differences between the TM
and SAREX classification arc evident in Figures a Ill 7
around the highway on the right.
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Figure 2: Annealed intensity segmentation or Figure I.

Figurd: ( ivertay of class boundaries on .exturc measurefor Figure I.
I. The

1/(1/ Jim!1·1 region North l'r the highway at the
right L'Xte111Js
further trom the highway in the
TM image than the SAREX one. Indeed. there is no
cviJL'IKL' tor this in the SAR images in Figures -+
~1nJ6 l1r the SAR texture in Figure 3. Since 'thl'
uucnsuv pf the TM image is bright. giving a strl1ng
indication that this region 1sindeed a clearing. till'
l\l[l

difference probably corresponds Ill a real cl1angc
between I YY2 and I Y%.
The no/ forest region South of the highway at the
top right visible in the SAR data shows a similar
weak cucct in the TM data in Figure :'i. Indeed.
there is reasonable agreement between the SAR
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Figure 4: Overlay of class boundaries on the original scene from Figure 1.
class boundary and the weak region in the TM
image in Figure 7. The area probably corresponds to
a regenerating region which has developed further
between 1992 and 1996.
3. There arc many discrepancies further South on the
right hand side. The overlay of the SAREX class
boundary on the TM image in Figure 7 shows that
these seem mainly associated with the different
response to regenerating regions. Though some
clearings may have been extended in the interval
between collecting the images.
Finally. we make a qualitative comparison of the
classifications obtained from the two sensors. Figure 8
shows an overlay or the TM class boundary on the SAR
classes. This makes the discrepancies discussed
previously even more apparent. Areas of new clearing.
observed in the TM data but not the SAR arc apparent
at top right and near the bottom right. The discrepancy
on classifying regenerating areas is also visible at the
top right.
Since. the general features ot the two classifications arc
broadly similar. let us now make a quantitative
comparison. Initially we consider the probability of
detecting nor forest regions, denoted by NF and nf
respectively. for TM (1996) and SAREX(l 992) data.
The detection probabilities arc then 9.9'7< and 10.2'7c
respectively. which arc clearly similar. Next we
examine the conditional probability that the SAREX
and TM classifications arc the same and obtain

P(nf INF)= 65.6% and

P(!IF) = 95.917t when the

TM data is taken as 'correct'. This detection
probability for clearings is much less than the value or
7817t obtained when another part of the SAREX image
was compared with 1992 TM data [11.12]. ln the
earlier example. the residual discrepancies were
assumed to arise from the different responses of the
sensors Ill regenerating
regions. The excess
discrepancy observed here may well he a consequence
of real scene changes. Indeed. a comparison of TM
data from 1992 and 1996 over a slightly different
region of the Tapajos yields a joint probability for nor
forest of only about 657c. which is consistent with the
comparison of TM and SAREX data above. Further
comparison using 1992 TM data for the region is
necessary to resolve this issue.
CONCLUSIONS
This presentation has demonstrated that the texture of
high resolution Cvband SAR images can tic employed
10 classify rain forest i1110forest and nor forest
categories. Having observed that texture carries the
relevant information. the first essemial step is to derive
the optimum texture measure. which is related to the
statistics of the image. A gamma distribution provides
a good approximation to primary forest statistics in this
example of multi-look SAR. The corresponding
optimum texture measure is then the normalised log.
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Figure 5: Overlay or TM class boundary on the corresponding TM image.

Figure n: Overlay ,,r TM class boundary

PII

the original SAREX image.
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Figure 7: Overlay

Figure 8: Overlay

of SAREX class boundary

of the TM class boundary

>ncL' the optimum measure is identified it is necessary
ll' pn lL'ess the image so that an appropriate
form is
den VL'J fur subsequent simulated annealing processing.
ln this work the normalised lug was defined over a
-,liJtng window.
Annealed
scgmeutauon
was then
.ipplicd.
which optimised
the underlying
texture
measure into a defined number \)r states in the presence
,,r speckle fluctuations.
subject
l\l a curvature
constr.unt. The problem can thus he tackled using the
C..\ESAR sottware suite. with sutl:ihle modifications.
<

on the corresponding

TM image.

on the SAREX classification.

The extent tu which this method is succcsstul
111
practice will depend on t11L' absence \)r l<'[Wgrapl11c
variation over the region ,1r interest. It is thus cuuncnu-,
suited t\1 the tlat terrain of the Terra Finne l1f Arna/onia
hut is unlikely tl' he s\l effective in more undulating
rain iorcst terrain, such :ts lndoncxia.
However.
tl
should he possible
t'' remove terrain etkc'h
h\
considering multi-temporal vari..uon. Even with 1nr:1i11
variations. the detection \ll chanve: between -,eg1ne111c·d
texture scenes should still he :1 powcrtu! tp,i] ,,,r
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1JL'Illil\ing new l·ll':irings in till' rain forest. Indeed.
there is some indic.uion in tll1s paper that change
detection between TM anJ SAREX imagl's taken at
dittcrcnt times is occurring.
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ABSTRACT
Large floodplains in the tropics - like the Congo river
basin in Central Africa - are interesting ecosystems that
function as water storage and faunistic and florensis habitat. Moreover they host a series of bio-chernical processes. such as methane
emission,
which have a
significance in global change issues. In this paper we
report about an approach for mapping bio-physical
parameters of interest in these ecosystems
by radar
remote sensing at regional scale and high spatial resolution. The proposed solution hinges on the recent availability of large radar mosaics acquired over the tropical
regions wall to wall by the Synthetic Aperture Radar
instruments on board the ESA ERS and the NASDA
JERS-1 spacecrafts (CAMP - Central Africa Mosaic and GRFM - Global Rain Forest Mapping - projects). The
bin-physical parameters considered are the swamp forest
and lowland rain forest structure. and the flooded area
extent. The focal points and main issues of this study are:
the global mapping approach, using deterministic sampling; the signal processing techniques; the up-scaling to
large area of local area classification and - more critical validation techniques. Results achieved so far already
show that blanket radar coverages of the tropics can provide thematic information on the forest composition of a
whole ecosystem at an unprecedented level of detail.
l. INTRODUCTION
Large floodplains in the tropics are interesting ecosystems under several points of view 111. From the local
economy perspective they are significant as land reserves
for agriculture, settlement areas for rapidly increasing
population. animal husbandry and forestry. In the ecological sense they function as water storage, faunistic and
florensis habitat. and fishery. Moreover they host a series
of bio-chernical processes, such as nitrogen turnover, and
methane emission. Since methane is a green house gas
this process has a significance in global change issues.

The tropical floodplains can be defined as pulsating systems which oscillate between terrestrial and aquatic
phases; the system undergoes a compound energy and
nutrient cycle, which comprises
several interactions
between the aquatic and terrestrial phases.
Characterization
of this complicated
physical and
chemical environment requires to take into consideration
several aspects, such as geology, climatology, hydrology,
geomorphology, floristics and forest structure.
Among the several components that come into play in
the floodplain dynamics we are primarily concerned in
this study with the flooded forest ecosystem.
More precisely the quantities of interest are the spatial
distribution of two forest thematic classes - swamp forest
and lowland rain forest - and the flooded area extent.
The problem statement is to map these quantities over
an entire tropical floodplain - in this case the Congo River
wetland in Central Africa - with high spatial resolution order of l00 meters.
The proposed solution hinges on the recent availability
of large radar mosaics acquired over the tropical regions
wall to wall by the Synthetic Aperture Radar SAR instruments on board the ESA ERS-1 and the NASDA JERS-1
spacecrafts. In particular data sets from the CAMP (Central Africa Mosaic Project) 121 and GRFM (Global Rain
Forest Mapping) 131 projects are used.
CAMP is an initiative started in 1994 by the European
Commission TREES project, and consists of a blanket
coverage of the Central African region at two dates using
the ESA ERS C-band radar instruments.
GRFM is a project promoted and funded by the Japanese Space Agency NASDA in 1996 and executed
through an international cooperative effort. where the
European Commission JRC Space Applications Institute,
the Jet Propulsion Laboratory, USA. and NASDA, Japan.
are acting as main processing nodes; the goal is to produce a blanket radar map of the tropical rain forest ecosystems worldwide using the JERS-1 L-band SAR.
A first question in the context of the ESA workshop
where this work is presented is the definition of bio-, geophysical parameters; strictly speaking a land cover map is
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a spatial distribution of thematic classes and therefore it
is not a direct measure of a specific physical parameter;
on the other hand class discrimination is achieved via the
underlying physical parameters which are derived from
the observables. In our case for instance the derived biophysical parameters are the canopy structure, and the soil
roughness and dielectric properties (moisture). It has to
be clear therefore that in the following we will deal sometimes in an indirect way with the retrieval of bio-physical
parameters. This is the case for instance when dealing
with the classification results and the validation problem.
Another connotation that we wish to emphasize is that
this study deals with the - possibly indirect - retrieval of
bio-physical
parameters over an entire ecosystem at
regional scale and with high - relative to the phenomenon
of interest - spatial resolution. This is - we believe - a distinctive and novel feature which paves the ground for an
entire new gamut of gee-physical parameter extraction
applications, but also calls for new techniques in the areas
of data processing and validation.
This paper has to be taken as a first step along this line;
it is a sample case that illustrates well the potential of the
approach. gives details on some results achieved so far,
and pin points the major problems and hurdles still to
overcome; it has in no way to be taken as a report on a
final and consolidated work.
The structure of the paper is the following. In the first
part we will deal with the problem of retrieving from the
observables (radar backscattering images) the bio-physical parameters that will support the classification engine.
This will entail considerations
on the physics of the
wave-target
interaction. statistical considerations,
and
signal processing aspects. Next we will introduce and
discuss the problem of large scale high resolution mapping. Examples of the first results obtained both for
swamp forest and flooded area mapping will be reported.
Finally the issue of validation - a fundamental aspect of
the study - will be discussed.
II. FROM OBSERVABLES TO BIOPHYSICAL
PARAMETERS
SAR imagery acquired by the ERS-112 and JERS-1
sensors over the Central Africa region in the framework
of the CAMP and GRFM projects is used in this study. A
detailed description of the projects can be found in [2]13].
Suffice here to say that both data sets consists of a mosaic
of several hundreds SAR images with full coverage of the
bio-geographical domain of interest - the Central Africa
Congo basin - at 2 dates (July - August 1994. JanuaryFebruary 1996 for CAMP, and January - February 1996,
October - November 1996 for GRFM).
A detailed description of the site from the vegetation
features point of view can be found in [4].

The mosaics are derived from the full resolution amplitude data (ESA PRI products and NASDA level 2.1 products) by a multiresolution decomposition; at each dyadic
resolution level in the pyramid a smooth signal (radiometry) and a texture signal (normalized variance) are generated.
In this section we address the problem of deriving from
the SAR mosaics the bio-physical parameters of interest
in the sense pointed out in the introduction. At first the
case of the discrimination between the swamp forest (SF)
and the lowland rain forest (LRF) is presented.
A. Lowland rain forest and

swamp [orest mapping

The starting point of our analysis is a statistical characterization of the radar signal.
The first order statistic of the amp Iitude detected radar
signal in the 12.5 m pixel size products was estimated for
selected areas (ROls) in the swamp and the lowland forest (based on the available ground data). The PDF (probability density function) estimated from the experimental
data was then tested against a theoretical K-distribution
using a / goodness of tit test.
The shape parameter a was estimated using the
method of moments [5]. A summary of this analysis is
reported in Table I. and Table 2.
TABLEl. .JERS-1 backscattering statistic

Class

a (dB)

SD

SF

-7.17

0.303

0.05

22.0

LRF

-7.17

0.318

0.06

11.7

0

"

\!AR (SD11)

CJ.

TABLE2. ERS-1 backscattering statistic

Class

CT0

SF
LRF

SD 11

\!AR (SD,,)

a

-5.55

0.297

0.05

17.5

-5.67

0.323

O.Q7

7.78

(dB)

For the swamp forest areas high values of a indicate
that the PDF tends to a generalized Rayleigh statistic with
6 degrees of freedom (nominal 3 looks amplitude data).
In this case the fully developed speckle regime with constant underlying radar cross section is therefore present.
For the lowland rain forest area, a decreases for both
sensors, and therefore the PDF deviates significantly
from the Rayleigh distribution. However even if the trend
is similar for both sensors. there are differences in the
absolute values. The a values for the JERS-1 data are
always higher, meaning that the underlying radar cross
section fluctuates less.
The estimated backscattering coefficients for the lowland rain forest and the swamp forest are very close.
Standard deviations of the estimators are typically 0.0 I
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dB. taking into account that the normalized intensity
auto-correlation
function tends to zero after 4 lags; also
the estimated 0'0 is computed for areas approximately at

the same range positions.
In order to assist the interpretation of these results from
the wave scattering point of view a modelling exercise
was run using the University of Texas at Arlington code
[6]. The vegetation classes structural and physical parameters were estimated by sample ground data available in
the TREES project. Details on the model parametrization
are outside the scope of this paper. Suffice it to say that
both vegetation classes have comparable and high elementary scatterers density (leaves. branches) in the upper
canopy layer.
Canopy loss factors computed by the model (power one
way attenuation through the canopy layer of 5 m) are
0.35xl0--l for the ERS and 0.25 for the JERS. C01Tesponding penetration depths are approximately 54 cm (Cband) and 3.6 m (L- band). Therefore major contributions
to the backscattering: are given by the upper canopy layer
volume scattering. This also explains why the two classes
show very similar average radiometric characteristics. At
C-band the strong attenuation rules out any interaction
with the lower canopy structure and the soil.
Variations in the spatial distribution of the top canopy
layers at the radar resolution (30 m) is what can account
for the radar cross section modulation and hence the different first order statistical properties of the observed signal. Indeed visual interpretation of air-borne video
images shows that at the 30 m scale the swamp forest
closed canopy looks much more flat and homogeneous
than the lowland rain forest canopy.
In the lowland forest canopy we can therefore postulate
a micro-relief effect at the top canopy level. which modulates the local incidence angle and hence the effective
scattering area. This effect - which is inversely proportional to the penetration depth - will modulate the radar
cross section and hence the shape parameter a . Therefore an estimator of the shape parameter a (or alternatively of the normalized second moment) will be a
suitable discriminator fur the two thematic classes. The
sensitivity to the forest canopy structural parameter will
he higher for the ERS C-band data.
B. Flooded area extent

At L-band and 35° incidence angle HH polarization the
total loss through the dense swamp forest modelled as a
3 layers structure will be approximately 15'k. The radiation hitting the ground can be specularly reflected - in the
limiting case - by the presence of a water layer. and backscattered by a double bounce trunk-ground mechanism.
This would account for a difference in backscattering
coefficient values between the non-flooded and the
flooded conditions of approximately 2 dB for the type of

vegetation cover considered in our modelling exercise.
This difference would be of course a function of the vegetation layer characteristics.
Therefore multi-date JERS-1 data sets can in principle
be used to assess the flooded are extent in tropical floodplains [7].
In summary we can say that the primary mechanism
which allows us to discriminate lowland rain forest from
flooded forest in our test area is linked to the upper canopy spatial distribution at the sensor's resolution scale. At
C-band there is high sensitivity to this parameter. while.
due to the high absorption in the canopy layer, there can
be no direct mapping of the underlying flooding extent.
Lower frequency microwave radiation (e.g. L-band) is
required to add this type of information. In this case scattering mechanisms involving the double bounce between
the water layer and the trees vertical structure would
come into play. The two sensors' imagery (Cvband and Lband) then supply complementary information, the first
related to the vegetation structure only, the second to the
flooding extent.
Ill. STATISTICAL SIGNAL PROCESSING
An estimator SDN of the normalized standard deviation (amplitude data) - sometimes called the coefficient
of variation - turns out to be a good discriminator for the
thematic forest classes of interest. Indeed on areas with
stationary statistical properties it will be a measure of the
canopy structure according to the mechanism explained
in section IL since it is proportional to the shape parameter a. Moreover it will act as an edge and point target
detector in non-stationary areas.
A local estimator SDII is implemented in the CAMP
and GRFM processing by computing the sample mean
and variance of the 3 looks 12.5 m data on a NxN window. The window is moved block wise in the image. It
will therefore catch the signal variation up to the scale of
the window size (typically IOOmfor an 8x8 window and
200m for the 16* 16 window).
Focusing: on the stationary statistics. it is important to
estimate the variance of the estimator, in order to assess
the signal to noise ratio (or in other words the class separability). This is achieved by expressing the estimator as
a function of the statistics TI and T'.2( 1)('.?,)and performing a first order Taylor expansion around the point
T=E[TJ. where E is the expected value operator [81.
Thus:

h

SDII
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(2)

This choice of the statistics TI, T2 is dictated by the following reasons. TI. T2 tend to be normal for the Central
Limit theorem. It can be demonstrated [9] that for IID
normal random variables the sample second moment and
the sample
mean are independent;
therefore
COV(T1, T2) = 0. Finally the variances can be readily
computed [ 10].

(4)

var (x)

(5)

N

Expanding (3 )(4 )(5) we see that the variance of the estimator is a function of the number of samples Nin the estimator window and the moments of the original data. We
can therefore estimate the variance given a theoretical
Rayleigh and K distribution for multi-look amplitude
data.
Numerical evaluation of (3) for different values of the
shape parameter a of the K distribution gives:
TABLE3. Estimator variance 8x8 window

0.301

VAR (SDN)

Std. Error

(~

4.4xl0-4

7.2

60.0

-4

For a stationary area with Rayleigh or K distributed
speckle the expected value of SDn is a constant. which
we consider the signal; the noise component is due to the
estimator variance. In this sense the standard error in
Table 3 and Table 4 can be interpreted as the signal to
noise ratio in the texture measure. Clearly the I00 m texture measure is too noisy for stationary areas discrimination. This analysis also indicates that the texture measure
signal should be filtered to improve the signal to noise
ratio before being entered into a classification engine.
The theoretical estimator variance is the basis for the
construction of such a filter. The filter works on the lqcal
statistics in the neighbourhood of a pixel in the SDII
image. The principle is to detect stationary areas where
the statistical regime described above is present; this is
achieved using the theoretical estimator variance (3) as a
function of the mean value. If the variance threshold is
exceeded, an adaptive window algorithm is entered, similar to the one proposed in [11]. If a stationary area is J!Ot
detected even at the second level, then the original SDII
value is stored in the filtered set. Otherwise the local sample mean is substituted for the current pixel.
Scope of the filter is therefore to smooth the texture
measure in stationary areas with constant or Gamma distributed radar cross section, and to preserve fine and
strong features in non-stationary areas of the texture signal.

0.319

4.SxlO

6.7

17.5

0.349

4.Sxl0-4

6.3

7.8

TABLE4. Estimator variance 16x16 window
SD 11

VAR (SDN)

Std. Error

a

0.301

9.6xl0-5

3.25

60.0

0.319

9.8x!0-5

3.11

17.5

0.349

i.o-ro"

2.94

7.8

IV. REGIONAL SCALE AND HIGH RESOLUTION
MAPPING
As a general consideration and in the authors' view,
remote sensing of physical parameters associated with
large area natural processes can be best accomplished
using a deterministic sampling at the rate dictated by the
frequency content of the observed phenomenon, rather
than statistical sampling based on point measurements
and extrapolation through modelling. The second
approach can appear advantageous form the economical
point of view - a concept relative to the market reality but can be critical with respect to problems related to
non-stationarity in natural phenomena.
Blanket earth observations from space-borne radar
instruments provide an ideal tool for the implementation
of the first approach.
A simple supervised maximum likelihood classification
scheme is used to derive from a one-pass ERS radar
mosaic a map delineating the swamp and the lowland forest over the entire Congo basin. The feature vector has
tw_Qcomponents: the pixel radiometric value and the
SD11 value derived as explained in section III.
Considerations on the normality assumption for the
SD/1 random variable are based on the study of the PDF
of the ratio of two normal variables, which legitimates the
use of the discriminant function for multivariate normal
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Fig. 1. Swamp forest classification map for an area in
Central Zaire (200 m pixel size, non filtered texture
measure). Thematic classes: swamp forest (green),
lowland forest (blue), other features (red).

Fig. 2. Same classification map as in Fig. 1 showing
the signal to noise ratio enhancement achieved by filtering the texture measure.

variables. In the two class problem thresholds are set to
define unclassified regions.
The pixel size in the data sets is 200 m. Therefore the
spatial detail achieved by the classification is by far superior to existing regional maps, derived by ground surveys,
or by satellite data. On the other hand the attained accuracy is comparable to the one of local maps obtained by
optical remote sensing data. We will expand on this in the
next section.
A training set of 6 areas for the swamp forest and 6
areas for the lowland forest in different locations of the
Congo floodplain is used. The polygons coordinates were
selected using a vegetation map [ 14], and converted into
the SAR mosaic reference system.
An example of local area classification map at full resolution is shown in Fig. 1 (non filtered texture) and Fig 2
(filtered texture). The map is coded in 3 levels (green,
blue, red) assigned respectively to the swamp forest, the
lowland rain forest, and all features not belonging to
either class. The example is meant to, highlight the
improvement due to the filtering of the SDn data set.

The full area map, smoothed by a low-pass filter and
stratified using GIS data is shown in Fig. 4.
An example of the flooded area extent mapping using
the JERS-1 SAR data is reported next. This part of the
study has not advanced to the stage of global mapping
and validation; it is meant to illustrate the potential of a
synergistic combination of the two sensors, which provide complementary information of the vegetation distribution and flooded area.
The study area is around the confluence of the BusiraSalonga rivers in central Zaire; the L-band SAR data
were acquired in February and October 1996. Within
each image the classification between flooded and nonflooded forest is achieved by simple thresholding based
on empirical values derived by previous studies (7).
Results of area estimation for open water, and flooded
forest for the two dates are reported in Table 5.

Up-scaling the simple supervised classification from
local area to global area poses a problem due to the confusion introduced in the northern domain by vegetation
patterns with similar radiometric and textural characteristics as the swamp forest. Confusion is also present in the
open sea water along the western coastline.
The problem has been fixed by stratification of the classification map using a-priori knowledge of the vegetation
distribution contained in the TREES project GIS system.

TABLE5. Flooded forest area estimation
Rivers

Flooded Area
February 1996

Flooded Area
October 1996

Busira

877 sq. Km

484 sq. Km

Salonga

30 sq. Km

104 sq. Km

The temporal changes are represented in Fig. 3 by a colour composite image, with the following colour assignment: Red - Flooded Feb. '96, Green - Flooded Oct. '96,
Yellow - Flooded both Feb. and Oct. '96, Blue - Open
water.
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Fig. 3. Temporal changes in the flooded area.
It is interesting to note that the timing of flooding
appears to be reversed for the two rivers: around the
larger Busira more flooding is observed in February,
while along the smaller Salonga tributary significant
inundation shows up during the October acquisition.
Whether the observed patterns result from short-term
local events (e.g. rain showers), or from the longer-term,
annual hydrological dynamics can not be determined
without either more frequent satellite acquisitions during
an annual flooding cycle, or in situ river stage measurements. Nevertheless, the results display the potential of
using L-band SAR data to obtain detailed spatial and
temporal information about inundation patterns in this
kind of wetland environments.
V. VALIDATION
The problem of up-scaling classical remote sensing
data validation techniques to regional or global scale data
sets lies in the fact that assumptions on statistical stationarity can be critical. This is due to temporal and spatial
effects in the natural targets and in the observables (radar
signal). With a mathematical analogy we could say that
we would be trying to approximate a function by a first
order Taylor expansion far from the expansion point. To
elaborate on this, natural conditions can vary dramaticalli" when considering an ecosystem covering 3 million
Km ; for instance crossing the equator the seasonal characteristics are reversed. Also vegetation patterns can be
completely different, and therefore the same thematic
classes could give rise to different observables. From the
radar signal point of view, it is important to keep in mind
that a large mosaic is not acquired in one shot, but typically in a time span of months. Therefore temporal variations are mingled with spatial variations. This scenario
requires therefore a novel validation methodology.

We have adopted a two-tiers strategy: at the first level
local area ground data (usually in the form of vegetation
maps) are used to verify errors of omission at fine scale
using classical sampling approaches; moreover the
ground data are used as seed to generate further validation samples using high resolution complementary optical remote sensing data. This level will assure that the
classification data are pinned within some confidence
interval at a number of control points. Stability in the
sense previously described is then checked by correlating
the high resolution radar map with coarse resolution but
large scale classification products (generated by historical ground surveys and global remote sensing data sets,
e.g. in our case the UNESCO/AETFAT/UNSO Vegetation Map of Africa [16) and the Phytogeographical map
of Congo [14)).
An accuracy evaluation has been performed by numerical comparison with interpretations of 6 Landsat TM
scenes acquired over the floodplain in Congo-Kinshasa in
the Republique Democratique du Congo. We have to
assume that the Landsat TM interpretations truly represent the land cover conditions on the ground. This is not
an unreasonable assumption, given that the interpretations were performed by local experts' teams after intensive field work and that the classification scheme used is
quite simple. However, we have to keep in mind that the
Landsat-based maps are the result of a visual interpretation, and it is well-known that this procedure tends to
eliminate small features. The confusion matrix for the
lowland rain forest (LRF), the swamp forest (SF) and
other land cover (OLC) classes is reported in Table 6. The
overall accuracy of the ERS classification is 70.9'k.
However, the swamp forest mapping is not totally equivalent to the Landsat interpretations. The user's accuracy
of this class is 53% and the producer's accuracy is 66.5%.
The main source of difference is related to the pixels classified as swamp forest in the ERS classification, and
interpreted as lowland rain forest in the TM scenes. Several explanations can be proposed to understand these
discrepancies. Firstly, the narrow ribbons of swamp forest along the secondary river network are not delineated
in the Landsat interpretations, whereas they are well
marked in the ERS classification. Secondly, the boundary
between the forest types is sometimes very fuzzy; in the
case of visual interpretations, it can lead to different
results for different interpreters.
The same comparison was performed using the Vegetation map of Congo [14] for the floodplain in the Republique du Congo. The results are reported in Table 7. The
overall accuracy is 68%. The results for the swamp forest
mapping are better in this case (user's accuracy and producer's accuracy of respectively 68% and 61%). The
main source of confusion in this case are the pixels classified in the "Other Land Cover" class in the ERS case.
but as "Lowland Rain Forest" in the map. This can be due
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Fig. 4. Classification map of the entire Congo river floodplain at 200 m pixel size. The map was generated from
the ERS-1 CAMP 1994data set (radiometry and texture) using a maximum likelihood classifier and by stratification
with the TREES project GIS data.
TABLE 6. Comparison with Landsat classifications in the
Congo-Kinshasa floodplain.

TABLE 7. Comparison with the Vegetation Map of Congo

ERS Classification(% pixels)

ERS Classification(% pixels)
LRF

SF

OLC

Total

LRF

50.92

16.96
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68.62
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SF
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28.73
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OLC

1.52

0.25

0.88

2.65

Total

60.87

36.33

2.80
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to a faulty definition of non-forest types or to a important
deforestation in the Southern Congo (where these pixels
appear) since 1967 - which is indeed mentioned in the literature [12).
These examples show that meaningful ground data are
particularly difficult to collect for such complex landscapes: aerial digital video imagery is expected to
improve significantly the situation; an effort in this direction is under way within the TREES project.
The usefulness of the product as a regional forest type
map was assessed by a visual comparison with the classification of the UNESCO/AETFAT/UNSO Vegetation
Map of Africa [16]. This map. based on a combination of
physiognomic (structure. dimensions) and floristic (species richness) factors is the result of the compilation of
many national or local maps and discussions with local
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31.87

Total

48.91

17.36
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experts during a period of 15 years. It represents the main
current reference for the region, including a swamp forest
class. Other maps, derived from satellite optical data
[13][15I do not distinguish the lowland rain forest from
the swamp forest.
The visual examination shows a good agreement in the
general pattern of swamp forest distribution. The large
floodplains of the central part are well mapped; the same
applies to the linear features at the west of the plain.
However, some problems appear at the border between
Congo and Cameroon, where swamp forests are slightly
overestimated, compared to the White map. This is also
the case in the Southern Central African region.
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CONCLUSIONS
At this stage of the study we can already conclude that
one-pass ERS SAR imagery can provide thematic information on the forest composition of a whole ecosystem the Congo basin floodplain - at an unprecedented level of
detail. Moreover this information can be complemented
for mapping the flooded area extent by a time series of
JERS- l SAR images. Regarding this second aspect only
preliminary results were presented in this paper; how to
merge and correlate the two types of information is an
issue for on-going investigation within the GRFM
project.
In reply to the seed questions proposed for the workshop, we can say the following. In our opinion spaceborne SAR is the only viable solution to obtain multi-resolution, multi-temporal wall to wall data sets over the
tropics. Results of the study confirm that retrieval of
some bio-physical parameters of interest - in the sense of
the definition in section I - can be achieved at regional
scale and at high spatial resolution using those data sets.
Validation of the accuracy of the estimates is the critical
issue. At the moment a strategy has been set into place,
and quantitative results obtained in the case of a simple
parameter, such as the flooded forest structure. More
complex situations, where the final parameter of interest
is measured indirectly by the remote sensing data (e.g.
methane emission) still need a lot of work to be resolved.
For the future a critical component with respect to the
theme discussed in this paper will be the availability of a
low frequency (e.g. L- or P- band) sensor and an end to
end system (comprising data relay and ground segment)
capable of truly operational and continuous coverage of
the tropical zone in space and time.
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ABSTRACT
Large scale and operational applications based on
contiguous coverage with SAR data require a set of
dedicated techniques in terms of signal handling and
product interpretation.
The GRFM SAR map of the West African rainforest
domain is derived from some 340 JERS- l SAR images
acquired in a time span of 45 days. The original data
with a pixel spacing of 12.5 mare spatially compressed
by wavelet transform resulting in products representing
the estimated cross section as well as textural features at
different spatial scales. The SAR mosaic is assembled
by projecting the derived products into a compatible
map projection.
A tentative thematic interpretation is presented at a
further reduced pixel spacing. A synoptic view on the
vegetation gradients in West Africa is obtained and
compared to the TREES map derived from
NOAA/AVHRR and the sources of coincidence and
divergence are discussed.
INTRODUCTION
Numerous case studies demonstrating the potential of
spaceborne Synthetic Aperture Radar (SAR) data for
land cover mapping have been presented since the
launch of the first operational SAR satellites (ERS by
ESA and JERS by NASDA) in the early nineties.
Taking these experiences to large scale and operational
applications requires a set of dedicated techniques in
terms of signal handling and product interpretation.
The TREES project (Tropical Ecosystem Environment
Monitoring by Satellites) of the SAi (European
Commission Space Applications Institute) aims at the
global mapping and monitoring of the state of the

tropical rain forest based on lkm resolution
NOAA/AVHRR imagery. Within the R&D activities of
the TREES project, the mission originally attributed to
SAR observations mainly concerned localised and
detailed analyses. These analyses mainly served the
validation of the low resolution thematic products and
the monitoring of areas under rapid evolution [l, 2].
With the initiation of the CAMP project in 1994, aiming
at the production of SAR maps covering an entire biogeographical domain, the use of SAR remote sensing
for vegetation mapping has moved from the locally
focused to the continental scale. The basic rationale
behind the initiative is to take full advantage of the allweather capacity of the SAR instruments and to produce
a canvas acquisition of the target area within a minimal
time frame.
Two such international projects are currently ongoing,
in which the attempt is made to provide the user
community with continental scale SAR maps suitable
for vegetation and primarily forest mapping purposes. In
order to produce valuable vegetation maps, the SAR
derived products need to provide a view of the
vegetation cover which is contiguous in space and
consistent in time. Further assets that the SAR products
need to feature are adequate pixel spacing and
radiometric quality and accurate geographic positioning.
0

The JRC-MTV Central Africa Mosaic Project
(CAMP) covers the equatorial forest domain in
Central Africa with two complete ERS SAR
acquisitions representing contrasting seasonal
situations. The first acquisition was made in July August 1994 during the southern dry season and the
second in January - February 1995 during the
northern dry season [3, 4].

Proceedings of the 2"JInternational Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
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The Global Rain Forest Mapping Project (GRFM)
is a collaboration between NASDA (Japan), JRC
(EC) and JPL-NASA (USA) and covers the entire
global tropical forest area with JERS SAR imagery.
The Amazon and Congo rive basins are covered
twice for assessing low water status (January February 1996) and high water status (October November 1996) in flooding forest areas [5].

In both cases continental scale snap-shot SAR maps are
produced with a 100 m pixel spacing and matching
positioning accuracy. Given the limited number of
acquisitions, temporal signatures are not available as a
source of information. Both projects therefore dedicate
significant effort to exploit both the tonal and textural
information content of the SAR data.
OBJECTIVES
The poster presents the actual status of the results
obtained with the GRFM JERS mosaic over West
Africa. For this part of the African continent a set of
JERS images acquired during a single time slot is
available.
The core objectives so far have been to implement and
optimise the data processing procedure accounting for
the data compression, calibration and acquisition strip
balancing and geographic projection and mosaic
assembly.
On the thematic field, the primary goal is to evaluate the
potential of mono-temporal SAR image mosaics to map
dense forest vegetation and vegetation gradients in a
synoptic way and on a continental scale. In order to
understand the value of SAR data as a complementary
information source for tropical vegetation mapping, the
results obtained are compared to the TREES map
derived from NOAA/AVHRR data.

Fig. 1: The GRFM JERS SAR mosaic of West-Africa
with country borders and main rivers overlain.

THE GRFM MOSAIC OF WEST AFRICA
The GRFM SAR map of the West African rainforest
domain is derived from some 340 JERS-1 SAR (Lband, HH polarised) images acquired in a time span of
45 days (January - February 1996). It covers the south
coast of West Africa from Senegal to Nigeria (Fig. I).
The time slot was chosen based on experiences with
ERS SAR data over the Ivory Coast in the centre of the
West Africa target window [2]. Experience with the Chand data indicates that the optimal single acquisition
slot for land cover and vegetation mapping is situated at
the end of the dry season. At this stage the contrast
between dense evergreen forest and all other land cover
types is at its highest due to dehydration of the
vegetation cover outside the forest blocks. This effect is
especially critical to separate dense forest from the rural
mosaic containing isolated trees, as well as from
plantations of woody crops such as coffee and cocoa.
Little experience was available with L-band SAR data
over seasonally dry tropical areas. The assumption was
made that even with the marked difference in sensitivity
of C- and L-band SAR to the vegetation structure and
moisture content, the end of the dry season would be the
optimal acquisition window.
DATA PROCESSING
The original SAR data set acquired as standard 12.5 m
pixel spacing images represents a data volume of some
45 Gb. The first stage in the data processing consists of
a spatial down-sampling of the individual scenes. It
serves at the same time two goals: data volume
reduction and speckle component suppression. A more
manageable product with more consistent radiometry
for display, reproduction and classification purposes is
obtained
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The original data with a pixel spacing of 12.Sm are
spatially compressed to products (imagettes) with a
reduced IOOm pixel spacing on an individual scene
basis. This is achieved by applying multi-scale
decomposition based on the wavelet transform [6]. The
resulting products represent the estimated cross section
as well as textural features at different spatial scales [7].
The wavelet pyramid generates approximations of the
original radar imagery at successive dyadic scales. The
projection of the signal into the complementary
orthogonal space (detail signals) can be interpreted as
texture measures.
The second main processing phase consists of the
assembly of the SAR mosaic by projecting the imagettes
into a compatible map projection. The mosaic canvas
with spatial positioning accuracy matching the pixel
size is computed by exploiting both the annotated corner
point coordinates and coincidence measures on the
overlap areas between neighbouring
scenes. The
imagettes are then projected into the geographic canvas
frame using Nearest Neighbour resampling and an rooftile decision criterion for the overlapping areas.
The third main component in the processing chain
consists
the balancing
the radiometry
between
neighbouring strips. Even after the system calibration
consisting of removing the geometric range dependency
of the effective scattering area, marked differences in
radiometry between the near and far range are observed.
These radiometric differences are due the different back
scattering properties of extended targets when viewed
under different angles. Bi-linear correction factors are
determined for each scene, in a global adjustment very
much along the lines of the geometric adjustment.
Radiometric
differences
in the overlap areas are
minimised by least-squares fitting.

Fig. 2: Illustration of the spatial definition of the 100 m
GRFM JERS SAR mosaic in the coastal area around
Abidjan (Cote d'Ivoire).

The final result is a balanced and consistent SAR map
suited for both visual interpretation and computer aided
interpretation techniques (Fig. 2).
THEMATIC INTERPRETATION
In accordance with the multi-scale approach of the data
processing
and
analysis,
the
first
thematic
interpretations are performed at a further reduced pixel
spacing. After down-sampling to 1km grid cells, a
manageable product is obtained facilitating the stages of
familiarising with the thematic potential of the GRFM
SAR maps for such a wide bio-geographical domain
(Fig. 1). At the same time, compliance is obtained with
the current TREES maps such that a comparison can be
set up at the same spatial scale.
Also at this stage image layers representing the average
intensity as well as a measure for the variance within
each of the 10 x 10 pixel blocks is computed (Fig. 3 and
4 ). The rationale behind the combined use of tonal and
textural image information is that both parameters
contain significant information for the separation of the
land cover or vegetation types at stake.
D

At the given scale of this reduced product, the
tonal information relates to the overall target
signature within the square kilometre block. It is
useful for the determination of target types
extending homogeneously over large areas, such
as primary forest and natural savannah.

D

The textural information extracted in the passage
from 100 to 1000 m pixel spacing relates to
landscape structure characteristics such as small
scale field mixtures and fragmentation patterns.
It is therefore an adequate feature for use in
synoptic large scale land cover mapping.
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Fig. 3: Mean intensity product at l km spatial resolution
derived from the GRFM JERS SAR mosaic.

Fig. 4: Texture component at l km spatial resolution
derived from the GRFM JERS SAR mosaic (coefficient
of variation in 10 x 10 pixel blocks).

The thematic interpretation presented (Fig. 5 and 7), is
based on joint classification of the radiometric products
at l km pixel spacing and its associated texture
measures. The resulting map represent homogeneous
areas in terms of target signature and contextual
composition derived from a single time slot acquisition.

COMPARISON TO THE TREES MAP

The unsupervised classification algorithm (isodata) is
tuned in an iterative manner, masking out ocean, built
up and mountainous areas during the first runs, and
forcing the production of a large number of classes over
the remaining land area. Cluster are then interactively
merged based on prior studies over the area using ERS
and Landsat
data, vegetation
maps and field
observations.
The resulting map shows clear distinction between the
major vegetation types over the West-African forest
domain. Remaining forest blocks stand out sharply and
the climatic gradient in vegetation distribution is well
marked.

The resulting tentative forest map of West Africa is
compared to the widely used tropical forest map
produced by the EC TREES project on the basis
NOAA-AVHRR
data. These optical data have an
original spatial resolution of I km (at nadir view) and
the collection of the necessary individual cloud free
images took years to accomplish. The thematic TREES
product represents the vegetation cover in three classes:
(1) primary rain forest, (2) secondary and degraded
forest and (3) non forest areas.
The TREES classification is performed on the original
NOAA/AVHRR
images rather than using NDVI
composites. The latter technique can provide useful
temporal information on the vegetation evolution
through the seasons, but is often hampered by residual
effects of cloud cover in the NDVI values.
Using individual cloud free scenes however implies that
data are used collected during different years, and
mainly acquired during the dry season. The resulting
map therefore represents a specific seasonal state of the
vegetation. For the class primary rain forest this should
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not form a major problem since its seasonal variability
is restricted. The class of secondary and degraded forest
however
may also contain
semi-deciduous
and
deciduous forests. These forest types are natural and
represent a different ecological value than for instance
degraded rain forest.
The GRFM vegetation map is compliant with the
current TREES maps in terms of spatial resolution such
that a comparison can be set up at the same spatial scale.
Issues such as mixed pixel signatures and the impact of
small scale fragmentation apply equally to both data sets
such that the comparison is of lesser complexity than
when confronting
different
scale products.
The
comparison
therefore
focuses
on the thematic
information content within comparable grid cells and
the understanding
of sources of coincidence and
divergence.

Fig. 5: Vegetation map of West Africa derived from the
GRFM JERS SAR mosaic at l km spatial resolution.

Fig. 6: TREES forest map of West Africa derived from
NOAA/AVHRR images (legend: dark green: primary
rain forest - light green: secondary and degraded forest
- yellow: non forest areas).

Good agreement between the TREES and GRFM
products is observed in most areas of dense moist forest
and grassland savannah. Both classes can be seen as
both extremes of the spectrum of vegetation classes
present in the bio-geographical window studied. This
applies to their biomass level as well as to their seasonal
behaviour. In addition they both generally cover large
and contiguous areas.
Clear disagreement is however to be noted in vast areas
of secondary forest and dry woodlands. In these areas
the TREES map shows either non-forest or degraded
forest classes, whereas the GRFM map shows a far
higher degree of differentiation outside the rain forest
domain. Many patches are classified as dense forest in
the GRFM product where no or degraded forest is found
in the TREES map.
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Fig. 7: Extract from the TREES forest map of West
Africa derived from NOAA/AVHRR images.
DISCUSSION
The sources of agreement and disagreement between
both remote sensing derived vegetation maps are to be
sought in:
the nature of the signal used
the acquisition timing of the data
o
the derived data layers fed to the classification
process.
0

0

The TREES map is based on NOAA/AVHRR visible
and near-infrared radiance measurements which are
primarily sensitive to leaf reflectance and absorption,
linked to chlorophyll contents and activity. A composite
of such measurements consisting of individual cloud
free images is used, basically representing the dry
season situation of the vegetation. For many vegetation
types such as the semi-deciduous forest and dry
woodlands this represents the leaf-off state, such that
they are not associated with forest in the image
interpretation process.
The GRFM map is based on JERS SAR measurements
of the L-band radar back scattering coefficients. These
are primarily sensitive to a combination of the structure
(density, size, orientation) and the dielectric properties
(moisture content) of the vegetation elements with sizes

Fig. 8: Extract from the vegetation map of West Africa
derived from the GRFM mosaic. Sharply delimited
forests stand out clearly and compare well to the
TREES map. Disagreement is mainly observed in areas
classified as secondary and degraded forest in the
TREES map.
comparable to the wavelength. Whereas for C-band
radar the interaction is mainly restricted to the leaves, in
the case of L-band radar this extends to a mix of leaves,
branches and trunks.
Since a dry season snapshot is used in the present case,
dry forest in leaf-off state may still be discerned on the
basis of the woody elements. On the other hand, the
West Africa SAR mosaic acquisition slot does not
coincide with the end of the local dry season throughout
its extent. In certain areas it covers wet conditions with
decreased contrast between forest and low woody
biomass vegetation types.
Finally the GRFM mapping scheme involves the use of
an image texture layer representing the medium scale
landscape structure within the I km grid cell. This type
of information is in no form available to the TREES
mapping scheme. Differences in spatial variability allow
for the discrimination of areas of comparable average
intensity, hence the higher degree of differentiation in
the GRFM map in the domain of intermediate
vegetation classes.
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CONCLUSION

AND PROSPECTS

The paper demonstrates the power and usefulness of the
approach of constructing continental scale SAR mosaics
for synoptic land cover mapping purposes. Even with a
single slot acquisition product, when supplemented with
textural information, relevant and consistent vegetation
maps can be derived. The paper also demonstrates that
in accordance with the different nature of the source
data, marked differences
in thematic information
contents are observed between a single slot JERS SAR
mosaic and optical A VHRR data. This necessitates the
application of a dedicated interpretation scheme and
thematic
legend,
and
cautious
comparison
or
combination of both products.
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The main line of current work is to fully exploit the
thematic potential of the GRFM mosaics at their target
spatial resolution of 100 m. Special attention is being
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paid here at the incorporation of the texture layers
extracted in the process of multi-scale decomposition.
Where available, the combination with additional SAR
data layers is being worked out, both in term of multitemporal acquisitions and of multi-sensor combinations.
The marked difference of the C-band ERS data in
sensitivity to seasonal variations is expected to add
significant improvements in thematic mapping
confidence.
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ABSTRACT

Forest maps of three European regions were completed
with ERS SAR interferometry. The test-areas are Bern
(Switzerland), Lozere (France), and Tuusula (Finland),
representing different European forest types and
topographic regions. The mapping algorithms used were
similar in all cases and well suitable for forest
observation. In this contribution the methodology
applied and the results achieved are summarized. A
discussion of the potential and limitations of ERS SAR
interferometry to map forests in Europe is also given.
INTRODUCTION
In the frame of the project EUPORA (European Forest
Observations using Radars) the potential of ERS SAR
interferometry for forest mapping was evaluated. The
focus was on the distinction between forest and other
landuse categories. The results were validated at three
European regions, representing different forest types and
topographic regions. The test-areas are Bern
(Switzerland), Lozere (France), and Tuusula (Finland).
The Bern test-area is rather heterogeneous. Three
different regions with different morphologies and thus
forest types can be distinguished. Around the middle of
the frame, in a strip going from northeast to southwest,
there is the relatively flat Swiss Central Plain. In this
region there are a large number of urban areas and many
agricultural fields; most forest stands are small and
heterogeneous but with clear borders. East of the center
of the frame there is a hilly area of the Prealps. Mixed
forests (with many conifers), agricultural fields, and
meadows at higher altitudes are small and mixed
throughout this area. The third geographical region, the
Jura on the west of the frame, is another mountainous
area. Deciduous and coniferous forests are mixed with
This work was performed in the frame of the European
Union Research Project EUFORA. The Swiss
contribution is supported by the Federal Office for
Education and Science.

agricultural fields and meadows. Over the whole frame
the landuse inventory of the Swiss Federal Statistical
Institute reports 28.37% of forest.
The Lozere site is located in South France. It presents
variable forest types and topographic conditions. Large
and gently rolling limestone plateaus culminating around
1200 m a.s.l. (above sea level) characterize the western
part of the area. They are intersected by gorges with
300-500 m depth and steep slopes up to 50°. To the east
there are the Cevennes Mountains, with a mean altitude
of around 700 m a.s.l. Most of the few cultivated and
inhabited areas are concentrated in the valleys, whereas
large areas of natural grasslands and Austrian and Scots
pine plantations dominate on the plateaus. The rest of
the scene is mainly covered by coniferous stands such as
spruce, Scots pine and fir, but there are also deciduous
trees like beech and chestnut.
The Tuusula site is a rather flat area which covers 20x20
km northeast of Helsinki. The slopes of the small hills
are generally gentle. Two small cities (Tuusula and
Jarvenpaa) cover approximately 10% of the area. The
agricultural fields, which cover approximately 35% of
the area, are being farmed during the season. Main parts
of the forests (approximately 40% of the area) are boreal
with some deciduous contributions. Two lakes are seen
in the middle of the area. They cover less than 5% of the
area. Small bogs and mires are also present.
For each site ERS SAR Tandem pairs spanning one year
were considered. The data were processed with the
Gamma SAR and interferometric processing software
[1]. The SAR processing included radiometric
calibration for the antenna gain and slant range distance.
For the interferometric processing the images were coregistered at sub-pixel accuracy. For forest classification
a number of information layers were calculated. For
each Tandem pair we estimated the coherence, the
backscattering intensity, the backscattering intensity
change, and the backscattering intensity texture.
Averaged signatures over time and the temporal
variability of the backscattering intensity were also
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computed. In addition we estimated the coherence for
some interferometric pairs with long acquisition time
intervals. In the next section a short discussion of the
signatures estimation and of their physical meaning with
respect to forest classification is given.
Different sub-selections of the estimated information
layers (based on single or multiple Tandem pairs) were
used to map forests. Different classification methods,
including threshold schemes, supervised classifications
and a fuzzy clustering segmentation, were applied and
compared. The classification approaches are described
in the third section. The forest maps were geocoded and
validated with conventional landuse inventories. The
forest mapping results are summarized in the fourth
section. An overview of the potential and limitations of
ERS SAR interferometry for mapping forests is given in
the conclusion.
INFORMATION

LAYERS

Coherence of Tandem Pairs
The degree of coherence (short coherence) is a measure
of the phase noise of the interferogram. It depends on
sensor parameters (wavelength, system noise, image
resolution), parameters related to the imaging geometry
(interferometric baseline, local incidence angle), and
target parameters. Volume scattering and temporal
change (i.e. random motion of the scatterers, change of
the scatterers) decrease the coherence. The system and
geometry dependent effects are pretty well understood
and can be accounted for by appropriate interferometric
processing, as long as the system parameters remain
within a certain interval. The baseline dependence of the
coherence, for example, may be eliminated in many
cases by common spectral band filtering of the range
spectrum. The dependence of the coherence on target
parameters is then used to retrieve information on the
target characteristics.
Because of rugged areas, a simulated phase image,
which corresponds to the topographic phase, was first
computed from available Digital Elevation Models
(DEM) and then subtracted from the interferometric
phase. For coherence estimation an adaptive window
size was used. In a first step the coherence was
estimated with a fixed, relatively small window size. In a
second step the window size was determined based on
the first estimate, applying larger windows in order to
estimate lower coherence.
Usually, the estimator
window size was varied between 3x3 and 9x9 pixels for
a 5 azimuth-looks
interferogram.
In addition, a
weighting function, decreasing linearly with increasing
distance, was applied [2,3]. In conclusion, reliable

values at the pixel level were
compromising the spatial resolution.

found

without

Multi-temporal averaging of all the coherence images
estimated from the Tandem data was also performed.
The averaging reduces the local meteorological effects
on a single image pair. Fig. 1 shows an averaged
coherence map for a part of the Bern site. Water and
forest both show low coherence due to the motion of the
scatterers. Agricultural fields show intermediate to high
coherence and urban areas show a high coherence.
Backscattering Intensity
In order to reduce slope effects in rugged terrain the
backscattering was normalized for the true pixel size,
that was estimated from the DEM's. In order to reduce
speckle noise and obtain a backscattering intensity
estimate at the pixel level which is representative for the
ensemble average of the area around that pixel, filtering
was applied. In this interferometric analysis, Minimum
Mean Square Error (MMSE) filtering was used [4].
Typically, the filter was applied to areas of 7x7 pixels of
a 5 azimuth-looks image.
In addition, multi-temporal, incoherent average of all
available
backscattering
intensity
images
was
performed. Fig. 2 shows the averaged, filtered ERS SAR
backscattering intensity over a part of the Bern site. In
this image, water and urban areas are visible because of
their very low and very high backscattering intensity,
respectively. The distinction between forests and
agricultural fields, on the other hand, is unclear.
Temporal Variability of the Backscattering Intensity
The temporal variability of the backscattering intensity
was defined as the ratio of the standard deviation to the
mean value. The temporal variability was typically
computed in a 5x5 window from the filtered
backscattering intensity images. With only one Tandem
pair available, the backscattering intensity ratio between
the ERS-1 and ERS-2 images was computed. The
absolute value of the ratio contains the same thematic
information as the temporal variability, but it is more
affected by local meteorological effects.
The temporal variability of the ERS SAR backscattering
intensity over part of the Bern test-site is shown in Fig.
3. The landuse class showing the highest temporal
variability in the backscattering intensity is water. The
changing wind and wave conditions over the Swiss lakes
lead to very different backscattering intensities. Further,
we can partly discriminate between fields and forests.
The backscattering intensity over fields changes slightly
during the year, because of the changing geometric
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(vegetation growth, farming activities) and dielectric
(moisture) conditions. The backscattering intensity over
forests, on the other hand, is very stable. The possibility
to discriminate forest and fields using the temporal
variability of the backscattering intensity is important
for spaceborne SAR missions with large repeat cycles,
such as the planned ASAR on ENVISAT.
Texture of the Backscattering Image
The texture of the backscattering image is defined as the
ratio between the standard deviation and the spatial
mean of the backscattering. Again, the estimation of the
ensemble averages requires sufficiently large estimator
windows. It turns out that extremely strong scatterers in
an image have the unwanted effect that high texture is
obtained over an area corresponding to the size of the
estimator window. This effect can be avoided to some
degree if the texture estimation is followed by filtering
with a moving average filter of larger size than the
texture estimator. As an example, we used 15xl5 pixels
of the 5 azimuth-looks image for the initial texture
estimation with a subsequent 25x25 pixel moving
average filtering. In addition, weighting functions,
decreasing linearly with increasing distance, were
applied in the different steps.

Fig. 1. Averaged coherence for ERS-112 Tandem scenes
over part of the Bern test-site. A linear gray scale
between 0 (black) and 1 (white) was used.

Fig. 4 shows the averaged texture of the backscattering
image for a part of the Bern site. The texture is
computed for urban area classification.
However,
layover zones are also characterized by high values.
Coherence for Image Pairs with Long Acquisition Time
Intervals
The coherence
was also estimated
for a few
interferometric pairs with very long acquisition time
intervals (i.e. larger than 35 days). Over such a long
time interval only very stable, permanent scatterers show
coherence values larger than 0.3. In temperate regions,
almost exclusively man-made structures in urban areas
are such stable targets. Therefore, the coherence for a
pair with long acquisition time interval can be used to
map urban areas, as shown in Fig. 5. In comparison to
Fig. 4, the urban areas classified with the coherence
show better resolution.

Fig. 2. Filtered averaged ERS SAR backscattering
intensity over part of the Bern test-site. The image
brightness corresponds to the backscattering intensity
using a logarithmic scale.

Fig. 3. Temporal variability of the ERS SAR
backscattering intensity over part of the Bern test-site. A
linear gray scale between 0 (black) and 1.5 (white) was
used.
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Supervised Classification: Threshold Schemes (TS)
For different landuse classes the signatures of training
areas were extracted. The signatures of the different
classes cluster nicely, allowing the development of a
simple landuse classification algorithm based on the
interferometric signatures. In order to account for the
specific conditions under which the data were acquired,
the classification scheme were slightly adapted.

Fig. 4. Texture of the ERS SAR backscattering intensity
over part of the Bern test-site represented with a
logarithmic scale. The image brightness corresponds to
the texture value using a logarithmic scale.

Urban areas, water, layover zones, forests and
agricultural fields were classified hierarchically [10, 11].
The use of an image pair with long acquisition time
interval led to a very simple and reasonably accurate
classification of urban areas based exclusively on the
high coherence [12]. Water was detected by its low
coherence, low backscattering
intensity and high
temporal variability of the backscattering intensity.
Layover zones were identified based on a high
backscattering intensity combined with a very low
coherence. Finally, forests were classified based on low
coherence,
low
temporal
variability
of
the
backscattering intensity, and medium backscattering
intensities. The remaining areas were classified as
agricultural fields.
For comparison purposes, forest maps were completed
also with a single Tandem pair. In this case, urban areas
were detected by high coherence, high backscattering
intensity and high backscattering intensity texture. In
addition, the backscattering intensity ratio between the
two images was used instead of the temporal variability.

Fig. 5. Coherence for an ERS-1/2 pair with long
acquisition time interval over part of the Bern test-site.
A linear gray scale between 0 (black) and l (white) was
used. Urban areas are clearly visible in white
CLASSiflCA TION APPROACHES
Introduction
The information
available
through the different
interferometric quantities discussed above is used for the
classification of forests [5,6,7,8,9]. Three different
classification approaches were developed, applied to the
data sets and compared. Two techniques use supervised
classification algorithms: the signatures of training areas
are first extracted and then used to define classification
thresholds or to apply the maximum likelihood
classification. The last approach is an unsupervised
classification algorithm based on the fuzzy C-means
clustering technique. It was applied to a part of the Bern
test-site and to the Tuusula site.

Supervised Classification:
Classification (MLC)

the Maximum

Likelihood

The maximum likelihood classification is based on the
assumption that the data are normally distributed [ 13].
Although this is not the case for SAR data, we verified
that the processed data are close to a gaussian
distribution because of the high equivalent number of
looks achieved. The maximum likelihood classification
was applied to the Lozere data. Class statistics were
obtained on training polygons ( l % of the total area),
derived from the digital inventory. The validation was
made on a second set of independent polygons.
Unsupervised
Classification:
Segmentation (FCS)

the

Fuzzy

Clustering

A segmentation
algorithm called fuzzy C-means
clustering technique was applied to part of the Bern testsite and to the Tuusula area. This technique has already
been successfully applied to interferometric SAR images
[ 14, 15]. The method takes all the input images and tries
to find thresholds for the different classes/clusters. The
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thresholds are found in the multi-dimensional image
histogram by minimizing a certain objective function
[16]. However, as the method puts equally weight on all
input images, it was decided to treat the long-time
coherence image separately. The other three input
images (time-averaged backscattering image, temporal
variability of the backscattering images, and timeaveraged coherence image) were treated with equal
weights. The results from the long-time coherence image
are afterwards merged into the results of the clustering
with the other three images. As the result of the longtime coherence image is urban area detection [12], the

merged results are urban if the long-time coherence
shows this, otherwise the other results are trusted.
As the output of this method is a set of classes/clusters,
the landuse classes have to be labeled using manual
interpretation. This step can be automated with a lookup table of the signatures.

The global accuracy for the Lozere test-site does not
increase with the number of Tandem pairs used.
Meteorological conditions (rain and snow) are the
reason of the inaccuracies. It appears that even with one
day acquisition time interval, attention has to paid to the
meteorological conditions. However, the average of the
interferometric signatures over the year led to acceptable
results. For the validation of the Lozere data strong
slope areas were not involved, because of the unreliable
coherence values encountered.
The application of the FCS to the Bern and Tuusula data
demonstrated that with this unsupervised classification
approach good results can be obtained. However,
problems were found in the distinction between forest
and water, because the method puts equally weight on
all input images. It appears that a-priori knowledge of
the information available with the different
interferometric signatures is useful for landuse
classification.

RESULTS
Forest Maps
Forest maps for the Bern, Lozere and Tuusula sites were
completed using terrain slope corrected interferometric
quantities. Fig. 6, 8 and 10 show three examples of
forest maps. For the presentation, the landuse maps were
combined with a backscattering intensity image or with
a shaded relief in order to enhance the visibility of
geometric and topographic structures. In addition, the
DEM's were used to transform the images from SAR
coordinates to orthonormal map coordinates, permitting
the comparison and validation of the forest maps with
conventional landuse inventories (see Fig. 7, 9 and 11).
Validation
The forest map accuracies obtained for the different testsites with different classification algorithms and using
different input parameters are summarized in Table 1.
The validation of the forest map for the test-site Bern
demonstrates the high potential of ERS SAR
interferometry for forest mapping. The classification
accuracy of almost 90% in the flat Swiss Central Plain is
impressive. Most of the errors in this region are found at
the forest edges. In the mountainous regions of the
Prealps and of the Jura the results are less accurate, but,
excluding the very steep slopes, still satisfactory. During
the winter season more accurate results than during the
summer were obtained, because the forest can be best
distinguished against agricultural fields, with the fields
being bare or sparsely covered with vegetation. An
average of the interferometric signatures over the year
led, nevertheless, to very good results.

Validation errors have to be ascribed to the landuse
inventories as well. Partly because they are older than
the SAR maps, partly because of the different spatial
resolution, and to some degree because of the "political
borders" of some landuse classes such as urban areas.
CONCLUSIONS
Forest maps of three different European regions were
completed with time series of ERS SAR Tandem data
spanning one year. For classification purposes, terrain
corrected coherence and backscattering intensity were
extracted. On the basis of these multi-temporal
signatures, classification schemes were developed.
Forest was distinguished against other natural zones in
particular based on its low coherence.
The validation of the forest maps against available
landuse inventories demonstrated the very good quality
of the maps. European forests can be accurately mapped
with ERS SAR interferometry in flat to hilly areas. The
use of image pairs with one to three days acquisition
time intervals is required. The results achieved in rugged
areas were of lower accuracy, in spite of a careful
consideration of the terrain slope effects in the
coherence and backscattering intensity. From this study
it appeared that attention has to be paid to the
meteorological conditions and that a-priori knowledge
of the information available with the different
interferometric signatures is useful.
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Fig. 6. Bern: forest map resulting from the threshold
schemes with averaged signatures. Green areas represent
forests. The map was combined with a backscattering
intensity image.

Fig. 7. Bern: forest inventory of the Swiss Federal
Statistical Institute. Green areas represent forests.

Fig. 8. Lozere: forest map resulting from maximum
likelihood classification using one Tandem pair. Black
represents masked areas (urban areas, water, and slopes
larger than 15°), gray is forested areas, and white
indicates grassland and shrub land [ 13].

Fig. 9. Lozere: digital fores'. inventory of the French
National Forest Inventory Service. The legend is the
same as in Fig. 8.

Fig. 10. Tuusula: forest map resulting from the fuzzy
clustering segmentation with averaged signatures. Green
areas represent forests. The map was combined with a
shaded relief.

Fig. 1l. Tuusula: forest inventory of the Finish National
Land Survey. Green areas represent forests. The map
was combined with a shaded relief.
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Table 1. Forest and non forest producer accuracy obtained for the different test-sites with the different classification
algorithms and using different input data. The available landuse inventories were used for the validation.
Site

Class. approach

forest(%)

non forest(%)

overall(%)

I

Bern

TS

74.02

89.81

85.33

2

Bern

TS

77.30

93.71

89.29

3

Bern

TS

69.03

85.54

77.63

4

Bern

TS

77.68

83.41

81.91

5

Bern

TS

70.47

88.67

83.49

6

Bern

TS

82.66

71.99

75.02

7

Bern

TS

69.51

88.46

83.71

8

Bern

FCS

75.10

85.40

82.82

9

Lozere

MLC

92.7

82.5

89.4

10

Lozere

MLC

86.3

82.9

85.2

11

Lozere

MLC

89.5

77.7

85.7

12

Lozere

TS

89.0

85.0

87.7

13

Tuusula

TS

90.39

63.94

76.96

14

Tuusula

FCS

80.78

71.72

76.18

Classification approach:

Averaged
Averaged
Averaged
Averaged

5
6

One winter Tandem pair for the whole frame [10].
One summer Tandem pair for the whole frame.

7
8

Averaged signatures for a region around the city of Lyss in the Swiss Central Plain.
Averaged signatures for a region around the city of Lyss of the Swiss Central Plain.

9

One summer Tandem pair. The validation was made on a set of independent polygons on vegetated themes
(excluding urban areas, water, and slopes larger than 15°). Edge effects were eliminated by using the forest
inventory with a 50 m buffer area around each polygon [13].
Two summer Tandem pairs. Validation as in 9.
Four Tandem pairs. Validation as in 9.
Averaged signatures. Validation as in 9.

13
14

for
for
for
for

the
the
the
the

Threshold schemes
Maximum likelihood classification
Fuzzy clustering segmentation

2
3
4

10
11
12

signatures
signatures
signatures
signatures

TS
MLC
FCS

whole frame [11].
less rugged regions of the Central Plain.
mountainous regions of the Jura.
mountainous regions of the Prealps.

Averaged signatures. The forest class of the landuse inventory includes clear-cut, mire, pine, deciduous, and
sapling.
Averaged signatures. Validation as in 13.
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ABSTRACT
Examination of ERS data indicates that the temporal
stability of forest compared with many other types of
land cover presents a means of mapping forest area.
The processing chain necessary to make such area
estimations involves reconstruction of an optimal
estimate of the backscattering coefficient at each pixel,
using temporal and spatial filtering, so that
classification rules based on large scale averaging are
applicable. The rationale behind the filtering strategy
and the level of averaging needed is explained in terms
of the observed multitemporal behaviour of forest and
non-forest areas. The choice of decision rules is based
on the same observations, with the added requirement
for robustness. The performance of a classifier based
only on change is assessed on a range of testsites in the
UK, Finland and Poland. Error sources in this classifier
are identified and the possibility of improving
performance by including radiometric and coherence
information in the mapping strategy are discussed.
Finally we indicate the changes necessary in the
processing chain when other forms of satellite data are
available.
1. INTRODUCTION
Satellite-borne SAR systems, such as those carried on
ERS-1 & 2, Radarsat and JERS have made use of
single frequency, single polarisation radars. Increased
flexibility in terms of incidence angle and resolution is
offered by Radarsat, while Envisat will provide dual
polarised data at a range of incidence angles.
Nonetheless, the satellite SAR data available over the
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next decade are likely to be dominated by systems
which offer a much more restricted range of system
parameters than those provided by the Shuttle and
airborne radars. However, satellite SAR can reliably
provide the multitemporal data critical to monitoring
the dynamic processes often of most interest for
operational and environmental science users. In
addition, the images are geometrically repeatable and
can be precisely calibrated. Understanding the
information content and learning how to exploit the
multitemporal backscatter signatures of different types
of scatterers on the Earth's surface therefore offers an
important challenge.
In this paper, we describe how multitemporal data can
be used to map temperate and boreal forest. Analysis of
ERS data from forested areas, described in Section 2,
leads to a processing chain requiring data filtering and
classification. Section 3 shows how the filtering
requirements and classification rules arise naturally
from the analysis of Section 2. The processing steps are
illustrated using data from a testsite near Thetford, UK.
The results of applying the processing to Thetford and
testsites in Finland and Poland are described in Section
4; this section includes a quantitative comparison with
classifications carried out using optical data. Section 5
discusses how the known limitations of the approach
could be reduced by using coherence information. It
also describes how the processing chain would need to
be modified for use with Radarsat and JERS data.
2. DATA ANALYSIS
The analysis in this paper is mainly based on data from
Thetford Forest, East Anglia, UK. This is a managed
plantation forest, over 50% of which consists of
Corsican pine; the remainder of the forest contains
Scots pine, other conifers such as larch and fir, and
some deciduous species (oak and beech). The UK
Forestry Commission provided a stock map for West
Harling and King's Forest, which are two forest regions
separated from the main Thetford Forest but
representative of the overall forest structure. Two
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multitemporal ERS sequences, each covering a full 12
month period, are available for this area, one for 199293 (9 images) and one for 1997 (11 images).
Certain important aspects of the forest management
and the radar response of the forest are clearly
illustrated in Fig. l(a), which shows the annual average

a

brighter than the Corsican pine, with a saturation level
around -7.5 dB, while Scots pine lies between the
Corsican pine and deciduous species. A further
important aspect of the backscattering from the forest is

for 1992 and 1997 plotted against stand age for
West Harling. Species included in this figure are
Corsican pine (CP), Scots pine (SP), beech (BE) and
oak (OK). Firstly, the changeover to Corsican pine as
We& f-Brling
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Fig. 1: (a) Annual mean backscatter vs. age for West
Harling; (b) Same as (a), but for King's Forest.
the main commercial tree is clearly visible; there are no
stands of other species younger than 37 years. None of
the Corsican pine stands in West Harling is older than
45 years, but a full age range from 0 to 65 years is
present in King's Forest, as shown in Fig.l(b).
Secondly, in this region the backscattering coefficient
for Corsican pine shows a pronounced decline with age,
reaching a minimum at about 15 years, then increases
to a saturation level of about -9.5 dB. Thirdly, there are
differences between the saturation levels of the different
species. The deciduous species are about 1.5 dB
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Fig. 3: Temporal curves of (a) King's Forest and (b) its
surrounding non-forest areas.
illustrated in Fig. 2, which shows the (within-year)
0

standard deviation of a plotted against age for
Corsican pine stands from King's Forest. The annual
variation in ()

0

declines sharply with age, settling
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down to a value of around 0. 75 dB for stands older than
I5 years.

-•-

14
The backscatter variation with stand age and its
temporal variation illustrate some general physical
principles relevant to interpretation of backscattering
from forest. For young plantations with low biomass,
the radar response results from vegetation volume
backscatter and soil backscatter, the latter becoming
more attenuated as the biomass increases. Since the soil
backscatter is dominant, the response declines with age,
in this case until I 5 years for Corsican pine. For high
biomass values, the scattering comes only from the
canopy volume, where needles and small branches are
the main scatterers at C-band. For mature forests, a
saturation level is reached, i.e. the scattering is no
longer dependent on the number of scatterers (and
hence on the biomass), but only on the backscattering
properties of the scatterers. The last point can explain
the different saturation levels of different forest species.
In terms of temporal change, the backscatter from
young forest has large variability associated with that of
the soil backscatter due to soil moisture change,
whereas
the backscatter
from mature forest is
comparatively stable.
In addition to these general principles, the behaviour
shown in Figs. l and 2 is affected by factors relevant to
this particular site. The minimum at I5-20 years and
subsequent increase in the backscatter observed in Fig. I
results from the sum of the decreasing soil backscatter
and the increasing vegetation backscatter. The overall
response is therefore dependent on the saturation level
of the particular species and on forestry practices. At
this site thinning is carried out when trees are 15-20
years old, which corresponds to the dip in the Corsican
pine response seen in Fig. I.
In order to illustrate how these forest properties can be
used as the basis of a forest mapping algorithm, we
compare them with the corresponding behaviour of
non-forest regions. Fig. 3 shows the average annual
0

at each of the ERS acquisitions in I997
for nine Corsican pine stands (two of which are young,
three around I5 years and four old) and for a selection
of non-forest regions. The forest values lie between
-12.5 and -4 dB. As expected from Figs. 1 and 2, the
young stands give the highest values and show most
variability; the other stands are stable, with values
between -8 and -I2.5 dB, while the lowest values come
from trees around 15 years old. Many of the non-forest
regions have values lying well outside the forest range
at some times in the year. In addition, the higher
variability of many of the non-forest regions is
apparent. This is made even clearer in Fig. 4, which
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Fig. 4: Maximum intra-annual backscatter change of
forest and non-forest samples.
shows the maximum change throughout the year of a
sample of forest and non-forest regions. The forest
stands are the same as those in Fig. 3, arranged in
order of increasing age. Forest regions exhibit changes
up to 7 dB when young forest is included, but this drops
to -2.5 dB when it is excluded; every non-forest region
changes by at least 4 dB. In the following we therefore
pursue the implications of using temporal change in
backscatter as a means of forest mapping.
3. THE FOREST MAPPING PROCESSING CHAIN
The observations in Section 2 were based on prior
knowledge about the forest stand location. This allowed
averaging over very many pixels, in order to estimate
0

stand average values of <J and its temporal variation.
However, for mapping purposes we need to develop a
method based on the properties of the forest backscatter
when forest maps are not available. A processing chain
to carry out this task is illustrated in Fig. 5.
3.1 Filtering strategies
The first part of the processing chain is concerned with
taking a temporal sequence of ERS PRI images and
providing at each position and at each time an unbiased
0

estimate of cr . These estimates need to be of sufficient
accuracy to support a decision about whether a pixel
corresponds to forest or non-forest. Preprocessing is
needed to calibrate and register the images but the most
critical step involves reducing speckle to a level where
the error in classification is acceptable. The basis for
turning this into a specification on the filtering comes
from Section 2, where we see that it is desirable to
distinguish forest areas changing by less than 2.5 to 3
dB from non-forest regions where the change exceeds 4
dB. Separation of these two classes of temporal change
by thresholding requires data with an equivalent
number of looks (ENL) well in excess of 100, if
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unacceptably high false alarm rates are to be avoided
[1,2].

Processing Strategy
Multitemporal.PRIimages

both more correct and less complex to use a simplified
temporal filter, given by

Ji

o
=-i

M

I-I
M

1

J=I

cr 1

l<.5,i<.5,M

where M is the number of images,

(1)

Ji is the filtered

output, Ii is the input intensity data and cr i is the
estimate of the local mean backscattering coefficient.
Ji , Ii and cr i are all calculated at the position (x, y).
Pre-procenedimages

A few remarks are in order concerning the ideal and
actual performance of the temporal filter. Firstly, in
principle the temporal filtering will not degrade the
spatial resolution. In fact, the estimate of the local
value of the mean backscattering coefficient, cr i ,

Ftrthor speckle reduclioo:

- best locll estimateof a".

Pixel is Ji>rest if:
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2. max
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Fig. 5: Processing strategy for forest/non-forest
mapping using multi-temporal ERS PRl 35-day data.
A major advantage of multitemporal data is that both
temporal and spatial filtering can be employed in order
to achieve the required ENL. Of these, temporal
filtering should be used first, since in principle it
provides data with a known number of looks which can
be rigorously treated by the spatial filter (but see
remarks below). A general approach to temporal
filtering is described in [3] but this is unnecessarily
complicated and is likely to introduce errors in the case
of 35 day repeat ERS data from vegetated areas [4].
This is because it uses estimates of the temporal
correlation between images in the filtering step.
However, over the 35 day repeat period, the C band
correlation would be expected to fall to very low values,
except for undisturbed bare soils and urban areas.
Examination of the ERS data confirms this, but also
indicates that measured correlations can depart
significantly from zero as a result of sampling error and
significant bias caused when edges occur in the
sampling window. To avoid these spurious effects, it is

needed in (1) requires a spatial average of data within a
window in each image of the temporal sequence. In
order to reduce the associated loss of resolution, the
processing window is made adaptive, using methods
described in [5]. Secondly, in the ideal case, ifthere are
M uncorrelated multitemporal images each consisting
of L-look data, then the filtered data will have ML
looks. In practice, errors in the estimates of the local
mean backscattering coefficient reduce this value. For
example, temporal filtering of the 11 ERS-2 PRl
images from 1997, each of which is 3-look, led to data
with approximately 25 looks.
The gain in radiometric resolution from temporal
filtering alone is clearly not sufficient to meet the
requirements discussed in Section 2. Further gains can
only come from spatial filtering. Since, at the resolution
and incidence angle of ERS, there is little or no
detectable texture at the scale of typical processing
windows, the appropriate model for the data is the
standard multi-look gamma distribution. For spatially
uncorrelated pixels, this implies that the maximum
likelihood estimate (MLE) of cr i for each image is
simply the average of the (intensity) pixels in the
window. However, both the sampling of the PRl data
and the temporal filtering lead to spatial correlation.
The local average is then not the MLE but it does
provide a simple unbiased estimate which we adopt in
our processing, again using spatially adaptive methods
to preserve resolution. A more sophisticated approach
would require estimates of the spatially varying
correlation, at the expense of greatly increased
processing time and estimation error, probably for little
gain in performance.
Unlike temporal filtering, the gain in the ENL possible
by spatial filtering does not have a well-defined upper
limit. What does limit it is the number of pixels
available within a typical uniform region in the scene.
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This means that the processing window can be as large
as a typical uniform target, as long as the filter copes
effectively with structure within the window. For the
analysis in this paper, we typically used windows of
size l lxl 1 pixels. For uniform targets, after allowance
for spatial correlation, the temporal and spatial filtering
would together yield an ENL of the order 500.
However, estimation
error together with spatial
adaptivity and occurrence of structure cause significant
reductions in this value and make it spatially variable
within the final images.
Other estimation methods have been tested. Gamma
maximum a posteriori (MAP) filtering [5] assumes
gamma distributed texture, which does not appear
appropriate for ERS data at the scales of interest. It
causes the filter to leave excessive noise in the output,
especially near edges. The images appear sharper but
need further filtering to reduce classification error [6].
Global MAP methods using simulated annealing [2]
are much more expensive without any obvious
improvement in performance, probably because at the
resolution of ERS the methods do not find enough
pixels within edgelike features.

For the Thetford site, all three indices are highly
correlated and there is no pressing reason to prefer any
one of them. However, a more general viewpoint
suggests that (ii) and (iii) are preferable to (i) since they
depend on image ratios. This makes them resistant to
the radiometric
distortions
produced
by relief
(assuming accurate registration)
and to possible
calibration errors (as long as these are the same in all
images). The relative merits of (ii) and (iii) have not
been thoroughly investigated.
The results of forming a change image using index (iii)
from the filtered West Harling 1997 data and of
thresholding this image at 2.5 dB are shown in Fig. 6
(where black indicates change of less than 2.5 dB). The
choice of the threshold is based on Fig. 4(a), supported
by comparison of the forest maps for West Harling and
King's Forest with the results for a range of thresholds
from 4 to 2 dB in steps of 0.5 dB. The overlay of the
boundaries of the forest stands gives some idea of the
accuracy of the classification, but only within the

Our conclusion is therefore that for this application
only the simplest filtering operations are needed to
provide the
each image
complicated
the spatial
when ERS
applications,

0

best estimates of the local value of cr in
of the multitemporal ERS sequence. The
part of the filtering strategy is embedded in
adaptivity. Similar conclusions are likely
PRI data are used in many other land
such as agriculture.
Fig. 6: Forest/non-forest

3.2. Classification strategies
The second main part of the processing chain shown in
Fig. 5 uses the filtered images to construct a change
index at each pixel, on which classification can be
based. We considered three such indices:
(i) the temporal standard deviation;
(ii) the maximum
dates;

where

=

R,1

From the basic concept of the algorithm, it is clear that
classification errors will occur for two types of region:
between any pair of dates,

2
10 log [ M M - 1
(
)
= max(

plantation forest area. Woodland areas not falling
under the jurisdiction of the UK Forestry Commission,
such as the narrow east-west band plainly visible in the
classified image to the south of the plantation forest,
are not available from the Forestry Commission map
but are on the Ordnance Survey map of the area. We
return to this point in Section 4.

difference in dB between any two

(iii) the average variation
given by

mva

map for West Harling.

M(M-1)12

I; I I 1, I 1 I I,)

L L RiJ
1=]

l

1. non-forest areas whose average
than 2.5 dB;
(2)

j>l

is the normalised

ratio of intensities in image i and image j. This index is
equivalent to a weighted geometric average, in which
the bigger changes arc more highly weighted.

variation

is less

2. forest regions whose average variation exceeds 2.5
dB.
Types of target giving rise to the first type of error
include urban areas or buildings (e.g., farm buildings to
the north of the forest area) and grassland (sucl'1 as
occurs along the river valley which cuts into the northwest of the forest). Some correction for this type of
error should be possible by making use of absolute
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values of the backscattering coefficient. As shown in
0

Fig. 3, for forest areas, -12.5 dB< O' < -4 dB. Urban
areas tend to contain bright targets whose RCS lies
above this range, while grassland is normally darker
than the forest areas. Methods to build this information
into the classification procedure are under investigation
but, for this testsite, currently lead to only small
improvements.
The second type of error occurs for young forest, whose
backscattering coefficient is essentially that of the
underlying soil, until the canopy is sufficiently dense to
cause significant attenuation of the soil return. In terms
of the physical content of the radar backscatter, young
forests are therefore comparable to certain agricultural
crops or low bushland. Hence the ERS SAR cannot
detect them correctly.
4. CLASSIFICATION RESULTS
Quantitative assessment of the performance of this
algorithmic approach was carried out within the EU
Forest Monitoring in Europe using Remote Sensing
(FMERS) project [7]. The testsites for this project were
selected to cover a range of forest types (coniferous,
broad-leaved deciduous, broad-leaved evergreen and
mixed forest), and included sites in the UK (Thetford),
France, Finland, Poland and Italy. Some of these areas
displayed moderate to significant relief. Ground data
for the performance assessment was based on transect
information provided by independent investigators
familiar with the local areas.
The SAR component of this study was based on ERS
data and was regarded as experimental, the major
emphasis being on classification by a range of optical
satellite data. Only a two-class separation into forest
and non-forest was attempted using the ERS data, since
species discrimination requires knowledge that the
forest is mature, so that the backscattering coefficient
has saturated (see the discussion following Fig. 1). In
some cases the optical data attempted to distinguish
only these two classes, while in other cases separation
into three or more classes was attempted.
Table 1 shows SAR results for the UK, Finnish and
Polish testsites. For the English site; over 90% of the
pixels along the transects were correctly classified, but
this number should not be given too much emphasis. A
flaw in the ground data gathered for validation was that
the selected transects ran through the forest areas, so
that the non-forest class was not properly represented.
The correct way to interpret the figure for the UK in
Table 1 is that 10% of the forest pixels along the
transects were misclassified (principally in the young
plantation areas). However, this figure should be
compared with the results of the best optical result

which gave only 74% correct pixels in a three-class
discrimination.
At the Finnish testsite, the principal cover types were
boreal forest and water, with some agricultural areas

Site

Season

No. of
images
Spr.

Sum.

Aut.

Win.

%
correct

UK
Finland
Poland

11

.(

.(

.(

.(

90.7

15

.(

.(

.(

.(

94.1

2

.( .(

2

.(

90.4
.(

77.4

Table 1: SAR classification results for the UK, Finnish
and Polish testsites.
and villages. Since water shows large dynamic range
variations, depending on wind conditions, good
classification performance (over 94%) is possible on
this testsite. The best two class separation using optical
data (based on a single TM image in August) also gave
94% classification accuracy. Although the best
performance using SAR data uses all 15 available
dates, it is noteworthy that using just 2 summer SAR
images gives over 90% correct classification. At this
time of the year, farming activity causes significant
change in the agricultural areas while the forest is
stable. By contrast, classification accuracy drops to
84.6% when a winter-summer pair of images is used,
because the presence of snow causes significant
0

changes in O' for both the forest and non-forest
classes.The result at the Polish testsite, although not as
good as at the two other sites, is comparable to the
result obtained with TM.
In the FMERS study, the results obtained on three other
sites with relief could not be evaluated by the transect
method. This was due to difficulties in correcting for
the relief-induced geometric distortion in the radar map
which prevented accurate matching with the ground
data. In general, the method could have limitations in
steep terrain because of layover, foreshortening and the
need for very precise registration. (Nonetheless, the
forest areas located by the radar in the hilly terrain of
the French site appeared consistent with existing forest
maps.)
Note that the FMERS study, in attempting to quantify
classification performance, raised serious questions
about the appropriate methodology for doing this.
Access to area-extensive validated ground data on
regions containing both forest and non-forest is not
easily available, but is crucial in any comprehensive
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assessment. Means to provide such data should form
part of any attempt to apply these methods to largescale problems.
5. DISCUSSION
The classification scheme developed in this paper is
unsupervised, robust, resistant to moderate relief and
based on physical properties of typical forest and nonforest

targets.

In

combination

with

absolute

a0

information, as discussed in Section 3.2, the scheme
appears to make full use of the parameters available in
the ERS data, although the details of the
implementation would require modification for other
forms of satellite data (see below). Other means are
therefore needed to correct the types of error discussed
in Section 3.2. One such possibility is to make use of
interferometric data available from the Tandem
missions.
The principle behind the use of interferometry for forest
mapping is that motion of the scatterers in the canopy
causes significantly greater loss of coherence in forest
than in many other cover types, as long as the interval
between image pairs is not too long. The relevant
timescales depend on the wavelength (and to a lesser
extent on the polarisation) for two reasons:
1. longer wavelengths preferentially scatter from
larger scatterers, which tend to be more stable;
2. small phase perturbations due to scatterer motion
cause less degradation of the coherence at longer
wavelengths.
For ERS-1, much of the scattering from older forest
comes from needles, leaves and small branches while
for low vegetation, including young forest, there is a
significant contribution from the soil; motion of the
primary scatterers may also be less than in the forest
canopy.
Over the 35 day repeat period, both types of cover yield
low coherence; we have exploited this to derive the
simplified temporal filtering scheme described in
Section 3.1. However, the 25 hour time difference
between the Tandem image acquisitions may be short
enough for coherence to be maintained, even in
vegetated areas.
This is illustrated by the coherence image of West
Harling shown in Fig. 7, based on Tandem data from
March 1997. The forest exhibits generally low
coherence (darker tones), but it is clear from the stand
boundary overlay that some regions within the forest
area give high values, while some non-forest areas take
low values (note the agricultural region to the east of
the forest).

Fig. 7: Coherence image of West Harling, generated
from aTandem pair acquired in March 1997.
The behaviour in the forest is explained by Fig. 8,
which illustrates the relationship between coherence
and stand age. There is a decreasing trend with age,
1.0

King's Forest
(CP, ERS-2 Tandem, M:lrch 1997)
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Fig. 8: Plot of coherence vs. age using 1997 King's
Forest data.
although with a lot of scatter, particularly for the young
stands. Saturation at a value around 0.3 (equivalent to 0
because of the bias induced by the processing window)
occurs when trees are about 20 years old.
The behaviour of coherence with age is similar to that
of temporal change (compare Fig. 2), but noisier. Fig. 9
illustrates how the two measures are related. If the
three outliers in the bottom right of this scatterplot are
omitted (these are the subject of further investigation,
in common with the large scatter in coherence around
47 years shown in Fig. 8), it can be seen that there are
essentially two groups of points. When mva is less than
2 dB, the coherence can take a very wide range of
values and is effectively uncorrelated with mva. In this
group lie almost all the older forest stands but also
many of the younger stands. The group for which mva
exceeds 2 exhibits high coherence and the two variables
are more or less uncorrelated. This group consists
entirely of younger stands. The implication is that
while a threshold on
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no effect on cr for a random target. The potential this
gives for improved discriminability can be seen in the
river valley in the north-west of the forest. This is
mainly grassland and is more effectively picked out by
coherence than by change (see Fig. 6). The most
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Fig. 9: Plot of coherence vs. mva using 1997 King's
Forest data.
coherence will provide forest/non-forest separation, it
will be prone to significant error in young forests. As
an example, the result of applying a threshold of 0.6 to
the coherence image of Fig. 7 is shown in Fig. 10.
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Fig. 10: Classification of West Harling generated from
the coherence image in Fig. 7.
The threshold was chosen on the basis of Fig. 9 in
order to prevent too many errors arising from young
forest, but such areas still cause many of the residual
errors.
Comparison of Fig. 10 and Fig. 6 indicates, as expected
from the discussion above, that many misclassified
(young) forest areas are common to the methods based
on change detection and on coherence. However,
outside the forest area there are significant differences.
The large area of low coherence to the east of the forest
is correctly classified as non-forest by the change
measures. The low coherence in this area is probably
because of soil treatment between the two Tandem
acquisitions. This illustrates a general point.
Disturbance or natural change in non-forest areas will
improve methods of forest mapping based on change
but will degrade the coherence. Conversely, coherence
provides a means of discriminating random targets in
which the scatterers are geometrically stable from those
where significant motion can occur. Such motion has

Although the data handling approach described in this
paper has been developed in the context of forestry
using ERS data, it is relevant to other data types and in
applications where the spatial structure of the scene
remains essentially unchanged and the information is
0

contained in the multitemporal behaviour of cr ;
agriculture and hydrology provide two such examples.
However, the details of the processing chain
summarised in Fig. 5 need modification both for
datatype differences and the particular application.
The analysis above used the properties of the ERS data
to derive a simplified filtering approach. For JERS
data, the much longer coherence times mean that the
temporal filter would need to take account of
correlation between images, requiring the full form of
the filter [3, 4]. However, the spatial filtering could still
be simple because of the lack of texture. By contrast,
the simplified temporal filtering scheme could be used
for fine mode Radarsat data but a spatial filtering
approach which allowed for texture would be needed.
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ABSTRACT
This paper mainly presents experimental
results
obtained with different spaceborne and airborne SARs
over the Fontainebleau forest, France. Results show that
C-band is not suitable either for monitoring the
seasonal dynamics of foliage or for estimating forest
structural parameters like the standing biomass. As
well, X-band is found to be insensitive to biomass
variations. In contrast, L- and P-bands give interesting
results for estimating the biomass of coniferous stands.
For deciduous trees, it is suggested to use lower
frequencies since P-band does not allow standing
biomass to be accurately estimated.

INTRODUCTION
Recent studies, based on measurements of atmospheric
C02 concentrations and on the use of atmospheric
transport
model, have suggested that temperate
ecosystems, particularly forests, might presently act as
major carbon sinks [ l ). Besides the forest area
expansion at these latitudes, it is hypothesized that
large quantities of carbon absorbed by terrestrial
ecosystems would result from a human-induced effect
of C02 fertilization on forest growth. However, large
uncertainties still exist for determining whether carbon
sink or source occurs in temperate forests [2].
In this context, Spaceborne Synthetic Aperture Radars
(SARs)
present
considerable
potentialities
for
monitoring forest ecosystems. Their faculty to penetrate
natural canopies and their sensitivity to the geometrical
properties of vegetation allow forest structural attributes
to be estimated [3). Monitoring temporal variations of
the radar backscatter from forest canopies over long
periods of time has become feasible since 1991 with the
launch of ERS-1. The continuity of observations from
space is already planned with the foreseen launch of
ENVISA T in 2000. Besides the obvious limitations of a

single-frequency,
single polarization
and singleillumination
instrument,
the ERS series provides
regular observations of forests on a monthly basis, thus
enabling seasonal variations to be monitored. The
potential of these temporal signatures for studying
forest ecosystems was demonstrated in the case of
boreal forests where frozen I thawing conditions could
be detected [4)-[5). However, little attention has been
given to the study and to the understanding of temporal
signatures provided by spaceborne SARs, particularly
for temperate deciduous forests apart from a few studies
[6)-[7].
The present study aims to evaluate the relevance of
SAR instruments
for monitoring
temporal
and
structural changes in a mixed temperate
forest
ecosystem. Firstly, we want to examine the magnitude
of variations in the radar backscattering in response to
changing phenological, structural and environmental
conditions. Second, we investigate the possibility to
relate the observed radiometric variations to changes in
the vegetation seasonal cycle or in the structural
parameters.

SITE DESCRIPTION
The Fontainebleau forest, located south-east of Paris
(48°25'N,
2°40'E),
is a large mixed deciduousconiferous forest extending over 17 000 ha (Fig. I).
Dominant species consist of oaks (Quercus petraea and
Quercus rohur), beech tFagus sylvatica) and Scots pine
tPinus sylvestrisy. Co-dominant species arc hornbeam
(Carpinus betulusi
and birch tBetula pendula).
Deciduous trees exhibit a well pronounced seasonality
throughout the year, characterized by the leaf-on in
April and the leaf-off in November, with a growing
period of about 6 months. Maximum Leaf Area Index
(LAI) is reached 3-4 weeks after leaf-on and is ranging
from about 1 to 8, depending on stand development.
For coniferous trees, LAI shows minimum values in
winter and maximum values in July, ranging from 1 to 3.
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48° 25' N

2° 40' E

measured range of variation. These structural
parameters are used to estimate the standing biomass of
trunks and branches from empirical equations used by
foresters.
Table I: Measured range of variation of the main structural
forest parameters.
Parameter

Deciduous

Conifers

Stem density (N
Trunk C130 (cm)
Basal Area (m2 ha.1)
Tree Height (m)
Total Biomass (t DM ha-1)

20 - 17525
8 - 204
3 - 40
5 - 41
14 - 470

85 -4010
11 - 134
2 - 41
4-26
7 - 195

RADARDATA
Fig. I: Location of the Fontainebleau forest.

The forest is actively managed by the French National
Office for Forestry (ONF). Silvicultural practices
through thinning regularly modify the structure and
species composition of the forest stands. Accordingly,
the Fontainebleau forest shows a variety of stands,
usually exceeding 10 ha, including the successive
stages of stand development. Furthermore, there also
exists a variety of species compositions. Single-species
stands are found as well as mixed deciduous and mixed
deciduous-coniferous stands. The Fontainebleau forest
therefore captures major characteristics of a managed
temperate forest.
GROUND DATA COLLECTION
Prior to SAR acquisitions, color-infrared aerial
photographs followed by a field check, are used for the
delineation of 56 test stands within the area covered by
EMAC sensors, that is an area of 1Okm x 5km. Among
them, 21 are oak-dominant stands, 12 are beechdominant stands, 18 are pine stands and 5 are mixed
deciduous trees (oak and beech). Mean surface of the
stands is about 13 ha. These stands are located on a flat
terrain and they are homogeneous from a structural
point of view (height, tree diameter, canopy closure). In
addition, two clearcuts and one grassland are included
for comparison purposes.
Two kinds of ground measurements, namely inventory
measurements and intensive measurements, were
achieved during the period April 94 - February 97.
Inventory measurements consisted of collecting
structural forest parameters that can be considered as
constant during the study period. This inventory work
was performed during the 94-95 winter. Table 1 shows
the forest parameters under consideration with their

The SAR data used in this study were acquired by
different instruments listed in Table 2. The ERS-1/2
data set includes 45 PRI images acquired from April 94
to February 97. The JERS-1 image was acquired in
September 94. The E-SAR acquisitions took place in
April, May, June 1994 and June 1997. The E-SAR,
owned by DLR, operates at P-(0.45 GHz), L-(1.3 GHz),
C-(5.3 GHz) and X-(9.6 GHz) band.
Table 2: Characteristics of the sensors used in this study.
Sensor

Freq.

Pol.

Inc.
angle

Date of
ac_quisition

ERS-1/2
JERS-1

C
L

VY

HH

23°
35°

04/94-02/97
09/94

E-SAR

p

HH

30°-60°

04 - 06 /94

L

HH, VY
HH, VY

c

x
E-SAR

p
L

HH
06 I 97

HH
VV,HH,HV

ANALYSIS OF ERS TIME SERIES
The aim of this section is to analyse the ERS-1/2
temporal observations in relation with both the seasonal
change of forest parameters and the variation of
environmental factors.
Influence of tree species

Temporal plots of cr values derived from ERS-1/2
images are given in Fig. 2 for the three main species.
Backscattering data correspond to cr values averaged
over all the stands of each species. These plots are
compared with that observed for the grassland. Several
observations can be made. Firstly, the forest plots show
0

0
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chaotic
temporal
vanations
characterized
by a
succession
of dips
and jumps.
The
highest
backscattered values of deciduous trees are usually
observed during wintertime but a few high values are
also found in summer (e.g. August 95). Nearly identical
backscattering responses between deciduous species are
observed with a mean value of about -8.0 dB. Conifers
always show a lower backscatter of about I dB with the
smallest differences between deciduous trees and pines
found in summer. For both species, the largest dynamic
range reaches about 2.5 dB. Second, similar temporal
behaviours are observed between the deciduous species
(r2 = 0.94) and between deciduous and conifers (r2 =
0. 79). Surprisingly, there are also close similarities
between the temporal plots of forest stands and that of
the grassland
= 0.80). Particularly, the highest
backscattering values are coincident.

(r

Influence of temporally-varying forest parameters
At a seasonal scale, deciduous stands exhibit a
pronounced phenological cycle characterized by the
foliage expansion in spring reaching maximum LAI
values by the end of May and followed by leaf-fall in
autumn. As well, during the active season, leaf
characteristics
such as leaf water content, leaf
dimensions and leaf mass per area are subject to large
changes. On the opposite, conifers are evergreen trees
and therefore do not show a marked seasonal cycle.
New needles form in spring whereas old needles fall
throughout all the seasons. Maximum LAI occurs in
July and differences as large as 50% are observed
between LAI values measured during winter and
summer. The difference in the needle water content is
also large between young and old needles. Accordingly,
strong changes in the dielectric properties of the forest
components including understorey and soil surface
occur throughout the different seasons. However, from
the previous figures, there is no clear correspondence
between the a0 temporal plots and the variation of the
main canopy parameters.
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Fig. 2 : Temporal plots of ERS backscattering

coefficient

In addition, no distinction between stand types or
between deciduous species is found to be possible and
nearly identical temporal plots are observed for all the
stands suggesting that the radar signatures are partly
under the influence of nonforest parameters. If we
exclude any calibration problem of the instrument,
seasonally averaged a0 seems to be correlated to
seasonally cumulated rainfalls (Fig. 3). Particularly, the
dryness period occurring in spring 1996 is well
reflected in the d' value, which exhibit a drop of about
I dB.

Influence of environmental factors
Rainfall data, air temperature and wind speed recorded
prior and during the acquisition of the SAR images, are
compared
with the corresponding
backscattering
coefficients. On the whole, there is no clear indication
of any influence of the climatic parameters on the o"
responses. Particularly, this is the case for rainfall.
High backscatter values are sometimes associated to a
rain event (e.g. August 95). In other cases, a rain
shower does not induce any backscatter enhancement
(e.g. April 95). Also, precipitation can lead to a
decrease in the backscattering
(e.g. March 95).
Accordingly, the coefficient of determination between
rainfall data cumulated over different periods of time
and a0 is always low, usually smaller than 0.4. A weak
correlation is nevertheless observed between seasonally
cumulated rainfall and a0• Moreover, no correlation is
found either with wind speed
= 0.30) or air
temperature (r2 = 0.12).
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Fig. 3 : Seasonal variation of ERS-1 /2 backscattering
coefficient compared to seasonally cumulated precipitations.
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Interpretation of

if

seasonal changes

simulations show that the yearly cr variations remain
necessarily small and the contribution from foliage is
therefore difficult to observe. It is mainly because the
different contributions offset each other.
0

We use the Karam et al's backscattering model [8] to
simulate the temporal variation of the radar response
observed over a beech canopy. The forest stand is
modeled as a 3-layer medium above a rough surface.
The upper layer contains all the leaves and 50% of the
twigs. The medium layer only contains the woody
components (twigs, branches and the upper part of the
trunk). The lower part of the trunk forms the lowest
layer. Numerical simulations are performed using input
parameters measured during the 1996 growing season.
Fig. 4 shows the comparison between simulated and
experimental data. The analysis of the different
contributions show that the backscatter from the soil
and branches are comparable during wintertime when
foliage is absent. The decrease in the backscattering
from January to March is mainly due to the drying of
the soil surface. However, uncertainties still exist for
the winter period since no measurement of the soil
moisture content was performed. It is suspected that the
moisture values used in the simulation are slightly
underestimated. Leaf emergence leads to an increase of
about 2 dB during a short period when the leaves still
contain a high percentage of water. Meanwhile, the
contribution of the soil drops due to the high
attenuation by the foliage. During summer, the slight
decrease of the backscattering results from the slow
drying of leaves.

RETRIEVAL OF FOREST PARAMETERS
This section aims to analyse the dependence between
the radar signal and forest structural parameters.
Firstly, we examine the thematic information provided
by the single-frequency spaceborne sensors, namely
ERS-1/2 and JERS-1. Second, the multifrequency
information given by the airborne sensor E-SAR is
studied.
Spaceborne SARs
Fig. 5 show the relationships between the
backscattering coefficient d' and total standing biomass
for the deciduous stands. With an overall sensitivity of
about 0.1 dB I 50 t DM ha", C-band (ERS-112) can be
considered as almost insensitive to biomass variations.
The sensitivity is greater at L-band (JERS-1) but the
large observed scatter in the experimental data leads to
a weak correlation with biomass (r=0.53).
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However, the highest values observed in June - July
cannot be explained either by the changes in the forest
parameters or by rainfall events. At C-band, numerical
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Fig. 5: Backscattering coefficient versus total biomass of
deciduous stands for ERS-1/2 (a) and JERS-1 (b).
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Table 3
between
structural
are found

gives the coefficient of determination (?)
d' and the logarithm of the main forest
parameters. On the whole, low correlations
with most of parameters.

couple acquired in December 95. Overall, there is a
negative relationship
between the coherence and
biomass. A large scatter in the data is also observed
whereas this scatter is strongly reduced after foliage
expansion in spring.

Table 3: Coefficient of determination (r) between d' and
forest £_arametersfor the deciduous stands.
ERS-1/2
JERS-1

0.8~------~--~---~--~
0.7

Stem Density
Tree Height
Basal Area
Cl30
Total Biomass
Trunk Biomass
Branch Biomass

0.41
0.22

0.10
0.44
0.41
0.40
0.53
0.54
0.50

O.QJ

0.15
0.13
0.08
0.21
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Interferometric Analysis
In addition to the intensity information, the dependency
between the interferometric degree of coherence and
forest parameters is investigated. Coherence is defined
as the magnitude of the degree of complex correlation
between two complex radar images :

r=

l\g ·g· )I
1

0.1

and

Total 'fiiomass (11'5Mhla)

soc

500

a•~-~-~-~--~-~---~-~
0.7

where g, and gz are
06

i"' ~ ,, ' ,, •\
Q)

images,

deciduous
100

2

J(g1 ·g*1)·(g2 ·g*2)

complex

•

1

Lg;
N

(g) = -

N

stands

for

i=1

spatial expectation computed over a N pixels window.
Here, the optimisation process led to a window size of
25 (azimuth)
by 5 (range) pixels. Using the
interferometric software Diapason developed at CNES,
we processed four interferometric ERS tandem couples,
acquired in winter, spring (before and after foliation)
and in summer. ERS tandem acquisitions are taken 24hours apart, having the advantage of mutually wellcontrolled orbits and short time interval, and leading
therefore to good interferometric conditions.
The different coherence images were normalised in
order to compare the absolute values of coherence
computed
in
different
acquisition
conditions.
Accordingly, the following decorrelation effects were
taken into account: azimuth decorrelation due to
Doppler variations between couples and decorrelation
due to different orbital baselines. Moreover, we may
neglect decorrelation factors caused by the processor
and the thermal noise in the on-board receivers [9].
Also, the slope effect, which is expected to induce a
coherence loss in the case of radar-oriented slopes, can
be neglected here (flat area).
Fig. 6a and 6b shows the variation of the degree of
coherence as a function of total biomass for a tandem
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Fig. 6: Degree of coherence versus total biomass.

Table 4 shows the results from a regression analysis
between the degree of coherence and the forest
parameters. Results show weak correlations with the
forest parameters.
Table 4: Coefficient of determination (r) between the degree
of coherence and forest parameters (December 95).
Deciduous
Coniferous
Stem Density
Tree Height
Basal Area
Cl30
Total Biomass
Trunk Biomass
Branch Biomass

0.03
0.15
0.59
0.00
0.36
0.43
0.25

0.03
0.22
0.36
0.24
0.34
0.34
0.14
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Analysis of £-SAR data
In this section, we analyse the multifrequency and
multipolarisation E-SAR response as a function of the
main structural forest parameters. Prior to the statistical
analysis, the different images were calibrated,
integrated into a Geographical Information System and
finally superimposed on the forest map. Backscattering
coefficient values are then estimated from the
delineated stands. In order to compare the data
acquired at different incidence angles, a normalisation
procedure is performed by applying a cosine law to the
estimated backscattering coefficient values.
Fig. 7a and 7b illustrates the resulting backscattering
coefficient, calculated at a 40° of incidence angle, as a
function of total biomass. The experimental data
correspond to acquisitions performed in June 94 and
June 97 over the deciduous and coniferous stands.

other parameters, particularly total biomass, L-HH
gives the best results. Furthermore, L-VV is strongly
correlated to branch biomass.
On the whole, the adjunction of a second channel
usually improves the correlation with most of forest
parameters. This is particularly true for the coniferous
stands. For example, the combination of P-HH and LVV gives a high correlation with total biomass
(l=0.97). On the opposite, the correlation coefficients
remain low for the deciduous trees. This last result
suggests the use of even lower frequencies, that is in the
VHF domain, in order to get a better sensitivity to
biomass.

Table 5: Regression analysis for deriving the best channel.
Parameter

Results show that the sensitivity to biomass increases
with the wavelength. For the deciduous stands (7a),
there exists no sensitivity to total biomass at X- and Cband. As previously noted for JERS-1 in the previous
section, L-band exhibits a better sensitivity to biomass
but the correlation coefficients remain weak, especially
for L-HV. The best result is obtained with P-HH
(l=0.68). Unfortunately, P-VV and P-HV were not
available.
The same overall trend is observed for the coniferous
stands. The highest frequencies (X- and C-bands) show
no sensitivity to biomass variations whereas the best
results are observed for the lowest frequencies (L- and
P-bands). In this case, the best result is nevertheless
found with L-HH (l=0.72), P-HH showing a weaker
correlation (l=0.64).
The dependency between the radar response and forest
parameters is analysed by using regression techniques
between the backscattering coefficients and the
logarithm of forest parameters. Results are indicated in
Tables 5 and 6. For coniferous and deciduous species,
the only significant results are obtained with the low
frequency channels, namely L- and P-bands, and the
best results are obtained for the coniferous stands.
Deciduous trees
For all forest parameters, the best channel is P-HH,
apart from the estimation of the basal area for which LVV gives the best result.
Coniferous trees
Here, the best channel is still P-HH but only for the two
following parameters: Stem Density and CJ30. For the

Stem Density
Canopy Height
C130
Basal Area
Total Biomass
Trunk Biomass
Branch Biomass

Deciduous
?
Channel
P-HH
P-HH
P-HH
L-VV
P-HH
P-HH
P-HH

Coniferous
Channel
?

0.36
0.38
0.46
0.62
0.69
0.67
0.68

P-HH
L-HH
P-HH
L-HH
L-HH
L-HH
L-VV

0.37
0.79
0.70
0.59
0.72
0.70
0.89

Table 6: Correlation analysis for deriving the two best
channels.
Parameter

Stem Density
Canopy Height
Cl30
Basal Area
Total Biomass
Trunk Biomass
Branch Biomass

Deciduous
Channels
P-HH
L-HV
P-HH
L-HH
P-HH
L-HV
L-VV
C-HH
P-HH
X-HH
P-HH
L-VV
P-HH
X-HH

?

0.58
0.78
0.65
0.71
0.76
0.74
0.75

Coniferous
r:'
Channels
P-HH
C-HH
L-HH

0.84

P-HH
X-HH
L-HH
X-HH
P-HH
L-VV
P-HH
L-VV
L-VV

0.90

0.79

0.95
0.97
0.94
0.89
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CONCLUSION
The objective of the present study was to analyse the
potentialities of various spaceborne and airborne SARs
for providing a thematic information about forest
dynamics.
Firstly, the study shows that C-band temporal
signatures provided by the ERS series are difficult to
use for monitoring the seasonal foliage dynamics. As
well, the backscattering coefficients and the
interferometric degree of coherence measured by ERS1/2 are weakly correlated to the main structural
parameters.
Second, the analysis of E-SAR multifrequency data
acquired during the EMAC-94 campaign, confirms the
usefulness of low frequencies for estimating the forest
structural parameters, particularly the standing
biomass. While a L-band system seems suitable to
retrieve most of forest parameters of coniferous stands,
L-and even P-band show a poor sensitivity to the
standing biomass of deciduous trees. In this case, the
use of lower frequencies in the VHF domain is
necessary.

ACKNOWLEDGEMENTS
We would like to thank Myriam Legay from the French
National Office for Forestry (ONF) for her help and for
providing us with the Fontainebleau forest map. We
also wish to acknowledge the numerous people who
collected the ground data. The ground data collection
was supported by CNES within the frame of the
Preparatory Program for Earth Observation with SAR,
by the French National Program for Remote Sensing
(PNTS) and by the French Program for Environment
(IGBP Ecosystemes - Forets temperees and SEAH). The
ERS and E-SAR images were provided by ESA and
DLR within the frame of the EMAC-94 campaign and
under the ERS-1/2 project (E. Mougin, A02.Fl 21). We
thank Dr. M.A. Karam for providing us with his
theoretical model. We are very grateful to Mike
Wooding and Paul Mason from RSC for their cooperation.

REFERENCES
[l] P. Ciais, P. P. Tans, M. Trolier, J.W.C. White, and
R.J. Francey," A large northern hemisphere
terrestrial C02 sink indicated by the 13C!12Cratio of
atmospheric C02," Science, vol. 269, pp. 10981102, 1995.
[2] R.K. Dixon, S. Brown, RA. Houghton, A.M.
Solomon, M.C. Trexler, and J. Wisniewski,"
Carbon pools and flux of global forest ecosystems,''
Science, vol. 263, pp. 185-190, 1994.
[3] M.C. Dobson, F.T. Ulaby, L.E. Pierce, T.L. Sharik,
K.M., Bergen, J. Kellndorfer, J.R. Kendra, E. Li,
Y.C. Lin, A. Nashashibi, K. Sarabandi, P. Siqueira,
"Estimation of biophysical characteristics in
northern Michigan with SIR-C/X-SAR," IEEE
Trans. Geosci. Remote Sensing, vol. 33, pp.877894, 1995.
[4] E. Rignot, J.B. Way, K. McDonald, L. Viereck, C.
Williams, P. Adams, C. Payne, W. Wood, and J.
Shi," Monitoring of environmental conditions in
taiga forests using ERS-1,'' Remote Sens. Environ.,
vol. 49, pp. 145-154, 1994.
[5] J.T. Pulliainen, P.J. Mikkela, M.T. Hallikainen, and
J.-P. Ikonen, "Seasonal dynamics of C-band
backscatter of boreal forests with applications to
biomass and soil moisture estimation,'' IEEE Trans.
Geosci. Remote Sensing, vol. 34, pp. 758-769,
1996.
[6] G. Kattenborn, E. Nezry, G. De Grandi, A.J.
Sieber," High resolution detection and monitoring
of changes using ERS-1 time series,'' in Proc.
Second ERS-1 Symposium-Space at the service of
our Environment, Hamburg, Germany, October 1114, pp. 635-642, 1993.
[7] F.M. Seifert, H. Kietzmann, and M. Zink, "Forest
monitoring with SIR-C/X-SAR,"
in Proc.
International Symposium on Retrieval of bio- and
geophysical parameters from SAR data for land
applications, Toulouse, 17-20 Oct, pp. 161-166,
1995.
[8] M.A. Karam, F. Amar, A.K. Fung, E. Mougin, A.
Lopes, D.M. Le Vine, and A. Beaudoin," A
microwave polarimetric scattering model for forest
canopies based on vector radiative transfer theory,"
Remote Sens. Environ., 53, pp. 16-30, 1995.
[9] F. Sarti, H. Yadon, D. Massonnet,"A method for
the automatic characterization of atmospheric
artifacts in SAR interferograms by correlation of
multiple interferograms over the same site," this
issue.

293

Biomass Retrieval in Boreal Forest Using ERS and JERS SAR
Gary Smith', Patrik B.G. Dammert', Maurizio Santoro'", Johan E. S. Franssen', Urs Wegmuller", and Jan Askne'
'Department of Radio and Space Science,
Chalmers University of Technology,
S-412 96, Gothenburg, Sweden
Tel: +46 31 7721844, Fax: +46 31 164513, email: smith@rss.chalmers.se
2Dipartimento

di Scienza e lngegneria dello Spazio Luigi G. Napolitano,
Universita degli Studi di Napoli Federico II,
80125 Napoli, Italy

3Department

of Forest Resource Management and Geomatics,
Swedish University of Agricultural Sciences,
S-901 83, Umea, Sweden
"Gamma Remote Sensing, Thunstrasse 130,
CH-3074 Muri b. Bern, Switzerland

ABSTRACT
Boreal forests play an important role in the global
climate as a store of biomass. The use of radar
backscatter to measure biomass has shown some
promising results, but with saturation of the signal at
levels below those often found in many forested areas.
The results presented here show that ERS
interferometry can be used for stem volume retrieval in
boreal forests with an accuracy of approximately
50 m3/ha (corresponding to a biomass of ~3 kg/rrr'). No
saturation has been observed up to volumes of
400 m3/ha. For stem volumes above approximately
250 m3/ha measurements of ERS coherence are shown
to be competitive with the standard methods of groundbased inventory.
INTRODUCTION
The boreal forests of Northern Europe, Canada and
Siberia cover approximately 17 percent of the Earth's
surface. They represent one of the major biomes of our
planet and exert an influence on the global climate, as
well as being an important resource economically.
The response of boreal forests to, and their influence on,
global climate change is still uncertain. Global climate
models indicate that a general warming of the Earth due
to an enhanced greenhouse effect will be amplified in
boreal regions. This is expected to cause the northern
limit of the forests to extend into the Arctic tundra,
possibly resulting in positive feedback to the warming
process due to a reduction in albedo [1, 2]. In addition

to the areal coverage of these forests, their role as a
carbon reservoir is a major factor in global climate
models [3]. In this case one quantity of interest is the
biomass stored in the trees.
The economic importance of the boreal forest is as the
source of raw materials for the paper and the timber
industries. The use of wood as a source of renewable
energy is also becoming more attractive due to the
pressures to reduce greenhouse gas emissions. For these
industrial applications it is important to be able to
perform accurate forest inventories of the volume of
wood available, growth-rate, etc. in order to ensure that
the resource is managed in a sustainable manner.
Remote sensing is of interest for performing forest
inventories due to the possibility of covering large,
sparsely populated areas at low-cost with high temporal
resolution. In particular radar remote sensing has been
investigated due to the elimination of cloud cover
problems encountered with optical imagery, and the
lack of sensitivity of reflectance to biomass in dense
forests. This saturation is also a problem for current
satellite radar sensors [4].
In boreal forests a number of studies have been
performed on the use of different types of remote
sensing data for forest inventory (e.g. [5-10]). These
indicate that the best accuracy of stem volume retrieval,
using single SAR images for stand level estimates, is of
the order of 50 nr'/ha.
Over the past few years the use of interferometry has
shown much promise for mapping of forested
areas [11, 12]. Some studies have investigated the
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potential of ERS coherence for stem volume/forest age
retrieval [8, 13, 14]. The aims of this paper are to
investigate in more detail the use of ERS interferometry
for stem volume retrieval and to compare results to
those obtainable with JERS-1 SAR intensity data from
the same area.

an adaptive window for coherence estimation [17]. This
produced a coherence image, in which measurements
were made of the average coherence of each stand. For
the Kattbole test-site the coherence was estimated by
averaging over the stands in the complex interferometric
data. In both cases DEMs were used for topographic
corrections.

STUDY AREAS AND GROUND-TRUTH
Two test-sites were used for this investigation. The first
is located
near Tuusula
in southern
Finland
(60"N, 25°E). The second is a 550 ha forest estate near
Kattbole to the north west of Uppsala, Sweden
(60"N, l 7°E). The forests in both areas are dominated by
conifers, Scots pine (Pinus sylvestris) and Norway

spruce (Pieea abies), but some broad-leaf trees are also
present.
In Scandinavia a common measure used for forest
inventory is a stand-based estimate of stem volume.
This is a measure of the volume of stems including bark
but excluding branches and stumps. According to [5]
stem volume (in cubic metres per hectare) can be
approximately converted into dry biomass of trees
(in tons/ha) by multiplying the stem volume by 0.6 (e.g.
100 m3/ha"' 60 tons/ha).
The ground truth available consisted of stand boundary
maps in digital form, digital elevation models (DEMs)
and measurements of a number of forest parameters,
including stem volume [15]. The stand sizes in the test
areas vary up to maximums of 6 ha and 21 ha in
Tuusula and Kattbole respectively (before shrinking).
The maximum stem volumes are about 550 m3/ha in
Tuusula and about 350 m3/ha in Kattbole. The typical
accuracy of the ground-truth stem volume
measurements for the stands is that they have a standard
error equal to approximately 20% of each stand's stem
volume.

When using the stand maps two precautions were
implemented to reduce errors caused by the processing.
i.
The stands were decreased in size by removing a
zone about 25 m wide around the perimeter of
each stand. This removed problems with mixed
pixels at stand boundaries, and eliminated errors
related to the rectification of the stand map to the
image.
ii.
Only stands over 2 ha (after shrinking) were used
for measurements. The reasons for this were
threefold. Firstly, it reduced the noise in the
estimate of the coherence to a reasonable level
(standard error approximately 0.05). Secondly, it
ensured that the bias in the coherence
measurements was sufficiently low (minimum
coherence level about 0.1) that it had little effect
on the results. Finally, by using only large
stands, any effects due to the different processing
techniques were reduced.
It was felt that setting the cut-off at 2 ha was a
reasonable compromise between the need for accurate
coherence estimation, and the desire to have a sufficient
number of stands to obtain meaningful results (44 stands
for Kattbole and 45 for Tuusula).
As a way of testing the effects of the differences in
processing one pair from Tuusula was processed using
0.9
0.8

DATA PROCESSING AND METHODOLOGY
Two sources of satellite-borne SAR data were used in
this investigation. For the Tuusula test-site a total of 16
images from the ERS-1 and ERS-2 tandem mission
were obtained, allowing the production of 8
interferograms with one-day time intervals between
image acquisitions. In addition, three JERS-1
backscatter intensity images were used. At the Kattbole
test-site only 6 ERS images were used; giving three
interferograms. No JERS-1 images were obtained for
this site.
The aim of the interferometric processing was to obtain
estimates of the coherence for each stand. Coherence
can be estimated in different ways as described in [16].
The Tuusula coherence estimates were calculated using
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Figure l. A comparison of the two different methods
used for calculating coherence.
Method 1: Averaging complex data over the stand.
Method 2: Using an adaptive window, and averaging
the resulting coherence estimates.
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both techniques. The results are shown in Fig. 1. The
root mean square difference between the measurements
is 0.07. This is an acceptable difference given the
standard error of coherence estimates for the data
(approximately 0.05).
The JERS images from Tuusula were processed from
raw data and rectified to the DEM and stand boundary
map in a similar manner to the ERS images. The
backscattered power was measured as an average for
each stand. No information on absolute calibration
constants was available, so it was neither possible to
obtain backscattering coefficient values, nor to calibrate
the images relative to each other.

fitting the line (training data) were then used for
inversion (test data). This is obviously an
overestimate but gives an idea of the kind of
accuracy that could be expected.
Note that measurements of ERS backscattered intensity
were also performed. However, the low number of
stands below the saturation limit (approximately
60 m'/ha [7]) resulted in low significance for these
results. As has been previously noted in many reports,
the use of single date, ERS backscatter measurements
for forest biomass retrieval is not good. For larger areas,
and/or using multi-temporal images, the accuracy can be
improved [10].

RESULTS

DISCUSSION
The measurements of coherence as a function of stem
volume are shown for the coherence measurements
from Tuusula in Fig. 2, from Kattbole in Fig. 3, and the
JERS-1 results in Fig. 4. The lines shown are those
obtained from linear regression of measurements on
stem volume. The use of a physically based model for
the coherence [ 18] was investigated, however it was felt
that the number of parameters required in this model
make it unsuitable for biomass retrieval at present. The
straight line is simpler, and as discussed later, fits the
data as well as can be expected considering the errors in
ground truth. For the JERS intensity the saturation of
backscatter is apparent in the measurements.
For
simplicity the analysis was limited to stem volumes
below the limit of 150 m3/ha, where a straight-line is a

reasonable model [7].
To analyse the results a number of statistical parameters
describing the data were calculated. The most
interesting parameters related to biomass retrieval are
given in Table 1 and described below.
1.

ii.

m.
iv.
v.

vi,

R2, a measure of the correlation between the two
variables.
The intercept of the line (A). For coherence
images this gives an indication of the maximum
level of coherence
The gradient of the line (B). Larger gradients
indicate more sensitivity to stem volume.
The 95% confidence limits on B. Indicating the
accuracy of the line fitting.
The root mean square error (RMSE) of
coherence/intensity. This is a measure of how
well the line describes the data.
RMSE/B. A measure of the accuracy of stem
volume retrieval that can be obtained using the
data and a straight line fit. This is the accuracy
which would be obtained if the data used for

Of the statistics given in Tables I, 2 and 3, the most
interesting is the last column, which gives an estimate of
the accuracy of stem volume retrieval possible using the
different images. The quoted values are for the accuracy
that would be expected using a simple straight line
model for the dependence of the measured parameter
(coherence/backscatter) on stem volume. Since the fit
parameters vary considerably between different dates
(depending mainly on weather conditions) it would be
necessary to use a number of training areas, in an
operational system, for identification of the model
parameters to be used for inversion (c.f. [10]). The
accuracies obtained here are based on the use of
identical training and test data, hence they probably
slightly overestimate the accuracy.
The best results obtained were accuracies of around
50 m3/ha. These were obtained in all three of the cases
studied for Kattbole, and in two out of three of the JERS
images from Tuusula. No saturation is seen in the
coherence data, and it is not apparent that retrieval
accuracy is dependent on stem volume. This is in
contrast to the ground-based methods, which have a
standard error of about 20%. It therefore appears that
the accuracy of coherence based retrieval may be better
than the ground-based methods for stem volumes above
about 250 m'/ha.
The best JERS results were of similar accuracy to the
ERS coherence (given the larger uncertamttes
associated with the JERS results due to the smaller data
set). However, the problem of saturation is significant
for JERS backscatter measurements. Although
coherence must exhibit a saturation effect (if for no
other reason than the fundamental lower bound on
coherence) this is not apparent in the data from
Kattbole.
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Fig. 2a. ERS coherence versus stem volume for Tuusula
test-site. Image pair 9th/10thSeptember 1995.

Fig. 2b. ERS coherence versus stem volume for Tuusula
test-site. Image pair 14th115th
October 1995.
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April 1996.

Fig. 2f. ERS coherence versus stem volume for Tuusula
test-site. Image pair 171h/181hApril 1996.

0.9

0.9

0.8

0.8
0.7

0.7

~o.

+

c

*0.5
-§

(.)
0.4r.fl"
+

0.3
0.2

0o

+

+

400

500

0.1

0.1
100

200

300

400

500

600

Stem Volume [m3/ha]

Fig. 2g. ERS coherence versus stem volume for Tuusula
test-site. Image pair 151h/16thJune 1996.

100

200

300

600

Stem Volume [m3/ha]

Fig. 2h. ERS coherence versus stem volume for Tuusula
test-site. Image pair 201h/2l st July 1996.

297

0.9

0.9

0.8,
0.7
~0.6
c:
~0.5

~0.6
c:
~0.5

.c:

.c:

00.4

o 0.4r

0

0

0.3

0.3

0.2

0.2

0.1

0.1
100

200
300
400
Stem Volume [m3tha]

500

+

600

Fig 3a. ERS coherence versus stem volume for Kattbole
test-site. Image pair l2/131hMarch 1996.

100

200
300
400
Stem Volume [m3/ha]

500

600

Fig 3b. ERS coherence versus stem volume for Kattbole
test-site. Image pair l 71h/l8ththMarch 1996.

+

++-

1

0.9~

1~.J
++
10 +

+

+

0.7

+
--re

19.5F.-!

+

~0.6

"'

c:

+

'O

+

~0.5

91

~

.c:

+

,Q

0

00.4

Oi

g

0.3

8.5

:l

+

8

0.2
7.5

0.1
100

200
300
400
Stem Volume [m3/ha]

500

600

Fig 3c. ERS coherence versus stem volume for Kattbole
test-site. Image pair 21'1/22"dApril 1996.

20

15,

1~{
_13

_14
ID

+ +
+

+

~

+

~

+

0

012
$ I+
~
g 11

'O

~

140

+

ID

+

"'13
$

120

+

15r.
+

0

60
80
100
Stem Volume [rrr/ha]

Fig 4a. JERS backscatter versus stem volume for
Tuusula test-site. Image 17thFebruary 1997.

16

~

40

'O

+

@12

"'c:

"'c:

:l11

:l10

0

0

10

20

40

60
80
100
Stem Volume [m3/ha]

120

140

Fig 4b. JERS backscatter versus stem volume for
Tuusula test-site. Image 161hMay 1997.

20

40

60
80
100
Stem Volume [m3tha]

120

140

Fig 4c. JERS backscatter versus stem volume for
Tuusula test-site. Image 29thJune 1997.

298

Table l. Statistics calculated from ERS coherence images of the Tuusula test-site.
Image dates

R,

A

B [m'fha]

91h/I01hSeptember1995
I41"/151"October1995
2"0/3'0March1996
29tn;3otn
March1996
6tn17tn
April 1996
17tn11
gtnApril 1996
15t"116tn
June 1996
20t"/2IstJuly 1996

0.45
0.67
0.67
0.59
0.02
0.10
0.62
0.68

0.36
0.50
0.72
0.63
0.25
0.45
0.45
0.55

-4.55 x10-4
-5.31 x1O"
-4.44 x10"
-7.40 x10"4
+0.62 x10"4
-1.18 x1o"
-5.64 x10"4
-5.24 x10"4

95%confidencelimitson B
[m-3ha]

4

-6.13 x10"4
-6.50 x1o"
-5.42 x1o'
-9.35 x10"4
-0.62 x10-4
-2.29 x10"
-7.05 x10"4
-6.38 x10"4
4

-2.98 x10"4
-4.13 x1o·
-3.46 x1ff"
-5.46 x1o"
+1.86 x10-4
-0.08 x10-4.24 x10-4
-4.10 x10"4
4

4

RMSEof
coherence

RMSE/B
[m3/ha]

0.095
0.071
0.059
0.117
0.075
0.066
0.084
0.068

208
134
132
157
1198
561
150
130

Table 2. Statistics calculated from ERS coherence images of the Kattbole test-site.
Imagedates

Rz

A

B [m-3ha]

12t";13th
March1996
I7'"1181"March1996
2151/22"0April 1996

0.86
0.71
0.68

0.82
0.66
0.81

-20.3 x10"4
-16.0 x10"4
-13.7 x10·
4

95%confidencelimitson B
[m-3ha]
-22.8 x10-4
-19.2 x10"
-16.6 x10"

4
4

-17.8 x10-4
-12.8 x10-10.7 x10""
4

RMSEof
coherence

RMSE/B
f m3/hal

0.063
0.081
0.074

31
51
54

Table 3. Statistics calculated from JERS backscatter images of the Tuusula test-site.
Imagedate

r:

I FebruaryI997
161" May 1997
291" June 1997

R,

A
fdB]

B [dBm"3ha]

95%confidencelimitson B
[dBm"3ha]

0.25
0.27
0.30

9.8
12.6
11.7

-3.89 x10-4
22.9 x1ffj
23.3 x1o·J

-12.3 x1ffj
41.1 x10-j
40.5 x10·J

The best-case errors in biomass retrieval using ERS
coherence from Tuusula are more than twice those seen
in Kattbole. The reasons for this are unclear at present.
The main difference is that the fitted lines for the
Kattbole data are generally steeper than for the Tuusula
measurements, which indicates a greater sensitivity for
stem volume. One possible explanation for this could
be that the dynamic range of the coherence
measurements is determined by that of the low stem
volume stands. High coherence for low stem volumes
occurs during stable weather conditions, which for
boreal conditions are more common during winter [18].
The three images from Kattbole all show high
coherence for low stem volumes (see intercepts (A) in
Table 2). In only two of the images from Tuusula are
reasonably high values obtained. In one of these cases
(29th/30thMarch 1996) the use of a straight line fit does
not seem appropriate (Fig. 2d) and in the other case
(2"d;3rdMarch) the coherence of the high stem volume
stands is higher than in most interferograms.

11.5 x1o·j
4.69 x1ffj
6.17 x10·J

RMSE
[dB]

RMSE/B
[m3/ha]

0.86
1.32
1.24

2220
58
53

Finally it is worth noting that in two of the cases the
coherence was completely useless for stem volume
retrieval. These were both occasions where
meteorological data indicates melting snow and
generally changeable conditions.
CONCLUSIONS
The results shown here indicate that ERS, I-day
repeat-pass, coherence measurements can be usefully
employed for stem volume estimation (and hence for
biomass retrieval) in boreal forests. The measurements
do not indicate that the coherence saturates for volumes
up to 400 m3/ha, which is higher than even P-band
backscatter [4]. The best accuracy of the retrieval
appears to be about 50 m3Iha independent of stem
volume, and hence may approach that possible using
ground-based methods for stem volumes above
250 m3/ha. The use of a simple straight-line
relationship between coherence and stem volume
appears to be a reasonable approach.
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However, a number of problems remain to be solved.
Firstly the variability of the coherence measurements
between images must be compensated for in any
operational
inversion
algorithm.
One
possible
technique relies on using areas of known stem volume
for "calibration" as in [ 10].
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ABSTRACT
CARABAS measurements from the boreal forest in
Tuusula, Finland are presented. They show a good
sensitivity to the forest stem volume, with no saturation
reached up to stem volumes of 550 m3/ha. An indication
of stem volume retrieval accuracy suggests that for high
stem volumes CARABAS measurements approach the
accuracy of standard ground-based inventory.
A simple model for the VHF backscatter is described,
and used to explain in a qualitative manner some of the
measurements that degrade a simple regression of cr0 on
backscatter. This is particularly noticeable for areas with
few, very large trees.
INTRODUCTION
Two of the major biomes of our planet are the boreal
forests of Northern Europe, Canada and Siberia, and the
tropical rainforests of South America, Africa and
Southeast Asia. These cover approximately 30 percent
of the Earth's land surface and together they produce a
major influence on the global climate, as Wellas being
an important resource economically.
One relevant property of these forests for global climate
models is the biomass that they contain. This is of
particular importance in the boreal forest as global
climate models indicate that a general warming of the
Earth due to an enhanced greenhouse effect will be
amplified in boreal regions [1, 2].
Optical imaging has been successfully applied to the
problem of delineating clear-cutting and deforestation,
assuming it is acceptable to wait for cloud-free images.
Radar imaging, on the other hand, provides for timely
data due to its all-weather and day-and-night capability.
However, at present, most easily accessible radar data

ongmate from satellite systems that operate with a
moderate resolution (tens of metres), and in the
microwave band. The corresponding images show little
contrast, both within forests, and between forest and
non-forest, implying degraded performance compared to
optical techniques. This limitation is fundamentally
linked with the high attenuation through the top of the
foliage and the backscatter sensitivity to small-scale
structures.
By using lower radar frequency the attenuation is
significantly reduced, and the large-scale structures (of
the order of the wavelength) dominate the backscatter.
The response from non-forested areas is therefore
drastically reduced, normally much below the system
noise floor. The response from forested areas, on the
other hand, is dominated by the large trunk and branch
structures together with coherent ground reflection
interactions. Since these are generally where most of the
biomass is stored the correlation of backscatter to
biomass usually increases with decreasing frequency.
However, as is well known, the backscatter from forests
reaches a limit where it no longer shows reasonable
sensitivity to biomass (the saturation point). Reference
[3] investigated the implications of the saturation of
radar backscatter for global biomass inventory and
concluded that even using frequencies as low as P-band
(440 MHz) only 62 % of the Earth's vegetated surface,
containing 19% of the total terrestrial phytomass, could
be measured.
CARABAS is an ultra-wideband airborne SAR
operating in the VHF band (20-90 MHz) [4]. Previous
flights with the CARABAS system over oak forests in
southern Sweden showed promising results for biomass
studies. No saturation was observed in the backscatter
up to the level of the maximum biomass for the test-site
(corresponding to stem volumes of about 200 m3/ha).
The dynamic range of the scattering was shown to be
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Fig. 1. Illustrating the sensitivity of L-band, P-band [3]
and VHF backscatter for dry biomass. The results for
VHF are shown for oak forests [5] and coniferous
boreal forests.

larger in the VHF data than at P-band, suggesting a
greater sensitivity at lower frequencies.
A comparison of the relationships between
backscattering coefficients and dry biomass for different
frequencies is given in Fig. l. The results for L and Pband are taken from [3], and VHF scattering from oak
forests from [5]. The results for coniferous forests at
VHF are from this paper.
TEST-SITE AND FOREST CHARACTERISATION
The test-site used in this study is located near Tuusula in
southern Finland (60"N, 25°E). The forests in this area
are predominantly Scots pine (Pinus sylvestris) and
Norway spruce (Picea abies), with a minority of broadleaftrees, the commonest being birch (Betula pendula).
In Scandinavia a common measure used for forest
inventory is a stand-based estimate of stem volume.
This is a measure of the volume of stems including bark
but excluding branches and stumps. According to [6]
stem volume (in cubic metres per hectare) can be
approximately converted into dry biomass of trees
(in tons/ha) by multiplying the stem volume by 0.6 (e.g.
100 m3/ha"" 60 tons/ha).
The ground truth available consisted of stand boundary
maps in digital form, digital elevation models (DEMs)
and measurements of a number of forest parameters,
including stem volume, tree species mixture, average
diameter, basal area and average height [7]. The stands
vary in size from 0.1 ha up to a maximum of 6 ha. The
maximum stem volume is approximately 550 m3/ha.
The typical accuracy of the stem volume measurements

Two CARABAS images of the test-site have been
analysed. These were obtained from parallel flight
tracks, with average incidence angles of 64° (image 1)
and 53° (image 2). The calibration of the images was
carried out in four steps.
l. Two-dimensional frequency-domain filtering was
used to extract the common part of the transfer function
across the image.
2. The complex data was scaled with slant range to
compensate for the range-spreading loss in the radar
equation.
3. Two-dimensional frequency-domain corrections were
applied to compensate for the antenna and processor
linear distortions. This may need to be done on a
number of adjacent range sub-swaths since the antenna
characteristics will change. However, the range of
incidence angles in this study is sufficiently small that
the same correction may be used across the image. The
corrections are determined from measured and
calculated image responses from three 5-m trihedral
radar reflectors within the imaged scene [8].
4. A constant scaling factor was applied to normalise the
image output so that the magnitude-squared output is
equal to the radar cross section in m2. The factor is
determined from the same trihedrals as in step 3.
Stand-Wise Estimates of Backscattering Coefficients
The digital stand map was transformed into the image
geometry using measurements of the aircraft flight path.
A zone approximately 10 m wide around the perimeter
of each stand was excluded from the measurements to
remove errors in the stand map rectification to the
image, and other edge effects which may have been
related to roads, paths and hedges along the sides of the
stands. Changes were also made to the stand map to
eliminate scattering from man-made objects, such as
buildings and overhead cables that were present in the
area. At this stage areas affected by image artefacts,
produced by strong ambiguous scatterers originating
from the other side of the flight track, and imaged
through the antenna sidelobes, were also removed from
the measurements.
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is the average noise level per pixel, e is the local
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.
are the pixel
dimensions in range and azimuth respectively. The
incidence angle used was calculated without considering
local topography (i.e. assuming a flat ground surface).
For the majority of stands this was considered to be a
reasonable assumption, causing a worst case error in o"
of around 1 dB. The noise level was estimated by
measuring the backscatter from flat, open fields where
the VHF backscattering coefficient is expected to be
well below the noise floor.

cylinder in the specular direction. This was shown to be
a valid model for the ground interaction in [9]. The
scattering from the cylinder is proportional to the square
of its volume (we assume the dielectric properties of the
trees to be independent of tree volume/age). In some
situations an interference between the direct backscatter
and the ground reflected component may occur.
However the direct backscatter at HH polarisation from
a thin vertical cylinder is negligible compared to the
specularly scattered component (except at incidence
angles near 90°), so the interference effect has been
neglected.
The scattering from the trunks is also attenuated by the
forest canopy. This can be included by a two-way loss
of power (L2). However, since the attenuation is
relatively small at VHF, with previous measurements
indicating two-way losses of 1-2 dB, the dependence of
attenuation on stem volume is ignored in this simple
model which gives the total scattering from a forest
stand according to:
(}" 0 OC

v2
IRl2~N
"'-'i=J

(2)

I

L2 <Area

VHF FOREST SCATTERING MODEL
At the low frequencies used by CARABAS only the
largest structures in the forest contribute significantly to
the scattering. In the oak forests studied in [5] the
scattering was dominated by large primary branches,
and the dihedral trunk-ground interaction. For the
forests studied in Tuusula the branches (up to ~ 4 cm
diameter) are much smaller than the CARABAS
wavelengths (3-15 metres), so to a first approximation
we neglect the scattering from the branches. Hence the
trunk-ground scattering mechanism dominates, which
can be modelled using the Fresnel amplitude reflection
coefficient (R) and the scattering from a thin vertical

where .the summation is performed over the N trees
within the stand, and the Area of the stand is used to
obtain a normalised backscattering coefficient. The
relationship with the stand-wise stem volume ( Vstem) is
through:

Vstem

=
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Table 1. Regression statistics for a linear relationship between VHF backscatter and stem volume.
RL

A [dB]

64°

0.66
0.61
0.56

-22_1
-23.0
-18.4

0.027
0.036
0.016

0.024
0.027
0.011

0.030
0.045
0.020

3.0
2.6
2.0

114
74
127

53°
53°
53°

0.64
0.54
0.57

-22.6
-23_8
-19.5

0.024
0.034
0.016

0.021
0.024
0.013

0.027
0.044
0.020

2.9
2.9
1.9

118
84
123

Tree species

Average

considered

incidenceangle

All species
Pineonly
Spruceonly

64°
640

All species
Pineonly
Spruceonly

B
95% confidencelimits RMSE[dB]
fdBm-3hal
on B raa m·3ha]

v.

The root mean square error (RMSE). This is a
measure of how well the line describes the data.
It can be viewed as a sum of the measurement
noise and the error introduced by assuming a
straight-line relationship between the two
variables.
RMSE/B. A measure of the accuracy of stem
volume retrieval that can be obtained using the
data and a straight line fit. This is the accuracy
which would be obtained if the data used for
fitting the line (training data) were then used for
inversion (test data). This is obviously an
overestimate but gives an idea of the kind of
accuracy that could be expected.

RESULTS
For the two images used, plots of stand-wise
backscattering coefficients against stem volume are
shown in Figs. 2 and 3. In addition to plotting the data
for all stands in the test-site, the measurement have also
been split into subsets based on dominant tree species in
Fig. 4. For other species there were too few stands for a
reasonable analysis. The lines indicated in the plots are
the results of performing linear regression of
backscattering coefficient on stem volume. Some
important statistics from the regression analysis are
given in Table 1 and described on the following page.
R2, a measure of the correlation between the
backscatter and the stem volume.
The intercept of the line (A). This is in effect the
noise floor for CARABAS.
The gradient of the line (B). Larger gradients
indicate more sensitivity to stem volume.
The 95% confidence limits on B. Indicating the
accuracy of the line fitting.

i.
11.

iii.
IV.

RMSE/B
f m3/hal

vi.

To test the model (2) the backscatter could be plotted
against the product of stem volume (NV/Area) and the
average tree volume (V). This assumes that all the trees
within the stand are identical, and that the ground
reflection (R) is the same in all stands. However, in
some stands this was not appropriate as the stand was a
mixture of a large number of small trees and a few very
large 'seed' trees which had been left after clearing to
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Fig. 4a. VHF backscattering coefficient as a function of
stem volume for Scots pine.

-4o~~~~~~-'--~~-'-~~-'-~~~~~~
0
100
200
300
400

500

600

Stem Volume [m3/ha]

Fig. 4b. VHF backscattering coefficient as a function of
stem volume for Norway spruce.
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naturally regenerate the forest. It is hoped that this can
be corrected for a future quantitative analysis of the
model, possibly by estimating the number of large trees

using image texture. However, for the present paper we
limit the discussion to some qualitative observations.

DISCUSSION
The results shown in Figs. 2 and 3 show a clear
correlation between the stem volume and the stand-wise
averages of the VHF backscattering coefficient as
measured with CARABAS. The results given in the last
column of Table l give a rough indication of the kind of
stem-volume retrieval accuracy that may be obtained
with CARABAS data. These accuracies (around 100
m3 /ha) are similar to those that may be expected from

ground-based measurements for the densest stands
(stem volume -500 m3/ha) in the test-area. However the
fitting of a straight line to all of the data is a rather crude
approach and it is believed that the use of our
knowledge of the system and scattering mechanisms can
improve the accuracy.
Effect of Incidence Angle
The results from the two images analysed so far give no
indication of a variation of the relationship between
stem volume and backscattering coefficient with
incidence angle. This can be further seen in Fig. 5 where
the measurements from the two images are plotted
against each other. For reasonably high backscatter
(above about -20dB) the measurements are highly
correlated (R2=0.9). Any differences between the
magnitudes of the backscattering coefficients are
smaller than the absolute calibration accuracy. For
lower backscatter it can be seen that there are quite large
variations between the two images. The main cause of
these variations is believed to be system noise. Also the
possibility of imaging artefacts which were too weak to
be identified and removed manually.

The implication of the large variability of low o" values
is that these are probably not useful for stem volume
retrieval as they are dominated by noise. Simply
removing these noisy estimates from the data is
expected to give improvements in the estimation of stem
volume. For retrieval of stem volumes for these young
forests it may be better to use other techniques where
the accuracy is better (e.g. LIP band SAR).
Effect of Tree Species
The results given in Table l include data considering
only pine trees, and only spruce. It would appear that
the sensitivity to stem volume is greater for pine forests
than for spruce. However, it is not clear that this is truly
a species dependence, as the pine stands are limited to
generally lower stem volumes than the spruce. For high
stem volumes it is possible that the decrease in
sensitivity for spruce is due to the density of the forest,
rather than the species. Note that the expected stem
volume retrieval accuracy for the pine stands is better
than for spruce, despite the increased noise for the lower
scattering encountered in the pine stands.
Other Factors
In order to obtain some insight into other factors that
influence the backscatter we have investigated in more
detail the stands that lie furthest from the regression
lines in Figs l and 2. In many cases the points which lie
far from the line were areas with low backscattering,
and deviate from the line due to the effects of noise. In
other cases the stands which show deviations from the
lines in both images seem to fall in one of the following
categories. A qualitative feel for these anomalies can be
obtained through use of the model (2).

-5

'Seed' trees

-10

Where a number of large, mature trees have been left in
a cleared area the backscatter is higher than from other
stands with a similar volume. This is a result of there
being a low number of trees but each having a high
volume. According to the model backscatter is expected
to scale as volume squared, whereas the stem volume
depends linearly on the individual tree volumes. A
similar effect occurs in a few stands where the trees are
large but quite widely spaced.
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Fig. 5. Backscattering coefficients from image I (64°
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An example of one of these areas in the CARABAS
image is shown in Fig. 6, in contrast to a more
homogeneous stand. It can be seen that there are a
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CONCLUSIONS
A simple linear regression of backscatter with stem
volume indicates that CARABAS data may be able to
achieve accuracies of stem volume retrieval for boreal
forests of around 100 m3/ha. No saturation of the
measurements is reached for stem volumes up to
550 m'/ha. These results indicate that CARABAS may
be competitive with ground based methods for forest
stem volume inventory in dense forests, and is more
promising than microwave remote sensing (see Fig. 1).

Fig 6. Extract from CARABAS image. The bright area
to the bottom left is part of a dense stand of spruce trees.
The darker area with bright spots is an example of a
clearing with large (20 m high) 'seed' trees.
number of bright points, which appear to correspond to
large individual trees or clusters of trees. The use of
textural information from the image may provide a
method for identifying these areas, and possibly
obtaining quantitative information to aid biomass
retrieval.

Wet areas
In the model the moisture of the underlying ground
surface affects the scattering through the Fresnel
reflection coefficient (R). In some stands the ground
was very wet, with standing water in places. These
stands do lie above the fitted line in Figs 1 and 2
indicating that the increased ground reflection may be
responsible for this.

A simple model has been described for boreal forests
where the backscatter depends strongly on the size of
the trees. This has been used to explain some of the
measurements in areas with 'seed' trees. In other areas
the backscatter seems to be dependent on the ground
moisture conditions.
The use of the model for stem volume retrieval may be
able to improve the results. For homogeneous areas the
two parameters in the model are the number of stems
per unit area, and the volume per stem. The use of
textural information in the CARABAS images may
provide estimate of the number of stems, or this could
be provided by the use of high-resolution optical
imagery [10]. No other remote sensing method offers
this possibility of a direct measure of the volume of
individual trunks.
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ABSTRACT

ESTIMATION OF cr0 AND 'Y

This paper outlines the capabilities and limitations of
four operational spaceborne SAR systems (ERS-1/2,
JERS-1, Radarsat-I) for forest mapping in temperate
regions and rice growth monitoring in tropical areas.
We have exploited the fact that land surface analyses
are improved by merging SAR and InSAR data,
whose information content with respect to object
properties and temporal changes in the scattering
mechanisms are inherently complementary. In order
to detect and extract the maximum available information, the SAR and InSAR processing steps were optimized, especially with respect to topographic
modulation effects.

Accurate SAR data calibration is a requirement for
signature analysis, classification, modeling of SAR
data as well as for the estimation of geophysical
parameters from amplitude data. Scientific applications generally require a SAR data calibration of
±I dB for absolute radiometric and 10 to 20 meters
for geometric accuracy [l]. Since the focusing of
SAR data does not include topographic information,
significant geometric and radiometric uncertainties
remain: Therefore the processed images do not fulfill
the requirements for signature analysis, classification, and parameters estimation. For this reason, Digital Elevation Model (DEM) data are absolutely
necessary for the radiometric calibration in calculating the effective scattering area, antenna gain pattern
and range spread loss correction [3], [4]. The geometric calibration, which takes sensor and processor
characteristics into account, is one part of the radiometric calibration processing.

Based on the experience gained during our investigations, we believe that the synergetic use of different
sensors is a necessary approach today for the generation of the envisaged thematic products at an operational
level.
Nevertheless,
other
sensor
configurations need to be developed in order to
obtain more suitable data for land surface applications.
INTRODUCTION
As of today, several forest and rice mapping/monitoring studies have been carried out, proposing different
approaches. In this paper we focus on forest and rice
mapping by combining the use of existing spaceborne SAR systems and evaluating their capabilities
and limitations relative to the proposed applications.
Two case studies are presented. The first one concentrates on forest mapping and is carried out in Switzerland, with topography ranging from flat to
mountainous. The second one deals with rice mapping and monitoring in Sri Lanka. The paper is structured as follows: the first section deals with the
methodology of an improved estimation of o" and y,
the second part with forest mapping, and the third
part with rice mapping and monitoring. In the last
section, overall conclusions are made.

Figure 1 summarizes the steps of the geometric and
radiometric SAR data calibration. Figure 2 shows the
ERS-I and JERS- I terrain geocoded backscattering
coefficient (o").
SAR
data

'I'

range-Doppler 1•••••0--+-----<

Figure 1: Geometric and radiometric calibration
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Berne test site (Switzerland).
Coherence is defined as the magnitude of the correlaton coefficient of the complex signal data [2]. It is
directly related to the phase noise that is present in an
interferogram, This information can be used to estimate the achievable elevation accuracy during the
generation of an InSAR DSM (Digital Surface
Model) to investigate temporal changes of an area or
to optimize the data processing. For an accurate estination of the coherence, the following effects have
to be considered during the interferometric processing [5]:
1. Spectral shift filtering due to baseline decorrelation and processing effects.
2. Correction of the estimation bias using the
Gamma distribution.
3. Removal of local slope effects. Coherence estimation benefits from DEM flattening of the interferogram, especially when a large number of
samples are taken to improve the coherence estimate.
Figure 3 illustrates the corrections on the measured
coherence and the true coherence.

--- ellipsoid model
... lnSAR slopes
.. - DEM data

o.ooo
0.0

0.2

0.4

0.6

0.8

true coherence (y)

Figure 3: a) A posteriori probability densities of true
coherence given a measured coherence. b) Plot
of maxima of a posteriori density functions. c)
Relation between measured and true coherence
(10% significance level). d) Coherence
histogram after flattening with an ellipsoid
model, InSAR derived slopes, and DEM data.
(Note, that InSAR slopes can overestimate the
topographic modulation effect.)
FOREST MAPPING
The Berne test site is located in the Central Plateau
and the Northern Prealps of Switzerland; its extension is about 50 x 50 km. A variety of ground cover
types, including agricultural fields, forests, lakes and
urban areas can be found. Topography varies from
flat within the Central Plateau north of Berne (440 m)
to mountainous south of it (2450 m). This site is used
to test the capabilities and limitations of the selected
sensors (ERS Tandem, ERS-1/-2, JERS-1), as well as
approaches to forest mapping in temperate areas, taking into account different terrain morphologies. Furthermore, the information content of the coherence
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over a whole year and its degradation over time is
quantified with respect to its suitability for land cover
analysis.
ERS VERSUS JERS-1 AMPLITUDE DATA: Now that

SAR amplitude data is fully calibrated, ERS and
JERS-1 scenes can easily be merged. Figure 4 shows
the scattergram calculated from image samples, and
the derived forest map. Note that the amplitude data
in the scattergram is scaled linearly (real data and not
dB values) but plotted on logarithmic scales.

ch
a:

land use classes. Nevertheless, the comparison of the
derived forest classification with the SLUM leads to
the conclusion that mis-classifications mainly
occurred for urban and pasture areas. Based on
Figure 4 we make the following conclusions:
•

The potential of single amplitude ERS data for
land cover classification purposes is limited.
Single amplitude JERS-1 data is appropriate for
land cover classification, especially for forest/
non-forest discrimination. In fact, L-band HH
polarization shows a strong reflectivity of forest
canopies, mainly due to the double bounce scattering from ground-tree trunks (see Figure 2
below). However, this advantage for vegetated
areas turns out to be a disadvantage in the presence of low urban density. Due to the similar
scattering mechanisms, the received radar signals
can hardly be distinguished by applying a pure
statistical approach. In this particular case, these
two classes can be better discriminated using
additional ERS data.

water
agriculture
forest
urban

UJ

otl

ERS MULTI-TEMPORAL AMPLITUDE DATA: Three
ERS scenes, acquired on 10 March, 5 June, and 22
October 1996, were selected to investigate the abilities and limitations of multi-temporal ERS amplitude
data for forest mapping. Scattergrams for selected
samples were calculated.
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Figure 4: Scattergram of ERS-1 and JERS-1
amplitude data (top), derived forest/non-forest
classification (middle), and Swiss Land Use
Map (1979-85; black: forest) (bottom).
The forest classification was compared in a qualitative way to the Swiss Land Use Map (SLUM). The
map was generated between 1979 and 1985 (it contains 69 classes in full thematic resolution). The land
use of each pixel was related to a single point sample
in the centre of the corresponding cell. Therefore, we
have to consider that the thematic accuracy of the
SLUM is limited at the boundaries of the different
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Based on these plots the following statements can be
made:
•

Forested areas can be hardly separated from other
land surface types even if we use multiple data
acquisitions.
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•

•

The ability to discriminate between forest and
agricultural land depends on its phenological
stage as well as meteorological conditions in general.
The extraction of water surfaces is difficult, due
to its dependence on meteorological conditions
(e.g. wind).

neous appearance of the forest texture some misclassifications outside and inside the forest areas still
occur. From this classification we conclude that
merging of SAR and InSAR data benefits significantly from their complementary information content, which is appropriate for forest mapping.

ERS COHERENCE DATA: We have shown that forest
mapping using single and multi-temporal amplitude
data only is nearly impossible. For this reason we
consider ERS-Tandem InSAR data to demonstrate its
contribution to forest mapping. For this purpose we
selected a Tandem pair, acquired in March 1996,
since its coherence shows the highest contrast
between forested and non-forested areas in early
spring. Figure 6 shows a forest classification using
coherence data only.

'

'

.•.. •....·.
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~;

;~~~
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Figure 6: Forest classification based on coherence
data. ERS Tandem pair of 10111March 1996.
Comparing this classification with the reference
SLUM in Figure 7, it can be noticed, that mis-classifications mainly occurred in areas of low coherence
such as water surfaces and pasture-land. This is due
to incoherent scatter changes of these surfaces. To
avoid such mis-classifications one has to include
amplitude information (namely cr0 and Acr0) for the
classification feature vector.
ERS COHERENCE AND AMPLITUDE DATA: We have
shown that coherence alone does not allow us to differentiate between all land cover types even under
good conditions. Therefore, additional amplitude
information should be considered as input for classification.
Figure 7 shows a forest map derived from the interferometric signatures. No discrimination of different
forest types was made. Note that due to heteroge-

Figure 7: Forest map based on the interferometric
signatures (above) and corresponding SLUM
(black: forest) (below). ERS Tandem pair of I0/
11 March 1996.
ERS TIMES-SERIES: The time-series that we used for
our investigations consists of eight complete ERS
Tandem acquisitions, dating from June 1995 to April
I996. Two pairs are incomplete due to satellite dropouts in September 1995 and February I996. Figure 8
illustrates the fully corrected coherence time-series
for five thematic classes for the Berne test-site.
Coherence seems to be a powerful discriminator for
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coherence is higher between ERS-1 acquisitions only
than between those of ERS-1 and ERS-2. Azimuth
spectra of ERS-1 and ERS-2 should be filtered during the interferometric processing to avoid this effect
(difference of Doppler centroid frequency is approximately 270 Hz). Note that due to the estimation bias
of the scene coherence, values around 0.2 nearly
imply total scene decorrelation.

different ground cover types, but class separability as we showed above - strongly depends on the season, terrain type and weather conditions (loss of
coherence in the December pair).
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Figure 8: ERS Tandem time-series (star: agriculture,
diamond: forest, triangle: meadow, square:
urban area, cross: water).
For the coherence, the following observations can be
made:
•

Forest: Coherence is low for the whole vegetation
period. There are only small increases in coherence during the winter season (less decorrelation
within deciduous forest).
Agriculture: In the summer there is a lot of agricultural activity; some fields are coherent, while
others show no coherence (high variance). In the
winter season fields are bare and coherence is
generally very high.
Meadow: High variance of coherence during the
whole vegetation period.
Water: Coherence is stable at low values for the
whole time-series.

ERS COHERENCE DEGRADATION: The perpendicular components of all Tandem baselines of this timeseries are below 210 meters. For acquisition intervals
of more than one day baseline requirements for
InSAR thematic analysis are often not fulfilled (i.e.
perpendicular components of a few hundred meters).
In these cases coherence maps cannot provide any
useful information for thematic surface analysis. For
this reason also a study of coherence degradation was
carried out to show the limitations of phase preservation and to investigate its suitability for the extraction
of thematic information. In vegetated areas acquisition intervals of more than one day C-band coherence cannot provide any useful information about
surface properties (with the exception of stable scatterers such as bare soils or urban areas). Degradation
is shown in Figure 9 for the acquisition intervals of 1,
35, 36, 70, 71, 106, 140, 141, 175 and 176 days. The
reference scene is 4 June 1995 (ERS-1, the corresponding perpendicular components of all baselines
are indicated for each pair). Since the reference scene
is an ERS-1 acquisition, the estimated average scene
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Figure 9: Coherence degradation
RICE MAPPING
Three individual sites of about 35 ha each have been
selected in the southern part of the Mahaweli
System C (Sri Lanka). The particular sites have been
chosen because they are easily accessible, contain little other vegetation (such as trees and bushes), and
can be surveyed in one day each. This test site serves
to quantify the capabilities and limitations of the
selected data (ERS-1/2, Radarsat Fine Beam) and
approaches for mapping irrigation and rice growing
status over a whole cycle (May-August). The fourth
test site was selected, Ampara, where ERS-Tandem
acquisitions are available. The area has an extension
of about 60 x 40 km and is located in the flat lowlands of Sri Lanka. Agricultural activity is mainly
paddy cultivation. Sugarcane plantations and homesteads can also be found. The cultivated land is irrigated with water of different tanks. The main part of
the area is covered with dense forest, grassland,
sparsely used crop land and marshes.
ERS VERSUS RADARSAT:
In Figure 10, the influence of different spatial system
resolutions for rice mapping is shown. The SAR
amplitude data are ellipsoid geocoded, since no
DEM was available for this test site. The Radarsat
Fine Beam images were geometrically rectified and
resampled to a pixel spacing of 10 meters, while the
ERS data were resampled to 25 x 25 meters. Subsequently, the amplitude data were overlaid with a
layer of boundaries (white lines), extracted by GPS
measurements. Note that the images were acquired
only a few days apart, so they represent nearly the
same vegetative stage and a similar scattering behaviour.
SPATIAL RESOLUTION OF
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to 25 m pixel spacing, and 488 pixels in a Radarsat
Fine Beam scene geocoded to I0 m pixel spacing.
Based on the Radarsat Fine Beam image acquired on
18 May 1997, image statistics of individual rice
fields as well as of merged fields (adjacent fields at
the same vegetative stage, but separated by small
dams) were computed. Significant variations of about
4 dB between individual fields and joined fields were
observed. The difference is caused by the dams'
influence on the backscattered signal. This situation
is evident in the scattergrams of Figure I0. In the
case of Radarsat, rice can be separated from other
land use classes, thanks to the system's high spatial
resolution. In contrast, almost all pixels in the ERS
image are mixed, as shown in Figure I0, due to the
lower spatial resolution. Therefore, rice cannot be
discriminated from the, surrounding land surface
types.
CLASSIFICATION BASED ON RADARSAT SAR DATA:
Figure 11 shows derived paddy map superimposed to
the Radarsat amplitude scene of 18 May 1997. The
input feature vector used for this classification contains the backscattering coefficients of the two
Radarsat acquisitions.

Radarsat

water
rice
non-rice

ERS-2

....
a0 6.5.97

Figure I0: Comparison of Radarsat Fine Beam
(18.5.97) and ERS-2 (6.5.97) images (top) and
scattergrams for four acquisition dates (below).
The largest rice field within the collected ground
truth data covers an area of 49 000 m2, while the
smallest covers 2 000 m2• Note that these fields were
already joined from much smaller fields, which are
separated by small dams. Therefore, the biggest rice
field represents 78 pixels in an ERS image geocoded

Figure I 1: Radarsat image overlaid with derived
paddy map (white).
An analysis of the obtained classification leads to the
following conclusions:
•

Large mis-classifications of paddy can be
observed in the adjacent areas west of the
Mahaweli river. Some erroneous classifications
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also occur within the rice growing area, due to
layover and foreshortening effects. These errors
could easily be corrected by using DEM data for
geometric and radiometric calibration. Another
possibility is an analogue interpretation of the
amplitude image by a human operator.
Despite these technical problems, the resulting
paddy map of the bottom of the valley is of good
quality.
ERS COHERENCE AND AMPLITUDE DATA: The
Ampara test sites contain vast rice cultivation areas
with fields much larger than in Mahaweli System C.
From a geometrical point of view, the fields can be
much better detected by the ERS satellites.

Because no DEM is available, we have concentrated
our investigations to flat terrain where topographic
modulation effects on SAR data measurement
(amplitude and phase) can be neglected.
Interferometric signatures have been calculated from
the three available Tandem pairs (1/2 May 1996, 21/
22 May 1997, 30/31 July 1997), that cover almost
one cycle of rice cultivation (Figure 12).

to 'macroscopic' scatter properties. High amplitude values are related to rough surface conditions (rice plant, rough soil surface, forest), where
high amplitude differences can be used - together
with coherence data - to identify open water surfaces (tanks, irrigated fields).
We conclude that in addition to amplitude data, interferometric phase information supports the possibility
of detecting rice cropping areas with ERS Tandem
data. Figure 13 shows the existing difficulties in separating the selected ground cover types properly.
From the statistical point of view it is possible to
extract rice areas by using the interferometric signatures as additional classification input. But we have
to emphasize that segmentation of rice cropping
areas strongly depends on the land cover properties
of the region surrounding the rice fields. This has to
be considered especially for areas that are affected by
humid or dry seasons, that limit the possibilities of
object discrimination. For the classification available,
classification errors mainly occurred within scruband grassland. Once the spatial extent of the rice cultivation area has been extracted, it can be used for
other Tandem pairs to study the pattern changes of
the rice fields within the extracted region if the
images are geocoded or coregistrated to each other.
CONCLUSIONS
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As conclusions we present Table 1, that gives an
overview of the suitability of our investigated SAR
and InSAR systems for the generation of our envisaged thematic prototype products (paddy and forest
maps). Of course, the ratings (e.g. '++')for a particular combination of satellite configuration and user
product are only valid if the sensor's resolution is
compatible with the spatial extent of the object to be
identified.

acquisition date

Figure 12: Interferometric signatures Ampara (plus
sign: forest, asterisk: rice, diamond:
homesteads, triangle: marsh, square: tank, x:
water)
A large area was selected for temporal analysis of
rice cropping patterns. The following interpretation
can be made based on existing land use maps and
personal experience gained during some field campaigns:
Within the site, it was possible to identify and discriminate different status of rice growth.
Calibrated coherence (y) information is able to
discriminate between flooded and non-flooded
areas, and between vegetated and bare soil surfaces.
Calibrated amplitude information (o") is sensitive

Prototype product
Satellite configuration
Paddy map

Forest map

+

-

++

?

cf' JERS

?

++

t.cr" ERS

++

-

FB ++

?

cf'ERS

o" Radarsat
SAR

t.cr" Radarsat

FB

y ERS (24h)

+

++

y ERS (>24h)

-

+

InSAR

Table I: Suitability of SAR/lnSAR configurations for
product generation (++ well suited, + possible, difficult,? no experience).
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ABSTRACT
This paper presents the first results of the HUTSCA T
scatterometer campaign over an Austrian pine forest in
Southern France. The objectives are to investigate the
signal sensitivity to tree parameters such as stem volume
and trees height, secondly, to obtain measurements on
the backscatter profiles in tree canopy for the
understanding of wave/tree interaction and for model
validation, and finally, to study the application of
HUTSCA T data for forestry purposes.
Tree and ground backscatter coefficients derived from
HUTSCAT measurements at C and X band, 0° and 23°,
and polarisations HH, VY, VH have been analysed. The
tree crown
backscatter, separated from the ground
contribution, is found to be more strongly correlated
with stem volume than the total backscatter, even at Xband. The estimation of tree height gives very good
result for C and X-band at all polarizations.
The crown backscatter is compared with the output
from the MIT/CESBIO radiative transfer model coupled
with a tree growth architectural model. The first results
show good agreement for the total canopy backscatter.
The usefulness of the retrieved tree height estimation, to
indirectly estimate stem volume and to assess the
fertility of a forested area, is discussed.

INTRODUCTION
In recent years, the use of radars to estimate forest
resources has been subject of numerous works,
conducted to understand the information content of the
spacebornc SARs for their best use in forest resources
estimation.
In the framework of the EUFORA ( European Forest
Observations by Radar) project, an experiment has been

performed in November 1997, using the helicopterborne HUTSCAT, over the Lozere forest in France. In
previous studies, HUTSCA T has been proved useful for
forest observations performed mostly in boreal forest
[2]. The system can provide the vertical distribution of
backscatter
within the tree canopy. From such
measurements, different parameters of interest can be
extracted such as the canopy backscatter, separated from
the ground echo, and height of the trees.
The experiment consisted in acquiring detailed 3D
backscatter measurements over a forest cover whose
characteristics are different from those of boreal forests.
The objectives are as follows :
_ to investigate the signal sensitivity to tree parameters
such as stem volume and tree height, in particular at
radar specifications close to that of the current and
forthcoming satellite SARs,
_ to interpret the observations in terms of wave/tree
interaction
mechanisms
using theoretical
models.
Measurements such as the backscatter profiles within a
canopy represent the most appropriate data set to
validate such models,
_ to identify applications using spaceborne and airborne
radar systems for forest observations.

HUTSCATSCATTEROMETER
HUTSCAT is a helicopter-borne non-imaging FM-CW
scatterometer operating simultaneously at frequencies
5.4 GHz (C-band) and 9.8 GHz (X-band) and
polarizations HH, VV, HY and VH [I]. HUTSCAT was
designed and constructed during 1987-1990 by the
Laboratory of Space Technology of the Helsinki
University of Technology (HUT). The main parameters
of HUTSCA T are presented in Table 1. The technical
parameters for C-band were selected to include those of
the ERS SAR. HUTSCA T measures about 20

Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data for Land
Applications, 21-23 October 1998, ESTEC. Noordwijk, The Netherlands (ESA SP-441, December 1998)
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backscattered
power spectra at each channel per second.
Simultaneously
with the backscattering
measurements,
the target is observed by a video camera,
coordinates
of the flight track are saved

and DGPSin a laptop

computer.
A typical flight altitude is 100 m and the
flight speed is around 25 mis. HUTSCAT
is calibrated
both internally
and long-term

and externally
to eliminate
short-term
variations
in the backscattered
power

level. Internal calibration
is conducted
by a delay line,
which connects
transmitted
power
to the receiver.
External
calibration
is conducted
with
calibrators (ARC) and corner reflectors.

active

from ground and tree canopy were reasonably well
separated from each other. Otherwise, only the total
backscattering coefficients were provided. Fig. 1 shows
such vertical profile over stands of different ages along a
transect. The height of a resolution cell in the radar
return spectrum is estimated relatively to the ground
echo. Then, a simple relation gives the estimated height.
For a total of 15 stands ranging from 20 to 100 years
old, the detailed canopy backscattering coefficients have
been extracted.

radar

TEST-SITE AND DATA
The HUTSCAT campaign took place on the 22-23
November 1997 over Austrian pine (Pinus nig ra
nigrae)f()rest located in the Lozere, Southern France.
These forests are plantations made of even-aged trees
ranging from 5 to 100 hundred years old. The stands arc
of about 2.5 ha each and are exploited by the French
Forestry Board. One interesting point is the large range
of stem volume encountered, up to 1000 m3/ha for some
stands of one hundred years old.
A total of 18 flights, of 4 km long, were acquired at 0°
or 23° incidence. There were localized across 3 main
trajectories which were designed to include various
stands conditions in growth stage and density. Among
the initial flights, five were not processed due to some
DGPS malfunctions.
The calibrated data provide the ground and tree canopy
backscattering coefficients, along each measurement
transect, with a 0.68 meter vertical resolution. The forest
backscattering profile was calculated only when returns

Parameter

Value

Center frequencies

5.4 and 9.8 GHz

Modulation

FM-CW

Sweep bandwidth

230 MHz

Polarization

HH, VY, HY, YH

Measurement range

8tol67m

Range resolution

0.68 m

Incidence angle

0° and 23° off nadir

Antenna effective two-way
3 dB beamwidth

4.7° (5.4 GHz)
4.4° (9.8 GHz)

Antenna sidelobe level

< -16.5 dB (5.4 GHz)
< -16.5 dB (9.8 GHz)

Antenna polarization isolation

26.0 dB (5.4 GHz)
28.5 dB (9.8 GHz)

Relative accuracy of CJo
90% confidence interval

±0.3 dB (5.4 GHz)
±0.3 dB (9.8 GHz)

Absolute accuracy of CYo
68% confidence interval ll
Mean noise equivalent tree
canopy coefficients cl
(measured during the Lozere
campaign)

±1.2 dB (5.4 GHz, VY-pol)

<-40 dB (5.4 GHz HH-pol)
<-43 dB (5.4 GHz VY-pol)
<-60 dB (5.4 GHz cross-pol)
<-30 dB (9.8 GHz HH-pol)
<-35 dB (9.8 GHz VY-pol)
<-60 dB (9.8 GHz cross-pol)

l) Accuracy was estimated by comparing HUTSCA T and ERS- l SAR
mean backscattering coefficients of different land-use classes from the
Sodankyla test area in northern Finland. The data sets were obtained
in 199 l - 1993.
1X.
'50
20C
D:~arw<f(i'\: ~~~!t!1oc.l<: :i~;

Fig. I : Vertical backscatter profiles measured along the
flight track by HUTSCA T .

2) Noise equivalent tree canopy and total backscattering coefficients
depend on the height of the tree canopy. These values represent only
an average along the ran~e distance.

Table I : The main parameters of HUTSCA T
scatterometer [I, 3].
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Basal area
(m2/ha)

Stem volume

I

(m'tha)

Stem density
(pc I ha)

Dominant
height
(m)

492.1

788.1

19.5

Mean

49.5

Std

17.4

266.7

405.5

5.8

Max

91.1

1023.1

2216.1

29.1

Min

19.7

I

71.0

288.1

8.3

Relative C.l at 95 %.

8.73

II

13.45

12.76

7.37

Absolute C.l. at 95%

4.32

66.17

100.59

1.44

Mean height
(m)

II
II
II
II
II

18.4
5.7
27.8
7.2
7.66
1.41

Canopy
depth
(m)

I
I
I
I
I

7.0

I. I
9.8
4.5
3.99
0.28

(*):Std, Max, Min, Relative and Absolute 95% C.I. at 95 '7c stand respectively for Standard deviation, Maximum, Minimum, relative and absolute
confidence interval at 95 % (number of sample plots is 66).

Table 2 : Statistic of Lozere sample plots.
Before the flights some precipitations occurred, and the
temperature was about I0 °C. Gravimetric moisture
measurements for both ground and vegetation were
acquired during the campaign. Ground and litter
moisture, listed in Table 2, were measured on 80 sample
plots distributed on stands of various age, along the
flights tracks. The soil exhibited very stable moisture
values, spatially and temporally. On the contrary, the
litter moisture was found to increase with stand age, and
to be more variable temporally (Table 2). At the same
time, vegetation moisture was measured for the trunk,
each branch order and the needles for two 15 and one 40
years old Austrian pine stands (Table 3). At both ages,
the needles exhibit the highest moisture values, the
needle water content decreasing with the age, followed
by the trunk, and the different branches order.
Mean moisture
content
Ground
Litter

I

Standard
deviation

I

21 %
55 %

3%

I

II

52.2

II

IL.!:..!

8.5

II

5 1.4

6.4

II

5o.4

ICI:Z

57.1

II

F*HRR~
3.2

µ = tl-a/2

o

.Jn -

I

(1)

9%

Table 2 : Ground and litter gravimetric moisture content,
measured during the acquisitions.

Order 2
Order3
Needles

Other detailed forest parameters were acquired a few
months later. The measurements consisted in 20 meters
spaced sample plots which were chosen along the flight
track. In each sample (of a 14 meter diameter), all the
trees diameters and I0 trees height were measured. Then
basal area, stem volume, trees density, mean and
dominant tree height were calculated for each plots.
Mean height refers to the averaged height of all the trees
measured, and dominant height to the height of the I00
biggest trees per hectare. This latter was estimated by
taking the biggest tree of each sampled plot. A total of
77 plots were sampled, with a range of biomass going
from 70 up to I000 m3/ha. The gaussian distribution of
the parameters values for the whole set of plots was
tested at a 95 %level of confidence. The precision of the
sampling was estimated, using the equation :

0.6

Table 3 : Gravimetric moisture content, measured for
trunk, branches of order 1,2 and 3, and needles of 15
and 40 years old Austrian pines .

Where µ is the estimated mean of a given parameter, <J
the standard deviation, t1.a12 the Student's variable (or tvariable) taking at a 95 9c level of confidence and n the
number of sample (66 in our case). In Table 4 are listed
the statistical properties of all the samples, with the
relative and absolute estimated interval of confidence
given by (I). The error on the height estimation is about
1.4 meter, and on the basal area about 4 m2/ha.
The localization of each forest samples were determined
using the video recorded during the flights, and checked
with a differential GPS as it was done for the
HUTSCAT flights paths. Finally 66 out of the 77 sample
plots were used for the analysis. Table 5 shows the
correlation
coefficients
between
extracted
forest
parameters.
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Basal area

Stem volume

Stem density

Dominant

Mean height

height

I

Basal area

I

Stem volume

0.95

I

Stem density

-0.39

-0.52

Dominant height

0.75

Mean height

I

0.73

II

Canopy depth

0.25

Canopy
depth

II

II

II

II

I

II

II

0.89

-0.71

II

I

II

0.87

-0.73

II

0.99

II

0.30

-.0.49

I

0.42

0.44

I

Table 5 : Correlation coefficients between the different measured parameters

ANALYSIS RESULTS
This paper will present only the first results of
HUTSCAT data acquired at 0° incidence. Further works
will include results at 23 °.

Sensitivity to stem volume
For each point (sample plot of 14 meter diameter) were
derived the canopy backscatter CTcanopy• the ground
contribution aground• and the total backscatter crtotai> sum
of the two previous
coefficients.
The canopy
contribution was obtained by summing the contributions
of each resolution cell in the vertical profiles within the
canopy,. For each sample plot, 8 to 10 consecutive
profiles were averaged to produce the statistics that we
analyzed. The uncertainties associated to the backscatter
values will be accurately estimated in a further phase.
In Fig. 2 is plotted the crtotal for each sample plot versus
the stem volume measured for C band at HH, VY and
VH polarization. The trend is rather flat, although a
slight decrease of crtotal is observed in the lowest stem
volume below 200 m3/ha. At X band, crtotal exhibits
almost no sensitivity to volume for the 3 polarizations.

The sensitivity of the backscatter to biomass parameters
is overall limited. When the canopy backscatter can be
isolated, as it is the case with HUTSCAT, the sensitivity
is expected to be higher . Fig.3a and Fig 3b show
CTcanopy• respectively for C and X band, versus the stem
volume for the same sample plots in Fig. I. For low
stem volume a clear increasing trend is observed for all
the polarizations and for both C and X bands. The
dynamic range is about 3-4 dB at X band and 6 dB at C
band, and the saturation level is reached beyond 200
m3/ha. In both cases the cross polarization is the most
sensitive to stem volume. As expected, C band gives the
best results with a correlation coefficient of 0.7 for VH
polarization. This result shows that measuring the
canopy contribution separately from the ground clearly
improves the signal sensitivity to forest parameters such
as stem volume.

Sensitivity to tree height
Another parameter of interest derived from HUTSCAT
backscatter vertical profile is the tree height. As
previously explained, the height is determined by the
first return of the canopy. The estimated height is in fact
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Fig 3a : Canopy backscatter at C band versus stem
volume.
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Fig 3b : Canopy backscatter at X band versus stem
volume.
an averaged height of all the tree tops within the radar
illuminated area, of about 7 m diameter, depending on
the flight altitude. The estimation should be, then, more
representative of the height of the tallest trees. Fig. 4a
and 4b present the estimated height versus the measured
height, respectively for mean and dominant height, at X
band and VH polarization. As predicted, the agreement
is slightly better with dominant tree height in particular
for stands over 20 meters. The difference is small,
because mean and dominant height values are close in
this even-aged
stands. The correlation
between
measured and estimated height is very good (r2 = 0.96)
and appears to be very similar for all the polarizations.
The X band gives slightly better results than C band.
The precision of derived dominant height, estimated
with (I), for X and C band is about 1.5 meter. Then, the
precision of the radar derived height appears to be
roughly the same using HUTSCAT compared to
precision of ground measurements which is 1.4 meter.
These results show the very good reliability of tree
height estimation by the ranging scatterometer radar.
However, we must notice that the stands measured are
made of only one even-aged species, with a quite
uniform height. Over a mixed forest, in age or species,
the results would be probably less good. Future works,
with an enlarged set of sampled plots, will focused
particularly on the reliability of the estimate parameter
as a function of the number of independent profiles
averaged.

INTERPRETATION
At C band HH and VY, in the low range of biomass or
stem volume, the total backscatter results from the
ground contribution, and the canopy contribution itself.
The ground contribution decreases as the biomass
increases due to a higher attenuation. On the other hand,
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20
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Fig. 4a : Estimated dominant height versus the measured
height (X band, VY pol.).
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Fig 4b : Estimated mean height versus the measured
height (X band, VY pol.).
the canopy contribution increases with the biomass (see
fig. 3). In many cases, when the ground backscatter level
is higher than that of the canopy, a resulting decreasing
trend is observed (see Fig 2). At higher biomass values
for HH and VY and for the full range of biomass for
HY, the canopy
backscatter
is dominant
and
corresponds to a saturated level. In this saturated region,
the 3-4 dB dispersion between the backscatter values
observed in fig 2 and fig. 3 can be attributed : a) to
inhomogeneities in the canopy such as gaps between
trees, b) to the low number of looks achieved by
averaging profiles for each sample plots (8 to 10).
The understanding of the backscattering mechanisms
and of the interactions between the various elements
within the canopy is a key point to understand the
quantitative link between the measured signal and the
parameters of interest and to extend it to other cases of
study. To achieve this goal, the use of an
electromagnetic backscatter model can be very helpful
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to study the impact of various biophysical parameters on
the radar response.

Xband
HH

In this study, we used the MIT/CESBIO backscatter
model [6]. This model is based on the radiative transfer
theory. It describes the medium as a combination of
horizontal layers containing multi-scale clusters of
dielectric cylinders. The coherent interactions between
the responses of the various elements of a cluster are
taken into account by using the branching model [7].
The description of the canopy which provides inputs to
the backscatter model is given by the AMAP tree growth
model developed at CIRAD, which recreates trees on
the basis of realistic botanic criteria. The AMAP model
has been calibrated for Austrian pine, from 0 to 40 years
old, and for the Lozere test-site [8]. For each layer of the
MIT/CESBIO model, statistical parameters describing
the forest medium in terms of distributions of cylinders
are extracted from the architectural description provided
by AMAP.
The first preliminary results presented here concern the
total backscattered response. As an example, simulations
made for 32 years old Austrian Pines at both C- and Xband for HH and HY polarizations have been compared
with HUTSCA T measurements. In order to obtain an
high enough number of looks for the experimental
measurements, 140 consecutive profiles were averaged
along the flight track over a 32 years old stand. Fig. 5
shows the resulting averaged vertical profiles, for C and
X band at VY and VH polarizations.
In table 4 are
listed for each channel the values of CJcanopY' the
incoherent sum of all the scattering sources within the
canopy. A good agreement is obtained between the
simulated values and the HUTSCA T data with a mean
difference around I dB at X band. The difference is
greater at C band, particularly for the cross polarization.

-50

-45
-40
-35
-30
Backscatterina coefficient {dB

-25

-20

Fig. 5 : Experimental vertical backscatter profiles (C and
X band at VY and VH pol.) for 32 years old Austrian
pme.

VY

VH

II

C band

I Model II HUTSCAT II Model HUTSCAT
I -12.3 II -13.1 II -14.5 I -14.7
I -12.3 II -13.9 II -14.5 I -17.0
-20.2
-22.8
-19.4
II -19.3
11

Table 6 : Comparison between the simulated canopy
backscatter coefficient (in dB) and the HUTSCAT
measurements in X and C band for 32 years old Austrian
pme.
The simulation of vertical backscattering profiles, by
providing
the
theoretical
distribution
of
the
backscattered intensity as a function of height, can be
very useful to understand the relative influence of the
tree structure on the scattering. This work is currently
under progress, since an improvement of the description
of the number and geometry of the needles within each
layer of the canopy is needed to complement the
accurate architectural description of the tree.

APPLICATIONS IN FORESTRY
In general, the estimation of forest resource by radar
remote sensing is approached by the estimation of
woody biomass, using the sensitivity of microwaves to
the biomass quantity or tree structure.
Using HUTSCAT, the interesting structure parameter
that can be retrieved directly is the trees height. In
previous work [2], the stem volume or basal area is
estimated by the regression of well estimate variables
such as height, canopy and/or ground backscatter. The
latter ones correlates well with the volume but saturates
rapidly (400 m3/ha), whereas comparison of ground
based estimation of mean height with stem volume
shows good correlation and a clear relationship up to
800 m3/ha. Using the derived height , the stem volume
can be here estimated by regression. Fig. 6 shows the
predicted
stem volume versus the measured values,
where good agreement is found (r2=0.86) with a
"saturation" level about 800 m3/ha. The precision of the
estimated volume, using (I), if of the same order
compared to that of the ground measurements : 13 %.
This result is encouraging, considering that only the
height was used to estimate the volume. However, we
must take into account that the good correlation
observed between tree height and stem volume
measured is conditioned by the local sylvicultural
practices. In other words this kind of relation is site and
species dependant, and cannot be applied without
adjustment to other areas.
An other parameter of interest is the basal area, which
could be estimated from the retrieved height (r2=0.99).
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Finally, the retrieved tree dominant height can be used
to provide information on the local fertility of the area.
This parameter is very interesting for foresters, because
the wood production of a stand is related directly to the
fertility and not to the sylvicultural practices [5]. Thus
these factors are much more independent of the site.
Fertility is usually classified in categories going from 1
(the most fertile) to 5. A simple approach to assess this
factor is to use production tables, which give for each
fertility class the dominant height as a function of the
age. Such variable is useful for forest management, for
example, to map the most fertile areas in which would
be plant suitable species.
One scenario of application would be to estimate tree
height along the flight tracks using the vertical
backscattering profiles. Then, the height, alone or with
other variables derived from radar data, can be used as
an input parameter to derive the stem volume. The
height would also be used to estimate the local fertility
of the area. As a result, the method provides a spatial
estimation of three parameters of interest : tree dominant
height, stem volume and fertility of the area.

XVH

and VH polarization, with a high range about 5 dB
between 0 to 400 m3/ha.
The trees height derived from vertical backscattering
profiles show very good agreement with in-situ
measurements. The results are similar for both mean and
dominant tree height, for all the channels. The precision
of the derived heights ( 1.5 meter) is found to be of the
same order compared
to that of the ground
measurements.
The application of such measurements was discussed.
As already presented in other studies, it appears that the
good estimation of tree height can be used to derive
stem volume with a good accuracy. Moreover, a
parameter of interest, the fertility of an area, can be
estimated via the height. Future works will include
more ground truth sampling to study the validity of these
first results.
In parallel to this analysis, theoretical simulation using a
radiative transfer model is underway
to interpret
HUTSCA T data. On the other hand, HUTSCA T data
can be used to validate the model. Current work consists
of improving the tree structure model input data , in
particular the needle description. When validated, the
model can be used for simulation studies to determine
the validity domain of the findings, in particular at the
specifications of ERS, RADARSA T and ENVISA T.
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ABSTRACT
The paper presents a comparison between the results
obtained with various radars for a boreal forest test site
in Finland. The radars cover a wide range of
frequencies: X-band (HUTSCAT: four linear
polarizations), C-band (ERS-2 SAR: VY polarization;
HUTSCAT: four linear polarizations), L-band (JERS
SAR: HH polarization), and VHF-band (CARABAS
SAR: HH polarization). The spaceborne, airborne and
ground-based data sets were acquired between May and
September 1997, with an intensive campaign period in
June. The feasibility of the intensity information
(backscattering coefficient) at various radar frequencies
and polarizations for retrieval of major forest
parameters was determined, including stem volume, tree
height and basal area. The radar campaign was
organized by the Laboratory of Space Technology.
TEST SITE AND DATA SETS
Test Site and Ancillary Data
The radar campaign was organized by the Laboratory of
Space Technology [1]. The Tuusula test site is shown in
Fig. 1. It is located in southern Finland about 25 km
north of the Helsinki-Vantaa Airport, which was the
base for airborne operations during the campaign. The
Tuusula test site is a low-relief northern boreal forest
area, including coniferous (Norwegian spruce and Scots
pine), deciduous (birch) and mixed forest canopies,
clear-cut areas, mires, bogs, and water (lake).
Coniferous species dominate in the test site.
A detailed standwise field inventory was carried out in
the test site (509 ha, 210 stands) during the summer of
1997, providing information on forest parameters,
including stem volume, mean height, basal area, mean
diameter, species distribution, development class, tree
age, tree density, land class and soil type. The stand
boundaries were imported to GIS. The maximum and
mean value and standard deviation for the stand size,
stem volume, tree height and basal area are depicted in
Table 1. The age of most trees in the test site is below
40 years, although the oldest trees are 125 years.

Parameter
Standsize(ha)
Stemvolume(m3/ha)
Treeheight(m)
Basalarea(m2/ha)

Max.
14.l
539
29.6
57.2

Mean
2.4
166
13.5
26.3

STD
1.9
160
9.8
11.2

Table 1: Standwise maximum, mean and standard
deviation values of forest parameters in the test site.
The distribution of land-use categories is available from
a digital land-use map and topographic data from a
digital elevation model (National Land Survey).
Airborne and Spaceborne Radars
The four radar sensors used in the campaign cover a
wide frequency range, Table 2.
Sensor
ERS-2SAR
JERS-1SAR
CARABAS
HUTSCAT

Frequency
(GHz)
5.3
1.3
0.05
5.4
and9.8

Polarization

Inc. angle
(degrees)

vv

23
35
45-61
23

HH
HH
VV,HH,
VH,HV

Table 2: Technical characteristics of the radar sensors
used in the Tuusula campaign.
ERS-2 and JERS-1 satellites carry a C-band SAR and
L-band SAR, respectively. The VHF-band CARABAS
was operated in the campaign in the 26 to 80 MHz
frequency range. HUTSCAT is a non-imaging dualfrequency helicopter-borne ranging scatterometer that
measures the backscatter vs. distance at eight channels
with a range resolution of 65 cm [2]. The polarizations
and incidence angles of the radars vary as shown in
Table 2.
Satellite Data
Two ERS-2 SAR images, acquired on 1 and 17 June,
and two JERS-1 SAR images, acquired on 16 May and
29 June, were analyzed for this study.

Proceedings of the 2"'1International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
Applications, 21-23 October 1998, £STEC. Noordwijk, The Netherlands (ESASP-441,December1998)
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Fig. 1: Map of the Tuusula test site, showing the location of HUTSCAT test lines (6 km each), weather stations, soil
sample collection sites, and corner reflectors. The CARABAS image covers most of the HUTSCAT test lines,
excluding the northwestern part. The ERS-2 and JERS-1 SAR images cover the whole test site.
©National Land Survey 1997.
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conditions were stable in June, the values for all dates
are very close to each other.

Airborne Data
HUTSCAT measurements were conducted under stable
summer conditions on 6 June and 12 June along four
test lines with a total length of 25 km. In this paper,
HUTSCA T data for test lines I and 2 (length of each
line is 6 km) is discussed. Due to its ranging capability,
HUTSCAT data was processed into the following
standwise backscattering coefficient values: (a) total
backscattering coefficient, (b) canopy contribution, and
(c) ground contribution. The CARABAS flight was
performed on 30 September under early fall conditions.
One CARABAS image (4.8 km by 2.4 km) from the
flight was used for this paper. An overview of the
spaceborne and airborne data sets is given in Table 3.

Sensor
ERS-2 SAR
JERS-1
SAR
CARABAS
HUTSCAT

1 June,
17 June
16 May,
29 June
30 Sept.

Total cr0

Number of
forest stands
210

Total cr0

210

Total cr0

146

6 June,
12 June

Total cr0
Canopy d'
Ground cr0

102

Dates

Derived
quantities

Date

Air temp. (DC)
Max.
17
21
23
26
24

16May
1 June
6 June
12 June
17 June
29 June
30 Sept.

Min.
7
5
3
17
17
13
2

22
II

Soil temp. (DC)
Max.

Min.

NIA

NIA

22
30/14
33/16
25114

6
4
12
12

NIA

NIA

10

5

Table 4: Air (height 2 m) and soil (depth I cm)
temperatures in the test site during radar experiments.
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Table 3: Analyzed radar data from the campaign. The
backscattering coefficient is denoted by cr0.
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Ground Truth Data
Five automatic weather stations at locations of various
land-cover categories provided the air and soil surface
temperature, precipitation, and wind information. Soil,
branch, and moss samples were acquired for wetness
determination.
Branch orientation and canopy gap
observations were made at selected locations. The
locations for ground truth activities are shown in Fig. I.
The air and soil temperatures for each campaign date
are shown in Table 4. Weather in June was stable and
there was no precipitation for several days before each
campaign date. The maximum temperatures depend
strongly on land-cover category (warming by sun).
The volumetric soil moisture was measured by taking
soil samples and drying them. Several samples were
acquired at each ground truth station and the final value
was obtained by averaging. As shown by Fig. 2,
substantial variations occur between the results at
various ground truth stations, due to different land-cover
categories. Location 1 in Fig. 2 is a mineral soil site,
whereas 3, 5, and 6 are wet spruce mires. Since weather

Fig. 2: Average values of soil moisture (depth 0 to 15
cm) at various locations (see Fig. 1) in June.
On 30 September, the volumetric soil moisture was
measured as an average value over the 0 to 50 cm depth
range, due to the large penetration depth at VHF band.
The values in Table 5 and Fig. 2 indicate that the
relevant soil moisture on 30 September was lower than
in June, excluding station 12.
Ground truth station no.
4
5
7
8
12
13 (agricultural field)

Volumetric moisture
0.28
0.33
0.21
0.19
0.13
0.48

Table 5: Average values of soil moisture (depth 0 to 50
cm) at various locations (Fig. 1) on 30 September.
Moss, leaf, and branch samples were acquired on 6 and
12 June for gravimetric moisture determination, Fig. 3.
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HUTSCAT data from 6 June was first compared with
that for 12 June. The results are nearly identical,
obviously due to very stable weather conditions
between the two dates. Consequently, HUTSCAT data
for only 6 June is discussed in this paper.
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Fig. 3: Gravimetric moisture of moss and canopy
samples.
The results in Fig. 3 indicate that the gravimetric
moisture of both moss, leaf and branch samples is fairly
high. The difference between the values obtained on 6
and 12 June is small. This suggests that the
corresponding values for 17 June (ERS image) and 29
June (JERS image) should be close to those in Fig. 3,
because weather conditions in June were stable.
ANALYSIS METHODS
The calibrated data were geocoded on the Finnish
geographic coordinate system (YKJ) and averaged
standwise using the available stand boundaries.
The four radar sensors do no cover exactly the same
area. The image size ofERS-2 and JERS-1 SAR is large
enough to guarantee full coverage of the test site (210
stands). CARABAS covers most of the test site (146
stands), but it does not cover northwestern parts of the
HUTSCAT test lines 1 and 2 (102 stands). Since
experimentation with HUTSCAT data with a slightly
variable geographical coverage produced negligible
changes in the regression curves, the results produced
by the four sensors are compared with each other in this
paper in spite of their slightly different coverage.
The difference in radar temporal coverage should not be
a problem, because most of the radar data sets were
acquired within a month under stable summer
conditions. CARABAS data was collected under fall
conditions but, apart from the obvious soil moisture
difference, this is not considered a problem. Due to the
long wavelength at VHF-band, radar response to forest
should not depend on the growth rate of small branches
and leaves between June and September.

In order to produce physically feasible regression
curves, the semi-empirical model previously developed
at the Laboratory of Space Technology was fitted to the
data in the case of stem volume. The model is partly
based on experimental HUTSCAT data concerning
canopy and ground backscatter contributions and it was
verified at C- and X-band [3]. Examination of the
mathematical formulation of the approach vs. JERS-1
SAR data has shown that the formulation is feasible also
at L-band [4]. However, since no HUTSCAT data (or
other ranging scatterometer data) are available at Lband, physical interpretation of the coefficients in the
mathematical formulation has not been verified to be
straightforward. The semiempirical modeling approach
is used also for producing regression curves for
CARABAS data, although the model has not been
previously applied at VHF-band. As will be shown later,
the radar response to forest canopy parameters is closer
to linear behavior at VHF-band than at higher
frequencies. Consequently, no problems were
encountered when fitting the semiempirical model to
CARABAS data. Regression curves for the
backscattering coefficient as a function of tree height
and basal area were produced directly without the
semiempirical model.
HUTSCAT measures separately the backscatter
contributions from the canopy and ground. Hence,
model fitting for HUTSCAT channels was done
separately for the total backscattering coefficient,
canopy contribution and ground contribution.
Correlation coefficients between the regression curves
and standwise forest parameter values were computed
for all ERS-2, JERS-2 and CARABAS images (Table
3), and for selected HUTSCAT channels.
RESULTS AND DISCUSSION
Radar Response to Tree Species
Radar response to the stem volume for spruce, pine and
birch dominated stands, respectively, was examined by
plotting the backscattering coefficient as a function of
stem volume and by computing the corresponding
correlation coefficient using available radar channels.
The comparison is slightly handicapped by the
characteristic stem volume range of each tree species.
The results indicate that the maximum difference
between the response for spruce and birch was usually
less than 0.5 dB. Hence, the studies to be presented in
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the following sections were conducted for all stands
regardless of the dominating tree species.
Radar Response to Stem Volume
Fig. 4 depicts the standwise backscattering coefficients
as a function of stem volume based on JERS, ERS-2
and HUTSCAT data. No data points are shown due to
the presence of many data sets. The results indicate that
the curves appear in three groups: (1) the topmost group
consists of JERS results for two dates (16 May and 29
June), (2) the middle group includes ERS data and
HUTSCAT C- and X-band linearly polarized data, and
(3) the bottom group is formed by HUTSCAT C- and
X-band cross- polarized data.
The results for C- and X-band linearly polarized
channels are very close to each other and suggest that
these channels are not feasible for retrieval of stem
volume. The JERS results are slightly better but do not
provide adequate means to retrieve the stem volume
using single images. The VH polarized C- and X-band
channels show some sensitivity to the stem volume, but
the response saturates at 100 rrr'/ha.
HUTSCAT-derived results on the next page indicate
that canopy backscatter increases with increasing stem
volume, whereas ground backscatter decreases with
increasing stem volume. The two effects practically
cancel out each other, resulting in weak correlation
between the total backscattering coefficient and stem
volume at X-, C-, and even L-band linear polarization.

contrast with the results of Fig. 4 is substantial: the
dynamic range is about 12 dB instead of less than 2 dB
in Fig. 4. The CARABAS response does not saturate in
the 0 to 500 m3/ha range.
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Fig. 5: CARABAS response to stem volume.
In previous studies the ranging capability of HUTSCAT
has been found to be useful for retrieval of stem volume
[5]. HUTSCAT measures separately the backscattering
contribution of the canopy and ground. As shown in
Fig. 6, the backscattering contribution of the ground at
5.4 GHz, VV polarization, decreases practically linearly
with increasing stem volume over the 0 to 500 m3/ha
range; the dynamic range is 8 dB.
Ground Backscattering - HUTSCAT5W, 06 June 1997
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Fig. 4: Regression curves for backscattering coefficients
as a function of stem volume. Top curve: JERS-1 SAR
results for 16 May, etc. For HUTSCAT data (H),
frequency in GHz and polarization are indicated.
Fig. 5 shows the CARABAS response to the stem
volume. The size of each data point gives the size of
that individual stand (between 0.3 and 14 ha). The
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Fig. 6: HUTSCAT-derived ground contribution as a
function of stem volume, C-band, VV polarization.
The canopy contribution naturally increases with
increasing stem volume, Fig. 7. However, it saturates in
practice at around 200 m3/ha, as can be expected from
the C-band frequency. The dynamic range is about 10
dB, although its accurate determination is difficult due
to the large slope at small stem volume values.
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Canopy Backscattering- HUTSCAT 5W, 06June 1997

measure the stem volume than the two spaceborne
radars, ERS-2 SAR and JERS-1 SAR.
Radar Response to Basal Area and Tree Height
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The X-, C-, and L-band responses to the basal area are
shown in Fig. 9. Again, the responses are in three
groups: JERS-1 SAR in the top (dynamic range 2 dB),
ERS-2 SAR and HUTSCAT C- and X-band linear
polarizations in the middle (dynamic range negligible)
and HUTSCAT C- and X-band cross-polarizations in
the bottom .(dynamic range 2 dB). The CARABAS
response to the basal area is linear over the 0 to 500
m3/ha range and the dynamic range is 12 dB, Fig. 10.
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Fig. 7: HUTSCAT-derived canopy contribution as a
function of stem volume, C-band, VV polarization.
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Based on the results in Figs. 6 and 7, one could expect
to achieve a large dynamic range by subtracting the
ground contribution from the canopy contribution. Fig.
8 confirms this; the dynamic range is over 20 dB.
However, as will be pointed out later, the correlation
coefficient does not improve due to scatter in the data.
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frequency in GHz and polarization are indicated.
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Results are shown only for 5.4 GHz, VV polarization in
Figs. 6 to 8. The results for other HUTSCAT frequency
and polarization combinations were found to be very
close to those.
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Fig. 10: CARABAS response to basal area.
Our conclusion from stem volume retrieval studies is
that the two airborne sensors, CARABAS and
HUTSCAT, provide a substantially better capability to

The ranging capability of HUTSCAT provides
reasonably high values for the dynamic range as shown
in Fig. 11; 12 dB using ground contribution only, 8 dB
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using canopy contribution only, and 17 dB using the
difference
between
the
canopy
and
ground
contributions,
respectively.
However,
using
the
difference between canopy and ground contributions
does not improve the correlation coefficient, as pointed
out in the next section.

values for the correlation coefficient in spite of the
saturation at fairly low forest parameter values.
Correlation coefficient

Sensor
Stem

Tree

Basal

volume

height

area

0.030
0.083

0.030
0.000

0.029
0.061

0.462
0.537

0.398
0.398

0.458
0.518

0.830

0.796

0.771

C-VH
X-VV
X-VH

0.076
0.715
0.113
0.591

0.172
0.581
0.022
0.428

0.134
0.609
0.103
0.438

Canopy
Onlv
Hutscat
6 June
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C-VH
X-VV
X-VH
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0.894
0.896
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0.761
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-0.757
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Fig. 11: HUTSCAT response to basal area at C-band,
VV polarization, using canopy contribution only,
ground contribution only, and difference between
canopy and ground contributions.
The radar results for tree height follow fairly closely the
same trend as for stem volume and basal area and are
not presented in detail here.
Results from Correlation Analysis
Table 6 shows the results from our regression analysis
between radar data and the three forest parameters for
all ERS-2 SAR, JERS-1 SAR, CARABAS data sets,
and selected HUTSCAT data sets. The results show that
the highest correlation coefficient between the total
backscattering coefficient and stem volume is obtained
at VHF-band. Correlation at L-band is substantially
lower. C- and X-band linear polarization produces very
low correlation, whereas C-band cross-polarization
yields higher correlation than L-band linear
polarization. Even at X-band cross-polarization,
correlation is higher than at L-band linear polarization.
Use of the canopy backscatter alone gives a higher
correlation coefficient between the backscattering
coefficient and stem volume than use of the difference
between the canopy and ground backscatter, due to
increased scatter in the data in the latter case.
The results for the basal area and tree height follow the
same trend. Correlation at VHF-band is the highest,
again followed by C- and X-band cross-polarization.
Correlation at C- and X-band linear polarization is
modest. Use of the ranging capability provides adequate

Hutscat
6 June
C-VV

0.595
0.600

Table 6: Correlation coefficient (r) between standwise
backscattering coefficient and forest parameters. The
total backscattering coefficient consists of canopy and
ground contributions, which are considered for
HUTSCAT also separately, along with their difference.
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CONCLUSIONS

ACKNOWLEDGMENTS

Comparison between radar data and standwise boreal
forest parameters shows that the capability of a single
linearly polarized radar channel to provide forest
information is substantially better at VHF-band than at
L-, C-, and X-band. A cross-polarized channel at C- and
X-band is much more feasible for forest parameter
retrieval than a linearly polarized channel and provides
higher correlation than L-band linear polarization. A
ranging capability (measurement of canopy and ground
contributions
separately)
improves the correlation
coefficient at C- and X-band by an order of magnitude.

This work was funded through the EU EUFORA
project, Contract no. ENV4-CT96-0303. Three JERS-1
SAR images and two ERS-2 SAR images were obtained
through NASDA JERS InSAR AO (Pl Jan Askne) and
ERS AO (Pl Juha Hyyppa) projects, respectively.

Two relevant issues were not examined due to lack of
data: the capability of P-band radar to retrieve forest
parameters and the effect of incidence angle to the
results. Obviously the capability of radar to produce
forest information improves substantially at frequencies
below 150 MHz [6]. In the Tuusula campaign the
incidence angle effect was masked by the use of various
radar frequencies.
The best overall results were obtained by the two
airborne sensors, CARABAS and HUTSCAT. Flying a
VHF-band SAR onboard a satellite may be difficult due
to frequency allocations, ionospheric effects and image
distortion [7]. A wide band needed by a HUTSCATtype radar (300 MHz) is not available.
SAR
interferometry may soon offer a practical method to
provide information on forest canopy only. For more
conventional use, the present results suggest that a
cross-polarized channel at P- or L-band could provide
considerably better results than the present spaceborne
sensors. The feasibility of a P-band spaceborne radar is
presently under discussion [7]. The cross-polarized
channels at C- and X-band suffer from saturation of
response at fairly small stem volume values.
The results in Fig. 2 suggest that soil moisture depends
strongly on site fertility class in boreal forests and may
vary by tens of per cent within a short distance,
depending on surface type. This should be considered in
modeling of radar backscatter from boreal forests if the
model is intended to describe the backscattering
properties of individual sites (forest stands). If larger
forest areas are considered, the spatial variability of soil
moisture may in practice average out and a forest
backscattering
model employing
a constant soil
moisture level can describe the mean behavior of
backscatter. Previous investigations [4] and [8] indicate
that a model that employs a constant soil moisture
describes well the backscatter from forest units larger
than about 10 hectares in southern Finland.

REFERENCES
[l]

M. Hallikainen, J. Hyyppa, J. Koskinen, M.
Roschier, P. Ahola, EUFORA Campaign Plan,
Version 2, Helsinki University of Technology,
Laboratory of Space Technology, 22 May 1997.

[2]

M. Hallikainen, J. Hyyppa, J. Haapanen, T. Tares,
P. Ahola, J. Pulliainen, and M. Toikka, "A helicopter-borne eight-channel ranging scatterometer
for remote sensing - Part I: system description,"

IEEE Transactions on Geoscience and Remote
Sensing, Vol 31, No. 1, pp. 161- 169, 1993.
[3]

J. Pulliainen, Investigation of the back-scattering
properties of Finnish boreal forests at C- and Xband: a semi-empirical modeling approach.
Doctoral thesis, Report 19, Helsinki University of
Technology, Laboratory of Space Technology,
May 1994, 119 p.

[4]

J. Pulliainen, L. Kurvonen, M. Hallikainen,
"Multi-temporal behavior of L- and C-band SAR
observations of boreal forests," IEEE Transactions
on Geoscience and Remote Sensing, in press,
1998.

[5]

J. Hyyppa, M. Hallikainen, "Applicability
of
airborne ranging radar to forest inventory,"
Remote Sensing of Environment, Vol. 57, pp. 3957, 1996.

[6]

M. Imhoff, W. Lawrence, S. Carson, P. Johnson,
W. Holford, J. Hyer, L. May, P. Harcombe, "An
airborne low-frequency radar sensor for vegetation
biomass measurement," Digest IEEE IGARSS'98,
pp. 469-471, Seattle, WA, USA, 6-10 July 1998.

[7]

A. Ishimaru, Y. Kuga, J. Liu, "Ionospheric effects
on SAR at 100 MHz to 2 GHz," Digest IEEE
IGARSS'98, pp. 475-477, Seattle, WA, USA, 6-10
July 1998.

[8]

L. Kurvonen, J. Pulliainen, M. Hallikainen,
"Retrieval of biomass from multitemporal ERS-1
and JERS-1 SAR images in boreal forests," IEEE

Transactions on Geoscience and Remote Sensing,
in press, 1998.

333

Retrieving forest biomass from SAR data inverted by a neural network algorithm
Fabio Del Frate (

0),

(0)

Domenico Solimini(*)

ESA/ESRIN - Via Galileo Galilei, - 1-00044Frascati - Italy
tel.: +39 6 9418 0535 - delfrate@esrin.esa.it

(*) Ingegneria, DISP- Universita "Tor Vergata"
Via di Tor Vergata- 1-00133Roma- Italy
tel.: +39 6 7259 7423, fax: +39 6 72597460- solimini@disp.uniroma2.it

ABSTRACT

satellite measurements are now being more favourably
considered for forest monitoring [11]-[14].

We discuss the application of Neural Networks (NN)
to retrieve forest biomass from some available airborne multifrequency multipolarization backscattering
measurements. The intent is both to assess the expected
limits of this inversion scheme when trained with theoretical values and to understand its relevant features, from
the training phase to the pruning of the net. The obtained
results show the interesting retrieval capabilities of the
neural algorithm and how its performance can improve
when the number of units and connections is optimized.
The trend of the pruning procedure to remove connections to inputs with less information content finally yields
some useful physical insight into the net behaviour.

Retrieving forest biomass from backscattering data
has often been carried out by implementing linear and
nonlinear multiple regressions [4], [15], [6], [16], [17],
[7] or empirical algorithms which estimate primary structural variates for structural classes of forested areas [9].
An alternative approach, based on neural networks, has
been devised to retrieve environmental parameters from
radardata [18]-[22].
Neural networks algorithms (NNA) are becoming
commonly available and readily usable. Their use in remote sensing is often effective, since they can simultaneously handle both nonlinear mapping of a multidimensional input space onto the output one and complex statistical behaviour. Indeed, it has been shown that a multilayer perceptron (MLP) [23] with a single hidden layer
and nonlinear activation functions is capable of approximating any real-valued continuous function, provided a
sufficient number of units within this hidden layer exists
[24]. While a general MLP can form arbitrary mappings,
in practice, finite network size demand that only an approximation to the optimal solution can ever be achieved.
However, the neural network is, in most cases, used essentially as a black box. Usually the underlying processes
that give rise to the network behaviour are not discerned,
which means that the way of selecting the optimum set of
data channels basically relies on information provided by
theoretical models.

INTRODUCTION
In recent years, several research projects in remote
sensing have produced methods for retrieving forest
parameters from data collected by synthetic aperture
radar (SAR). This stems from the crucial importance of
forestry monitoring in facing many environmental problems, in particular for rapid damage assesment (in southern Europe forest fires destroy vast areas each year) and
disease detection (in relation to a severe acidification
stress in some regions). Moreover, on a global scale, as
they comprise 90% of the terrestrial biomass, forests play
an important role in all hydrologic, climatic and biochemical cycles [1]-[3].
Backscattering data collected by airborne (AIRSAR)
[4]-[6] and shuttle-borne (SIR-C/X-SAR) [7]-[9] multifrequency and multi-polarization SAR were mainly used
to cope with the multiplicity of environmental variables
which affect backscattering. Some attempts to exploit
single-channel satellite intensity data have also been reported [10] but, rather, multi-temporal interferometric
"This work has been partiallysupportedby AS! (Agenzia
Spazialeltaliana).

In the following we discuss the application of a NNA
to retrieve forest biomass from airborne multifrequency
multipolarization AIRSAR intensity measurements, with
the intent of both understanding the relevant features of
this inversion scheme, from the training phase to the
pruning of the net, and of assessing its expected limits.
We point out that this retrieval problem is a difficult one,
especially if one takes into account the noticeable saturation exhibited by backscattering coefficients vs. biomass,
even at lower (P-band) radar frequencies. We assume

Proceedings of the 2'"1International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data/or Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December1998)
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Figure 1: Feedforward topology for a neural net with two hidden layers. Number of units: 41; number of connections: 412.

that the backscattering coefficients at P- and L-band, hh,
vv, and hv polarizations are available for a conifer forest
with dry biomass in the range from 0.5 (clear-cut) to 200
tons/ha. A feedforward two-hidden-layerperceptron
with
six input elements and a single output is trained with the
corresponding set of suitably scaled backscattering values estimated by the Tor Vergata theoretical scattering
model for conifers, assuming a variable understory. The
model takes into consideration some relations among the
relevant tree and canopy parameters that have been recently suggested. In the training process the network is
optimized with respect to an rms (root mean square) error
criterion by using backpropagation to determine an optimal set of connection weights. A set of scaled experimental backscattering data appeared in literature is fed to the
model-trained net, whose output provides the sought-for
forest biomass.
A pruning strategy, which, acting on the initial feedforward configuration of the net, removes ineffective
units and connections, is then applied to simplify the NN
topology, with the outcome of both considerably reducing

the number of neurons (hence of computational effort)
and of slightly improving the accuracy of retrieval. The
pruning is finally exerted on the input layer: the elimination of the weakly connected neurons singles out which
frequency and polarization, in the chosen context, contain less information about the woody biomass and, correspondingly, which are the channels crucial for the success of retrieval.
NEURAL NETWORK ALGORITHM
The neural network simulator (SNNS) developed at
the University of Stuttgart (Germany) [25] has provided
the basic software for the algorithm implementation.
As far as the topology is concerned, we referred to
results obtained by [21], showing that a feedforward
configuration with two hidden layers of 18 and 16 nodes
respectively is a convenient topology for this kind of
application. Anyway, an eventual net over-dimensioning
due to this choice can be controlled by the successive
application of the pruning procedure. In Fig. 1 the used
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topology is illustrated.
Training Phase
The training of the NNA is carried out by feeding it
with pairs of vectors: the input vector contains the measurements, while the output vector contains the quantity
to be retrieved from them. In this case, the input is a set of
six a-0 values (u~h, u~v, u~v at both P- and L-band), the
output the value of the corrisponding biomass. The set
of training vectors was generated by using a vegetation
scattering model developed at Tor Vergata [26], which
includes relevant relationships among the various components of a pine forest [27]. The performance of the NNA
is related to the capability of the training sets to reproduce the actual measurements from which the sought-for
quantities will be retrieved. Hence, the effects of several
variables, including plant water status (PWC), soil moisture content (SMC) and roughness (uz), and understory
characteristics should be considered. In this study only
the effects of the latter has been taken into account: as
a consequence, it is expected that a more comprehensive
training could improve the performance of the retrieval
algorithm. The model was used to compute simulated
backscattering data at the three polarizations and the two
frequencies for 45 values of the total aboveground dry
biomass in the range 10.73 to 170.91 tons/ha and for a
forest floor with variable understory, resulting in variable
surface scattering and reflection.
With the application of this training strategy we generated an overall number of 180 patterns for the training
phase. All the values of the 6 input variables, each treated
independently, have been scaled to have the same values of mean and standard deviation over the transformed
training set.
To determine when the training phase had to be
stopped, we applied the "early stopping" procedure
[28]. The performances of the net during the training
(learning) phase were simultaneously evaluated both on
the training set and on the different and independent test
set. For the training set, the overall error in the retrieval
of the output keeps on decreasing with the training,
approaching a value of convergence.
Conversely, the
error on the test set reaches a minimum value, after
which it will start increasing if we continue the training.
At this point the learning phase has been interrupted.
Test Phase
The retrieval capability of the NNA trained by theoretical a-0 's generated by the model was tested on a set
of experimental data. The backscattering coefficients we
used were measured by the NASNJPL AIRSAR at the
P- and L-band. The data were collected in 1989 over
two forests, the Landes forest near Bordeaux, France

(on August 16) and the the Duke University forest near
Durham, NC, U.S.A., (on September 2) [5], and on May
6, 1991 over the Bonanza Creek experimental forest in
the proximity of Fairbanks, AK, U.S.A. [16]. Hence
the radar measurements from which biomass is retrieved
refer to plantations of maritime pine and to naturally
grown loblolly pine, as well as to natural forest of white
and black spruce, with eventual contamination by other
species (mainly balsam poplar, alder and birch). Most
data refer to relatively low topographic relief, with a local incidence angle in the range 35° to 50°. From the
published data, we selected 64 input-output experimental
a-0 /biomass vector pairs with the output value in the range
[0,200] tons/ha.
RESULTS
Our study aims at obtaining different results. One
focuses on the retrieval capability of the theoretically
trained neural network inversion algorithm. A second
one relates to an optimization of the algorithm by
discarding the ineffective units and connections of the
neural net obtained at this stage. Finally, pruning the
input layer offers the opportunity for an analysis of
sensitivity of the net to the components of its input
vector, hence for some physical insight in the effect of
polarization and frequency on the information content of
the radar channels.
Retrieval Results
A comparison between retrieved values (on the vertical axis) and measured values (horizontal axis) of the total aboveground dry biomass density is reported in Fig. 2.
The value of the rms error is 31.76 tons/ha, that is
about 40% of the standard deviation of the biomass test
data, which represents the rms error predictable with
a priori information. We point out that this result was
obtained using an NNA trained by a theoretical model
which was not tuned to reproduce the experimental test
data. Moreover, these latters refer to forests which,
although of prevailing conifer species, are relatively different and located in quite diverse climatic environments.
As a further comment, the NNA succeeds in the retrieval
in spite of the unavoidable mismatch existing between
the theoretical and the experimental data. In fact, even
if the measurements generally follow the behaviour
predicted by the electromagnetic model, their values
differ. The rather good generalizing capability of the net
is believed to be related to both the multi-dimensionality
of the data set (in particular, to the dependence on the
polarization of the differences between theoretical and
experimental values) and to the range of backscattering
values produced by the variable forest understory. Introducing analogous variability into the teaching patterns
by considering ranges of values of the other paramenters
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Figure 2: Retrievedtotalabovegrounddrybiomassdensityvs. groundtruthfortheconsideredsetof experimentaldata. Standarddev.
of groundtruth:73.53tons/ha;rmserrorof retrievedvalues:31.76tons/ha.
(e.g., PWC, SMC, O' z) might lead to further improvement.
Pruning Procedure
A pruning procedure consists in examining a network
to assess the relative importance of its weights and units,
and in deleting the least important. Typically, this is followed by further training of the pruned network, the procedure of pruning and training being repeated for several cycles. Clearly, there are various choices to be made
concerning how much training is applied at each stage,
what fraction of the weights is pruned and so on. In our
case, every time a weight was removed, we retrained the
new net for as many epochs as those required by the early
stopping procedure and we continued with the pruning
until we realized that new removals resulted in a significant increase of the retrieval error. The most important
consideration, however, is how to decide which weights
should be removed. To do this we need some measure of
the relative importance, or saliency, of different weights.
The results that will be shown have been obtained by applying the simple concept that small weights are less important than large weights, and using the magnitude of
a weight as a measure of its importance. In Fig. 3 we
schematically report the retrieval rms error as function of
the pruning stage.
The diagram indicates that the removal of the first connections does not affect significantly the retrieval error.
In a second phase the value of the error on average in-

creases even though we have the presence of considerable
secondary minima. In the final phase the retrieval performance of the pruned net seriously degrades. The pruning procedure has been interrupted in the second phase,
when the strongest minimum has been reached. At this
point the rms error is slightly greater (3%) than its initial
value but we have remarkably simplified the net as about
75% of the connections have been removed. Moreover,
reinitializing and retraining the new net allows to reach a
value of the rms error which is lower than that obtained
with the net before the pruning procedure.
So the pruned net owns three advantages. Its structure
is much simpler, which would be very convenient for
hardware realization. Its generalization capacity is
strengthened. Finally, it reduces the computation effort
since requires a shorter training time. In Fig. 4 we show
the net configuration as modified by the pruning procedure while some figures which suggest the advantages of
the pruned net with respect to the initial net are reported
in Table 1.
Analysis of Sensitivity to Input Channels
In the attempt to examine the sensitivity of the NNA
performance to the input channels we prolonged the pruning procedure until 5 of the 6 components of the input
vector were removed (we remind that an input or hidden
unit is removed when it has lost all its connections). The
result of this analysis is synthetically reported in Table 2,
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Table 1: Netparametersbeforeandafterthepruning
I
Parameter
I Before Pr. I After Pr. I
Num. Hidden Units I
34
I 24
Num. Connections I
412
I 98
rms error [tons/ha] I 31.76 I 31.48

where the order of elimination of the input units is reported. It is interesting to note that the reasoning of the
neural network follows the electromagnetic reality. Indeed, from the electromagnetic model we know that the
sensitivity of the cross polarized backscatter to biomass
is higher then that of the co-polarized ones. Also, we
know that P-band is more sensitive to the characteristics
of the forest floor than L-band, thus introducing more
noise in the tree biomass retrieval process. We see that
the net makes its own these effects, so that the algorithm
first eliminates the co-polar channels and then the P-band
cross polarized backscatter, finally leaving the only crosspolarized L-band, which contains relatively more information on the tree biomass.
CONCLUSIONS
The results of this study indicate that a neural network
trained with data generated by an electromagnetic model
is able to retrieve with an acceptable accuracy forests
biomass from measurements of co-polar and cross-polar
backscattering coefficients at both P- and L-band. Several
cases with different forest floor characteristics have been

Table 2: Orderof removalof theinputcomponentsby applying
thepruningalgorithm
Removal Order I Band I Polarization

L
2
3
4
5

p

L
p
p

vv
vv
HH
HH
HV

used to train the NNA obtaining a global rms retrieval error on the test set of 31.76 tons/ha, i.e., about 40% of the
considered biomass standard deviation. It is worth noting
that this error value was obtained in spite of the fact that
the training theoretical model was not purposely tuned to
reproduce the experimental data, and that measurements
taken over diverse conifer forest were considered.
We tried also to optimize the structural complexity of
the NN, expressed by the number of the adaptative parameters (units and connections). This was pursued by
means of a pruning procedure which yielded several advantages. The pruned new net was simpler, thus needing
less time to be trained, and more precise in the retrieval,
hence with improved generalization properties. This implies that the removed units and connections were either
ineffective or too much tailored to the training set.
A last step of our study consisted in a sensitivity analysis of the NNA performance to its inputs, that is to
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the information carried by each
found that the net classifies the
in agreement with the theoretical
the electromagnetic model. For

radar channel. It was
amount of information
indications provided by
istance, the L-band vv

channel would be the first to be eliminated and the Lband hv the last one.
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ABSTRACT
The goal of this study is to measure rain induced forest
canopy wetness. The approach used is ERS tandem
mission C-band SAR backscatter change detection between successive dry and rainy days. The observed
backscatter change is positively related with modelled
canopy wetness change. It is therefore concluded that
short time change detection is an useful method. To
improve the reliability of the method, it is recommended to analyse more datasets.
INTRODUCTION
The water fluxes between the atmosphere and the
earth's surface are precipitation and evaporation.
Vegetation intercepts precipitation which can evaporate
without reaching the ground. This part is called the
interception loss and accounts for approximately 20 %
of the net evaporation above the global land area [1].
For temperate forests this is typical 25-40 % [2]. Interception and vegetation wetness are therefore important
terms in soil vegetation atmosphere transfer schemes.
Regional and global scale models using these schemes
have typical gridcell resolutions of 100 km [3] while the
length scale of the diurnal rainfall and evaporation is 5
m - 50 km [4]. Different approaches account for this
subgrid heterogeneity problem [5, 6, 7], but none of
these approaches is validated as large-scale interception
measurements do not exist. The goal of this study is
therefore to measure large-scale interception of forests.
The potential of remote sensing and particular
SAR remote sensing to gain a large-scale view of the
influence of precipitation events is demonstrated repeatedly [8, 9]. We concentrate on C-band SAR as this
configuration is widely available and it appears to be
sensitive to free water. Weimann et al [1O] report a
strong increment of the C-band backscatter of bare soil
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due to dew. Various other investigators report an increment of C-band backscatter due to wet forests [11, 12,
13, 14]. Dobson et al [15] found a C-band backscatter
increase of 2-3 dB for a forest after a precipitation
event.
The approach tested in this study is backscatter
change detection between two C-band SAR measurements of successive dry and rainy days. Because the
time between the radar measurements is short, one day,
it can be assumed that the forest geometry and the forest
soil moisture changed little. As a wet forest canopy can
dry fast, within hours, the forest canopy wetness might
be changed considerably. Moreover, model calculations
indicate that a wet canopy attenuates the forest soil's
backscatter almost completely [16]. The hypothesis is
therefore that backscatter change is related to vegetation
wetness change. This hypothesis is tested by comparing
the backscatter change of ERS tandem mission images
with modelled vegetation wetness change over a forested region. The wetness model uses some area averaged input data, and therefore the approach is also
tested for three small forest stands with known detailed
input data. We start with a description of the wetness
model and the data.
WETNESS MODEL
The amount of water stored in the forest canopy S is
calculated with:

OS= P-R-Ev

(1)

a

where P the precipitation flux, Ev the evaporation flux
from the wet canopy and R the run off flux from the
canopy. Run off only occurs if S exceeds the maximum
storage capacity Smax· Following Deardorff [17] the
evaporation flux is calculated as:

=( S

E
v

S

)?j

E

(2)

max

This study was sponsored by the Space Research Organisation Netherlands. The ERS tandem images were
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ESA/ESRIN for using the SAR ToolBox.

where E is the potential evaporation, which is calculated
with the Penman-Monteith formula with zero canopy
resistance [18].
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DATA
The test region is the Veluwe, ± 400 km2 mixed forest
on sandy soil in the centre of the Netherlands. The SAR
images used were at 6 & 7 September 1995 and 25 &
26 May 1996 acquired by the ERSl (first day) and
ERS2 (second day) during the descending pass at 10.30
UTM (12.30 local summer time). The small test sites
are summed in table 1. These forest stands were
equipped with meteorological towers. The Loobos stand
is located within the Veluwe region, the Fleditebos and
the Bankenbos are located at respectively 10 and 70 km
from the Veluwe. The wetness of these forest stands is
tested against the mentioned images and against SAR
images of 29 & 30 August 1995 and 3 & 4 October
1995. These additional images were acquired by the
ERS 1 and ERS2 during the descending pass at 21.40
UTM (23.40 local summer time).

be constant over the area. Measurements of Smax in the
Veluwe vary between 0.5 [24] and 2.5 mm [25]. The
influence of Smax is analysed by using the values 0.5,
1.5 and 2.5 mm. The model time step is 15 minutes,
starting at 00.00 UTM before the first satellite overpass.
For the three forest stands the forest wetness is modelled with locally measured meteorological parameters.
The local maximum storage capacity is calculated by
[23] on basis of [26] resulting in growing season averaged values. The model time step was 5 minutes, starting a week before the first satellite overpass.
At the Loobos forest stand within this Veluwe
region the dielectric constant was measured at 2 points
at 3 cm depth, converted to volumetric soil moisture
content and averaged. This value is used as an indication of the top layer soil moisture change within the
region.

Table 1:forest stands with detailed information
Forest
Fleditebos
Loobos
Bankenbos

Soil
Clay
Sand
Loam

Vegetation
Poplar
Scots Pine
Larch

7

Smax (mm)
0.40
0.62
0.73

ERS SAR PRI images covering the Veluwe region are processed as follows. The backscatter coefficient cr0 is derived without taking account of ADC saturation effects with the SAR Toolbox, based on [19]. The
images were georeferenced to Dutch new coordinates,
averaged to 1 x 1 km grid and converted to dB's. The
pixels with a subgrid fraction forest smaller then 75 %
or a subgrid fraction water greater then 5 % are with use
of a GIS database [20] excluded from the analysis. Rain
can also cause false backscatter changes as it attenuates
C-band backscatter with a few percents [21]. Rain was
detected at 4 - 5.5 km heights during the satellite overpass. Assuming a look angle of 23° and a shower height
of 5 km, this rain can distort the radar signal till 2 km
around the shower. Pixels with rain and 2 km around
the shower are therefore also excluded from the analysis. After these thresholds 45 pixels of 1 km2 each remained. For the three forest stands, the backscatter
coefficients were calculated and averaged over the
manually digitised forest stands(± 200 nr').
The wetness model is used as follows. For the
Veluwe region, the canopy wetness is modelled on a 1 x
1 km grid. The precipitation rates originate from the
Royal Dutch Meteorological Organisation's rain radar.
The potential evaporation is assumed to be constant
over the entire area and estimated by the averaged potential evaporation rate calculated from data originating
from parameters measured in the three forest stands of
table 1. The measurement equipment is described in
[22, 23]. The maximum storage capacity is assumed to
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potential evaporation rate (mm.hrl) and vegetation
wetness (mm) over the Veluwe region in September
(top) and May (bottom). The satellite overpasses were
on both successive days at 10.30 hr.
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RESULT
,.....

The canopy wetness of the Veluwe region modelled
with Smax 1.5 mm is shown in fig. 1. In September, the
night before the first satellite overpass at 10.30 am was
mainly dry (averaged storage 0.1 mm). It rained intensely during the afternoon of the first day, but a large
fraction of the intercepted rain is already evaporated
before the second satellite overpass. During the second
satellite overpass, drizzle passed the Veluwe, so vegetation is partly wetted again. The averaged storage is 0.5
mm. In May, it rained all night before the first satellite
overpass resulting in an averaged vegetation wetness of
1.1 mm. The second day was dry with a high evaporation rate resulting in an almost dry vegetation (0.2 mm
storage).
The relation between the wetness change modelled with different maximum storage values and the
backscatter change for the Veluwe region are shown in
fig. 2. A positive value means a higher backscatter, or a
wetter canopy on the first day, and a negative value the
inverse. The canopy storage change axis scatter is
caused by spatial variations in precipitation, estimated
from rainfall radar measurements. The maximum storage capacity value influences the wetness change
strongly. A low value results in an almost dry canopy
during the first satellite overpass in May and the second
satellite overpass in September, and therefore a low
Smax causes small wetness changes. A large Smax
causes more rain accumulation and larger wetness differences. The backscatter change is, as expected, in
September mainly negative, on average -0.15 dB, and in
May positive, on average + 1.0 dB.
For the three small forest stands, the backscatter
change could be related with canopy storage change for
only seven events (fig. 3), as the ERS images did not
cover all forest stands (3 times) or the meteorological
tower's equipment failed on the observed day (2 times).
Fig. 3 shows the same positive relation between the
backscatter change and the vegetation wetness change
as the regional results, with exception of two points
(Bankenbos and Loobos) which have zero wetness
change. For these two points the modelled canopy wetness was zero, although it rained the evening before the
first satellite overpass of the Bankenbos at 12.30 local
time, and the wetness model calculated dew shortly
after the first satellite overpass of the Loobos at 23.40
local time.
At the Loobos site within the Veluwe, the top
layer soil moisture changed between the satellite overpasses in September from 15.5 to 15.6 %, and in May
from 20.5 % to 21.1 %. The (open) descending Loobos
point in fig. 3 originates from May. Soil moisture increased from 14.9 % to 15 % for the ascending Loobos
point of fig. 3.
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DISCUSSION

AND CONCLUSION

We observed a positive relation between the backscatter
change and the modelled canopy storage change. The
reliability of this relation is discussed below. Special
attention is paid on the question whether this relation is
caused by forest wetness change or soil moisture
change.
For the Veluwe region, the September backscatter change show a poor correlation with the modelled
wetness change, especially with large Smax· The wet-

ness model calculations were initialised at 00.00 UTM,
while all three local test site meteorological towers
measured in the afternoon before this point of time a
heavy shower. This shower might result in a forest wetness underestimation during the first satellite overpass,
and due to this uncertainty, the September data are for
the moment excluded from further discussion on the
reliability of the ERS measurements of forest wetness.
As can be seen in fig. 2, the modelled wetness of
the regional May data depends strongly on the value of
the maximum storage capacity. The modelled wetness
changes for Smax 0.5 mm are unsatisfactorily small.
This can have two causes: (1) the maximum storage
capacity is underestimated, or (2) the evaporation flux is
overestimated. Because the cause is not clear, the regional May wetness change must be regarded as indicative. The results of the three forest stands with known
detailed information are in agreement with the regional
May results, with exception of two points (Loobos and
Bankenbos, see fig. 3), which have zero canopy storage.
Despite the more detailed input data, this might also be
caused by model uncertainties. Underestimation of the
dew forming process is a known shortcoming of the
wetness model used. For the Loobos site, the wetness
model calculated dew only a few hours after the first
nightly satellite overpass. In reality, dew may have
started earlier and therefore the Loobos point positive
backscatter change might have been caused by dew
induced canopy wetness. The Bankenbos point originates from September, when it rained the afternoon
before the first satellite overpass. The wetness model
calculated a dry canopy at the moment of overpass,
however the canopy might still be wet. This is because
the maximum storage capacity of September, at the end
of the growing season, is expected to be larger than the
growing season averaged value used. Additional, the
nightly evaporation might be overestimated. These
model uncertainties imply that even for the forest stands
with detailed information the modelled wetness changes
must be regarded as indicative.
Precipitation influences canopy wetness as well
as soil wetness. An evaluation is made from the relative
contribution of the soil and canopy wetness on the satellite observations. Soil moisture was measured at 3 cm

depth at the Loobos site within the Veluwe. From all
observations this top layer soil moisture changed most
in May, with 0.6 %. It was a rainy period in May and so
the soil moisture gradient will be near equilibrium. It
can therefore be assumed that the measured soil moisture change is indicative for the soil moisture change
over the whole penetration depth of the C-band SAR.
The measured soil moisture change was in the order of
1 % and this change can not explain a backscatter
change in the order of 1 dB, especially not as one takes
in mind the strong attenuation of a wet forest canopy.
The observed backscatter change over the Veluwe region in May, + 1 dB, is in agreement with our
preceding theoretical model study [16]: a backscatter
change of +1.1 dB was calculated by using Karam's
model [27] with comparable wetness parameters. So
the observed sensitivity is similar as the theoretical
sensitivity, and therefore the method can probably be
quantified.
It is concluded that C-band backscatter change
detection between successive dry and rainy days is a
good approach to estimate canopy wetness change of
forests. To improve the reliability of the method, it is
recommended to analyse more datasets. As the modelled wetness is very sensitive to the value of the maximum storage capacity, it is recommended to measure
the forest wetness directly in future research.
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ABSTRACT

s(a0)= c' xb"

The seasonal variation of intensities in SAR images is
typically higher on agricultural fields than in forests.
Therefore multitemporal use of SAR data enables the
distinction of fields and forests [ 1, 2). Single SAR
images are not as easy to use for forest mapping,
although at certain times of the season the intensities of
the fields and forests are clearly different. Due to the
speckle direct classification is usually not succesful.
Moreover, the modest resolution of ERS SAR makes
reliable forest detection even more difficult [2].
Recently a method for distinguishing boreal forests and
open land areas using single ERS images has been
developed [3].
For boreal forests an unsupervised classification method
utilizing Landsat TM data has been used in several
contexts lately [4, 5). The method is based on clusters
labeled using their reflectance values. The ERS SAR
single image forest/nonforest classification results are
compared in this paper with the Landsat TM
classification results in two test sites in Southern
Finland.

SAR CLASSIFICATION METHOD
The backscattering coefficient of natural targets depends
on the distance, over which it is determined, because the
geometrical parameters of the targets are not distance
independent constants [3]. The relationship of cr° and
the distance is close to Brownian, so that
(l)

where c' and b' are constant parameters. Then the
standard deviation of the backscattering coefficient
S( a0) is [3]

c"

xb",

(2)

where c" is a constant parameter and b" = b', This
indicates that the logarithm of the standard deviation of
the backscattering coefficient is linearly dependent on
the logarithm of the distance over which it is
determined.
Values for the parameters c" and b" are estimated by
regressing the logarithm of the standard deviation of cr°
to the logarithm of the distance within which the
standard deviation is calculated [3]. In principle one
should study the variation of a0 in all directions from
the pixel in question. However, to save time this is in
practice carried out for each pixel only vertically and
horizontally within a rectangular block of 11x11 pixels.
The standard deviation of cr° is averaged for all
horizontal and vertical alternatives of equal length
(Fig. l) according to the following equation

(s(a

0))

Although the number of the images tested is small, the
obtained results are promising. The detailed Landsat
TM class information explains well the change of the
SAR classification during the growth season. The
specific Landsat TM classes behaved differently also in
the SAR classification. Both test sites produced
essentially similar results.
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(3)
where n;+l is the number of the pixels in the length for
which the standard deviation is determined, n is the
number of pixels per row (and column) and k and l refer
to horizontal and vertical averaging. Thus one obtains a
set of pairs (Iogt»), log(<S(cr°);>)), for which the linear
regression is determined. The constant term c" and the
coefficient of the linear term b" of the regression are the
tools used for classification. The processing steps of the
classification method are:
l)

For each pixel of the SAR image to be classified,
values of the parameters c" and b" are determined.

2)

The threshold value for c " distinguishing forested
land from not forested land is obtained using
known test areas and histograms of c ".
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according to their approximate biomass content to make
the actual labelling of the clusters easier.
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---

} Each row
Each row
Each row
~

1i-

Each row
Each row

Fig. 1. The various lengths used for determination of the
average standard deviation of the backscattering
coefficient as a function of distance within a block.
Only horizontal alternatives are shown, but vertical
alternatives are chosen similarly. The c" and b" values
are determined for the centre pixel using all the various
lenghts.
3)

Pixels having c" above threshold are nominated
forest and pixels with smaller values are nominated
non-forest.

The greylevel image of c" is thresholded by studying its
distribution in known forested and field areas. The c"
value at which the number of forest pixels exceeds the
number of field pixels is used as the threshold. Smaller
values correspond to non-forest and larger to forest.
When the classification was tested using the land use
map of Tuusula, more than 75 % of the forest was
correctly classified, whereas about 70 % of the fields
were correctly classified at the beginning of June and
mostly incorrectly classified after that [3].
LANDSAT TM CLASSIFICATION

METHOD

An unsupervised
approach [4] was used in the
classification of the Landsat TM data. In the applied
automatic classification
procedure, a sub sample,
representing homogeneous ground targets, is selected
from the image. The clustering is performed to this sub
sample, and just in the final phase each pixel of the
image is classified using the spectral statistics of the
formed clusters. The clusters are automatically sorted

Prior to the clustering, the Landsat images were
calibrated into reflectance values using the calibration
coefficients of the sensor and 6S atmospheric correction
[6]. The clustering in both test sites were carried out in
three steps. In the first step the calibrated images were
clustered using 20 clusters without masking. In the
second step the clusters representing water bodies,
clouds and cloud shadows were used to mask the
images. Masking was performed to ensure that the final
clustering procedure should include pixels from land
targets as much as possible. In the third step the final
clustering was carried out using the masked, calibrated
TM images. In the final clustering 20 clusters were
used.
In the FMERS project this classification method turned
out to produce a 85 % overall classification accuracy
(Kappa coefficient value 0.70) in a general forest cover
classification. The forest nomenclature by the FAO was
followed and the number of the final classes was three:
(forest, temporarily
unstocked
land, and other).
However, it has to be kept in mind that these values are
based in the test area, where more than 80% of land was
forested and about 90% of the non-forested area was
water. [5].
EXPERIMENTAL

DATA SETS

The ERS SAR data set consisted of four images from
Tuusula, Southern Finland and three images from
Lappeenranta, South Eastern Finland. The Tuusula data
set covered one summer, whereas the Lappeenranta data
set consisted of winter, summer and autumn images.
The Landsat TM image of Tuusula was of the same time
as the SAR images, whereas the Lappeenranta TM
image was three years younger than the corresponding
SAR data (Table 1).
The SAR images of Tuusula were rectified to a pixel
size of 12.5 m using a digital terrain model having a
resolution of 25 m. The SAR images of Lappeenranta
were rectified without a DTM to a pixel size of 12.5 m
or 25 m. A land use map from 1994 was available in
Tuusula for verification of the SAR classification [3].
Suitable upto date ground truth for that purpose did not
exist in Lappeenranta.
In Lappeenranta the Landsat TM clusters were labelled
mainly using data derived from near infrared aerial
photographs and ground data. The ground data were
collected along transects in the test site [5]. Transect
data included information on land cover classes and
main species. Three classes, 1) forest, 2) non forest, and
3) young stands including temporarily unstocked areas,
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Table

l. The ERS SAR and Landsat

TM images used.

Image

Region

Date

Size

ERSSAR
,,
,,

Tuusula, (60°27'30"E, 25°00'N)
,,

June I, 1997
June 12, 1997
June 17, 1997
September 30, 1997
September 26, 1993
February 13, 1994
June 14, 1994
July 1, 1997
August 29, 1997

20kmx 20 km

- - -

- -

,,
,,

Lappeenranta, (61°05'E, 28°10'N)
"

,,

"

Landsat TM
,,

Tuusula, (60°27'30"E, 25°00')
Lappeenranta, (60°27'30"E, 25°00')

"

,,
,,
62 km x 60km
- -

16 kmx 12 km
50 km x 50 km
108 km x 88 km

Pixel
size
12.5 m
,,
,,
,,
-"
"

25 m
20m
"

Comments
Ascending pass
Descending pass
Ascending pass
Ascending pass
Descending pass
Descending pass
Ascending pass
6S atmospheric correction
,,

(fields etc.), whereas in Lappeenranta most of the land
area is forest covered. The test site Lappeenranta was
chosen instead of the original test site Ruokolahti of the
FMERS project [5], because in Ruokolahti about 90 %
of the land area was forested. The northern part of the
Lappeenranta test site overlaps the southern part of the
Ruokolahti test site, and there are more open land areas
in the southern part of the Lappeenranta test site. Thus
the Lappeenranta test site should suit better for
forest/nonforest classification, but the validity of the
Landsat TM classification algorithm should be there
practically as good as at the Ruokolahti test site.
However, some additional classes, such as turf
production areas, exist in the Lappeenranta test site, so

were used to describe the land cover. Furthermore four
classes, 1) coniferous, 2) brodleaved, 3) mixed, and 4)
no information (for non forest and young stands), were
used to describe the main species [5]. Because all the
clusters were not covered by the the transect data base
or aerial photographs, maps in scale 1:20 000 were
used as ancillary data in the labelling.
In test site Tuusula digital aerial photographs and base
maps in scale 1:20 000 were used in the Landsat TM
cluster labelling. In addition, reflectance values of the
Lappeenranta data set clusters also guided the labeling.
The main difference of Tuusula and Lappeenranta test
sites is, that in Tuusula about half of the land is open

Table 2. Landsat TM land classes and corresponding mean reflectance values of the test sites.

13
14
15
16

Lanneenranta test site
Label
Spruce forest
Spruce forest
Pine forest
Spruce forest
Birch and spruce forest
Birch and spruce forest, also plantation
with offshoots
Pine forest, for example ditched marsh
Field
Clear cutting, also built
Field, also clear cutting
Clear cutting, also field
Open marsh, for example turf
production
Clear cutting, also field and marsh
Field
Built, also field and marsh
Field

17

Cloud

21.602

18
19
20

Cloud
Cloud
Cloud

27.011
25.634
29.357

Class
1
2
3
4
5
6
7
8
9
10
II
12

Reflectance(%)
11.726
14.572
18.04
14.877
21.312
25.626

Tuusula
Label
Spruce forest
Spruce forest
Spruce forest
Mixed forest
Pine forest
Deciduous forest

Reflectance(%)
13.461
15.305
17.525
20.789
14.419
25.475

15.269
36.941
18.18
28.347
22.802
11.924

Field
Field
Pine forest, ditched marsh
Field
Pine forest, marsh
Field

30.02
33.952
14.322
38.873
17.672
26.492

17.328
25.066
17.952
20.864

Built, mixed, small roads, houses
Field, mixed, field and forest
Field, presumably turnip rape
Open land with vegetation, roads,
also built
Open land with vegetation, roads,
also built
Built, large roads, no vegetation
Built, open land with vegetation
Built, open land with vegetation

22.022
29.689
45.641
16.989
24.169
16.637
31.936
22.644

350

that the clusters of Lappeenranta are not complitely
identical with those of Ruokolahti (Table 2).
Because Tuusula is more south than Lappeenranta, there
are also small patches of deciduous forests, which are
not common in Finland. Also other differences exist
between the two areas, so that the labelling of the
clusters in Tuusula could not be made identical to that
of Lappeenranta.
In conclusion, the verification of the SAR classification
algorithm has been carried out in Tuusula [3] and the
Landsat
TM classification
has been tested in
Lappeenranta
[5]. An intercomparison
ot the
classification methods was carried out in both Tuusula
and Lappeenranta.
RESULTS
parameters c" and b" are shown for
Tuusula in Figs. 2 and 3 and for Lappeenranta in Figs. 5
and 6. The respective Landsat TM classification results
are shown in Figs. 4 and 7.
The calculated

Fig. 4. The land use classification for Tuusula region
calculated from Landsat TM image of July l, 1997. The
deep green colours indicate forest, yellow fields, blue
water, red buildings and lilac other man-made
constructions on land. Light green and light brown refer
to the more mixed classes.

In this study the threshold for c" was determined using
as ground truth the Tuusula Landsat TM classification
result. The SAR image used for threshold determination
was that of June 12 from Tuusula. The reason for
preferring this to the image of June 1 is, that normally in
southern Finland the birch leaves are not yet fully
developed at the beginning of June. As in Tuusula area
there were mixed and even deciduous forests, and birch
is by far the most common deciduous tree species in
Finland, the use of June 1 image might have caused an

additional error to the forest class. On the other hand the
spring up starts in the fields early in June, so that
evidently using June 17 would already have caused lot
of errors in determining the fields. The forest
classification threshold value for c" was fixed at the
value, where the frequencies of forest classes and of all
open land classes are equal (Fig. 8).

Fig. 2. The parameter c" calculated for Tuusula test site
from the ERS SAR image of June 1, 1997.

Fig. 3. The parameter b" calculated for Tuusula test site
from the ERS SAR image of June l, 1997.

~..--._.
[O

....
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Fig. 3. The parameter c" calculated for Lappeenranta
test site from the ERS SAR image of February 13,
1994. The large dark area is a turf production site. The
long bright curve is a frozen canal used for winter
shipping.
Using the detailed class information of the Landsat TM
classification it was also possible to determine a lower
threshold where the frequency of the pure field classes
equals that of the forest classes. However, this did not

'----~--

---------F~--~·•

Fig. 6. The parameter b" calculated for Lappeenranta
test site from the ERS SAR image of February I3, I994.

much improve the field classification and so the upper
limit was chosen. Probably some fields have been
covered with the previous years vegetation, so that they
resembled quite much the more mixed open land areas.
The parameter c" is related to the existence of
vegetation and its rms height and volume. This is
obvious in Fig. 9, where the change with time of
parameter c" is evident in the fields and the deciduous
forests. As the reflectance values correspond to the
beginning of July, the high reflectance values are related
to the vegetation in the fields, especially for the turnip
rape, which is probably in bloom already. The SAR
data, however shows the change of the targets during
the beginning of the growth season. The fields start
from bare soil and in June 17, some fields have already

-Forest
2500
>o 2000
u
c
! 1500

r

IL

1000

-

All open lard

-

Onlyfields

-

Open vegetated
land ard
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500

Fig. 7. The land use classification for Lappeenranta
region calculated from Landsat TM image of August 29,
1997. The deep green colours indicate forest, yellow
fields, blue water, red buildings and light yellow a turf
production area. Various shadesof brown indicate the
mixed clear cutting sites.

0

0.05

0.1

c"

Fig. 4. The c" value distribution for forests and various
open land targets for Tuusula, June 12ERS SAR image.
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Fig. 5. The parameter c" of three days vs. one day near infrared reflectance at Tuusula test site. The parameters c" have
not been histogram matched. so that the intensity level change caused by weather is included. June 1 and 17 are evening
images, June 12 is midday image.
a marked amount of vegetation, such as turnip rape.
But part of the fields are still at the beginning of their
growth curve. Understandably the coniferous forests
remain almost unchanged. although they produce new
needles at this time.
The classification results for Tuusula are shown for
each class in Table 3. The Lappeenranta results are
given in Table 4. The mixed classes (open land,
vegetation, roads, houses etc.) typically were classified
equally often to forest as to nonforest, which is what
one would expect. In Lappeenranta test site it is
obvious that the clear cuttings tend to go to the forest
class.
The overall percentage of correctly classified forests
was in Tuusula 65 % - 76 % and in Lappeenranta 69%
- 78%. The overall percentage of correctly classified
fields and other open land was in Tuusula at the

beginning about 65 % and dropped then during the
growth season. The corresponding percentage was in
Lappeenranta about 63 % both in winter and at the
beginning of summer. The autumn image of
Lappeenranta turned out to correspond to very wet
weather conditions, so that the contrast in the image
was extremely small and open areas, such as the turf
production site, were brighter than forests. However,
the autumn image would probably have not produced
any good classification results, because of the season
(Table 3).
The image having double pixel size had to be
thresholded separately, and it did not give quite as
good classification results as the others, which was not
surprising. The way c" is defined in (2) shows, that c"
depends on the interpixel distance used. In principle b"
is independent of the pixel size, but due to the speckle
it may in practice slightly vary with the pixel size.
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Table 3. The percentage
nonforest by N.
Class

of correctly

classified

land use types for the Tuusula

Label

June I
N

I Spruce forest
2 Spruce forest
3 Spruce forest
4 Mixed forest
5 Pine forest
6 Deciduous forest
7 Field
8 Field
9 Pine forest, ditched marsh
10 Field
11 Pine forest, marsh
12 Field
13 Built, mixed, small roads, houses
14 Field, mixed, field and forest
15 Field, presumably turnip rape
16 Open land with vegetation, roads, also built
17 Open land with vegetation, roads, also built
18 Built, large roads, no vegetation
19 Built, open land with vegetation
20 Built, open land with vegetation
If b" did not depend on the pixel size used, c" could be
scaled automatically as it is related to rb, where r is the
ratio of the two pixel sizes. Now, unfortunately, precise
scaling is not possible, and c" values corresponding to
different pixel sizes should not be compared directly.
The speckle and modest resolution of ERS SAR
images reduce also the usefulness of b ", but in some
cases it can be used as an additional classification
parameter.

June 17

June 12
N

F

30
28
29
31
30
46
65
71
30
79
35
56
47
56
85
40
51
43
86
57

data set. Forest class is indicated

68
71
70
67
69
52
34
28
69
21
64
43
51
43
14
59
48
55
14
42

N

F

13
16
19
25
16
45
66
72
20
77
26
58
43
65
80
34
57
43
43
55

September
N

F

22
20
20
22
21
29
29
41
22
38
25
25
32
44
28
29
39
33
71
42

86
83
80
74
83
54
33
27
79
22
73
41
55
34
19
65
42
56
56
44

by F and

77
78
79
77
78
70
70
58
77
61
74
74
66
55
71
70
60
66
28
57

30

F

21
21
22
24
21
23
22
22
20
22
21
24
23
29
18
22
26
24
36
28

78
78
77
75
77
75
76
77
79
77
78
75
76
71
81
77
72
75
63
71

DISCUSSION
The SAR classification method presented here can be
used also for other radar data, such as JERS SAR and
CARABAS[7]. As the method uses only single images,
it is crucially dependent on weather conditions. Since
the largest change of backscatter in the fields occurs
during growth season, this classification method should
be used outside it. Thus the best time would be from
winter to early summer. In very wet conditions the

Table 4. The percentage of correctly classified land use types for the Lappeenranta data set. Forest class is indicated by
F and nonforest by N.
Class

Label
I Spruce forest
2 Spruce forest
4 Spruce forest
3 Pine forest
7 Pine forest, for example ditched marsh
5 Birch and spruce forest
6 Birch and spruce forest, also plantation with offshoots
8 Field
14 Field
16 Field
12 Open marsh, for example turf production
10 Field, also clear cutting
13 Clear cutting, also field and marsh
II Clear cutting, also field
9 Clear cutting, also built

February 13
N
F

34
19
19
19
25
21
26
63
59
67
83
43
45
42
33

June 14
N

66
81
81
81
75
79
74
37
41
33
17
57
55
58
67

F

36
26
29
30
31
34
38
63
64
63
44
51
43
46
36

64
74
71
70
69
66
62
37
36
37
56
49
57
54
64
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backscattered intensity of fields may exceed that of
forests, hence this method requires dry conditions. In
winter one would prefer night time (early morning)
images, because at boreal latitudes the temperature is
seldom above freezing level at winter time. On the
other hand in summer the afternoon would most
reliably provide dry surface, unless it rains. So far the
SAR images in boreal latitudes are typically scheduled
to mornings and evenings.
The speckle deteriorates this ERS SAR classification
method to some extent. Therefore an improvement in
resolution would improve also the classification result.
Especially the parameter b" would be more useful, if

the resolution were better [7].
Since the classification algorithm used is based on
calculations within a block, here 11 x 11 pixels, the
resolution of the SAR image also limits the size of
detectable features, depending on the intensity contrast.
Coarser pixel size leads into a larger number of
misclassified pixels and the speckle enhances this
effect. The main advantage of using ERS SAR images
for forest mapping instead of Landsat TM is the
markedly wider time range for suitable imagery.
Especially in winter nights the rise of unsuitable
weather conditions is very small for SAR imagery.
Another evident benefit of microwaves is the
possibility to observe the same test site frequently.
Then naturally the normal multitemporal approach is
also possible. A third use for the SAR classification
algorithm would be in combination with a Landsat TM
image, for example filling up cloudy patches, so that
also medium quality Landsat images would be useful.
CONCLUSIONS
The boreal forest/nonforest discrimination using single
ERS SAR images turned out to work well for the both
test sites in Southern Finland. For the images used here
it was possible to define the threshold for c" from one
image and use it for the other images. In Lappeenranta
this was carried out by histogram matching. The
examples shown here are positive, but in order to
estimate the true potential of this method, larger data
sets are needed.
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ABSTRACT
A regional map of burned forest at 60 meters resolution
has been processed from ERS data.
A classification done over the Borneo island shows that
ATSR hot spots are spatially highly correlated with the
local increase of SAR coherence (i.e., deforested areas)
all over the studied zone [I].
An original method base on low resolution optical and
high resolution micro-wave instruments has been developed and applied to the overall Borneo island.
The ERS interferometry unique capacity together with
an appropriate hot spots frequent detection capacity
allowed an accurate determination of the burned surfaces: 588 000 ha out of 21 760 000 ha analysed.

uncontrolled fires. The impacts on population were multiple. First, direct damages on agriculture, forestry but as
well on inhabited areas devastated by these fires, second,
a significant amount of trace gas and aerosols were
released into the atmosphere with important effects on
the human health and industrial activities (i.e., air traffic
disturbed, schools closed...). An evaluation of the extension of burned areas is needed) not only to assess direct
damages (for civil security and agriculture), but also to
estimate the amount of aerosol released and its impacts
on climate.
For these reasons, the goal of this project is to establish a
high resolution map of burned forest in Borneo.
DATAUSED
First assessment

INTRODUCTION
Every year in Indonesia, fires starting in July are stopped
in September with the beginning of the wet season [2].
But last year, a particularly intense dryness associated
with the absence of the monsoon has engendered an
untypical fire event due probably to El Nino. A large part
of the South of Kalimantan forest was destroyed by these

Instrument

Satellite

Because they embark complementary instruments, the
ERS satellites were of particular interest [Table I].
The ERS-2 Along-Track Scanning Radiometer (ATSR2) 3.7 µm sensor saturates at 312 Kelvin allowing active
fires identification [3].

Data Type

Acquisition

Retrieval
Parameter

Resolution

ATSR
Along Track Scanning Radiometer

ERS-2

Saturated pixels in the 3.7
micrometers channel
acquired by night (i.e., hot
spots)

Systematic monitoring between the
high resolution
SAR acquisitions

Active fires of
sub-pixel size

lkm

SAR
Synthetic Aperture Radar

ERS-1 &
ERS-2

Value of phase coherence

Before and after
the fire event

Burned surfaces

60m

Table 1: Data used

Active fires derived from ATSR imagery acquired during
the fire season were collected and mapped in order to
locate a test site (i.e., where there is a maximum of hot
spots and whose images used for illustration below are
issued).

In the other hand, an high resolution imaging system was
required to estimate precisely the extension of burned
areas. The presence of smoke clouds excluded optical
sensors utilisation. Recent studies show that interfero-
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metric ERS SAR tandem data, in particular phase coherence, can provide precise forest information which was
not the case of the C-band intensity alone [4].
Over forest areas the backscattered signal is dispersed in
multiple directions as a result of the volume backscattering [5] that takes place over this kind of surfaces. As a
consequence of this volume backscattering and also of
the leaves' motion, the correlation between two (complex) SAR images acquired at different times over a forest is usually low. On the contrary, over burned forest (or
deforested areas), volume backscattering is replaced by a
surface backscattering, which allows a much better correlation (or coherence) between the two SAR images.
This correlation is enhanced when the two images are
acquired I day apart (ERS Tandem Mission).

Therefore a single ERS SAR Tandem coherence image
allows the discrimination between forest and deforested
areas and the combination of appropriately timed multiple tandem coherence images piloted by ATSR hot spots
distribution should allow the monitoring of the deforestation evolution.

This processor, essentially used to assess the quality and
the potential of the ERS InSAR data, is able to generate
intermediate images. It was used in order to produce an
Interferometric Land Use (ILU) product (i.e., co-registered image of coherence on the red channel, intensities
average on the green channel and intensities difference
on the blue channel) at 50 meters of resolution [Figures
2 & 3].

Fig. 2: Interferometric Land Use image from ERS SAR
tandem data of 29/30 April 1996

Processing
This study has been limited to the Borneo Island due to
the amount of necessary data.
SAR
For each track, two interferometric Tandem pairs have
been used. One was acquired before the fire event and
the other after it. From each tandem pair, the coherence
images were generated with an Interferometric Quick
Look (IQL) Processor [Fig. I] [6].
RAW ERS-1 SAR data

RAW ERS-2 SAR data

IQL Processor

Fig I: SAR Processing

Fig. 3: Interferometric Land Use image from ERS SAR
tandem data of 617October 1997
An amount of 56 SAR passes were necessary to cover
the Borneo island (i.e., 14 tandem before the fire event,
and the same number after), that represents about 6
Gbytes of data.
Most part of the tandem data used were acquired in April
and May 1996 and in September and October 1997. But
several tracks were not acquired just after the fires and
their acquisition have been requested for 1998.
ATSR
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RAW ATSR data

From active fires detected from the date of the first SAR
acquisition used to the last one, an ATSR hot spots layer
(i.e., hot spots which are arbitrary represented by white
square of 1 km square) was generated for each track in
order to overlay the tandem pair.

SADIST Processor

ATSRGBT

Post-Processing ESRIN

ATSRHSLF

Fig. 4: ATSR Processing
All available ATSR data from April 1996 (i.e., the date
of the first SAR acquisition used) to October 1998 (i.e.,
the last one) have been calibrated and geo-located using
the SADIST processor [Fig. 4] and a post-processing
developed at ESRIN [Boungiorno et al.] was used in
order to get back active fires location [Fig. 5].

Fig. 6: Geo-located ERS SAR ILU image of 617 October
1997co-registered to ATSR hot spots
After a co-registration and geo-location of SAR tandem
coherence and active fires layers [Fig. 6], a selection of
AOis (Areas Of Interest or samples) is done over forest
which has not burned (absence of hot spots, low cohere
ence before, low coherence after), and over probably
burned forest (high density of hot spots, low coherence
before, high coherence after) [Fig. 7].
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Fig. 5: Monthly map of active fires detected by ATSR for
the main fire period of 1997 (August to November) on
Borneo & Sumatra, Indonesia

METHOD OF CLASSIFICATION
When comparing the ILU images acquired before [Fig.
2] and after [Fig. 3] the fire event, clear changes appear
in the coherence channels (red component): several areas
of the image show an increase of the coherence (i.e.,
more red areas) after the fire event. This indicates a
strong land cover change, most likely a deforestation
caused by the fires.

/"

~

, •••_,, lrf,.. ~

/

Fig. 7: AOis (samples) selection
Fig. 8 is the coherogram derived from AOls selected in
South of Kalimantan whose a little part of the images
used is shown Fig. 2,3 and 6. It represents coherence values (in April 1996 and in October 1997) of pixels
belonging to the selected samples. Two different coherence clusters are completely discriminated.
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Fig. 8: Coherogram of selected samples

From thresholds determined manually on the
coherogram, the classification is performed.
RESULTS
The resulting classification is shown on Figure 9. Red
areas are burned forests, green areas represent forest that
has not changed between 1996 and 1997, and black areas
are not classified. Figure 6 shows the ATSR hot spots
(yellow) overlaying the classification.

Fig. I0: Classification overlaid by active fires (yellow
spots).
We can see that there is a high degree of correlation
between the presence of ATSR hot spots detected during
the fires events and the increase of SAR coherence in
particular in the North East part of the image can be seen
on Fig. IO.
Fig. 11 is the map generated with all available classified
tracks over Borneo.
From the four classified tracks (21 470 000 ha analysed)
the burned forest cover 588 000 Ha.
DISCUSSION
For the example selected here (Fig. 2, 3, 6,9 and 10), we
have to notice that the coherence for the same forest
sample has globally decreased due to the baseline
increase between the two tandem acquisitions. As we
want to emphasize areas where coherence has increased,
it has not been necessary to take baseline effect into consideration.

Fig. 9: Resulting classification. In red appear burned forest when green areas represent forest.

Some areas were classified as burned forest but no ATSR
hot spots were detected meanwhile. This effect might
have several causes.
Deforestation which may be caused by forest clearing for infrastructure (draining canals for the I Mio
Ha regional rice project): the red line structure on
the Fig. 9&10.
Non Forest surfaces behaving as deforested areas on
a coherence point of view:
- wetlands (visible meander in the South
West of the Fig. 9& 10might be assimilated
to wetland area due to its form)
- rice fields (red area located in the center
of the Fig. 9&10 in the center of a black
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area, is presumptively rice fields example,
because of its location - close to a river -).
Both types (wetland and paddies) were seen as incoherent in April 1996 because flooded. However during dryness event (case of the fire event of October 1997), these
surfaces appear coherent as their surface is essentially
bare soil. We remove ambiguities by using complementary SAR PRI images.

The work describes above has been done on four SAR
tandem couples (Fig. 12) and the complete mosaic
should be soon available. Furthermore the validation
with in situ data is in course in coordination with the
JRC TREES project [7 & 8) and a comparison with the

results of CRIPS work (i.e., with quick look SPOT data)
[9] show the same burned surfaces distribution, but significant differences in areas that we have identified as
wetlands.
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ACRONYMS
Fig. 12: Status of the mosaic on Borneo

ATSR

Along-Track Scanning Radiometer

ERS

ESA Remote Sensing Satellite

GBT

Gridded Brightness Temperature

HSLF

Hot Spots Location Files

ILU

Interferometric Land Use

IQL

Interferometric Quick Look

PRI

PRecise Image

SAR

Synthetic Aperture Radar
Table 2: Acronyms
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ABSTRACT
Deterioration of forests in the Sudety Mountains has
been extensively monitored and investigated since 1982.
Different sources of information have been used
including aerial photographs and satellite images
acquired in visible and infrared ranges of
electromagnetic spectrum. The incorporation of SAR
intensity images into the analysis could be an advantage,
especially when the visible and infrared images are
unattainable due to unfavourable weather conditions.
The possibility of discriminating different forest
categories could be checked only after the removal of
geometric and radiometric distortions inherent in SAR
images. A method of fast and precise SAR image
rectification to Polish topographic maps was elaborated.
Radiometric correction was applied taking the detailed
shape of illuminated area into account. Dependence of
the corrected and calibrated signal on the local incidence
angle for chosen land cover forms was investigated.
Comparing the unsupervised classification results with
the classification of TM Landsat images reveals the
possibility of distinguishing the main classes of the
deteriorating forest.
INTRODUCTION
Since 1982 Remote Sensing Centre of Poland has been
involved in the assessment of environment status in the
Sudety Mountains [l]. Various methods have been
applied to evaluate forest condition in the Izerskie
Range, which is one of the highest parts of the Sudety
Mountains.
A series of satellite images acquired by Landsat MSS
and TM as well as SPOT, were collected from this area
and carefully analysed. In the course of the studies it
was found that in order to do reliable analysis of forest
decline on the basis of satellite data, it was necessary to
utilise a lot of collateral information, derived from many
sources: aerial photographs, inventory description of
stands, results of ground checking of satellite
classification as well as topographic maps and digital

terrain model (DTM). Landsat Thematic Mapper images
were recognised as the most useful satellite data for
forest monitoring because of the middle-infrared band,
which proved to be the best frequency for detecting
changes in the vegetation. Unfortunately, these images
could· not be acquired as frequently as needed due to
unfavourable weather conditions in the area. That is why
radar images were considered an important auxiliary
source of information.
The first PRI products from ERS-1 satellite collected in
1992/93 could not have been adequately included in the
analysis because of severe distortions inherent in radar
images of a mountainous terrain. The aim of this paper
is to present methods used for removing relief influence
from SAR images and for their further preparation
towards thematic interpretation.
STUDY AREA
Study area (19 km x 23 km) centred at about 50°50'N
latitude and 15°30'E longitude, covers the western part
of the Sudety Mountains along the Polish - Czech
frontier. The Izerskie Mountains constitute the main part
of this site. Its topographic features including flattened
summits are typical for an ancient massif. The elevation
within the area varies from 240 m to 1120 m. Two
distinguishable ranges span in W-E direction along the
river valley, where the steepest slopes (> 20°) occur.
Initial and weakly developed rocky soils dominant in
this area are associated with peaty soils with periodic
water excess at the top.
In the past the Izerskie M. were mainly covered by
forest. Spruce stands prevailing in the whole area were
weakened by increasing air pollution and became prone
to diseases and insects. Eventually forest degradation
was so severe that it was considered an ecological
disaster. Intensive logging left large open areas which
are at present covered by vegetation of varying height
and density. Afforestation is slow due to the
unfavourable climate marked by high rainfall and short
vegetation period. Although air pollution in this area has
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been significantly reduced recently, the deforestation
process is still observed.

purpose was tested on images for which ground-to-slant
range polynomial coefficients were specified.

THE DATASET

Radiometric correction was based on calculation of the
ground area which contributed to a single image pixel.

Four ERS-1 PRI images acquired from September 1992
till April 1993 during descending passes were analysed.
All these images were processed by UK PAF.
Unfortunately the header data for them are incomplete,
e.g. there is no information concerning ground-to-slant
range transformation.
Moreover,
some parameters
crucial to geocoding are supplied with low precision.
Therefore ERS-2 PRI image acquired on 22 September
1996 was added to the analysis in order to check the
validity of the developed geocoding procedure. Satellite
ephemeris data were taken from the ERS Precise Orbit
products.
Meteorological
data
accompanying
the
image
acquisitions (precipitation and temperature) from three
meteorological stations in the area, were also taken into
account. A digital elevation model was generated from
the topographic maps in 1:50000 scale. Its vertical
resolution is equal to 10 m. DEM data were resampled
to the image pixel. DEM refers to geodetic datum 1942
used in Poland, which is based on Krassovsky ellipsoid.
GEOCODING AND FILTERING
An algorithm for fast and precise geocoding and
radiometric correction of ERS PRI images was
developed following the principles described in [2].
Geometrically corrected images were presented in
Gauss-Kruger map projection used in Poland. To enable
accurate transformation from local datum to global
reference system WGS84, GPS measurements were used
as a reference. It was found that four reference points
were enough to define the appropriate correction terms
for transformation to the global system and to ensure the
required accuracy.

The corrected intensity /' was calculated according to
the following formula:
/'=/.sin(

<p,)·cos(<p.)I sin(23°)

(I)

where <p, and <i>aare the local incidence angles in
Doppler and azimuth planes respectively and I is the
raw image intensity. The resulting intensity refers to an
incidence angle of 23°. For small incidence angles (less
than 12°) the detailed shape of the illuminated area was
considered. The formula (1) was superseded by an
algorithm based on the slant range analysis. Only the
areas, for which the 'slant range falls within the
appropriate limits were summed up to give rise to the
effective pixel.
SAR amplitude images presented in Fig. 1, Fig.2 and
Fig.3 refer to consecutive processing stages.
Comparison of these images with a map presenting four
general classes of land cover in the study area (Fig. 4)
confirms the meaningful improvement of interpretability
introduced by geometric and radiometric corrections.
Several secondary products for radiometric correction
were generated. The most important are the local
incidence angle map and the layover mask showing
image regions which should not be used for further
interpretation.
Speckle reduction was achieved by applying Gamma
Map filter in 9x9 processing window.
CLASSIFICATION

Geometric precision within one pixel was achieved.
Simulated images used for selection of the ground
control points were based not only on the local
incidence angle data but also on the incorporated shapes
of the main land cover forms. For that purpose CORINE
land cover map [3] of the area was resampled to the raw
image space. Especially in places with moderate terrain
distortions forest edges proved to be very useful for
GCP identification.

Classification was performed in order to check the
possibility of distinguishing various forms of
deteriorating forest from less severely damaged tree
stands. At first, the dependence of the radiometrically
corrected and calibrated backscattering coefficient on
local incidence angle was investigated for various land
cover forms in the study area. Identification of the main
land cover forms was based on the CORINE map.
Values of cr° for a given land form, representing various
local incidence angles were averaged within 2° intervals.

Geocoding of the images taken in 1992/93 required
some additional effort in establishing the correct relation
between the slant and the ground ranges. According to
the definition of an image coordinate system [4], precise
location of the central image line on a reference
ellipsoid was calculated. The algorithm prepared for that

Unfortunately, only one image (24-09-1992) was
acquired during a dry period. As for the other
acquisitions moisture significantly influenced the
scattering process and the signal intensity. It was
confirmed that angular behaviour of the backscattering
coefficient for forests (deciduous and coniferous) may
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Fig. l: Uncorrected ERS-1 PRI image of the study area.

Fig.2: ERS-1 image after geometric correction.

•
•

agriculture
deforestation

Otorest
Durban

area

Fig.3: ERS-1 amplitude image after geometric and
radiometric correction.

Fig.4: The main land cover classes for the study area
obtained as a result of CORINE data base
generalisation.

be described as proportional to cosine of the local
incidence angle as it was also observed by other authors
(5]. di for deforestation areas shows much stronger
dependence on the incidence angle and moisture than in
the forested areas. Only the areas corresponding to the
incidence angle greater than 12° should be taken into
account during classification. On the steeper slopes
facing the radar beam various land forms have similar
backscattering coefficient values.

•
•

clear-cuts (with bare soil);
openings (some decaying trees and sparse
vegetation);
• vegetated openings (old deforestation already
covered with grass, shrubs and regeneration).
Test fields representing these classes were also localised
on aerial photographs taken in September of 1994.
Backscattering coefficient for several test fields was
analysed in order to support unsupervised classification.

On the CORINE land cover map the deforested area is
presented as homogeneous but actually it is non
uniform. As a result of a more detailed analysis based on
Landsat TM images, at least three classes were
distinguished [1]:

Unsupervised classification based on ISODATA
algorithm was carried out with 30 different clusters for
multitemporal composition. Aggregation of clusters
partially supported by the spectral characteristics
obtained during the analysis of test fields allowed to
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distinguish vegetation of different height and density
that corresponds to various states of the damaged forest.
Varying moisture conditions during the acquisitions
helped to differentiate the areas with sparse vegetation
and bare soil. The following
categories
were
distinguished:
1. forest with dense canopy closure
2. forest with loose canopy closure
3. heavily impaired or dying stands
4. shrubs
5. openings with sparse vegetation
6. deforestation with bare soil.
The accuracy of this classification was checked against
the land cover map based on a Landsat TM image
interpretation. 77% of forest presented on the map was
recognised as forest with dense or loose canopy closure,
20% was ascribed to the class of heavily impaired and
dying trees and 3% was almost equally distributed
among
non-forest
classes.
Full
assessment
of
classification results needs further investigation referring
to the aerial photographs
and other sources of
information concerning the study area.
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INTRODUCTION
Radar remote sensing has become an increasingly
important tool for observations of forest ecosystems.
Current available spaceborne SAR data have been
used in several programmes to observe tropical,
temperate and boreal forests. In recent years the use
of multitemporal images has led to the biggest
advances in the field. ERS multitemporal intensity
and Tandem data have shown sensitivity to
discrimination of decideous/coniferous species
(scatterers: leaves and twigs), burned and logged
areas, land use classes, freeze/thaw effects, forest
height under some conditions and biomass
estimation up to 50 t/ha. JERS multitemporal
intensity and repeat-pass interferometry analyses
have demonstrated the complimentary information
content of L-band data with respect to forest type
discrimination (scatterers: branches) and more
contrast for forest/non-forest identification.
The project SIBERIA merges the advantages of
operational SAR satellites by analysing dualfrequency composites and interferometric products.
SIBERIA will demonstrate the feasibility of radar
remote sensing technology for large-scale vegetation
mapping and will combine and refine state-of-the-art
technology and techniques. Where interferometric
coherence allows, high quality digital elevation
models will be generated.
BACKGROUND
Russia's boreal forests are a natural resource of
global importance, both economically and
ecologically. These forest areas host 21-22% of the
world's growing stock and contain 11% of the
world's live forest biomass. The boreal forests of
central and western Siberia represent the largest
unbroken tracts of forest on Earth and are listed as
"Last Frontier Forests" by the World Resources
Institute. Forest maps covering Russia are today
only available at a scale of I: 2.5 Mio, with the latest
issue from 1990. For about I00 million hectares,
there are only data from rough surveys carried out

during the period 1948-1956. Due to numerous
large-scale disturbances, both natural and humaninduced, the actual state of vast territories is
unknown.
PROJECT SCOPE
To use multitemporal ERS, ERS Tandem and JERS
data to develop a methodology and produce a forest
map of central Siberia (89-I I I East, 52-60 North)
which will serve
I) the development of sustainable management
policies,
I) Siberia's socio-economic development,
2) climate change research.
SIBERIA DELIVERABLES
The three prime deliverables of the SIBERIA project
comprise:
• A map: covering an area of 2 million square
kilometres of the taiga forests of Eastern Siberia
indicating the spatal distribution of boreal
forests of different types and biomass densities.
• A large database: containing not only the forest
classification used to produce the map but also
the remotely sensed data from which the
classification was derived.
• A proven methodology: for building up a multisatellite data set and using the assembled
remotely sensed data in a sophisticated way to
derive a reference forestry map over a
significant part of the Earth's surface.
DLR RECEIVING STATION IN
ULAANBAATAR, MONGOLIA
In support of national and international scientific
research programmes on global environmental
monitoring, the German Remote Sensing Data
Center (DFD) of the Deutsches Zentrum fur Luftund Raumfahrt (DLR) operates a network of ground
stations to receive data from remote sensing
satellites such as ERS, JERS, IRS, Landsat, Radarsat
and NOAA TIROS-N. In an unprecedented fast
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effort, DLR has deployed a Mobile Receiving
Station in Mongolia in August 97 to enable a unique
acquisition scenario of ERS Tandem and JERS-1
data in fall 97 and spring 98.

Station Management: Dr. K.-D. Reiniger
Operation concept: campaigns, multi-mission
capability
Satellites: ERS 112,JERS- I, Landsat 5, Radarsat
Reflector size: 4 m
Reception band: X-band
Pedestal: Elevation/Azimuth
System Gain/Femperature: 29.5 dB/K Tracking:
program Time Reference: GPS
Recording: DDA Processing: D-PAF, DLR-DFD
Data Access: DLR ISIS
SPACE DATA
1) ERS-1/2-Tandem Data: 35-day Tandem cycle in
September/October I997
2) multitemporal ERS-2 data: May - August 1998
3) JERS-1 scenes (partly multitemporal): within
framework of Global Boreal Forest Mapping
(GBFM) acquisition spring 1997 to August
1998
4) SPOT Vegetation
5) NOAA AVHRR
FOREST INFORMATION
The classification and estimation of forest variables
in the SAR data will be supported by Reference Data
collected and compiled from different information
sources such as:
•
•
•
•
•

•
•
•

Forest maps with stand descriptions (I :I0.000
to I : 50.000).
Aerial photos, with scales ranging from I :
17.000 to I : 25.000.
Sample plots measured in the field.
Landscape and soil maps.
Aggregated data by landforms of different
scales generated by IIASA, to control the upscaling procedure.
Russian forest map at scale I : 2.5 Mio.
Siberian forest map at scale I : I.0 Mio.
Forest maps from separate regions at scale
I00.000 to I : 300.000.

The ground truth information is part of a Russian
Forest GIS, which has been developed since 1991 at
IIASA, SIBERIA's main customer, in cooperation
with Russian institutions. The Ust-Illimsk forestry
enterprise is located in the Irkusk Oblast. The
forested area totals to 362800 ha and is divided into
I5223 forest compartments. The SIBERIA team
works with compartment information containing
site, harvest and forest layer descriptions. The
customer needs comprise volume class distribution,
harvest and fire monitoring, transportation
infrastructure, forest age, species composition.

Ground truth and classification verification is being
performed using stratified systematic unaligned
sampling.
FIRST SIBERIA COLOR-COMPOSITE
The illustrated area in Fig. I belongs to the transition
zone between the West-Siberian Plains and the
Central Siberian Plateau. The upper right corner of
the scene is located at 60 degrees North and 90
degrees East at the confluence of the river Kas
(meandering diagonally through the image) into the
river Yenesei (visible at the top right edge). The area
is part of the International Biosphere-Geosphere
Northern Eurasia Study Transect (IGBP NES)
stretching along the Yenesei river from 50 To 75
degrees latitude.
The /GBP-NES Transect
The Northern Eurasia region is characterised by a
strong temperature gradient from North to South.
This is the major determinant of the general biome
structure, resulting in a differentiation of vegetation
which is more diverse than in either Europe or North
America. IGBP NES is built around four primary
goals: to predict the direct effects of global change
on
I.) the carbon cycle and other important elements;
2.) the land-atmosphere exchange of water and
energy;
3.) the composition and structure of the Tundra and
boreal ecosystems;
4.) to determine the interaction of direct humandriven land-use change.
IGBP NES consists of an integrated set of
experimental and observational studies at a variety
of scales, modelling and aggregation activities, and
the development of supporting databases and GIS
systems. SIBERIA includes the first permanent
measurement station with meteorological and xylem
flux measurement stations at 90 degrees East and 60
degrees North.
Image Information (Amplitude)
The ERS frame covers an area of I00 km x I00 km,
the co-registered JERS- I frame 80 km x 80 km. The
JERS- I image is displayed in red, the ERS-1
intensity in green, and ERS-1/-2 Tandem coherence
is shown in blue. The Tandem data were acquired on
October 4 and 5, 1997, JERS-1 on July 12, 1997.
The below image interpretation will be verified in
the course of the SIBERIA project by ground truth
collected through the Russian forestry departments.
A diverse vegetation pattern is visible due to the
image location at the transition of the West-Siberian
Taiga (spruce-pine forests) to the Siberian Taiga
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(mainly larch forests). The white/light-blue areas are
bogs with grass, moss and dwarf trees. The black
spots are lakes. The main part of the image is
covered by forest, dominated by pine and cedar

tPinus sylvestris, Pinus Sibirica) which is displayed
in bright orange/yellow colours. Southeast of the
river Kas a large area covered by birch and beech
forest (Betula ssp., Carpinus betulus) is visible in
darker, green-purple colours. Northwest of the river
Kas a different type of vegetation cover is
discernible in bright red and purple (caused by very
low ERS-1, high JERS-1 backscatter values, and
varying coherence). This area is indicated on the
I:2.5 Mio. forest map again as pine and cedar
comparable to the land-cover of the reliefed parts of
the image. Obviously, the map information has to be
corrected using the radar satellite images.
Image Information (Coherence)
Blue or bluish colours indicate areas where the
coherence map adds additional information.
Coherence is a measure of the structural changes of
the landcover between the 24 hour difference of the
Tandem image acquisition (e.g. caused by influence
of wind on the main scatterers - in the case of ERS
C-band twigs and branches of a forest canopy). In
the forested areas of the reliefed terrain on the lower
central part of the image (outside the JERS-1
overlay), several blue patches can be seen because of
higher coherence versus an overall low amplitude.
These regions of higher coherence can be interpreted
as vegetated, but non- or sparsely forested terrain,
indicating possible fire or logging locations with regrowth. In the upper right corner of the JERS-1
image overlay, another blue area can be seen. The
colour composmon results from low ERS-1
backscatter, high Tandem coherence and low JERS1 signals (compared to high L-band values from the
surrounding forested areas in bright orange). Since
JERS-1 L-band images have been used to
discriminate between forest/non-forest classes
(based on high versus low backscatter), the decrease
of L-band amplitude in areas of high ERS-1/2
coherence confirms the interpretation for unforested
sites.
INTERFEROMETRIC PROCESSING AND
PRODUCTS
For the SIBERIA project, up to 180 ERS Tandem
pairs will be processed at DLR-DFD to
interferometric products. Input to the processing
scheme is the ESA standard product SLC-image.
Processing comprises the registration, filtering,
interferogram and amplitude image generation as
well as coherence estimation indicating the degree of
backscattering
similarities
between
both
acquisitions. In case of high coherence and the
availability of ground control points, further
processing to a digital elevation model (DEM), slope
maps and orthorectified SAR amplitude images is

performed. The DEM is used to generate the Global
Incidence Mask (GIM), which is necessary during
calibration to ensure radiometric correction for the
local incidence angle. If coherence is low, DEM
derivation is impossible. In this case, the SAR
amplitude image and the coherence map are
ellipsoid corrected. Incidence angle correction
during the calibration procedure can then only be
performed based on the ellipsoid and not local
topography.
lnterferogram (Fig. 2)
Both interferometric images Fig. 2 and 3 show the
same area as the large IGBP colour composite (Fig.
I). Although the coherence is low (0.4) in the
forested areas with stronger relief in the lower right
corner, fringes could be retrieved and show the
dendritic pattern of various small river channels. The
sharp topographic boarder between the WestSiberian Plain and the Central Plateau, crossing the
image diagonally, is clearly depicted.
Absolute Phase Image (Fig. 3)
The unwrapped phase information represents almost
the Digital Elevation Model. Corrections for the
Earth's curvature and geo-coding with pass-points
using topographic maps are necessary for the final
DEM generation. Until this last step is being
performed, the phase image supports the image
interpretation of the amplitude and coherence
images by giving insight into the geographic
context. The boarders of the river Kas floodplain, for
example, aid to delineate the riparian vegetation
extent; comparable altitudes in the mountainous
region can indicate elevation-dependent vegetation
types.
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ABSTRACT
The complex permittivity was measured in the range
1-10 GHz at various locations - leaves, trunks and
branches, including inside the bark and wood - of
two conifers and a deciduous tree, using an accurate
open-ended coaxial probe reflectometry technique. The
anisotropy of the dielectric properties of the wood was
measured by applying the probe along orthogonal stem
directions. This paper discusses some of the results.
INTRODUCTION
In forest microwave remote-sensing applications, the
complex permittivity is a physical parameter of growing interest. Experiments to examine relations between
dielectric properties and water status of individual trees
are reported in, for example, [I], [2]. In [3], SAR data
are quantitatively inverted for the complex permittivity
of a forest's crown layer, from which information on
the canopy water status is extracted. This requires appropriate forest models and efficient inversion techniques
and hence the collection of reliable complex permittivity
ground truth data. In this paper, we present complex permittivity measurements for 3 single trees: a 5.0-m high
caucasian fir, a I.9-m high spruce and a 5-m high birch.
The conifers were measured in June 1996 in the frame
of polarimetric scattering and imaging experiments conducted in the European Microwave Signature Laboratory
(EMSL) in order to validate tree scattering models and
imaging algorithms [4], [5]. Here, we highlight some of
these results, which are reported in more detail elsewhere
[61. The birch was measured in June 1998 as a test case
for deciduous trees.
The dielectric properties of a living tree depend on its
water status, which in turn varies with species, micro climatic conditions and soil water availability, and which
is subject to diurnal and seasonal changes [7]. Wood
tissue is furthermore inhomogeneous and its structure
causes the dielectric properties to be anisotropic [8]. In
this paper, we have devoted attention to measuring the
anisotropy of the complex permittivity. Let us assume,
and omit, the time dependence exp(jwt) and let us denote the relative complex permittivity, f = t' - j/, along

the three orthogonal stem directions by Ell for the longitudinal (L) or grain direction, by ER for the direction radially (R) to the growth rings and by ET for the direction
tangentially (T) to the rings, see Fig. 1. For timber, several authors have observed that the longitudinal component Ell is always higher than the transverse components
ER ::::::ET ~ Ej_, and that the distinction between the latter
is negligible compared to the difference with the former
[8], [9]. Our measurements of trunk and branch wood in
the range I- I 0 GHz yielded values of Ell which are 1.5 to
four times as high as those of E J_.
MEASUREMENT

METHOD AND SAMPLE
DESCRIPTION

We have used an open-ended coaxial probe which was
connected via a flexible cable to a vector network analyzer (VNA). The measurements were made in a destructive way, i.e. trunk segments and branches were removed
from the tree, but care was taken to measure the samples
within minutes after removal. Each time, we tried to select or prepare a smooth sample surface in order to ensure
a good contact with the probe tip. Errors resulting from
dubious contact conditions were reduced by repeating
each measurement three times and accepting the results
only if the standard deviation was sufficiently small. For
the conifers, we employed a coaxial probe with an Outer
Diameter (OD) of 3.6 mm, and we interrupted the contact
between the 3 successive measurements. For the birch,
we used a smaller 2.2 mm OD probe since this wood was
harder, making it more difficult to realize a good contact. Here, we did not interrupt the contact between the 3
measurements. All measurements were made in stepped
frequency mode in the range 1-10 GHz. at 51 or 101 frequency points. In order to derive the complex permittivity from the measured reflection coefficient. we have
employed an accurate admittance model for the probe
tip, as proposed in [I0], [ 11]. With this model, satisfactory results are obtained for the dielectric constant and
loss factor in the ranges ( 1-80) and (0-80) respectively,
in the frequency range 1-20 GHz (resp. 2-35 GHz) when
the 3.6 mm (resp. 2.2 mm) OD probe is used. During
the measurements, the method was checked from time to
time on known liquids.
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Fig. 1: Orthogonal stem directions, probe orientations
and corresponding permittivity components.

Fig. 2: Measurement of a branch.

For measuring the anisotropy of the complex permittivity, we oriented the probe long the orthogonal stem directions (Fig. 1). At the probe tip, the TEM electric field
is directed radially, if we assume that the axial component
can be neglected. Thus, with the probe oriented along the
grain, the field has components along both the R and T

directions of the wood, and a mean value fRT or also e.i.
is measured. Similarly, with the probe oriented along the
Rand T directions, mean values fTL = (ET + f£)/2
and fRL = (ER+ EL)/2 are measured. The longitudinal
component can thus be obtained from
(1)
Measurements were made on trunk and branch segments, sawed from different heights in the trees. For each
segment, the probe was first oriented along Land applied
against the sawing surface at different distances r from
the trunk center, yielding eJ_ ( r). Measurements with the
probe oriented along R were made across the bark layer
and xylem at various depths into the wood by pealing
off layers of tissue with a sharp cutting tool, yielding
fr L( r) (Fig. 2). Inside the xylem of the (smaller) conifer
branches, fRL was measured instead of crt., and only
at the branch center by splitting the segment in halves;
this was done at the bottom, middle and top locations
of the branch. New and first year needles from different heights in the conifers were measured by clamping
several dozens together in a bundle, the end of which was
cut to yield a smooth measurement surface, see Fig. 3.
RESULTS AND DISCUSSION
Results at 5.5 GHz for a trunk segment of the fir and
for a branch segment of the birch are presented on Fig. 4.
The trunk segment of the fir was sawed at approximately
1.3 m height above ground and its diameter was 80 mm.
The branch segment of the birch was taken at about 2 m

Fig. 3: Measurement of needles in clamp.
above ground and its diameter was 56 mm. Measurements are indicated as a function of distance to the pith.
Squares represent f_i and triangles are used for er L. Each
data point is the mean value of three subsequent measurements and the standard deviation is given by an error bar.
For the xylem, both e.i. and fTL were measured while for
the bark layer, only fTL was measured since this layer
was too thin to correctly measure fJ_. Due to the small
probe diameters used, the measured phenomena are localized and the results fluctuate with the probe position.
The highest values occur in the phloem layer and especially at its interior surface (cambium), for example at
33 mm from the pith for the birch branch segment. In
the xylem, values are lower and vary according to early
and late wood layers and small heterogeneities. Spatial
averages, lrL, of the fTL measurements in the phloem,
respectively the xylem are indicated in solid lines, while
spatial averages, EJ_, of the e.i. measurements in the xylem
are indicated with dashes. An overview of averages for
all trees is given in Table I. We derived averages, l11, of
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those for the spruce are averages for one branch. These
branches had diameters ranging from 3 to 20 mm.

the longitudinal components in the xylem by introducing
£n and fJ_ into (1). They are indicated with dotted lines
in Fig. 4. As expected, €11is higher than fl_. The ratios
1; ;1~ and£;~/€~ range from 1.7 for the spruce over 2.1
for the birch to three for the fir (Table I). It furthermore
appears from Fig. 4 that the birch xylem data tend to decrease towards the pith. This is not the case with the fir.
One thus might prefer to represent the birch data by linear least squares fittings rather than by constant average
values. The frequency dependence of fJ_ and lrL is illustrated on Fig. 5 for the branch segment of the birch. The
trend is an almost linear decrease of about 25% for E and
a slight increase for/ in the range 1-10 GHz.

CONCLUSION

1

Complex permittivity measurements in the range II0 GHz were made for various parts of a fir. a spruce, and
a birch tree. These included trunk and branch segments
and needles taken at different positions in the trees, and
their constituent tissues. The·measurement method was
based on an accurate open-ended coaxial probe reftectometry technique. In particular, the anisotropic nature of
the complex ·permittivityof the xylem was measured by
orienting the probe along the orthogonal stem directions.
Ratios of the longitudinal to transverse components varying from 1.7 for the spruce over 2.1 for the birch to three
for the fir were presented. For all trees, the highest complex permittivity was observed in the phloem - and in the
new needles for the fir - and it dropped with about 50 %
in the trunk xylem. For the birch xylem, values slightly
decreased towards the pith. The lowest values occurred in
the conifer branch xylem. The macrostructural anatomy
of early and late wood layers and small heterogeneities
were visible due to the localized measurement capability
of the probe.

1

From Table I, it is obvious that for all trees the phloem
has the highest complex permittivity. For both conifers,
phloem values increased with height in the trunk. For
the fir, a further increase with height in the branches was
observed; the fir branches phloem value in Table I is an
average for two upper branches. This value is very near to
that obtained for new needles. For the spruce, the branch
phloem value in Table I is an average for one branch.
Again, this value does not differ much from that of the
needles, which were taken from that same branch.
Trunk xylem has a significantly lower - often 50 %
- complex permittivity than trunk phloem. For the fir,
no clear relation with height in the trunk was observed,
while for the spruce, xylem values seemed to decrease
with increasing height. The averages indicated for the
spruce trunk in Table I correspond to a segment at 0.5
m above ground. For the birch, the selected branch was
almost as thick as the trunk, so we expect its properties
to be similar to those of the - non measured - trunk. The
lowest complex permittivity values of the conifers occur
in the xylem of the branches. The branch xylem values
in Table I for the fir are averages for four branches, while
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ABSTRACT
A summary of a study on the use of spacebome SAR
for forestry and agriculture in Europe is given. User
requirements were surveyed, then translated into
physical parameters which may potentially be inferred
from measurements by an appropriate instrument. The
performance of SAR in estimating the required
parameters was then assessed from the literature.
Overall performance assessments are given, and system
options are suggested.
We also consider the
methodology, limitations and accomplishments of the
study.
INTRODUCTION
The SAFE project [1] was undertaken to examine the
possible uses of spacebome SAR for applications
related to forestry and agriculture. A basic tenet of the
SAFE study was that conclusions should be drawn on
the basis of end-user requirements, rather than by
appeal to technological capability. To this end, a
multidisciplinary team was assembled, and funding for
the project was secured within the European
Commission's Fourth Framework Programme on a
shared cost basis. The SAFE team consisted of the
National Remote Sensing Centre Limited (UK), the
European Forestry Institute (Finland), GEC-Marconi
Research Centre (UK), Matra Marconi Space UK
Limited (UK) and Da Vinci Geomanagement S.A.
(Belgium).
Within the project, GMRC undertook a study of SAR
capability whose main aim was to specify a technical
requirement, thus building a bridge between end-user
requirements specified by NRSC and EFI, and possible
spacebome SAR systems to be evaluated by MMS.

literature available, and therefore reflects the biases and
gaps present in the literature.
A large number of
references were used, and only a sample of them can be
cited in this paper. The essential feature of the study
was to relate the literature to evaluating how well a
SAR could address user-requirements in agriculture
and forestry. Thus, an important part of the findings of
the study relates to how well the literature addresses
these requirements.
As might be expected, SAR can do some things, but not
others. In both forestry and agriculture, fairly clear
areas were identified in which SAR has a promising
capability; equally, areas where SAR has no useful
capability, and where the degree of capability has yet to
be established, have become evident.
FORESTRY
User Requirements
A set of user requirements related to forestry were
identified by a survey undertaken by EFL An example
of some of these requirements is given in Table 1.
Most of the forestry user requirements were expressed
simply in terms of physical quantities which needed to
be known. Timeliness and accuracy of the information
were also issues. For the most part, the technology
study has focused on trying to assess how well a SAR is
able to retrieve the required physical parameters.
As indicated in the table, it was found to be useful to
group the forestry requirements into four categories,
namely forest cover and structure, forest condition,
biomass and site and soil. These categories tend to
relate quite well to what can and what cannot be
retrieved by SAR.

The SAR capability study, documented in [2], has led
to a number of conclusions in several different areas,
and it will be the main aim of this paper to make clear
what these conclusions are, and how they have been
arrived at.
The study was based on a review of relevant technical
Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
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Table I: Example forestry user requirements

Category
ForestCover
& Structure

Forest
Condition
Biomass

SiteandSoil

UserRequirement
forestarea
crowncoverage
stockingdensity
meandiameter
firedamage
stormdamage
defoliation
timberannualcut
timbervolume
timberquality
soiltype

Forestry Parameter Retrieval Using SAR
A major technique used by many authors in estimating
physical parameters of forests using SAR is the use of
correlation and regression analysis. This technique is
particularly used in connection with estimating various
types of biomass, such as trunk and canopy biomass.
Experiments documented in the literature cover a
variety of bands from P-band to X-band, and include
consideration of multiple polarisation.
Such
experiments give an indication of the accuracy to which
biomass-related parameters can be obtained using
different sensor configurations (see, e.g. [3]-[7]).
However, such estimates must be treated with caution,
since they are inevitably related to the particular
conditions at the sites used.
The statistical
relationships derived depend upon the species of trees
involved, the season at which the observations are
made, and other factors such as topography. Valid
relationships are particularly difficult to derive in
mixed forests. This implies that pre-classification of
forest types is an important consideration in obtaining
accurate estimates of biophysical parameters.
Given valid statistical relationships between backscatter
and the relevant parameters, required radiometric
sensitivities and accuracies can be estimated. In
combination with information on the smallest patches
of forest to be considered, the accuracy requirement
may be used to assess the spatial resolution needed.
These parameters (sensitivity, radiometric accuracy and
resolution) are needed to specify an appropriate radar
system.
Parameters such as trunk height and diameter can be
inferred from biophysical models or allometric
relationships see e.g. [8]. Such relationships are
themselves site-dependent, and also ultimately depend
on the use of regression relationships to estimate such
parameters as biomass or forest age.
Height can also be inferred at the edges of forests using
shadowing or interferometric techniques.

Information on forest condition and site parameters is
generally much more difficult to obtain; use of radar to
detect fire damage has however been considered [9].
For each user requirement, an attempt was also made to
assess the weight of evidence available indicating
possible retrieval. This was achieved by considering the
number of distinct accounts of parameter retrieval
found, and their consistency. It is only possible to do
this in a very qualitative fashion, due to factors such as
the variation in conditions at different forest sites, and
differences .in ground-truth measurements made during
experiments.
The broad findings may be summarised as follows.
For the determination of forest area, longer
wavelengths (P-band, L-band) are preferable to shorter
wavelengths (C-band, X-band); combinations of
wavelengths and polarisations give marginally
improved accuracy. Assessing forest area is essentially
a matter of classifying between forest and non-forest,
and a number of authors report accurate classification
to within a few percent. The finding that Jong
wavelengths are more effective than short wavelengths
presumably reflects the fact that long wavelengths are
able to penetrate past the top of the forest canopy. We
are therefore encouraged that SAR can be deployed as
an effective means of determining forest area.
For the determination of biomass, the single most
useful channel is long-wavelength, cross-polarised.
Improved accuracies can be obtained by using a
combination of long and short wavelengths. Again, use
of cross-polarisation is preferred. As before, the greater
effectiveness of Jong wavelengths reflects the
penetrative ability of these wavelengths, but the
variability of natural forests must cast some doubt on
the accuracy to which biomass may be retrieved over
large areas. The situation may be more benign in
cultivated forest.
Broadly similar observations apply to the determination
of structure parameters such as diameter and stocking
density, but the evidence supporting retrieval of such
parameters was markedly less. Given that inferring the
values of such structural parameters first requires some
form of biomass estimate, then relies on the use of a
biophysical model, estimates of structural parameters
should be expected to be appreciably less accurate than
estimates of biomass alone.
Evidence of the use of SAR to assess fire damage was
found, but it was not possible to determine the accuracy
of the assessment. No evidence of the use of SAR to
assess other types of damage, such as storm damage,
was obtained. Overall, the evidence for useful retrieval
of damage in forests is thin, but this does not mean that
SAR is incapable of achieving this - rather, this
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application is largely unexplored.

System Options and Performance
For forestry applications, the single most useful channel
to emerge was a long-wavelength, cross-polarised
channel.
To achieve reasonable accuracy in the
retrieval of parameters, it was estimated that a
radiometric accuracy of ±0.5 dB is required.
This
figure is derived from a consideration of the degree of
accuracy needed to utilise typical regression fits. The
required spatial resolution follows from the radiometric
accuracy requirement and identification of the smallest
forest patches which need to be considered. Using a
smallest patch size of 0.5 ha leads to a single-look
resolution requirement
of 7 m. The radiometric
sensitivity needed, derived from cross section data [I OJ,
is estimated to be in the region of -30 dB.
In considering a single-frequency radar system, a longwavelength, cross-polarised channel appears to be the
most useful single channel. This is expected to have a
reasonable capability in estimating biomass-related
parameters such as timber volume, and in estimating
some forest structure parameters, particularly area.
Addition of a short-wavelength capability should give
accuracy improvements in the above parameters; it is
also expected to give an ability to detect fire damage
(capability at long wavelengths is unknown), and
appears to give a significant advantage in the
assessment of species composition in a forest. This
latter consideration is potentially particularly valuable,
given the anticipated need for pre-classification prior to
formation of biomass estimates.
Assessment of damage in forests is an important
concern, but the information
available on the
capabilities of SAR in this respect is very limited.
Some capability for fire damage has been noted; it
would also be useful to know whether SAR has any
capability to assess other types of damage such as
storm damage.
AG RICULTURE

User Requirements
A set of user requirements related to agricultural needs
were identified by a survey undertaken by NRSC. The
main requirements are given in Table 2.
For agriculture, it was found to be helpful to group
requirements according to user type. There is therefore
some duplication in the requirements given in the table
- for example, crop condition is a requirement of all
three groups.

Table 2: Example agriculture user requirements
User Group
Government
Organisations

Agribusiness

Farmers &
Agronomists

User Requirement
final yield
potential vield
crop species
crop group
land use type
parcel size
parcel boundary
crop area
crop condition
final yield
nutrient deficiency
disease incidence
growth stage
crop condition
soil nutrient loss
agrochemical effectiveness
fertiliser effectiveness
soil compaction
nutrient deficiency
pest incidence
disease incidence
crop condition
crop establishment

Translation of User Requirements to Physical
Parameters
In contrast to forestry, the agriculture user requirements
are not closely related to particular physical parameters.
It was therefore necessary to relate the user
requirements to appropriate parameters.
To address this issue, a review of the effect of various
environmental factors on two particular but diverse
crops (wheat and sugar beet) was performed. This
subject area is potentially enormously complicated,
given, for example, the range of pests and diseases that
may affect crops. The current study focused only on the
most common problems affecting the two crops.
Consideration was given to pests, disease, weeds and
the effects of fertiliser and nutrient deficiency. In this
way, a qualitative assessment of the effect of
environmental factors on the physical parameters
shown in bold type in Table 3 was made. Within the
scope of the study, it was only possible to identify
whether or not a given environmental factor might
affect a physical parameter - no attempt to derive
quantitative relationships was made. This indirect
relationship between user requirements and physical
parameters is an issue which currently hinders making a
quantitative assessment of SAR capabilities in respect
of particular user requirements.
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Table 3: Physical parameters for agriculture
plant water content (PWC)
biomass
leaf area index (LAI)
plant structure
plant densitv

soilroughness
soil moisturecontent
fieldboundary
In some cases, the mapping from user requirement to
physical parameters is clear, such as in parcel size and
crop establishment. For other requirements, such as
disease incidence, the issues are complex, since the
effect of different types of disease on a given crop
needs to be determined. It is a significant finding of the
SAFE study that in many cases, the required
relationships between user requirements and
biophysical parameters are not readily available and
need to be established.
It should be stressed here that plant descriptors such as
LAI, PWC, biomass, and plant height are all
interrelated, and that the relationship is crop specific.
In most crop retrieval and correlation work, one
particular parameter is studied and the interrelationship
is disregarded. This is unlike soil moisture retrieval
research where it is acknowledged that soil roughness
has an effect on retrieval and attempts are made to
account for this effect. Plant parameter retrieval from
radar backscatter is a relatively new technique and the
methods employed are as yet relatively unsophisticated.
Agriculture Parameter Retrieval Using SAR
As for forestry, an estimate of the accuracy of
parameter retrieval was made for each of the
parameters from the available literature, and preferred
wavelengths and polarisations were identified. For
crops, the type of crop under consideration is of basic
importance, and it is helpful to divide crops into two
broad groups consisting of large-plant, low-density
crops such as maize, and small-plant, high-density
crops such as wheat.
Plant water content and wet biomass are closely related.
Many of the techniques for retrieval of PWC and
biomass rely on correlation techniques [11], [12]. For
large-plant crops, the best accuracies are obtained using
long wavelengths, whereas short wavelengths are
preferred for small-plant crops. In both cases, crosspolarisation gives the best accuracy.

Determination of LAI is more sparsely represented in
the literature, see e.g., [13]. Retrieval of LAI for wheat
has been shown using short-wavelength data; in
contrast, long wavelengths are preferred for sugar beet.
This suggests that the trends are broadly similar to
those for PWC, but the evidence for this trend is more
tenuous.
SAR is expected to be sensitive to plant structure, and
in particular, use of different polarisations is expected
to be of greatest utility in this respect.
For retrieval of soil moisture and soil roughness, no
particular preference for wavelength has been
identified, although it is clear that for dense (and
particularly moist) crops, the wavelength must be long
enough to give returns from the ground. The surveyed
literature did, however, show a clear preference for the
use of co-polarised radiation in this context.
A considerable amount of work has also been
performed on crop classification, which utilises
combinations of frequency and polarisation. For
particular types of crop, a signature can be assembled,
which consists of the cross-section observed in each
available channel. To perform classification, statistical
pattern recognition techniques are used to identify
clustering amongst the signatures associated with each
crop type. As well as using variations in frequency and
polarisation, the variation of cross-section with time is
a particularly valuable discriminant. For crops, it is
important that observations are timed to occur during
the growing season; ideally, frequent observations
should be taken in periods of rapid crop growth.
Pre-classification of crops is clearly necessary if valid
estimates of biophysical parameters are to be made.
Classification can be achieved by remote sensing, but
may also be available by other means, such as land
survey.
The best classification results are achieved when a wide
variety of channels is used, consisting of long- and
short-wavelengths and all principal combinations of
polarisation. The most useful single-frequency option
consists of use of a long wavelength with multiple
polarisation. However, a dual-wavelength solution is
definitely preferred. Long wavelengths are needed for
dense or moist crops, since short wavelengths see only
the top of the canopy, but short wavelengths are needed
for sparse or dry crops, since long wavelengths are
dominated by the return from the soil.
System Options and Performance
For a single-frequency radar system the most effective
option was found to be one which employs a long
wavelength and both co-polar and cross-polar channels.
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By choosing a long wavelength, ground parameters
under a vegetation canopy can be measured as well as
the canopy itself through the use of cross-polarisation.
Use of both long and short wavelengths, both of which
have co-polar and cross-polar channels, has advantages.
Using a short wavelength, canopy effects can be
removed from long wavelength measurements to obtain
ground properties, and canopy measurements for sparse
vegetation an be improved.
An ideal agricultural monitoring SAR system would be
fully polarimetric as there is evidence to suggest that
HH-VV correlation information is useful for vegetation
monitoring.
The radiometric accuracy required was found to be
similar to that for forestry. Resolution is also an
important factor for consideration. Although many
agricultural parameters will be presented on a per field
basis, there is also interest in
a within field
measurement capability, suggesting that fairly high
resolution data (about 4.5 m single-look resolution) is
desirable. In addition, this level of resolution would
allow meaningful texture measurements to be made,
which can be used in classification activities.
A higher radiometric
sensitivity is required for
agriculture than for forestry, since the cross-section for
crops is generally lower than that for forests.
CONCLUSION
The aim of this paper has been to attempt to establish to
what extent SAR is capable of satisfying user
requirements identified elsewhere in the SAFE User
Project. Two application areas have been considered,
namely forestry and agriculture.
In both areas of application, the capabilities of SAR
have been assessed using evidence available in the
published literature.
In performing the assessments,
both the amount of evidence available and its
consistency have been taken into account.
The published literature has a number of shortcomings,
which reflect the state of SAR applications.
First of all, the overwhelming mass of the literature is
academic in nature, and therefore tends to consist of
small-scale experiments usually examined in some
detail. Such conditions are considerably removed from
those likely to obtain for a commercially viable SAR
product, in which the emphasis is likely to be on
automated mass-processing
of data covering large
areas. It is therefore not a straightforward matter to
assess from academic findings the likely quality of a
commercially viable SAR product. It is typically the
case that, in comparison to academic work, initial

attempts at commercial exploitation give reduced
quality. However, provided the initial product is viable,
the product is developed and focused and its quality
exceeds what was achieved in the academic context.
Within the SAFE study, assessments of product quality
made were based on estimates derived from academic
work. No attempt was made within the study to adjust
these assessments to a commercial context, since there
is no clear basis on which to do so.
The second major shortcoming of the published
literature is that it often does not address the issues with
which we are concerned. One reason for this is simply
lack of availability of suitable data. A prominent
example apparent from the current study is the lack of
findings on S-band SAR, simply because no major
sensor using this band has been constructed.
S-band
may nonetheless be a very useful band at which to
work.
A second reason for lack of coverage of
particular issues is a divergence of interest between the
academic and commercial commumnes.
From the
current study, it is clear that many of the issues
surrounding
satisfaction
of
agricultural
user
requirements have simply not been addressed in the
literature. Efforts to fill this kind of gap have been
made under the auspices of national and international
institutions, but our findings indicate that further efforts
are required.
Having assessed the capability of SAR to produce the
required products, a number of system options have
been suggested and their capabilities have been
considered.
The following sections summarise the estimated
performance of the suggested systems against the most
important user requirements identified in the SAFE
Project. We also take the opportunity at this point to
point out gaps in what is known, and to suggest ways in
which these gaps may be filled.

Forestry
From a technical perspective, the findings here suggest
that SAR could well serve a useful role in monitoring
forest cover and structure, and may also be useful in
connection with biomass estimates. Damage detection
is also a promising application of SAR, but it is clear
that more needs to be found out about SAR capabilities
relating to non-fire damage such as storm damage and
defoliation. The area of site and soil is less promising
for SAR, since soil type cannot be obtained, and there
are a number of difficulties associated with obtaining
accurate estimates of elevation.
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Agriculture
One of the findings of this part of study has been that
there is a rather indirect relationship between quantities
required by the agricultural user, and those physical
parameters whose values may be inferred from SAR
data. It is also the case that many studies of the use of
SAR in agricultural contexts have centred on seeking
values for broadly applicable parameters such as
biomass and leaf-area index; quantitative relationships
between such parameters and user-required parameters
are generally unknown, so that the best that can be said
in many cases is that SAR may act as an indicator of a
given parameter required by the user. It is then not
possible to make estimates of the accuracies of any
estimates which may be obtained.
The route followed by the current work has identified
physical parameters associated with the user
requirements, after which the quality with which these
parameters may be estimated by SAR has been
considered. It is however recognised that this may not
be the best route to follow in practice; it may instead be
preferable to infer user-required parameters directly
from empirical relationships with raw SAR backscatter
data.
System Options
The individual results of the agricultural and forestry
studies have not resulted in major discrepancies in
system requirements between the two application areas.
In general, L-band appears to be the preferred single
frequency option of both applications. It is also clear
that cross-polarised data is important to both
application areas and should be included in any system
option. Finally, it may be noted that for both
application areas the study suggests that fully
polarimetric data would be the ideal polarisation
configuration.
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ABSTRACT
The objectives of the forestry user requirement
assessment were to define the European Union forestry
user communities and determine their information
requirements for potential SAR applications in forestry.
A total of 42 user requirements were selected by a
'bottom-up' approach from the variables of the national
forest inventories and intentional agreements, such as
the Helsinki process indicators. 21 of the user
requirements were identified by the interviewees to be
important.
The interview results indicated that:
•
The forestry information was mainly used for forest
monitoring, research, and management planning.
•
40% of the information needed was at the national
level.
•
Ground survey was commonly used in combination
with aerial photography
for mapping
and
classification purposes. Space borne remote sensing
data were not commonly used.
•
The frequency of updating the information was
annual for management and change detection, and
every I0 years for forest monitoring.
INTRODUCTION
The SAR for Agriculture and Forestry in Europe
(SAFE) project was a part of Area 3.2.2 of the Fourth
Framework Programme for Environment and Climate.
The aim of the SAFE project was to consider the costbenefits of a SAR mission designed specifically to
satisfy the information requirements of the European
agriculture and forestry communities [I].
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The main project objectives were to:
•
identify the information
requirements
of the
European agriculture and forestry community;
•
prioritise the information requirements according to
the benefit of using earth observation technology,
and in particular SAR;
•
define the technical specifications of a SAR sensor
which would satisfy the information requirements;
•
define a SAR mission based on the technical
specifications;
•
analyse the costs, benefits and economic and social
impacts of the specified SAR mission and mission
options; and
•
define an exploitation plan for the data generated
by the mission, and to develop and implement the
SAR mission in consultation with the Commission.
The European Forest Institute (EFI) was responsible for
identifying the forestry information users' requirements.
The forestry users' requirements
were identified,
simultaneously,
from various documents,
such as
"Definition of a system of nomenclature for mapping
European forests and for compiling a Pan-European
forest information system", "Study of the European
Forest
Information
and Communication
System
(EFICS) - Final report", and "Background Document of
the Intergovernmental
Seminar
on Criteria
and
Indicators for Sustainable Forest Management", and by
interviewing the end-users of the information.
In this particular study, forestry information users were
classified into five user groups [5]:
I. European Commission or International Organisations
(ECJO) includes the European Commission, FAO,
Eurostat, the International Co-operation Programme of
Forest Health Monitoring, and organisations that carry
out internationally oriented projects.
2. National mm1stries (NM) consist of the ministries
that deal with forestry issues. The forestry policy and
management planning at the national level are carried

Proceedings of the 2"'1International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Datafor Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)

382

out by the Ministry of Forestry (or Agriculture and
Forestry), and in most cases this ministry provides
funding for the organisations conducting the national
forest inventories.
3. Research and academic institutes (RAJ). The forestry
professionals
in these
institutes
develop
the
methodology and operational procedures for forest
practitioners.
4. Forest Industry (FI) includes timber trade, pulp and
paper, consulting, and insurance companies.
5. Forest owners (FOA) usually belong to associations,
either state-owned or private, which provide services
and management guidelines. Therefore, the forest
owners' associations were contacted for interviews.

Table 1: Number of interviews planned and conducted.

User
Group*
ECIO

NM

Planned

8
25
25
30
20
108

Conducted number of interviews
Without
With
questionnaire
questionnaire
2
6

12

14
RAJ
8
FI
4
FOA
44
Total
* See Introduction for abbreviations.

2
5
I
I

11

while the 'forest area' could be thousands of hectares. If
the interviewees were familiar with the term 'pixel
size', they could also express the spatial scale in terms
of the pixel size.

METHODOLOGY
It was determined that the user requirement assessment
would be conducted in 15 European Union (EU)
countries. The personal interview was determined as an
appropriate interview method. However, due to the
budget and time constraints,
the forestry
user
requirement assessment was conducted by using on-site
and fax-phone interviews.
The potential interviewees were selected from the EFI
network of researchers and forestry practitioners in the
EU. The planned number of interviews in each user
group is listed in Table I.
A questionnaire was used as a guideline to facilitate the
interviews. The questionnaire had two parts: general
information and the user requirement assessment [5].
The questions that were asked in the general
information section concerned the background of the
respondent, current information gathering methods, and
the economic information. The economic information
was assessed by asking the annual costs of collecting
data and processing the information.
To identify the precision required, users were asked to
identify the accuracy and the spatial scale at which they
needed the information. The accuracy referred to the
data quality required. For example, the true timber
volume of a stand should fall within a 5% range of the
estimated volume and the actual forest area should fall
within a 10% range of the estimated forest area.
The spatial scale referred to the size of the area for
which information was needed. For example, the scale
of the 'clear cut area' ranged from I to 30 hectares

The second part of the questionnaire contained a list of
forest attributes that were the information needed by the
end-users.
As
the
definitions
of
information
requirements
are not consistent in the European
countries, the user requirements vary from country to
country. Thus, the 'wish list' of user requirements,
which is a combination of the user requirements from
different European countries, was produced for the
forestry user requirement assessment.
Definitions of the selected user requirements were
adapted from "Definition of a system of nomenclature
for mapping European forests and for compiling a PanEuropean
forest
information
system"
[2]. The
nomenclature of the attributes is important for the SAR
mission specification purposes. General descriptions
were given, followed by the nomenclature, to illustrate
the importance of the attributes. The user requirements
and nomenclatures are listed in the Appendix.
INTERVIEW RES UL TS
The interviews started in November 1996 and finished
in April 1997. A total of 55 interviews were conducted:
44 questionnaires were analysed and I I interviews were
used as background information (Table I).
The use of forestry information is an indication of the
market for remote sensing data. Jn most cases, the
interviewees would need the information for different
purposes. The end-users in forestry usually request the
information
from national ministries
or research
(academic) institutes. Therefore, it is important to
recognise the fact that the end-users may not be the
buyers of the remote sensing data, while the
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organisations that produced the information are. Fig. I.
shows how the forestry information is utilised.

resolution and accuracy. Fig. 3 shows the percentage of
responses by acquisition methods.

International organisations, such as UN-ECE/F AO, use
questionnaires to collect forestry information [6]. The
organisations that conduct national forest inventories
provide the needed information. Remote sensing would
be a cost-effective way to collect large scale forestry
information.

Complete financial information was not collected
during the interviews, mainly because the interviewees
were not interested
in releasing
their financial
information. However, they provided approximated
expenditures. The majority of respondents (65%) had
spent hundreds of thousands to millions of ECU
annually to obtain the information they needed. The
cost of information gathering was estimated from the
overall costs of data acquisition, equipment (hardware
and software), and personnel.

Generally speaking, the areas of the information needed
were mostly nation-wide and European-wide. Fig. 2.
shows the distribution of the total areas for which
information was needed.
The interviewees pointed out that ground survey is the
main information source and aerial photography and
remote sensing are auxiliary information sources. The
normal frequency of the information acquisition was
either every year or every I0 years because forests do
not change very much even within a JO-year period.
Daily information is useful for the timber industry to
monitor harvest activities, and for national ministries to
monitor the damage caused by fire or storms. In both
cases, daily information is needed only for short periods
of time, for example, for one or two weeks from a
limited geographical area.
Aerial photography is often used as an aid for mapping
or identifying damage in forests. Only about 20% of the
respondents used space borne remote sensing methods.
However, they indicated that they would use remote
sensing data if the data available were of adequate

Wood supply and
marketing

It was difficult for the interviewees to determine the
accuracy and spatial resolution since they vary in
different situations. According to their answers, the
acceptable error of the estimations of forest attributes
ranged from 5% to 25%, while some attributes needed
100% accuracy because absolute information is needed.
A pixel size (spatial resolution) between I00 (I 0 x IOm)
to 225 (15 x 15m) square metres was recommended by
the respondents.
The important user requirements are listed in Table 2. A
total of 21 user requirements
were identified as
important forest attributes. The end-users in forestry
industry had more information requirements than other
end-users. As they need information for harvesting and
planting operations, they also need information on water
resources and accessibility, which other user groups do
not need.

World-wide

100-1000 ha

Forest
monitoring
Forest
management/
planning

24 %
Provincewide

Research

Fig. I: Use of the forestry information.

Fig. 2: The distribution
aerial units.

of the information

needs by
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Maps or GIS
Questionnaire -----

Airbone digital video

Optical
satellite

Airborne
radar

However, the user requirement assessment results were
similar to those in [3] and [4]. This supported the user
requirement assessment results in the SAFE project. The
survey
results
on
forestry
information
needs
assessments were similar, but the SAFE interview
results provided both quantitative
and qualitative
analysis of the user opinions.
CONCLUSION

29%

Aerial
photography

satellite

Fig. 3: The frequencies of information
methods used by forestry information users.

acquisition

The interviews were conducted mostly in Northern and
Central Europe. Therefore, the area of peatland was
important for the user group of the national ministries,
while attributes such as the fire damage were not
considered important. The interview results might have
been different if there had been more interviews
conducted in the Mediterranean region.
There were three disadvantages
requirement assessment:

of the SAFE forestry

The forestry user requirement assessment identified
forestry user communities, their information gathering
methodologies, and how the information is used. The
interview results indicate that the traditional information
gathering technique, that is, ground survey, satisfies the
end-users information needs.
Many respondents indicated that they are currently
examining the possibility of using space borne remote
sensing methods to obtain forest information. Until
April 1996, Finland was the only current user of space
borne remote sensing data (Landsat TM) for its national
forest inventory [7]. Interviewees did request more
technical evidences of the feasibility of using SAR data
in gathering forestry information. They would use SAR
data to retrieve the needed information if the data could
provide more frequent, more accurate and more cost
effective information.
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APPENDIX:
LIST OF FORESTRY USER REQUIREMENTS

Forest area (Clear-cut areas, Crown coverage, %):
Land with tree crown cover of more than 20 % of the
area. Trees should be able to grow to a height of more
than 7 m.
Species composition, Degree of stocking/density (Stand
structure): Groups of main species derived from species
composition. Density of crown coverage in %. Stand
layers in classes.
Mean diameter: Nomenclature: Diameter of the stem at
1.3 m height from the ground level, if measured by
means of calliper, from random direction. On slopes 1.3
m is measured from uphill side. Minimum diameter to
be recorded: 12 cm.
Mean height: Ground to top of tree measured on single
trees. The attribute height makes sense only for
individual trees or the mean height of stands.
Spatial arrangement of patches: To capture the full
complexity of spatial arrangement of patches the three
sub-attributes 'dominance', 'contagion' and 'fractal
dimension' are introduced. As the indices depend on the
scale, the evaluation has to be related to scale and
window size. The indices can be used for any
classification. However, the accuracy is highly
influenced by the accuracy of the considered attribute.
Type of damage (Fire, Storm, Insects I Diseases,
Grazing, Size of damage): Damaged by: Fire, Storm,
Other damages (Wind, Grazing), with the Impact of
natural loss in 50 rnvha classes. The area to be recorded
as 'damaged' ifthe impact is> 50 rrr'zha, or> 20 % of
the crown cover (lost from the growing stock)
Defoliation: Defoliation of single trees - not defoliated,
slightly defoliated, moderately defoliated, severely
defoliated, dead.
Discoloration: Discoloration of single trees - not
discoloured,
slightly
discoloured,
moderately
discoloured, or severely discoloured.

Timber volume: Above ground volume of standing
trees, all species, all diameters down to a minimum
diameter of 12 cm. No limit is set for the upper,
minimum stem diameter. Includes dead trees, standing
or laying on the ground, which can still be used for fibre
or fuel. The value of the timber, timber quality and
assortments are not considered. The stem volume over
bark is included, but not the volume of roots or
branches.
Timber annual increment: Gross annual increment is the
difference in volume (see attribute volume) between
two successive occasions. Natural losses and fellings are
accounted for in the calculation. There is no distinction
made between timber that remains in the forest and
timber that is removed from stands.
Timber quality: Nomenclatures in the countries depend
on the use of timber and also on the market situation.
Also, remote sensing is not a suitable tool to evaluate
timber quality, as it is a single tree attribute.
Timber annual cut and storage (Drain/removals): Drain
and removals are not assessed in all national forest
resource assessments. There is no reliable way of
deriving drain and removals from other existing
variables either.
Mortality (natural losses), Dead trees or other biomass,
Amount offoliage: Similar to 'Damage'.
Soil (types, depth, fertility, moisture, texture): classes
according to 'World soil resources', World soil
resources report No. 66, FAO, Rome 1993, European
Union soil map 1:200000, 1993
Slope, Elevation: relative elevation: elevation in 100 m classes, aspect: 8 categories: N, NE, E etc., slope: slope
in 10 %-classes, relief: 3 categories: plane, convex,
concave
Water body distribution, Drainage: Water resources
may be derived from land-use categories 'water' and
'forest' combined with soil type maps and the proposed
variables for the 'spatial arrangement of patches'.
Road systems, Width of road, Road surface, Slope of
road: Accessibility to the forests is one of the factors
that adds the cost to the forest inventory or silvicultural
operations.
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INTRODUCTION
Since the launch of ERS-1 in 1991, a number of studies
have yielded experimental correlations between the
observed radar backscatter and soil moisture and soil
roughness parameters prevalent at the time of the image
acquisition. However at the same time these empirical
results appear to be both site and time dependent and
difficult to generalise unless the resolution is degraded
in order to average-out roughness influences. At a fine
scale they are therefore of limited use in developing soil
moisture retrieval algorithms. Thus a theoretical
approach, in spite of its complexity, is necessary in
order to understand quantitatively the relationships
between the radar measurements and the soil
geophysical parameters, and, to provide the framework
for the development of generalised retrieval algorithms
applicable to a diversity of situations.
In this respect, a considerable amount of work has been
done in the past in deriving analytical electromagnetic
models that predict the backscattering response based on
the dielectric and statistical roughness properties of the
surface. Measurements conducted in anechoic chambers
on artificial random surfaces built according to a
specific roughness description have generally shown a
good agreement with theoretical results [I]. However in
the case of natural surfaces the agreement between
experimental measurements and theoretical predictions
has often been poor. In such cases bare soil surfaces
exhibit a large spatial variation in roughness parameters
which are not yet sufficiently understood. Thus it
appears that the weak point in remote sensing soil
moisture applications to date is due to an inadequate

description of natural surfaces rather than to the failure
of existing forward models.
It is within this context that a study is currently being
carried out whose main objectives are the following:
•

to revisit and improve characterisation of natural
surface roughness,

•

to make use of the better characterisation of surface
roughness to improve and validate direct analytical
radar backscatter models which are then validated
using numerical methods such as Method of
Moments and FDTD,

•

to use the improved backscatter models to assess the
possibilities and limits in soil moisture inversion for
ERS-1/2 and future radar systems such as
ENVISAT.

This overall approach is illustrated in Figure I. In this
paper we will discuss each of these three aspects of the
project and present some of the main results obtained so
far.
IMPROVEMENT IN CHARACTERISATION OF
NATURAL SURFACE ROUGHNESS
Surface roughness is known to play a dominant role in
the scattering of electromagnetic waves from natural
surfaces. The basic assumption behind most of the
existing asymptotic electromagnetic models is to
consider a natural surface as a zero mean bidimensional
stationary Gaussian random process with concurrent
autocorrelation function (ACF). This implies that the
surface is characterised by a unique spatial scale whose
vertical and horizontal properties are represented by the

Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data for Land
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height standard deviation (s) and the correlation length
(/), respectively. A number of studies have shown, on
the other hand, that natural surfaces possess roughness
features covering a wide spectrum of spatial frequencies
and are thus often better modelled using multiscale
description models such as fractals.

natural media. In order to cover as many cases and
roughness conditions as possible, an important step in
the study has been to organise existing roughness profile
data into a large database covering a number of ground
truth campaigns conducted at different European sites.
After an initial analysis of this data the need for longer
profiles demonstrated in order to ( 1) better model

roughness characteristics at spatial scales ranging from
Smm to the size of a radar satellite resolution cell and
(2) obtain better estimates of the characteristic
roughness parameters. With this aim in mind a laser
profiler capable of recording profiles up to 2S metres
long was constructed and used in subsequent ground
truth campaigns in Marestaing and Landes (France) and
Matera (southern Italy) [2]. The current status of the
database is summarised in Table 1.

Figure I : Overall approach adopted for the improvement
of soil moisture retrieval algorithms.

Using this database as a starting point the problem of
roughness parametrisation has been addressed using
three different but related methods. The first method,
based on a multiscale roughness analysis, assumes that
surface roughness can be considered as a superposition
of various wavelengths. The related basic assumptions
are that the correlation length depends linearly on
distance whereas the logarithm of the rms height
depends linearly on the logarithm of distance. Thus for a
profile of distance x we have
s(x)

Thus one of the main aims of the study has been to come
up with a description of natural surface roughness
incorporating the multi-scale properties observed in

= cxh

l(x) = k0x

(1)

Table 1: Contents of soil roughness database assembled and analysed within the framework of the study

Homoat.al
Resoltltion
Matera
(Italy)
Landes
(France)
Middle Zeeland
~Netherlands)
Great Driffield
(UK)
Kirkkonnumi
(Finland)
Marestaing
(France)
Marestaing
(France)
Landes
(France)
Matera
(Italy)

I I994

IITIS

needle profiler I S4

3m

ISmm

I I994

I CESBIO

needle profiler I 24

3m

ISmm

I I996

IESA

laser profiler

I 600

I.Sm

O.Smm

I I996

IESA

laser profiler

I 402

I.Sm

O.Smm

I I997

IVTT

I I998
I I998

I I998
I998

3D-laser
profiler
ICESBIO/ITIS laser profiler
IVTT/CESBIO 3D-laser
profiler
CESBIO/ITIS laser profiler

I

ITIS/IESI/
CESBIO

laser profiler

3D surface I I.Sm x 30m

I 21

2Sm

3D surface I I .Sm x 120m

Imm
5mm
Imm

I3

25m

5mm

I 40

25m

Smm
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where c, b and k0 are constants determined through a fit
with profile data. Once the constants have been
determined or inferred for a given surface, a multiscale
ACF can be derived by superimposing an infinite
number of weighted single scale ACFs whose shape is
left open [3].

The other two methods employed in the analysis of the
roughness data are based on a fractal model of surface
roughness. The first method is based on a decomposition
of the 1If power spectrum characteristic of fractal
surfaces in terms of wavelets bases [4]. One of the main
advantages of this approach is that it can be used to
derive an closed-form expression for the surface
autocorrelation function whose parameters are (a) the
fractal dimension and (b) the range of spatial
frequencies of interest. This in tum facilitates the
adaptation of existing electromagnetic scattering models
to a multiscale roughness description. The second
-method directly assumes the surfaces to be well
described by the fractal model and uses the Box
counting method [5] to investigate the use of fractal
descriptors for bare soils [6].

In general the results from the analysis of the
experimental dataset confirmed the multicale properties
of surfaces at the spatial scales of interest in radar
remote sensing studies and demonstrated the validity of
the models used for roughness characterisation. An
example is given in Figure 2 illustrating both the linear
dependence of the correlation length on distance and the
linear dependence of the logarithm of the rms height on
the logarithm of the distance. Such an effect cannot be
accounted for in the conventional single-scale roughness
description. The clear dependence of s and l on profile
length also imply that the regression parameters c, band
ko used in the multiscale roughness description
characterise various kinds of roughness well. When
comparing the fit between experimental data and both
the multiscale ACF - based on the above parameters - as
well as a conventional single-scale ACF, the multiscale
ACF was usually found to fit the experimental curves
better. For instance a better fit was obtained with the
multiscale ACF in over 95% of the cases for both
Kirkkonnumi and Middle Zeeland data sets.
A initial analysis of the long profiles acquired using the
new laser profiler developed for the study has shown
that the clear dependence of s and l on profile length
extends over larger range of spatial scales. The analysis
also showed that the regression coefficients contain
information on the roughness state of the field. These
aspects are illustrated in Figure 3, showing the
correlation length as a function of profile length for the
first 3 metres. We observe that first of all that l increases
as a function of profile length for all surfaces
considered. These range from semi-natural surfaces such
as the Landes site which is mainly a forest site to
agricultural surfaces whose roughness characteristics are
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Figure 2: The rms height and correlation length values
for the Kirkkonnumi data set as a function of profile
length. The upper and lower curves correspond to the
0.1 and 0.9 quantiles (i.e. 80% of the estimates lie inbetween) and the middle curve to the median values.
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Figure 3: Correlation length versus profile length for
long profiler using data acquired by the
CESBIO/ESA long profiler.
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highly influenced by man, such as the recently sown or
harrowed fields in Marestaing. Furthermore it is also
clear from the graph that the slopes of the curves are
different depending on the surface categories and that
they thus carry information about the roughness state of
the surface. There is an especially pronounced
distinction between the semi-natural surface (Landes)
and the agricultural surfaces (Marestaing, Matera).
An improvement was also observed in the fit between
experimentally derived roughness parameters and those
derived from the fractal-based roughness models. This is
illustrated in Figure 4 in which the measured or
experimental ACF is compared with the corresponding
single-scale exponential and wavelet-derived multiscale
ACFs. We observe that the multiscale ACF follows the
experimental ACF more closely than the exponential
ACF. Multiscale correlation length estimates were also
found to agree better with the measured ones.
A further advantage of the fractal approach lies in the
reduced
variability
of the estimated
roughness
coefficient D. This is illustrated in which summarises

the observed dispersions in the two roughness
descriptors l and D for three different fields in the
Middle Zeeland test site. We see that the coefficient of
variation of D is considerably lower than that of the
correlation length l.
The reduced variability in the fractal roughness
parameter D also plays a role in relating the
characteristic roughness parameters to the "agricultural"
roughness state of the field. For instance previous
studies have shown that ploughed and seedbed fields can
be distinguished on the basis of their rms height
Table 2: Dispersion in roughness parameters D (fractal
dimension) and L (correlation length) for the Middle
Zeeland test site
Field n°

~DID

~IL

ploughed fields
9
IO
16
17

4%
3%
6%
6%

34%
33%
23%
46%

sown fields
4
5
14

3%
5%
5%

38%
48%
48%

smooth field
19

6%

55%

Experimental and theoretical

ACF

1.0
measured ACF
multiscale ACF

0.5
exponential ACF
u,

u
<(

0.0

0

20

40
v (cm)

Figure 4: Experimental ACF
multiscale and exponential ACFs
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statistics but not on their correlation length statistics [7].
An analysis of the 1.5 meter profile data collected over
the Middle Zeeland and Great Driffield test sites
confirmed this. We observed that ploughed fields
generally have higher rms height values than the
seedbed and smooth (slaked) field, although in one case
the rms heights of ploughed and seedbed fields
overlapped. On the other hand correlation length
statistics did not discriminate among the different three
kinds of fields in Middle Zeeland and Great Driffield,
validating the conclusions of previous studies [7,8]. The
fractal dimension on the other hand was found to be
useful in distinguishing between agricultural field states.
Figure 5 summarises the fractal dimensions calculated
using the box counting method applied to the Middle
Zeeland experimental profiles. We observe that the
fractal dimensions generally range from 1.3 to 1.5 and
that sown fields are characterised by higher fractal
dimensions than ploughed or smooth fields, which
behave similarly from the fractal point of view. Thus the
fractal dimension statistics appear to distinguish between
ploughed and severely slaked soils on the one hand and
sown soils on the other. When used jointly with rms
height statistics all three Middle Zeeland roughness
classes can be distinguished without ambiguity.
IMPROVEMENT IN DIRECT BACKSCATTERING
MODELS
A second step in this study has consisted in adapting
existing electromagnetic scattering models to a
multiscale roughness description with the aim of
improving model backscatter estimates over natural soils
possessing such roughness characteristics. At the same
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Outer Scale = 64 cm
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trends. In this case the same inner scale of the surface
was approximately Smm but the outer scales or lowest
spatial frequency included were quite different since
outer scales of 64 and 2048cm were used for the solid
curve and dotted curve respectively.
SUMMARY AND FUTURE WORK

Within the context of this study the improvement in the
modelling of radar backscatter from natural surfaces has
0
been twofold. On the one hand, new sets of parameters
u
related to the surface multiscale properties are defined
~u
and have been tested over different field roughness
.....__ '·,
.&
states. On the other hand, asymptotic scattering models
-10
such as the Integral Equation Method were adapted so as
to include multiscale roughness description parameters.
........................•
.ur Since the analysis of a large database of roughness
profiles has confirmed that soil roughness is generally
-20························································ better described using a multi-scale model than a single10
0
20
30
40
50
scale model, it is expected that the multiscale IEM will
Incident angle (deg.)
provide an improved tool for both the direct modelling
of radar backscatter from natural surfaces and the testing
Figure 6: Backscatter angular trends of a 1-D multiscale and analysis of soil moisture inversion scenarios.
roughness surface having different outer scales. The relative
dielectric constant used was equal to IO+j2
However at the same time it remains to be determined
which roughness scales in natural surfaces contribute
most to the observed backscattering coefficient. These
time the electromagnetic impact of the multiple
will determine the inner and outer scales to be used in
roughness scales present in natural soils can also be
the multiscale ACF found in the modified IEM model
evaluated.
and the appropriateness of adopting the more complex
multiscale roughness characterisation approach with
The problem of matching the multiscale surface
respect to the single-scale approach for modelling and
roughness description with asymptotic scattering models
inversion applications.
was addressed using the Integral Equation Model (IEM)
model. The latter model was selected despite its
A second and related question remains both the optimal
mathematical complexity because it bridges the gap
way in estimating the multiscale roughness parameters
between the simpler models such as the Small
(e.g. fractal dimension) and the errors and variability
Perturbation (SPM) or Kirchoff (KM) models and is
expected in these estimates themselves as well as the
thus valid over a large range of surface roughness
influence these errors have on the radar backscatter
conditions. Furthermore the horizontal roughness
coefficient.
components of the surface are accounted for by a sum
involving the Fourier transform of the nth power of the
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Abstract
This paper addresses the problem of the characterisation
of natural surface roughness properties in SAR based
soil moisture retrieval studies based on theoretical
scattering models. The need for longer roughness
measurements is identified and the characteristics of a
new laser profiler
specifically
tailored
to the
measurement of surface roughness characteristics of
importance in the radar electromagnetic
scattering
studies - and hence inversion and retrieval algorithms
described. Finally the results from two initial ground
truth campaigns are presented and the validity of the
conventional single-scale roughness description based
on rms height and correlation length discussed.

Background
The sensitivity of the radar backscattering coefficient cr0
to surface soil moisture has been documented in
numerous previous studies, which in turn has lead to a
considerable interest in exploiting data collected by
current spaceborne radar imaging satellites - ERS-2,
Radarsat and JERS-1 - for the retrieval of soil moisture
information and the generation of soil moisture maps at
various scales. However, along with soil moisture,
surface roughness is also known to play a major role in
the surface scattering of electromagnetic waves since the
dynamic range of cr0 due to variations in surface
roughness conditions is often comparable or larger than
that due to soil moisture variability. Thus an accurate
estimate of the contribution of surface roughness
conditions to cr0 is a prerequisite for retrieving useful
soil moisture information from SAR data.

In developing soil moisture retrieval algorithms, the
exact relationship between the backscattering coefficient
and surface moisture and roughness conditions needs to
be determined. Two different approaches are possible in
this case, (I) an empirical approach which consists in
establishing an experimental relationship between cr0
and soil surface parameters by comparing in-situ
roughness and soil moisture data with SAR observations
and (2) a theoretical approach based on physical models
that describe the scattering mechanisms at ground level
as a function of soil moisture and roughness in order to
predict the radar backscattering coefficient. The first
approach is limited by the extensive efforts needed in
gathering sufficient data needed in the derivation of
statistical or empirical laws, and by the fact that results
obtained are both site and time dependent. The second
(theoretical) approach relies on an accurate description
of the physical scattering mechanisms taking place at the
surface.
For recently developed models such as the Integral
Equation Method (IEM), the excellent agreement
between theoretical results and measurements
[ l]
conducted in anechoic chambers on artificial random
surfaces - built according to a specific roughness
description - gives some confidence as to the ability of
current EM models to accurately model surface
scattering processes. However when applied to natural
bare surfaces, results derived using the same models
have yielded unsatisfactory results so far. Thus the weak
point in remote sensing applications using theoretical
models appears at present to be due to the inadequate
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description and measurement of natural surfaces rather
than to a failure of models themselves.
Roughness measurements made under natural conditions
support this conclusion. In developing the scattering
models natural surfaces have usually been described as
stationary
randomly
rough
(statistical)
surfaces
characterised by a unique spatial scale in both horizontal
and vertical directions. A given surface is thus defined
statistically using three parameters determined from the
surface height profiles: the standard deviation of surface
height (o), the correlation function and the associated
correlation length (L). These three parameters (c, Land

correlation function shape) represent the input
parameters to the scattering models. However profile
data has shown that most bare soil surfaces exhibit large
spatial variations. Different surface profiles acquired in
an "apparently" homogeneous field usually yield a large
range of o and L values [2]. The most critical point is
this respect are the correlation functions which are
highly variable and do not discriminate between fields
of different roughness conditions, for example between
seeded and ploughed fields [2,3]. The experimental
validation of theoretical models and model-based
retrieval algorithms is thus limited by the variability of
the input roughness parameters to the scattering models,
which cause a large scatter in predicted cr0 values.
A second indication of the inadequacy of the singlescale roughness description are the observed increases in
o and L as a function of profile length [4], which is in
contradiction with the single-scale assumption and
implies multi-scale (i.e. possessing roughness features at
many different spatial wavelengths surfaces). The
existence of roughness components at different spatial
scales is consistent with other observations. For instance
in some cases agricultural fields have roughness
components at a small scale associated with soil clods,
at a somewhat larger scale due to tillage patterns and at
an even larger scale because of a man-made drainage
relief [5].

roughness information has been collected to date. This
has usually been of the order of one or two metres. The
limited length of such profiles implies that (I) roughness
components at spatial frequencies below l/(profile
length) are not captured by the profiler and (2) the
accuracy with which the surface roughness parameters
can be estimated is limited.
The former aspect is illustrated in Fig. I which
illustrates hypothetical power spectra of two contrasting
roughness description models -these being the
conventional single-scale with exponential correlation
function and fractal descriptions. A correlation length of
I 0 cm and fractal dimension of 1.5 were used for the
single-scale and fractal model respectively. With respect
to SAR measurements, it is important to note that these
are bandwidth limited in the sense that they respond to
surface roughness components having spatial
frequencies lying between two limits: an arbitrary highfrequency cut-off (taken here to be A/I0), and a lowfrequency cut-off determined by the size of the
resolution cell of the instrument. The approximate limits
for a C-band (A.=5cm)spaceborne SAR system such as
ERS-2 are also indicated in Fig. I. At the same time
conventional laser profilers collect roughness
information over a different spatial bandwidth, usually
with a high-frequency cut-off well beyond that of current
radar satellites and a low-frequency limit well short of
that of the satellite. The spatial bandwidth covered by a
two metre laser profiler with Imm resolution is also
illustrated in Fig. l.
The importance of long profiles in terms of
distinguishing between the single-scale and fractal
descriptions is seen in the different shapes of their
respective power spectra. Below a given cut-off
frequency, which depends on the correlation length of
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In view of these problems with the conventional
roughness descriptions used in radar remote sensing a
number of alternative roughness characterisation
approaches have been put forward, which take into
account the multi-scale nature of natural surfaces. These
include using the fractal dimension or multi-scale
autocorrelation function [6,7] as alternative descriptive
parameters.
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Requirement for long profiles
A major problem in the validation of alternative
roughness descriptions for the modelling of radar
surface scattering has been the limited length over which
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Figure I: Illustration of roughness power spectra for singlescale (exponential correlation function) and multi-scale
(fractal) profiles.
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the surface, the power spectrum of a single-scale surface
does not vary anymore, which is an intrinsic
characteristic
of single-scale surfaces. The power
spectrum of a fractal surface on the other hand continues
to increase with decreasing spatial frequency. Fig. I
illustrates how the contrasting models are more easily
distinguished at longer spatial frequencies, and hence
with longer profilers. In the case of the 2m profiler the
distinction between the exponential and fractal surface is
less obvious, especially when taking into account the
uncertainties and errors associated with experimentally
measured profiles. A related aspect is that for natural
surfaces, especially those influenced by agricultural
practices, it is uncertain whether or not the fractal
dimension derived from 1.5 or 2m profiles is the same
as that at the size of a radar resolution cell. In fact little
is known about the shape of the roughness power
spectrum of agricultural fields at spatial scales lying
between 2m and the resolution cell size, and the
assumption that such surfaces behave as fractals over the
bandwidth of the radar sensor is often made.
A second limitation of conventional (short) profilers are
the relatively large uncertainties in the estimated
roughness parameters because of the limited length of
the time series from which the characteristic statistical
parameters are extracted. At least two separate studies
using numerically generated surfaces, one by Ogilvy and
Foster [8] and the other by Oh and Kay [9], have
demonstrated the need for long profiles. The studies
showed that a reasonably accurate estimate of surface
statistics required input profiles many times the
correlation length of the surface in length.

The CESBIO-ESA laser profiler
General considerations
As a first step in addressing the above problems a
portable laser profiler capable of measuring long
profiles up to pixel scales (approximately 30 metres) has
been designed by CESBIO. Unlike traditional laser
profilers, which are characterised by high spatial
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Figure 3: Illustration of profile collection process and major
components of the laser profiling system.
resolutions of the order of 1 mm or less and relatively
short profile lengths (< 2m), the CESBIO laser profiler
has a lower spatial resolution, around I/10th of the Cband wavelength (::. 5mm), while at the same time
covering a much wider range of roughness scales, up to
25 or 30 metres, or more. The instrument can thus
record roughness information which is better matched to
the roughness scales to which C-band radar satellites
such as ERS-1 and ERS-2 are sensitive.
In terms of the design of the profiler a number of critical
requirements had to be considered including
• the capability of recording long profiles of 25m or
greater,
• portability (weight less than 60 Kg and a minimum
of bulk),
• mechanical rigidity of the system, and
• ease-of-use within the field.
Because of these conflicting requirements a strategy was
developed of collecting carefully-aligned juxtaposed
short profiles each 5 meters long in order to simulate a
single long profile. This process is illustrated in Fig. 2.
The choice of using a shorter profiler improved both the
portability and mechanical rigidity of the system and
meant that existing technology could be used in its
construction. Its main disadvantages however are that a
procedure had to be devised to align the subprofiles
under field conditions in a sufficiently accurate way so
as not to affect the roughness statistics derived from the
long profiles. These main sources of error are also
illustrated in the bottom diagram of Fig. 2.
Design and operation of laser profiler
The approach adopted in the collection of long profile
data using 5 metre subprofiles is illustrated in Fig. 3.
The major components of the system are also identified
within the diagram. They are as follows:

Figure 2: Illustration of measurement of long profiles
using juxtaposed subprofiles and main sources of
error in the subprofile measurement process.
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T: a theodolite, industry standard with 0. I mrad
precision used to provide the reference plane from
which the long profile is recorded.
Sl-3: Specially machined supports used to support and
align the profiler. The support is adjustable in all 3
dimensions to allow for very accurate alignments.
Bl-4: Bulls-eye targets used in the alignment procedure.
Numbers I to 3 are connected with the supports and
used to align two subprofiles in one go. Bulls-eye
number 4 is used in conjunction with the theodolite to
identify a reference plane for the entire long profile.
L: Laser telemeter attached to a moveable chariot. The
distance metre is an all-in-one system (model DME2000
built by SICK) with a listed rms accuracy of
approximately Imm when operating in continuous
mode.
The field operation of the system generally follows the
following steps.
I. The theodolite T and bulls-eye target B4 are used to
trace out a reference plane.
2. The first 2 of the 5 or 6 subprofiles needed to cover
25 or 30 metres respectively are prepared by
aligning supports SI, S2 and S3 making used of the
attached targets BI, B2 and B3 in order to
horizontalise each subprofile to the reference plane
and a calibration rod to obtain the correct spacing
between supports.
3. The two subprofiles are acquired in sequence. At the
end of the first profile (near S2) a mechanical stop
identifies the last acquisition point of first subprofile,
and at the same time the first acquisition point of the
second profile.
4. A third, fourth, fifth (sometimes sixth) subprofile are
acquired in a similar fashion. Each time the previous
support (SI in the diagram) is displaced 10 metres
ahead, aligned and the profiler beam is slid along to
occupy the next 5 metres slot. The mechanical stop
is used in each case to identify the last point of the
previous profile and first point of the next profile.
Preliminary results for Marestaing and Landes
test sites
Test site description
Two initial ground truth campaigns corresponding to
two different sites were carried out during the month of
May 1998. The location of the test sites are identified in
Fig. 4. The Marestaing site, where most of the profiles
were recorded, lies some 30 km due west of Toulouse in
the Departement du Gers. The topography of the area is
characterised by undulating hills alternating with

Figure 4: Two test sites selected for soil moisture and
roughness studies.
relatively flat stretches of land lying within the valleys.
The region is mainly agricultural in character with the
main crops being wheat, maize, soya, sorghum and
rapeseed.
The test site was selected along one a valley (Valley de
la Leze) in order to minimise relief effects and obtain
large relatively homogeneous fields. At the time of the
in-situ measurement campaign, winter crops such as
wheat were already well developed whereas crops such
as maize and soya had recently been planted or were in
the process of being planted. Two such fields were
selected for the acquisition of roughness profiles along
with ancillary information such as soil moisture and
texture data. At the beginning of the campaign on May
2nd both fields were in the harrowed state, whereas at
the end of the campaign both fields had been
transformed into seedbeds. The soil was relatively
clayey in texture.
In contrast to the Marestaing site, which consisted of
agricultural fields, a recently planted tree nursery was
selected in the Landes test for the acquisition of soil
roughness and moisture information. The field itself was
very rough in character and mostly bare, although some
grasses, twigs and other debris covered parts of the
terrain. It had not been treated by the usual agricultural
implements used for cash crops and had a more
"natural" appearance because of this.
Results
A summary of the average rms height and correlation
values as a function of profile length for three selected
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Table I: Rms height and correlation length estimates as
a function of profile length

Profile
Marestairu
<cr> cm
-cLx cm

lm
2m
- harrowed

1.0
11.0
2.4
I 2.9
Marestainj - sown
10.s
<cr> cm 0.5
1.6
-cLo cm
I 2.6
Landes - tree nursery
I 2.9
<cr> cm 2.1
8.5
-cLo cm
I 13.9
profiles, each representing
are given in Table I.

Sm

lOm

11.2
110.5

I 1.4
I 32.5

I o.6
I 6.7

11.1
I 106.0

I 5.0
I 39.7

I 5.7
I 59.8

a different roughness state,

Marked differences can be seen between the roughness
characteristics of the different sites. For instance the
relatively smooth agricultural fields at Marestaing are
characterised by a much lower rms value than for the
Landes site. It is also interesting to note that the
correlation length of the agricultural fields are shorter
than those of the tree nursery, implying that in the
horizontal direction the former are much rougher than
the latter. This likely due to the agricultural management
practices applied to the Marestaing fields, but not to the
Landes field.
In terms of profile length, we observe first of all that,
over a distance of I0 metres - which distance much less
than the size of a SAR resolution cell - none of the
surfaces can be considered as being characterised by a
single representative scale since the estimates for o and
Lat I0 metres are considerably higher than the estimates
based I meter profiles. This is especially true for the
correlation length parameter. Therefore rms height and
correlation length are clearly a function of the profile
length considered and not intrinsic parameters of the
surface itself over the distances considered.
Some differences in the behaviour of the roughness
statistical estimates can also be observed between the
different categories. For instance in the case of the
harrowed field in Marestaing, the estimates for the I and
2m profile lengths are reasonably consistent indicating
that the multi-scale effects are negligible over the spatial
frequency bandwidth considered (i.e. from Im·1 to Zm
\ This contrasts with the results obtained for the
Landes field where a marked increase in o and L can be
seen, reflecting the inclusion of higher amplitude longfrequency roughness components in the second profile
with respect to the first one.

Conclusions
The results derived from the long profiles so far clearly
reveal that surface roughness statistics are not well
modelled by a conventional single-scale description at
spatial scales comparable to those of SAR resolution
cell. However the influence of the multi-scale nature of
natural surfaces on the calculation of the backscattering
coefficient is still unclear since for some surface types,
such as the harrowed field in Marestaing, the singlescale approximation appears reasonably valid over a
reduced number of spatial scales. There is a clear need
for a larger database of long profiles to identify the
types of surfaces for which the multi-scale character of
surfaces could play a role in the electromagnetic
scattering processes as well as an accompanying effort
in developing scattering models adapted to a multi-scale
surface description.
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ABSTRACT

For interpretation of active microwave remote sensing,
many electromagnetic models have been improved to
find a reliable relation between radar measurements and
soil surface physical parameters (moisture and
roughness). In this paper, we propose a new approach to
describe the structure of soil taken as input for these
backscattering models. We used three dimensional
images obtained from stereovision photographies. The
first part of this paper describes the technique and
experimental devices used to generate these 3D images.
In the second part, we detail the method applied to
derive the statistical characterisation of the three
dimensional soil structure. It is based on a simplification
of the soil features (with clods embedded together) by a
juxtaposition of plane facets. Profiles of soil can then be
generated by a Monte Carlo method based on the
statistical laws retrieved from the facet distributions.
The classical parameters of roughness (rms heights,
correlation length) calculated over these generated
profiles are consistent with those of real soil. A
numerical model based on Moment Method (MM) is
used to evaluate the backscattering coefficient over the
generated soil profiles for the horizontal copolarisation.
For smooth surfaces, the results are in good agreement
with those obtained with the Integral Equation Model
(IEM). For rough surfaces, our methodology shows a
correct tendency.

studies are still made to understand this relationship.
This problem is due especially to soil description. In
fact, such scattering models require good descriptors of
geometrical and electromagnetic properties of soil
surface. The rms height and correlation length have been
used for the description of soil. This simple statistical
description seems to be insufficient for the description
of complex structures like very rough surfaces.
Therefore, many studies try to propose new approaches
for the description of soil surfaces ([6], [7], ... ). To have
information more sophisticated and more detailed, the
approach proposed in this paper consists in using
stereoscopic three-dimensional images. This description
seems to be more adapted to the representation of soil
features. Our method is based on the reproduction of
soil three dimensional structure with plane facets. These
facets allow the description of roughness by the mean of
their sizes and slopes distributions. To simplify
computation for numerical scattering calculation, we
choose to generate one dimension profiles. For this
reason, statistics are retrieved also in one dimension.
They discriminate different roughness in the data base.
The backscattering coefficient over perfectly conducting
generated profiles is calculated for the horizontal
copolarisation with MM [8] and compared with
IEM [5].
DATABASE

INTRODUCTION

Application of active microwave remote sensing as a
mean of retrieving the desired surface parameters of the
earth is a matter of increasing concern. For hydrology
applications, the studies focused on the potentiality of
radar to retrieve surface parameters, especially soil
moisture and roughness [I], [2]. And although many
electromagnetic models (Kirchoff [3], SPM [4], IEM
[5]) were developed to study backscattering over rough
surfaces, solutions exist only for simple cases. Many

Generally, roughness measurements are done by a pin
profiler or a laser profiler [9]. These tools are restrained
to one-dimension profiles that can hardly lead to real 3D
characterisation of soil structure. More over, in order to
get relevant statistic parameters, it is necessary to take a
very large number of profiles for each studied field [1OJ.
In this paper, we use a new technique based on
stereovision to reconstruct 3D numerical soil surfaces
and that provides a very rich information about soil 3D
structure and also a very large number of soil profiles

Proceedings of the rd International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data for Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December1998)

402

with one measurement
detailed by [ 11], [ 12] to
stereoscopic
images.
reconstruction is done by

(fig. I). We apply a method
obtain surfaces from a pair of
The major
part of soil
an automatic program.

Instrumentation
For data acquisition, two digital grey-level cameras
using a CCD sensor of 1536 x 1024 pixel (8bits)
provide the required 2 digital images. The camera
platform is set up at a height of about 3 meters, which
leads to a resolution of one millimeter per pixel. The
two cameras are slightly convergent in order to obtain
the largest common region in a unique couple of
photographs (about one square meter). For each soil
image, there are two successive acquisitions. The first
acquisition is used for calibration. It takes a couple of
images of the calibration equipment horizontally sited
owing to a spirit level. This equipment is made of two
superposed lattices. The crossing points coordinates are
known with a great precision (they are separated by 20
centimeters horizontally and vertically), and provide a
large number of calibration points equally distributed in
the working space (fig.2).
These points allows the
determining of parameters that govern the relationship
between the 2D image that the camera perceives and the
3D information of the imaged scene. After establishing
in a second step, the correspondence between the two
images by correlation algorithms [12], we reconstruct all
the points of the soil surface. In order to validate this
method of soil reconstruction, we compared profiles
obtained with a laser system with those reconstructed
with our technique. For different profiles, we find a
good agreement between these two tools.

(b)
Fig. I : reconstruction of soil surface

Fig.2 : Experimental
measurements

instrumentation

for stereoscopic

Data base
(a)

Soils have been acquired over agricultural areas with
three main classes of soil practices: ploughed field.
sowed field and a smooth field from rainfalls. Details
concerning this data base are summarised in table I.
Each surface contains 1000 lines and 1000 columns.
Fig. I shows an example of the 30 reconstruction of the
soil surface (sowed field named soil3 ).
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soil/
So ill
Soil 2
Soi/3
Soi/4

description
smooth
cloddv
Mediumrough
ploughed

surface
lmx lm
lmx Im
lmx3m
lmx 3m

S (cm)
0.8
1
1.2
2.2

These facets have to describe the clod's structure. We
apply a quad-tree method to segment our soil images
with facets [13] . First, the whole image is divided
successively in regions by a regular partitioning of each
studied area in four sub-ones, until satisfying the
homogeneity criterion for each one. The second step is
the agglomeration of these different defined regions.
Neighbouring facets can be included in the same plane
region if they respect the same criterion for division.
The aim is to get the largest facets as possible. We
manage then to have a segmented image with facets
having different sizes and slope directions (fig.3). This
way of characterising the soil surface allows a new
description of roughness with the statistical distributions
of facets sizes and slopes. It shows difference between
soil practices.

L (cm)
3.5
3.9
3
4.3

Table 1: Description of Data Base
METHOD OF SOIL DESCRIPTION
The 3D reconstruction of the soil surface topography
with fine resolution offers a new way for the description
of soil. It keeps its complex structure with clods
embedded together. In order to get more detailed
information about soil surface and to be able to analyse
it, we simplify its structure. In fact, the real surface is
approximated by juxtaposition of small plane facets.

image of real soil
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approximate structure made with plane facets
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Fig.3 : Segmentation of soil image with facets having different shapes and slopes
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In order to simplify the complexity of computation,
numerical methods for backscattering calculation are
usually restricted to one dimension. Therefore, we try to
propose statistics also in one dimension. We focus on
derivation of the distributions through lines and columns
of the 3D images of facets (the segmented images). We
obtain the distribution of lengths and slopes of
segments. For segment length, obtained distribution
leads to a fitted gaussian function in logarithmic scale
(fig.4 ).

Mr)2 I l/)
Where Mt and It are the mean and the deviation of the
distribution in logarithmic scale.
For the second parameter, different surfaces show a
distribution that can be fitted by an exponential function
(fig.5). No trend cannot be accounted, when the results
are analysed separately along and across the soil work.
The function is written:
f(0)=A1.exp(-(90-0)!!9,
where, e is the angle of
segments with the vertical.
As it is illustrated in table2, the parameter /9
discriminates the different soils. The higher /9 , the more
the roughness is important.
In order to generate soil profiles based on statistical
laws, we found necessary to add a third distribution law
giving the number of adjacent segments keeping the
same sign of the slopes (positive for rising segment,
negative for descending one), (fig.6)
It can be written as: g(t) = Ar.exp(-(t-
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For the four studied soils (soil 1 to 4), results are given
in the table 2:

soil
It
mt
/9
soil 1
18°
1.19
0.36
25°
1.14
soil 2
0.37
soil 3
30°
0.35
1.14
soil 4
53°
1.13
0.38
Table 2: Parameters of Segment Distributions
For conclusion, we remark that the discrimination of
different soils in data base is done by especially the
parameter /9. The other parameters are nearly identical
for the different soils of data base.
0,5 ~-------------~
-soil1
: smooth
-- soil2 : cloddy
---- soil3 : meduim rough
~ soil4 : ploughed
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Fig. 5. Segment Slopes distribution for different test
soils
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Fig. 4: lengths distribution for soil 2 and soil4

PROFILE GENERATION
We generate profiles of soil respecting different laws
established previously. This generation offers us
capability, first to check the validity of our methodology
by comparing the classical parameters (s, 1) computed
upon generated profiles and experimental ones extracted
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allow a reasonable approximation for soil structure and
of the initial 3D reconstructed soil surface, second to
perform numerical simulation of wave scattering and
can be also a simple way to modelise the soil structure.
investigate the dependence of backscattering coefficient
In the other hand, future studies with other data base
on the new surface statistics.
could check the validity of this method for other types of
Profile reconstruction is made by applying the method
soil.
of Monte Carlo [14) taking in account different statistics
concerning slopes, lengths and signs of segments (fig.7).
We generate long profiles (50 meter) and then we
80
rms height=0.92 cm
calculate the correlation function, the rms height and the
correlation length =5.17 cm
60
correlation length for large segments of I meter to
40
compare with the real soil profiles. Table 3 sums-up the
20
results for different soils of the data base:
We obtain a simulated rms height s with a variation of
0
!
30% and a correlation length l with a variation of 40%
-20
for 50 subdivisions of 1 meter. These variations are
-40
reasonably compared with those occurring for real soil
considered as homogenous. Moreover, compared to real
-60
soil parameters, we have a difference for rms height
-80
smaller than 20%. For the correlation length, it seems to
(mm)
be slightly higher than the real correlation length of soil.
For smooth soil, this difference between them is the
Fig.7: Generation of a Soil Profile
most important because of the very small clods which
can be eliminated with the approximation by facets.
These results enable to conclude that this method can
Real soils
Simulated soils
s (cm)
I (cm)
s (cm)
I (cm)
soil
R for s R for I
R for s
R for I
20%
32%
26%
soil I
0.8
3.5
I
4.7
31%
30%
23%
25%
soil 2
I
3.9
1.2
4.7
37%
soil 3
1.2
30%
35%
1.4
20%
34%
3
4.3
soil 4
23%
27%
21%
2.2
4.5
2.1
4.6
34%
Table3: Characteristics of Generated Profiles
where R is the normalised standard deviation for each parameter.

t

s

NUMERICAL

SCATTERING

MODEL

The generated profiles are used to compute the
backscattering coefficients by the numerical Moment
Method (MM). Computations are based on integral
equations. They are detailed by [15), [16).
For the horizontal copolarisation (HH), the integral
equation can be written as:
Ei(p) = k~ll

f { 1+[:1?)/12

Je(P')xHfJ(kolP-PVdx'

This integral equation is converted in to a matrix
equation to identify the current density.
where k11 is the wave number in free space, Tl is the
intrinsic impedance,

H62),

is the zeroth-order Hankel

function of the second kind.
In the simulation algorithm, the sampling rate of the

surface points is taken sufficiently large (ten samples per
wavelength) to guarantee correct results. The effective
illuminating length is introduced to overcome the effects
of the truncated surface edge. Computations
are
overaged over large number of profiles (50 profiles)
with more than 20 wave lengths.
The electromagnetic
model IEM is used for the
validation of our numerical model. It was computed with
the correlation length and the rms height calculated from
the generated profiles. We have a good agreement
between the two models ( ± 1.5dB) for the soils in the
IEM domain of validity as seen in previous works 191
(fig.8).
For very rough soils, IEM fails to simulate correctly the
signal. Nevertheless, for the numerical model, we
remark a correct behaviour of the backscattering
coefficient with incident angle (fig.9).
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Fig. 8: Comparison Between Numerical
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Fig. 9: Comparison Between Numerical
Model and IEM for a Rough Soil

CONCLUSION
The method of description of soil roughness with the
distribution of facets allows the derivation of statistical
laws describing the soil structure in 3 and 2 dimensions.
A discrimination between different roughness is
obtained. The generation of profiles by Monte Carlo
method using the statistical laws shows a correct
adequacy of roughness parameters and a small
difference with real soil. It is also very simple to
simulate these profiles. For smooth soils, the numerical

backscattering model (based on Moment Method over
the generated profiles) shows a good agreement with the
analytic electromagnetic model IEM. For rough
surfaces, it allows to simulate a right behaviour with
incidence angles.
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ABSTRACT
Two large data base involving different kinds of
agricultural fields are analysed from thefractal point of view
and compared. Fractality of the profiles is demonstrated and
compared with usual statistical descriptions. Backscattering
coefficient computation through FDTD is introduced.

These functions being well documented, we just want to
stress here which paramaters are necessary to simulate a real
soil profile W(x) by the way of band-limited fractals' when
the soil in question presents fractal behaviour:

I/ INTRODUCTION
Improvement of soil scattering prediction with
electromagnetic modelling is related to the soil surface
description. Indeed, there is a need of new types of
representations that better fit actual field data, particularly to
account for the multiscale effects, or for the fluctuations of
local statistics. So, we might expect a more accurate
prediction of scattered field computation, especially, for
example, in the use of Ultra Wide Band (UWB) pulses for
buried targets detection, or of multifrequency spacebome
radar, which obviously need a multiscale characterization of
rough surfaces [5].
Use of fractals as descriptors of categories of bare soils
roughness has already been proposed [4,5,6] as a model to
account for multiscale effects. This paper presents a synthesis
of these results, regarding the description itself and also the
electromagnetic computation. First part is dedicated to a
recall of the main properties of the Weierstrass model. We
present in the second part the fractal analysis on the first
large data base (Middle Zeeland) containing different kinds
of cultivations, and discuss the adequacy of this model to fit
with measured data. In a third part, we extend this analysis to
the other data base (Great Driffield). At last, in the 4th part,
electromagnetic scattered field calculation will be introduced
to measured and generated profiles, using Finite Differences
in the Time Domain (FDTD) method, which permits to
confront this model with the observables (backscattering
coefficient).

II/ WEIERSTRASS FUNCTIONS

In this finite series which corresponds to the practical case,
0n is a random phasor, the usual rms height is related to T\
and D is the fractal dimension which may be derived by the
box counting method (BCM). We need also the
determination of b, which in theory should be irrational and
in practice greater than 1, and the truncation values N 1 and
N2• Real soil samples may present spatial frequencies cut-off
which determines bNI for the lowest one and leaves a
flexibility in the respective choices of band N1• N2 is related
to the smallest scale detectable by the electromagnetic wave.
Let us recall that such a model is applicable when soil
samples present dominant fractal properties, ie when the box
counting method shows linear behaviour. When dealing here
with agricultural fields, one may expect a fractal roughness
initiated by the cultivation process itself whose spectrum will
be obviously limited at low frequencies. This roughness may
be superimposed to the natural landscape one, which may
also present fractal behaviour of a distinct origin and with
distinct characteristics, in particular larger scales. The
cultivation process may also induce periodic effects which
superimpose to disordered roughness.
In the subsequent analysis, we will investigate the
adequacy of this model to describe lots of agricultural fields
limiting ourselves to the cultivation process scales. First data
base, namely Middle Zeeland data base, include fields
classified in only 3 categories. Second one, Great Driffield,
exhibits a finer description and contains 8 categories of
fields.

Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data for Land
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III/ MIDDLE ZEELAND DATA SET: ROUGHNESS
ANALYSIS
Middle Zeeland data set includes 400 roughness profiles,
acquired in early 1994 during the three day repeat orbit of
ERS 1 (C band and VV polarization) over the agricultural
area of Meedle Zeeland (South-West of the Netherlands).
The measurements were collected using a 1.5 m laser profiler
capable of measuring with an horizontal resolution of 0.5
mm, a vertical resolution of 0.1 mm, and a vertical range of
approximately I0 cm. Hence each profile is characterized by
3000 points, which according to previous studies, permits an
efficient fractal analysis.
Part of roughness parameters statistical study can be
summarized in three tables (see Figures 1, 2 and 3), dealing
with statistics of three roughness indicators : rms height,
fractal dimension and correlation length. For each parameter,
mean value and variance are plotted for each field of the data
set. Fields have been classified into three classes, according
to their way of tillage. Agricultural practices include
ploughed fields, sowed fields and severely slaked fields (also
said "smooth", because they have suffered from standing
water on the surface). Eight fields are included in the data set,
numbered 4, 5, 9, 10 for the first class, 14, 16, 17 for the
second one and 19 for the last one.

The orders of magnitude which are considered here range
from 1 m (acquisition length) to 1 mm (sampling) , and are
supposed to account for all scattering phenomena involved in
most microwave SAR. Obviously, fractal properties will be
investigated on this scale extent only, which means on a
windowed spatial frequency spectrum.
Results indicate that all the regression curves obtained are
linear, demonstrating the fractality of the various profiles. For
the whole data set, the fractal dimensions extracted were
found to range from 1.3 to 1.5. Sowed fields are
characterized by higher fractal dimensions than ploughed or
smooth fields which behave similarly on this point of view.
Fractal dimension statistics allow to divide fields under study
in two classes :
- ploughed and severely slaked soils
- sowed soils
We see that using conjointly the two statistics will permit to
distinguish the three classes without ambiguity.

1_5_

Ploughed Fields

SowedFields Smooth Field

1.4~-

•

Rms heights statistics (Fig.1)
Rms heights describe vertical statistics of each profile.
They are ranging from 10 to 50 mm, and, as expected,
indicate a decreasing trend from ploughed soils to sowed
ones, and then to severely slaked soils. Among the ploughed
fields, fields 9, 10, 16, 17 correspond to older and older
plough, inducing a decreasing rms height. The last one
corresponds to the order of magnitude of sowed ones.
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Fig. I : Rms height (mm) statistics for Meedle Zeeland data set.

•

Fractal dimension statistics (Fig.2)
Fractal dimension is a descriptor of horizontal variations of
soil roughness. It is derived using counting box method [4]
and works on vertically normalized curves, which implies
that it has to be considered in connection with the rms height.

I
17

--t

I
4

1~

14

1
~9

Field number

Fig.2 : Fractal dimension statistics for Meedle Zeeland data set.
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Correlation length statistics (Fig.3)
Assuming the stationarity of the roughness profile, and the
exponentially-like behaviour of the correlation function, we
extract the correlation length which also characterizes
horizontal variations of soil roughness, like fractal
dimension. The correlation length was shown to be a poor
descriptor of soil roughness [3], due to the non stationarity of
experimental soil profiles. This result is confirmed by the
investigation of the Meedle Zeeland data set. As a matter of
fact, correlation length statistics poorly discriminate the three
kinds of fields.
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cultivation practices have been discriminated, consisting in
ploughed fields, sowed fields, and severely slaked fields. It is
also important to mention that most of the fields studied
showed isotropic fractal properties.

IV/ GREAT DRIFFIELD DATA BASE ANALYSIS
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Fig.3 : Correlation length (mm) statistics for Meedle Zeeland data set.

•

Physical interpretation
We could see that fractal dimension divides the fields in
two classes. Figures 4 and 5 give a normalized sample of
each set. These curves show that even if ploughed fields look
more rugged because of higher rms height, when they are
normalized they appear smoother, at least from the counting
box point of view.
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Fig 4 : Normalized sample of the field number 4 (sowed).
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Fig.5 : Normalized sample of the field number 9 (ploughed).

Ploughed fields predominantly contain large blocks with a
fairly smooth envelope, whereas sowed ones include blocks
of very variable size.

•

Conclusion
On this large data base, we then mainly encountered band
limited fractals' behaviour for most of the profiles. The
couple {fractal dimension, RMS height} appears to be a
pertinent descriptor of soil roughness. Three classes of

This part is dealing with fractal analysis of
roughness data extracted from Great Driffield ground
campaign, performed in UK in 1996 by ESA [8] which
introduces new kind of fields showing strong anisotropy.
Several kinds of fields are represented.
Measurements have been carried out on sowed ( peas and
sugar beets), eroded and newly ploughed fields. Here,
because of the lack of information on eroded fields, our study
will be limited to sowed and newly ploughed ones.
For the measurement of soil profiles the same laser
profiler was used. Each profile is made up of a forward and
backward measurement. In each of the selected fields, the
profiles include 2 rows of 4 profiles for each direction,
parallel, perpendicular and diagonal (45 deg.), with respect to
the direction of cultivation. Rms height (vertical
characterization of roughness) and fractal dimension
(horizontal characterization) have been then extracted from
all the 350 profiles measured on these fields.
Analysis of the results confirm, for the peas fields
and the ploughed ones, the previously obtained ones. These
fields appear isotropic and the box counting method assess
their fractal behaviour, with typical values of D=l.5 in the
first case and D=l.35 in the second case, which, when mixed
with rms height information, gives a fine discrimination
between fields (fig.7).
Nevertheless, the sugar beets fields show some
anisotropy (see fig.6). It may be explained by the cultivation
process which introduces a periodic effect perpendicularily to
the furrows. Indeed, profiles parallel to furrows exhibit
fractal behaviour (D= 1.5) whereas for the crossed and
perpendicular ones, box counting method indicates fractal
properties only when the furrows frequency components are
removed from the data, these components being determined
through spectral analysis. Indeed, the spectrum of such fields
exhibit a peak which emerges above the decreasing power
law, encountered for the previous kinds of fields. Fractal
dimension after filtering agrees with the value of the parallel
case, showing that fractal dimension is an intrinsic parameter
of the field under study. Nevertheless, brute-force analysis
with the BCM gives an 'equivalent' Fractal Dimension which
somehow characterises the profile (see fig 7). One may
remark here how mixing rms height and FD information
gives a fine discrimination between the three kinds of
cultivation with three clusters well separated. These results
reinforce relevancy of fractal dimension as a roughness
discriminator.
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We can see in fig.8 the soil and its rough interface with free
space. For the following tests the soil is supposed
homogeneous and according to measured data we considered
a 33% clay, 33% sand and 33% chalky soil with 5% moisture
content. The incident pulse we have used is a Rayleigh pulse
[9]. We have implemented the Mur 2nd order boundary
conditions to truncate the domain. Classically, in free space
scattering, a Huygens surface surrounding the scatterer
separates an inner total field from an outer diffracted field.
Here, this surface is truncated at the soil encounter. For the
need of remote sensing, we have implemented a near field/far
field transformation in the frequency domain on this
truncated Huygens surface, assuming that the contribution of
the buried part is neglectable. We validated this
approximation with a comparison with Method of Moments
solution for a perfectly conducting thin-strip scatterer in free
space.
2 - Computation of aQ..: the Monte Carlo method

To compute the backscattering coefficient, we have
implemented the FDTD algorithm in a Monte Carlo process.
To obtain the backscattering coefficient of a given field or
class of fields, we succesively consider all profiles available
in the corresponding set, which has a practical meaning only
V - BACKSCATIERING COEFFICIENT
for isotropic ones. For the 'generated' profiles, we use
realisations of the Weierstrass model with parameters
In this part of the paper, we want to verify that the
extracted from the data of this set.
Weierstrass model and its characteristic parameters are
For each profile the diffracted field Es is computed
relevant for the <Jocomputation. To do this, we compare <Jo with FDTD (in magnitude and phase, but here only the
obtained directly using the measured profiles with those amplitude is exploited)
obtained using the Weierstrass representations of the profiles.
After n samples, the field backscattering coefficient
is evaluated with the following averaging formula (L is the
I - Field scattered by one profile
profile length), this evaluation being function of n:
Fig.7 : discrimination between different kind of fields using
fractal dimension versus RMS height.

The method we use to compute the diffracted field is
the FDTD method. This method is based on a finite
difference approximation both in space and time. We will not
explain it in detail here, but just present the geometry:
In the validity range of asymptotic methods, a fine
agreement was obtained on surfaces of exponential
correlation function for incidences ranging from 0 to 30
degrees with a few tens of iterations (Fig. 9).
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3 - Application to the data set
•

To use the Weierstrass generator, we need values of D,

TJ, b and N1• The previous analysis (part II) has provided
the average values of the rms height TJ and of the fractal

(PO)

For the sowed fields of Middle Zeeland the Monte carlo
computation has been applied to measured and generated
profiles with extremal roughness parameters extracted
from data, for the statistical representation ( exponential
correlation function) and the Weierstrass one. We can
check that the second one better square the measured
data.
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dimension D. An auxiliary study could let us deduce the
lower spatial frequency from each profile spectrum and
the average value bN1, but not explicitly b and N1 for
which we still have flexibility of choosing between
successive integer values of Ni. and corresponding values
of b (with the condition b» 1). We did this computation for
a field of sowed peas, and the average values founded on
the 37 measured profiles are D=l.534, hnns=S.471,and
bN1=1.167.
In fig. I I, each curve represents the value of ao
versus the number of profiles considered in the average in the
FDTD/Monte-Carlo process, for both measured and
generated profiles.
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Fig.11 : ao values for real and generated profiles
We can see that the 3 values obtained with N1=1,2 or 3 are
very close, and moreover there is a very good agreement with
the value obtained with measured profiles within the
precision range of such a method. This result is very
promising, and confirms the fact that the Weierstrass model
applied on this class of soils is relevant.
Conversely, simulations carried out on perpendicular
profiles of a field of sugar beets confirm that in this case, the
Weierstrass model is not adequate, and needs to be improved
by taking into account the additional periodic effect which
has to be summed up.
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Figure 10 : Backscattering Coefficient of a middle zeeland
sowed field : exponential description (left)
and fractal description (right) associated to a FDTD-Monte
Carlo averaging.

CONCLUSION & FUTURE PROSPECTS
We could evidence two classes of soil in regard to the
Weierstrass model, whatever the roughness, which depend on
the predominancy of the fractal behaviour over a periodic
effect and results are consistent in the two data base.
Computation of a0 should now be applied to a greater number
of profiles in order to extend the electromagnetic results and
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also 3D, periodic and fractal surface is a great challenge for
future prospects
This work has been supported
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ABSTRACT
This paper reports on the use and limitations of
theoretical models to derive estimates of surface
roughness from playa surfaces.
Backscatter
coefficients derived from ERS SAR data are analysed
against field measurements of standard deviation of
surface height, surface correlation length, and surface
gravimetric moisture. A strong relationship (R2=0.87)
is observed between the parameters of standard
deviation of surface height and backscatter, most
apparent when the smoothest surfaces are considered.
Theoretical results from the Birchak Dielectric Mixing
Model and the Small Perturbation Method (SPM)
demonstrate that the SPM is suited to estimating playa
roughness, through a process of inversion, as a result
of the following observation: the effect on the
backscatter signal, resulting from a change in the
dielectric constant (due itself to differences in
moisture, mineralogy or temperature) is negligible in
comparison to that due to a change in the surface
roughness.
An inversion process is used to determine backscatter
ranges representative of typical playa sedimentological
domains - saline pan, saline mudflat, and dry mudflat.
These ranges are used to interpret 'roughness' maps
derived from the SAR backscatter images.

INTRODUCTION
The ability to derive estimates of surface roughness
from microwave data has important applications in the
fields of geology (rock type discrimination) and
geomorphology
(monitoring
sedimentological
processes). In this paper we report on results from an
extensive study of the backscattering mechanisms from
the Chott el Djerid playa in southern Tunisia.

The Chott el Djerid is a large (approx. 5360 km') lowlying and essentially flat area of internal drainage. The
surface is usually free of water, although parts do
occasionally flood (to a depth of several centimetres)
each year. This is the largest of a series of playas that
lie at the southern edge of the eastern Atlas Mountains
in north Africa. They represent foreland basins that are
actively subsiding and filling with sediments
dominated by the evaporite minerals gypsum and
halite. These are derived from the evaporation of
groundwater that has flowed northwards in two subSaharan aquifers: the Continental Intercalaire and the
Complex Terrninale.
The evaporation of these
minerals from the surface of the playa, together with
the movement of surface water and the effect of
sandstorm activity, plays a key role in the temporal
variability of backscatter at the playa surface.
It is possible to classify the surface of playas such as
the Chott el Djerid into a number of geomorphological
domains. The central, lowest domain is the saline pan,
dominated by halite growth.
This is usually
surrounded by a saline mudflat where gypsum plays a
bigger role, and this is succeeded towards the edge of
the playa by the dry mudflat. The geochemistry of the
brines on the Chott el Djerid are continental in
character, producing gypsum (CaS04.2H20), halite
(NaCl), and exceptionally, carnallite (KCl). Aeolian
and alluvial fan transport from the mountains to the
north also supply silicate minerals. Thus the inorganic
surface of the playa consists of variable proportions of
gypsum, halite, silicates (mainly clays and quartz) and
brine.
The Chott el Djerid is essentially flat at the scale of the
SAR pixels. There are, however, sub-pixel scale
structural features that affect the SAR backscatter.
Evaporative halite produces individual crystals and
clusters at scales of up to about 1-2 cm. Occasionally
where salt crust growth is most vigorous on the salt-
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pan, thrust polygons form. These are irregular,
continuous polygonal ridges of gysiferous substrate
thrust up to 10-20 cm above the general surface.
Individual polygons have diameters of about 1-2 m.
Such polygonal patterning can cover many square
kilometres and last for several months. On the playa
margins, aeolian deposition tends to nucleate on sparse
halophytic vegetation, forming low mounds or nebkas
up to 50 cm in height. In these regions, aeolian
deposition can also produce deflationary surfaces, with
height variations at the scale of several to tens of
centimetres.
Although the surface of the playa is usually free of
water, moisture is never far from the surface. The
water table rises gently beneath the north central part
of the Chott, typically to depths of 5-10 cm in the salt
pan areas, from depths at the margins of about 1 m.
Brine rises from the water table by capillary action
through the overlying sediment. It appears at the
surface from pores where it evaporates. Often the
resulting crystals are wet with a film of brine. The
water table sometimes intersects the surface after
heavy rainfall and probably also during low
atmospheric pressure conditions during the winter
months.
EXPERIMENTAL SETTING

discrete heights of the surface on which they are laid.
The upper position of the pins is photographed and
these photographs are then transferred to digital form
for analysis. Twelve profiles at random orientations in
the sub-plot were collected at each site and then
averaged. Two sets of values were calculated from the
profilometer data: standard deviation of surface height
(surface roughness) and surface correlation length [1].
Laboratory experimentation showed that the error on
the standard deviation of surface height measurements
due to digitisation were negligible and equal to
±0.105mm. In contrast the field measurements of
surface correlation length were adversely affected by
the short length of profilometer used.
2.

Multitemporal SAR Data

The 14 ERS-1.SAR.GEC images were collected
between May 1992 and November 1993 at 35-day
intervals (with the exception of one at 70 days). Due
to the extremely stable orbit of the satellite, a single
recognisable point allowed affine transformations to
register all the images to each other. Backscattering
coefficients of distributed targets in the multitemporal
sequence of images were calculated using the
equations of Laur [2], ensuring accuracies within ±0.42
dB. The values range from about -4 to -24 dB, with
some sites showing almost this complete range of
variation within a single year.

1. Field Measurements
The main focus of our study are 13 field reference sites
located adjacent to the access road. Each site was a 27
x 27 m area subdivided into 4 subplots, equating to the
nominal 12.5 m size of a single ERS-1 SAR pixel.
Different subplots were used on successive campaigns
to ensure new measurements were acquired from
undisturbed surfaces. The UTM location of each site
was calculated to an accuracy of about ±25 m using a
GPS receiver. This enabled the field reference sites to
be identified in the registered image sequence.
We might expect the C-band SAR to be sensitive to
changes in surface roughness and dielectric properties
of the playa. To test this we measured surface
roughness in the field using a pin profilometer and the
dielectric character by measuring gravimetric moisture
content of surface samples in the laboratory during
each of the 5 field measurement campaigns. In
addition, we routinely measured depth to the water
table, percentage cover of vegetation, thickness of salt
crust and percentage cover by thrust polygons.
The profilometer used is 30 cm long with 61 steel pins
spaced 0.5 cm apart. These measure the relative

Backscatter intensity values from the Chott el Djerid
surface show two scales of change with time (i)
seasonal - an annual cycle of playa-wide brightening of
the surface, particularly in the salt-pan interior, due to
the evaporative growth of halite crystals in the summer
months, and (ii) episodic - short lived, smaller
episodes of change due to ephemeral lake formation
and evaporation, surface water flow and sandstorm
deposition [3], [4].
BACKSCATIER MODELLING FROM A PLAYA
SURFACE
1. Empirical Analysis of Backscatter Coefficients
and Surface Parameters
Analysis of the relationship that we measured between
the backscatter coefficient, cr0 and the surface
roughness, reveals that the C-band SAR is sensitive to
processes that cause a change in the roughness of the
surface. Generally, we observe that as the roughness
increases, cr0 increases logarithmically (Fig. 1a-c).
This is as expected and compares well with theoretical
and experimental results using C-band radar [5].
Specifically, Deroin et al. [6] show a logarithmic
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relationship

between

ERS-1

cr0 values and surface

(a)

roughness for simulated profiles based on rock height
measurements in dry, rock surfaces.
The playa measurements are made from surfaces
known to be rough at several different scales: (1) the
predominant surface type is essentially flat, with height
variations in the order of 1-2 cm, resulting from the
growth of individual evaporite halite crystals on the
underlying gypsum substrate, (2) under extreme
conditions, thrust polygonal patterns develop, resulting
in individual ridge heights up to 20 cm, and (3) around
the playa margins sparse halophytic vegetation is often
associated with gently sloping mounds, or abrupt
deflationary aeolian surfaces, with height variations in
the order of several centimeters up to 50 cm. From a
knowledge of scattering behaviour for different surface
types, we might expect that for surface type (1) cr
would be dominated by surface scattering effects, for
type (2) cr would be dominated by surface scattering,
but with a Bragg component, and type (3) cr would
have both a surface scattering and a volume scattering
component.
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If we consider the relationship between cr and
measurements made from the predominant surface,
type (1) i.e. scattering from an isotropically random
surface, a strong relationship is observed (R2=0.87)
(Fig. la). As the mean surface roughness increases
(0.5 to 6 mm), cr increases (-24 to -4 dB)
logarithmically, with cr being most sensitive to the
smoothest surfaces. This result clearly shows that the
ERS-1 SAR is extremely sensitive to processes causing
a change in surface roughness at this scale (1-2 cm in
height). The result also confirms that at this scale, and
for this surface type, the pin profilometer is able to
accurately quantify the surface roughness parameter.
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If we now introduce roughness measurements made
from the thrust polygon surfaces, type (2) i.e. surface
scattering with a Bragg component, the relationship
2
between cr and surface roughness weakens (R =0.77).
Fig. 1b demonstrates that although measurements have
been included from apparently 'rougher' surfaces with
a greater height variation i.e. up to 20 cm compared
with 1-2 cm for the previous case, their effect is to
weaken the relationship between cr and roughness.
The maximum value recorded for the backscatter
coefficient of these features is approximately - 7 dB.
This is an interesting observation and suggests that the
periodicity, areal extent (estimated to cover between
13-31% of the total surface area) and magnitude of
these polygonal ridges is such that they exert only a
minimal control on the backscatter return of the Chand radiation. It is important to note, that in the case
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Fig. 1: Relationship between the backscatter
coefficient and mean standard deviation of surface
height (a) surface type (1) only, (b) surface types
(1) and (2) only, and (c) all surface types crusts
(Error bars: y = ERS-1 dB noise; x = 1 std.
deviation).
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of this surface type (and type 3), a non-normal
distribution of heights is observed, due to the extreme
values resulting from individual ridge (or deflation
edge) measurements.
The mean of the measured
values is still considered a useful indicator of surface
roughness.
If finally we introduce the measurements made from
surfaces at the playa margins, type (3) i.e. surface and
volume
scattering
components,
the relationship
between cr0 and surface roughness weakens further

(R2=0.65) (Fig. le). Although the general logarithmic
relationship remains, it is apparent that the pin
profilometer is less able to accurately record these
complex surfaces.
No relationship is identified between the backscatter
coefficient and the surface correlation length - an
observation that concurs with Wang et al. [7] in their
studies of surface roughness with SIR-B data.
In the relationship between the backscatter coefficient,
cr and the mean gravimetric moisture, we observe that
as the moisture content increases, cr decreases slightly.
This backscattering behaviour differs from that
observed previously in studies to determine the
moisture content of soil using C-band radar. In these
studies an increase in soil moisture is accompanied by
an increase in the backscatter signal, [8]-[9]. The
increase in backscatter is caused by an increase in the
dielectric constant of the soil, which is itself related to
the moisture content of the soil. Benallegue et al. [1O]
noted though, that for this relationship to be observable
it was necessary for the surface roughness to remain
almost constant, otherwise the variations in the
roughness obscure the variations in the moisture
content. Similarly we think that on the Chott el Djerid
any changes in cr due to variations in the gravimetric
moisture content, are largely obscured by the effects of
surface roughness. The slightly decreasing trend in the
backscattering coefficient with increasing moisture
content could be the result that as a surface becomes
rougher by evapontic
crystal growth, high
temperatures and evaporation rates are required that
dry the surface.

moisture content observed in previous SAR soil
moisture content studies.

2.

Theoretical Models of Backscatter Behaviour

To understand more fully the relationships that exist
between the backscattering coefficient and the
measured parameters of surface roughness, correlation
length, and gravimetric moisture, we now explore
theoretical models of dielectric mixing and
electromagnetic scattering.
Due to the potential
complexity of such models, two simplifying
assumptions are made: (1) the dielectric mixing model
assumes a mixture with n components, and a direct
dependence of the mixture dielectric constant, s , on
the dielectric constants. (&"&2, •.• ,&n) and the volume
fractions (J; ,/2 , ••• Jn) of the components, and (2)
scattering at the surface of the playa is dominated by
surface scattering effects.
Dielectric Mixing Models

0

0

Surfaces on the playa are known to be composed of
gypsum, halite, silicate, air and brine in varying
proportions, from which three typical surface types are
modelled: saline pan, saline mudflat and dry mudflat
(Fig. 2). The dielectric constants of gypsum, halite,
silicate and air are assumed to be constant, whilst the
dielectric constant of brine is known to be affected by
both temperature and salinity. Stogryn [11] derived a
series of expressions to calculate the dielectric constant
of brine as a function of temperature and salinity. The
dielectric constant, for each of the surface types is
calculated using a mixing model, based on the model
ofBirchak et al. [12]:

0

The effect that the nature of the playa surface (in
comparison to typical soil conditions) has on the
relationship between the backscatter coefficient and the
moisture content is not known. Here, many surfaces
are highly saline, contain gypsum (with the added
uncertainty of the behaviour of the water of
crystallisation molecules), and are exposed to extreme
temperatures: all these factors could alter the near
linear relationship between the dielectric constant and

(1)
where lo + J; + ...+T; = 1. Although the mixing
model is shown to overestimate the real part of the
dielectric constant, the model is a useful indicator of
dielectric constant for multi-component, waterdominated mixtures. Fig. 3 illustrates results from the
model for the theoretical playa surfaces at various
temperatures and salinities, from which an important
observation is made: the effect on the dielectric
constant due to differences in the composition of the
playa surfaces is only significantly affected by
variations in the brine volume, temperature and
salinity; not by variations in the mineral or air
composition.
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Electromagnetic Surface Scattering Models
(a)

'Salinepan' surface (100% Hallte)

l

.50....,,

1
(b)
'Salina mudflat' surface (40% Hallte: 55% Gypsum: 5% Silicate)

T
:IOrTVTI

l

(c)
'Dry mudflat' surface (15% Hallte: 80% Gypsum: 5% Silicate)

Fig. 2: Theoretical playa surface types (a) saline
pan, (b) saline mudflat, and (c) dry mudflat

When the brine component remains constant, the
variation in the real part of the dielectric constant due
to variations in the mineral and air composition is less
than two and almost unnoticeable for the imaginary
part. In comparison, when the brine component is
allowed to change, the variation in the real and
imaginary parts of the dielectric constant is large,
varying with brine fraction, brine temperature and
brine salinity. For brine-rich playa surfaces, having
salinity levels, S = 100%0, the real and imaginary parts
increase as the brine volume fraction increases (Fig. 3).
This is comparable to the observed backscatter
behaviour with increasing soil moisture content [13][14] except that for the playa surfaces the increase in
the real part is smaller, but larger in the imaginary part,
especially at higher temperatures. Archer [15]
demonstrated that for playa surfaces with higher
salinity levels (S = 200%0) the behaviour of the real
and imaginary parts is more dramatic: the increase in
the real part of the dielectric constant is even smaller,
however the increase in the imaginary part is now so
large that it exceeds the value of the real part at high
temperatures.

Although a strong relationship is found between the
backscattering coefficient and the measured values of
surface roughness, it is important to compare the
empirical data with theoretical surface scattering
models to assess their suitability as predictive tools and
to explain further the relationship between the
backscattering coefficient and the gravimetric moisture
content. The scattering behaviour from the playa
surface is assumed to be from the surface due to the
short wavelength of the radar, and because of the high
brine fractions and temperatures experienced on the
playa. The Small-Perturbation method, the Kirchoff
method and the Integral Equation Model are all
appropriate solutions to the scattering problem. The
models are however, only valid under specific surface
conditions: in this paper we investigate the use of the
Small-Perturbation method.
Results from simulations of the Small-Perturbation
method are shown in Fig. 4. As was the case with the
empirical data, the model predicts that as the surface
becomes rougher, the backscattering coefficient
increases. The model similarly predicts a dynamic
range of about 20 dB, and a backscattering coefficient
that is most sensitive to the smoothest surfaces. Fig. 4a
shows that the different dielectric properties of the
three playa surfaces considered have only a small
impact. Much more important is the brine volume
fraction which increases the backscatter at constant
roughness (Fig. 4b). Overall the model results show a
very similar relationship to the 'best-fit' empirical
curve, but the major difference between the empirical
data and the theoretical values is that the model
typically predicts higher backscattering coefficients
than those calculated from the ERS-1 imagery. The
model simulations allow the maximum variation in the
backscatter coefficient to be estimated, resulting from
changes in (1) the mineral and air composition < 1.2
dB, (2) the brine volume fraction < 4.5 dB, (3) the
brine temperature < 1 dB, and (4) the brine salinity <
0.9 dB. The results also highlight the sensitivity of the
Small-Perturbation method to the correlation length.
The averaged correlation length of 27 mm used in the
simulations produces backscatter values higher than
those observed in the empirical measurements.
Increasing the correlation length (e.g to 45 mm)
produces a better model fit (Fig. 4c). This is probably
due in part to noise in the autocorrelation function,
resulting from too low a pin frequency in the
profilometer - a problem recently identified by Beaven
et al. [16]. The results from this study support the
findings of Van Zyl et al. [17] and Evans et al. [18],
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Fig. 3: Simulations of the dielectric constant variation with brine volume fraction for the three playa surface types,
using an adapted form of the Birchak model.
demonstrating that for playa surfaces, the SmallPerturbation method is suited to modelling purposes
and can be a used as a predictive tool for determining
surface roughness by inversion (Fig. 5).
CONCLUSIONS
The C-band radar of ERS-1 is shown to be an excellent
tool for monitoring changes in the mineral surface of
the Chott el Djerid playa, Tunisia. A time series of
data acquired at 35 day intervals for the period May
1992 to November 1993 has identified two scales of
temporal change (i) seasonal - an annual cycle of salt
crust development was recognised over large areas of
the playa, particularly in the salt-pan interior, due to
the evaporitic growth of salt crystals (halite and
gypsum) on the surface of the playa, and (ii) episodic shorter lived, more local events i.e. the formation and
subsequent evaporation of ephemeral lakes, the
movement of water and sediment through ephemeral
channels, and sandstorm activity are observed
predominantly in the north of the playa.
Measurements of standard deviation of surface height,
correlation length and gravimetric moisture content
were made concurrently with image acquisition and
have demonstrated that a strong empirical correlation
exists between the backscatter coefficient and the
measured values of surface roughness such that as the

surface roughness increases, the backscatter increases.
A dynamic range of about 20 dB was identified. These
results confirm those of Deroin et al. [6] made from
simulated profiles based on rock height measurements.
No such relationship was observed between the
backscatter and the correlation length, or between the
backscatter and the surface gravimetric moisture. The
latter result is in contrast to earlier studies of the
relationship between the backscatter coefficient and the
moisture content of soil surfaces, in which an increase
in the backscatter is observed with an increase in
moisture [8]-[9].
An adapted form of the Birchak et al. dielectric mixing
model [12] and the Small-Perturbation scattering
model were implemented to examine further the
behaviour of the backscatter from the playa's surface.
Model simulations demonstrated that the variation in
the backscatter coefficient due to changes in the
dielectric constant (i.e. due to the mineral, air and brine
composition) are considerably smaller (-6 dB) than
those due to changes in the surface roughness (-20
dB). These results provide an explanation for the lack
of correlation observed between the backscattering
coefficient and the gravimetric moisture content. The
Small-Perturbation method is shown to be suited to
modelling purposes and should be suitable as a tool for
predicting playa surface roughness by model inversion.
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Fig. 4: Simulations from the Small-Perturbation
method (a) saline pan, saline mudflat and dry mudflat
surfaces, (b) saline mudflat at various brine volume
fractions, and (c) saline mudflat at two surface
correlation lengths.

Fig. 5: ERS-1 SAR backscatter 'roughness' maps for
the northern Chott el Djerid: 11 Sep 1992 (top), 29
Jan 1993 (middle), 05 Mar 1993 (bottom). Image size
37.5km x 3L25km.
Black (surface water): < -24dB, Dark orange (smooth
saline/dry mudflat): -24dB to -12dB, Light orange
(halite roughened saline/dry mudflat): -1 ldB to -6
dB, Cream (mature salt pan): > -6dB. (Valid for
central, unvegetated zones only).
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ABSTRACT
An experimental study of the phase shift induced by
moisture changes was performed by means of indoor
radar measurements on rough soil samples whose moisture profiles were artificially modified. A simple analytical model (summation of independent localised scattering
contributions) has been used to support the analysis and
the interpretation of the experimental results. A quantitative relation has been established between the Complex
Correlation Coefficient (If\) and the phase shift (average and standard deviation) induced by moisture changes.
There is the experimental evidence that changes of the
moisture profile are correlated to the variations of the average phase and its associated standard deviation, however the relation phase-moisture profile is not simple neither univocal (dependent on frequency, roughness, moisture level and shape of moisture profile). High signal correlation <If! > 0.9) has been observed for pairs of relatively wet profiles, while lower values <If! < 0.8) have
been observed for dry to wet transitions and wet to exfiltration profiles. Numerical simulations (Finite Difference
Tune Domain) have shown a good agreement with experimental data for transitions between constant moisture
profiles.
INTRODUCTION
It is well known that the level and the profile of the soil
moisture influence significantly the radar response ofterrain. A lot of experimental and theoretical work has
been dedicated to the understanding of the problem, however very little has been done concerning the absolute
phase of the signal and how this is related to the moisture conditions. This aspect becomes important in multipass SAR interferometry where temporal changes of soil
moisture may introduce both decorrelation and coherent
phase shift in the signal which, on one side, are a source
of error for the reconstruction of the terrain relief and, on
the other side, may provide valuable information on the
moisture changes.
Preliminary experiments conducted at the European

Microwave Signature Laboratory (EMSL) using soil
samples with deterministic surfaces (flat and ondulated
profiles) [1, 2, 3, 4] have shown a clear dependence of
absolute phase on the moisture conditions, although the
scale of phase shift was bounded in general within a few
tenths of degrees for a wide frequency range (2 - 12 GHz).
However, due to the coherent nature of the scattering,
the detailed behaviour of the correlation was strongly dependent on the wavelength and on the specific surface
features. The use of soil samples with random rough surfaces allows to overtake this limitation and to mimic realistic situations by generating sets of independent data
takes on which it is possible to apply a statistical approach.
This paper reports on the outcomes of a series of monostatic, polarimetric measurements performed at EMSL on
rough soil samples whose moisture conditions have been
artificially modified by a sequence of irrigation and drying steps. In the following sections, after a short description of the experimental setup, the general methodology
followed in processing and interpreting the data is presented, including an illustration of the quantities of interest supported by examples of acquired data. Finally, the
results are presented and discussed, including a comparison with preliminary numerical simulations and taking
into consideration the questions posed to this Workshop.
EXPERIMENTAL SETUP
The experimental data used here were acquired in the
frame of the Non Vegetated Terrain (NVT) EMSL measurement series [5]. The measurement setup is shown in
Fig. 1. The sample under test was contained in a cylinder
of 2 min diameter and 0.4 min depth, placed in the centre
of the measurement chamber (radius 10 m). The scattering matrix of the sample was measured in the plane of incidence (vertical polarisation plane) in monostatic mode
for three values of the incident angle (11°, 23°, 35°), in
the frequency range 1-10 GHz. The container was rotated in steps of 5° about the z-axis to obtain independent
scatterometric data samples (the surfaces statistics were

Proceedings of the 2"'1International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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Table I: Integrated volumetric water content mv as measured by 14
Tune Domain Reftectometers, distributed in three location in the soil
sample, and total amount of water added at each step in the irrigation/drying sequence.

y

Movement
Figure 1: Geometrical configuration of the NVT measurement series.
The measurements described here were taken in backscattering mode at
three incidence angles (8; = 11 °, 23 ° and 35 °).

azimuth-isotropic). A standard full polarimetric calibration was applied to the data using external reference objects. Range gating in ti.medomain was applied to isolate the response of the target under investigation from
the residual response of the chamber. Although the antenna pattern depends on the frequency, within the used
frequency range the 3 dB footprint (two-way) was always
larger than the target size. In addition, a power correction
term, dependent on the frequency and obtained by integrating the actual antenna response over the illuminated
area, was applied to the measured data to compensate for
the non constant antenna gain pattern. The stability of
the measurement system was independently verified to be
better than 0.05 dB in power and 5° in phase for a period
of several days.
The profiles of rough surfaces were isotropic in azimuth, with a Gaussian height distribution and Gaussian
Autocorrelation Function. Two types of surfaces were
measured with similar soil composition:
1. Relatively slightly rough: ah = 4mm, L = 60mm,
8.5% Clay ( < 2µm), 27.7% Loam (2 - 50µm),
63.8% Sand(> 50µm)
2. Relatively very rough: ah = 25mm, L = 60mm.
4.3% Clay ( < 2µm). 36.0% Loam (2 - 50µm).
59.8% Sand(> 50µm)
where the parameters ah and L represent the Standard
Deviation and the Correlation length of the surface profiles. respectively.
Several measurement cycles were performed after
modifying the moisture profile in the soil by irrigating
or drying the samples. The whole procedure was realised
having care not to modify the surface shape. The irrigation treatment of the samples is summarised in Table I.

Step
0
1
2
3
4
5
6
7
8

SlightlyRough
mv(%) water (l)
34.1
7.6
29.7
11.5
25.0
12.8
16.3
37.0
21.8
0.0
18.2
0.0
15.6
0.0
13.8
-

-

-

VeryRough
mv(%) water (1)
21.2
0.0
19.2
0.0
17.7
0.0
14.9
16.7
10.6
17.6
18.9
0.0
17.2
0.0
16.4
0.0
15.9
-

For a detailed description of the irrigation/drying procedure and "ground truth" data acquisition see [6].
METHODOLOGY AND THEORETICAL
BACKGROUND
General Approach
The backscattered signal from an extended statistical object can be considered as the coherent summation of
many contributions from small portions whose scattering
properties are independent. Different realisations of the
object produce different resultants and, under certain assumptions generally valid for rough surfaces, the classical Rayleigh distribution is obtained for the signal amplitude, while the phase is uniformly distributed within its
definition interval [-180°, 180°]. For azimuth-isotropic
objects, a good method to obtain independent data takes
is to change the azimuth aspects angle by a sufficient
amount (5° in our case).
Also changes in the dielectric properties of the object
produce amplitude and phase fluctuations which generally result in a partial decorrelation. This aspect can be
simply analysed by taking one moisture state as reference
in order to depurate the signal from the geometrical factors. If we repeat this "normalisation" for all azimuth
positions we generate a set of independent realisations of
the same moisture change which allow to extract the features which are statistically significant.
General Properties of Complex Correlation Coefficient
A convenient method to quantify the fluctuations in the
phase shift induced by changes in moisture profile is the
standardinterferometric quantity used to describe the correlation between two signals, namely the Complex Correlation Coefficient:

r=

<AR*>

J < IAl2 >< IRl2 >

(1)
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where A and R are the complex amplitudes of the actual

and reference signals, respectively, and the ensemble average is performed on the data set generated as described
above.
In our case we selected as reference the first sample in
the chronological series of treatments to change moisture
distribution. However, any pair of moisture states can be
used in (1) to analyse the data. The averages are calculated using different values of the azimuth angle, using:

Analytical Model

1 N
<AR*>= N LAiRi

(2)

i=l
N

< IRl2 >= ~

L IR;l

2

(3)

2

(4)

i=l
N

< IAl2 >= ~

L IRil
i=l

Ai, R, are the complex amplitudes measured for different azimuth angles and for the same frequency and polarisation, N is the total number of different values of the
azimuth; typically N = 72.
We show in the following that the argument of the complex correlation function is the average phase difference
between the two signals A and R. and that the module of
the complex correlation function is related to the standard
deviation of this phase difference.
The average phase shift is defined as:
<l> =< <l>A

-

<l>R

>=<

<l>s

>

(5)

where <I>A, <I>R are the phases of A and R, respectively,
and the rms of the phase shift is defined as:

a$=< (<I>8

_

<I>)2 >1/2

(6)

Considering that the distribution of the phase shift <I>s is
symmetric around to the mean value <I> (negativeand positive deviations are equally probable) and independent of
the joint distribution of IA I and IR J. it can be proven that
I' = C(JAJ, JRJ) < cos(<I>s- <I>)

> exp(i<I>) (7)

where:

C(JAI IRJ) :=

,

< IAllRI >

J< IAl2 >< IRl2 >

(8)

measures the signal decorrelation due to pure amplitude
fluctuations.
Furthermore, if the distribution of <I>s is Gaussian,
then:

r = C(IAJ,

a2

IRl)exp(-

Provided that the variations of C are small, equation (9)
expresses the monotonic relation between the modulus
of I' and the rms of the phase. A large rms of the phase
means small II'[, while small rms of the phase means high
[I'[, close to 1. Notice that Cauchy-Schwartz inequality
implies that always Ifl :::; 1. Also from (7) or (9) the
phase of I' is equal to the average phase shift (Arg(r) =
<I>).

2$ )exp(i<I>)

(9)

The theoretical approach presented in [7] to handle
backscattered signal correlation in frequency domain has
been adapted here to provide an analytical interpretation
of the quantities introduced in the previous subsection.
The complex amplitude Ap,q of the backscattered wave
from the target (where p and q are the receiver and transmitter polarisation, respectively) is the sum of N elementary complex amplitudes, each elementary amplitude
coming from an element of surface having projected 2D
center coordinates Xm, Ym:

~ G (f
) exp[2ikr(xm, Ym)] .
L.J p,q ,Xm,Ym
)
2(
m=l
r Xm,Ym
t:.s1:tU,xm,Ym)

(10)

The matrix Gp,q(f,xm,Ym)
is the product of the radar
distortion matrices of the receiver and transmitter (functions of antenna radiation pattern and imbalances associated with the radar channels). The function r(xm,Ym)
is the geometrical distance between the antenna and the
surface element and t:.S~·q (f, Xm, Ym) is the scattering
matrix of the surface element.
If the size of the surface elements is chosen larger
than the correlation length of the random rough surface
profiles, then the geometrical phases 2kr(xm, Ym) of elementary contributions can be considered to be decorrelated, therefore it follows < exp{2ik[r(xm,
Ym) r(x1, y1)]} >= 81,m (8 is the Kronecker symbol). Using
this we find:

<A

R*
p,q p,q

>=<

t:.Sp,q(t:.Sp,q)*
A

In the same way we find:

R

> ~L.J

m=l

IGp,q12
4(
)
r Xm,Ym
(11)
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From (11). (12). (13) it follows:
0.020

I' =

< tl.Sp,q (tl.Sp,q) • >
A
R
J< ltl.S~·ql2>< ltl.S~ql2>

(14)

State 1
State '4
State 6

s'll 0.015
c

and using the results of the preceding section we find:

~

!
~ 0.010

i5
~
:a~ 0.005
a~

= -2log(lfl) + 2log(C(JAI,

ct
IRI))

(16)

Remarks:

0.000I
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I I
200
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1. The above result is based on the fact that the targets
R and A have the same geometry. This is true if
irrigation process does not affect the profile of the
surface.
2. Equation (14) shows that the complex correlation
coefficient between the signal coming from surfaces
with the same geometry but with different dielectric properties is the average of the "local" quantity (tl.S~q (tl.Sfiq)*) which does not depend on the
"large scale" geometric features of the surface, described by the r(xm,Ym). However, an indirect dependence of r on the surface roughness may occur via the local scattering mechanisms. The "local scale" features of the surface are relevant since
they may couple to the variations of the dielectric
constant in a complex way, affecting the amplitude
and the phase of the elementary contributions to the
scattered field.
3. Equation (16) establishes a quantitative relation between the random fluctuations of the phase induced
by soil moisture changes and the signal correlation
as measured by [I']. It has to be noted that, in principle, it is possible to have both pure phase decorrelation (C = 1) and pure amplitude decorrelation
(a~ = 0, lfl = C).

Figure 2: Probability Density Function of the signal phase shift relative
to the initial moisture condition for the slightly rough surface in three
moisture states. Frequency = 5 GHz, incidence angle = 23 ° and VV
polarisation.
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Figure 3: Comparison of phase shift average vs. frequency for the
sligthly rough surface computed by Arg(r) (continuous line) and
< «Ps > (dotted line). Moisture state No. 6, incidence angle= 23 °,
VV polarisation.
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DATA ANALYSIS
The methodology described above can be applied to fully
exploit the polarimetric nature of the experimental data.
However, for reasons of conciseness, the presentation of
results has been limited here to the a single polarisation
(VV) which is representative also of the HH case. Preliminary analysis of cross-polarisation data generally shows,
as expected, a lower degree of correlation between different moisture states in comparison to the copolar channels.
A direct way to analyse the experimental data is to report the Probability Distribution Function (PDF) of the
phase shift between pairs of moisture states (Equation
(5)). As a representative example, Fig. 2 shows the

ab•

0.3806-48
-0.5-43671

-1.5 •....•.....•....•....•.....•....•....•.....•....•....•....•....••....•....•....••....•......•....••....•....•
_._.
0.5
1.0
1.5
2.0
2.5
3.0
3.5
Phase shift vorionce (rod')

ui

Figure 4: Scatter plot of log(lr!/C) vs.
for the sligthly rough
surface with linear best fit curve. Frequency range = 1.5 - IO GHz,
incidence angle = 35 ° and VV polarisation.
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PDF(~ s) for the slightly rough surface, for three different moisture states (namely No. 1. 4 and 6 in table I)
using the initial relatively dry condition (No. 0) as reference. It can be noted that the values are regularly distributed around an average value (~) close to the origin
and with a relatively narrow spread (measured by a<J>).
An increase of moisture moves slightly the average towards negative values while the application of forced drying increases also the distribution width. The sign of the
phase shift depends on the choice of exp( +iwt) for the
representation of time dependence of the electric field.
It has been demonstrated above and illustrated by the
example in Fig. 3 that the estimation of~ can be conveniently obtained as Arg(f). This method has the advantage of averaging out fluctuations due to small level noisy
data and of avoiding wrapping phenomena that affect the
direct averaging of the phase, therefore has been used in
the following analysis. Similarly, although the value of
If I can not be used as direct measure of a <I> (as discussed
in the previous section), it provides a convenient measure
of the overall decorrelation. Since the latter is the relevant parameter for practical applications, only [I'] is presented here. However, when comparing data with theoretical models, also a <1> and C should be considered. Formula ( 16) seems to be well verified if a sufficient dynamic
range of Ir I is present in the experimental data. As shown
in Fig. 4, alineardependencelog(lfl/C)
= a+ba~ was
interpolated to the experimental data. The coefficient b
was found to be close to -0.5 and a close to 0 as it should
be.
Experimental results
An overview of the results for an incidence angle of 23°
is shown in Figs. 5 and 6 for the slightly and very rough
surfaces, respectively. For each surface, the sequence of
realised moisture profiles with a comparison to the initial
condition is presented in the first column, and the corresponding values of the correlation coefficient and average
phase shift are shown in the second and third column, respectively. It is important to consider that the moisture of
the top soil layer ( 1 - 2 cm), although very important for
the amplitude and the phase of the scattered signal, could
not be measured directly using IDR probes. A rough estimation can be obtained by extrapolating the curves of
the reported profiles up to zero depth.
The experimental data suggest the following observations:
• The average phase shift in all cases is limited to a
few tenths of degrees and it is essentially independent from the level of decorrelation. Data for 11°
and 35° (not reported here for reason of conciseness)
generally present comparable average phase shifts
with respect to the data at the intermediate incidence
angle, in spite of the fact that significant differences

can be noted in the behaviour of the correlation coefficient.
• The correlation for the slightly rough surface is generally lower than that for the very rough surface.
However, this is not due to the difference in the
roughness but in the dynamic of the moisture profile which is more pronounced in the first case. It is
important to notice that if the initial moisture profile
is replicated in the sequence (see steps 4 and 5 in
Fig. 6) then [l"] -+ 1 and e -+ 0, as expected by
definition.
• The observed average phase shift, although small,
can not be explained by simple mechanisms such
as the phase shift of the Fresnel reflection coefficient due to a pure dielectric effect. As it can be
seen from a simple calculation, this term would not
produce in any practical case more than 5 - 10° of
phase shift. However, the consistency and repeatability of the experimental data demonstrate that the
although the underlying mechanisms have a random
character, the statistical average has a deterministic
behaviour.
• A.sa general trend, irrigation steps (infiltration moisture profiles) seem to produce a phase shift roughly
proportional to the frequency while drying steps (exfiltration profiles) affect particularly the lower frequencies. This behaviour is consistent with the hypothesis of a displacement of the effective scattering
layer (lowering of the surface due to irrigation and
higher penetration depth for exfiltration profiles).
NUMERICAL

SIMULATIONS

Numerical simulations have been performed using the Finite Difference Time Domain method in two-dimensional
geometry. The height profiles have been taken from the
DEM used to generate the surfaces (the length of a single profile is 2 m). The soil is assumed homogeneous
with a mixture of clay. loam and sand, each component
in a proportion of Ij3. Computation is done in the time
domain with a plane pulse whose frequency spectrum
(Rayleigh-like shape) extends up to 10 GHz. Near-field
far-field transform is done in the frequency domain where
the phase is extracted.
A representative example of the results obtained up to
now is shown in Fig. 7 where the phase shift is reported
in function of the soil volumetric moisture content, for
a 2-D profile extracted from the very rough surface, at
three frequencies (2, 5. and 9 GHz). The incidence angle
is 23 ° and polarisation W. Data have been normalised
to the lowest moisture condition. Although a single realisation can not be used to derive the average behaviour, it
provides the order of magnitude of the expected results. It
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vocal relationship between the two parameters. It is envisaged that multifrequency polarimetric data could help
to solve the present ambiguities and the available experimental data will be exploited in this direction.
Numerical simulation seems to be a promising tool
to analyse the behaviour of phase versus soil moisture
in realistic conditions, which normally include inhomogeneities both in the soil composition as well as in the
moisture distribution.
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Figure 7: Phase shift vs. soil moisture content at three frequencies as
obtained by 2-D FDID numerical simulation for the very rough surface
profile and homogeneous soil composition. Incidence angle = 23 ° and
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is evident that the range of phase fluctuations is very limited at all frequencies, similar to the experimental results
in comparable conditions (see Fig. 6, step No. 4). This
type of numerical simulation will be further exploited, to
assess the influence of soil and moisture inhomogeneities
and considering also the effect of stratification.
CONCLUDING REMARKS
At the moment, to the knowledge of the authors, a model
able to mimic the behaviour of the phase shift produced
by soil moisture changes does not exist. Analytical models for a stratified situation are available but the only approach which seems to be able to consider all relevant
parameters (surface roughness, moisture profiles, terrain
irregularities, volume scattering) is the direct numerical
simulation.
Preliminary measurements [1] had shown that a rapid
signal decorrelation occurs when the top layer of a dry
soil is moistered by a relatively low amount of water (2 3 l/m2). The results reported here demonstrate in addition that, the correlation coefficient between wet soil conditions (both moisture levels higher than 15%), remains
relatively high (jl'] > 0.9). Instead, a large decorrelation occurs when moisture profiles changes from uniform
wet to rapid exfiltration (top layer much drier than underneath).
It is unlikely that the ave.ragephase shift could be used
to retrieve information on soil moisture level using single
frequency data since even in controlled laboratory conditions it is not possible to establish a simple and uni-
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ABSTRACT
This paper reports on a laboratory experiment that investigates the use of active microwave observations to estimate volumetric soil moisture content. Full polarimetric radar observations were performed of a 2 m diameter
cylindric container filled with a sandy loam soil. During successive wetting and drying cycles, different soil
moisture profiles were generated and observed in situ
by means of TOR-probes. The radar data are analyzed
based on the Integral Equation Model (/EM), that simulates radar backscattering given known surface characteristics, such as moisture content and roughness. This
allows the evaluation of the predictive power of the simulation model. The model is then used to invert soil moisture information from radar measurements. It is shown
that it is possible to retrieve under certain circumstances
reliable soil moisture estimates with similar accuracies
as the in situ measurements. Further developments concentrate on the coupling of this model to a hydrological
model through a Kalman filter.
INTRODUCTION
Knowledge of the spatial and temporal surface soil moisture content is important for the advancement of the hydrological, meteorological and climatological sciences.
Surface soil moisture content defines the boundary conditions of important processes and phenomena such as infiltration, runoff, evaporation and the Bowen ratio. The
coupling of observed spatial patterns of soil moisture
with distributed hydrological models will allow testing
of important hypotheses in surface and subsurface hydrologic modeling.
There are different techniques available to observe spatial and temporal patterns of surface soil moisture, all
of them apply remote sensing products as the primary
source of information. We refer to [1] for an overview
of these remote sensing methods for soil moisture estimation. It is clear that practical applications of remotely
"This study was supported by the Belgian Federal Office for Scientific, Technical and Cultural Affairs through grants n°'s T3/02/28,
T3/02/46 and T4/DD/009.

sensed soil moisture estimates will only become possible through spaceborne techniques. For the catchmentscale (10-1000 krrr') hydrologic modeler only the Synthetic Aperture Radar (SAR) sensors yields the required
spatial resolution (10-100 m).
For this purpose, a laboratory experiment was set-up
and designed by the Non-VegetatedTerrain (NVT)Workgroup of the European Microwave Signature Laboratory
(EMSL), to investigate the possibilities to use active microwave observations for the derivation of the volumetric
soil moisture content [2]. Different aspects were investigated within this programme, including the validation of
surface scattering models and retrieval of soil moisture
profiles. Datasets consisting of full polarimetric radar
observations combined with TDR measured soil moisture profiles and thermocouple registered soil temperature profiles were generated for different radar configurations and surface roughness and moisture content conditions.
EXPERIMENTAL SETUP
The EMSL (Fig. 1) at the Joint Research Centre (JRC) of
the Commission of European Communities (CEC) at Ispra (Italy) is an experimental facility that provides unique
opportunities in terms of radar measurement capabilities
and data processing. The laboratory is mainly devoted to
polarimetric radar measurements, aimed to complement
air- and spaceborne remote sensing experiments by providing stable and repeatable environmental conditions for
well-controlled experiments [2]. The reader is referred to
[3] for a complete description of the chamber and of the
instrumentation available for the acquisition of the scatterometric measurements. The measurements described
hereunder were made in the anechoic chamber, 20 meters
in diameter, installed at the EMSL facility, where scatterometric radar observations can be acquired for any incidence angle and in a range of frequencies between 0.5
and 18 GHz.
Setup of the soil target
The target used in the NVT experiment consisted of
a cylindric container (2 m in diameter and 0.4 m in

Proceedings of the 2"'1International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data for Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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Figure 1: Exploded view of the European Microwave
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Table l: Characteristics of the soil and of the surfaces

Soil
texture
Correlation
function

clay[%]
loam[%]
sand[%]
type
acl [mm]
rms [mm]

Surface
Rough
Smooth
4.3
8.5
36.0
27.7
59.8
63.8
Gaussian Gaussian
60
60
4
25

height) filled with a sandy loam soil with bulk density
of 1.11 g/cm3. Different surface roughness conditions
were produced, using moulds with specific and wellknown statistical characteristics [4]. Two different types
of moulds have been applied, viz a 'smooth' mould and
a 'rough' mould. The characteristics of both surfaces are
given in Table 1.
The moisture conditions of the target were monitored by
means of a Time Domain Reflectometry (TDR) Tektronix
cable tester connected via a multiplexer to an array of l 0cm TDR probes. These have been placed along three vertical transects, at different distances from the center of
the target (verticals 1, 2 and 3 in Fig. 2). For the smooth
surface the upper probes were positioned at a depth of
2.5 cm. Due to the rougher surface conditions for the
second experiment the upper probes had to be positioned
at an average depth of about 4 cm. Temperature measurements were acquired at the soil surface and at depths
ranging from 0.5 cm to 25 cm using a set of thermocouples (TC) positioned at the same distance from the center as the TDR transects, but on the orthogonal diameter.
Fig. 2 shows the cylindrical target and the location of the
probes and the thermocouples.
The target has been subjected to wetting and drying
phases, in order to reproduce different soil moisture pro-
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Figure 2: Location of the probes and thermocouples inside the cylinder for the smooth surface. The numbers
and capital letters in the top view point to the different
TDR and thermocouple verticals. For the rough surface
the probes were placed 1.5 cm deeper.

files, starting from a uniform condition along the vertical.
These uniform conditions will be referred to as the test
profiles in the subsequent paragraphs. The wetting and
drying phases have been obtained by designing an irrigation system and a heating system. The irrigation system
has been built using eight micro-sprinklers mounted on
the upper ring of a circular frame which was used to capture spilling irrigation water during the wetting phases.
During each irrigation cycle the whole frame was suspended a few centimeters above the target, so that the
soil cylinder could rotate to smooth out the residual spatial variability of applied irrigation water. The remaining
spatial variability in rainfall depth is further smoothed out
by the water redistribution processes in the soil. The drying phase was controlled by means of a heating system
built with 35 ceramic infrared resistances, capable of generating a uniform irradiation at a distance of 20 cm. The
system was again designed to be suspended over the rotating target so that an optimal spatial uniformity over the
soil surface was achieved.
Two experiments, one with a smooth surface and one with
a rough surface, were conducted at the EMSL facility in
1995. Fig. 3 shows the average moisture profiles corresponding to different phases of the experiment. The time
step for sampling the soil moisture (i.e. the dielectric constant) and the soil temperature has been set to 10 min as a
compromise between the accuracy in monitoring the different phases and the amount of data. This instrumental
setup allowed to verify the stationarity of the target conditions prior to each radar data take.
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Multifrequency Radar Measurements
For each moisture profile (Fig. 3), polarimetric radar
measurements have been collected with three different
incidence angles (11°, 23° and 35°) and in a frequency
range between 1 and 10 GHz, using a 11.25 MHz frequency step. The 23° and 35° angles have been chosen
to match the viewing geometry of the ERS-1, ERS-2 and
JERS-1 satellites. Because of problems with the antenna
in the low frequency region (below 2 GHz), an additional
antenna set was employed for the rough surface measurements, allowing to acquire radar data with higher accuracy in the 0.55-5.05 GHz range, a frequency range of
great interest in hydrological applications due to stronger
penetration through vegetation and soil layers.
The influence of the surface soil moisture content on the
backscatter coefficient is clearly visible (Fig. 4). Furthermore, it can be noted that for most sensor configurations
and soil roughness characteristics the difference between
backscattering from the dry and the wet surface conditions is quite constant over the observed frequency range
(Fig. 4), confirming the theoretical surface scattering behavior as evaluated in [5]. According to these findings,
the use of a given frequency does not change the sensitivity of the signal to volumetric soil moisture changes,
so that, in principle, there appears to be no preferential
frequency for the retrieval of soil moisture information
from radar data. Only the measurements at 35° incidence
angle for the smooth surface show a different behavior
(Fig. 4, top right). In this case we see that the difference
in backscattering between wet and dry soil conditions is

3

4

frequency

5
(GHz]

0

2

4

6

observation frequency [GHz]

Figure 4: Radar data for the smooth and rough surface
with the extreme moisture conditions for 11° incidence
angle and 35° incidence angle

smaller and that it is frequency dependent. This can be
explained by the fact that the returned monostatic power
is small because of increased specular reflection at higher
incidence angles. With increasing frequency, the apparent roughness of the surface further decreases and at a
certain wavelength (A < 5 cm or f > 5 GHz) the returned power is almost negligeable (u0 ~ -30 dB).
DATAPROCESSING
TOR data
For both experiments, the soil relative dielectric constant
cc, hereafter referred to as dielectric constant, was measured using TOR probes. Such a measurement yields the
reciprocal value of the transmission speed (Vp -1) of a
generated pulse as output. The dielectric constant then
equals vp -2.
Three problems appeared concerning these measurements. First, the values needed to be adjusted for the time
the signal travels in the head of the probe, since this part
of the measured time is not correlated to any soil characteristic. Reference [6] investigated this calibration problem of the TDR data, and the reader is referred to that
work. Secondly, the calibrated dielectric constant values
needed to be converted to moisture content. Several TOR
algorithms are available for this conversion, including the
popular Topp et al. algorithm and the temperature dependent Roth et al. method. Thirdly, the thus calculated
moisture content needed to be converted to a frequency
dependent dielectric constant for use in electromagnetic
scattering simulation models. This frequency dependent
conversion from moisture content to dielectric constant
was executed using the Dobson et al. and Peplinski et al.
models.
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frequencies between 1.4 and 18 GHz. References [9, 10]
extended the Dobson et al. model for frequencies between 0.3 and 1.3 GHz.

50

NC

c:

40

2
§ 30

Radar Data

u
<lJ

~ 20
-~
0
10

E

0
0

20

30

measured dielectric

10

constant

40
[- ]

Figure 5: EMSL sandy loam calibration curve: comparison between the Topp et al. and Roth et al. algorithms for the conversion of dielectric constant to moisture content for these specific experiments (after [6]) (triangle: gravimetric measurements, full line: logarithmic
fit, dash-dotted line: Roth et al. algorithm, dotted line:
Topp et al.)

As mentioned before, there are several ways to convert
the calibrated TOR-measurement c to moisture content
mv. The Topp et al. algorithm is widely used for this
conversion, though it does not account for any temperature influence in the transformation from dielectric constant to moisture content. Because a heating system was
used to generate exfiltration profiles and the temperature
influence therefore became important, an algorithm taking into account the temperature influence was preferred.
Such a method, based on soil mixing models, is the Roth
et al. algorithm, which is specifically applicable for TDR
measurements.

The radar data were given as a sequence of 72 measurements for every frequency step and incidence angle for
each irrigation or dry-out event. These 72 observations
were acquired by rotating the target by 5° in azimuth until full tum. This rotation in azimuth was carried out to
retrieve a number of independent samples, in order to be
able to eliminate, by averaging, the measurement errors
introduced in every individual angular measurement by
the roughness characteristics of the target. Preliminary
tests pointed out that a step size for the rotation in azimuth of 5° guaranteed the retrieval of independent samples. This was determined from the autocorrelation function between reflection coefficient and azimuth rotation
[2].
Every measurement was stored as a complex number
(z, =Xi+ jyi). from which the radar reflection intensity
is computed as xl + and the phase as arctan(yi/xi).
The calculation of the reflection coefficient is given as
the radar reflection intensity per unit of surface. Afterwards the different measurements in azimuth were averaged; then the measurements were converted to decibel.

Yl

Fig. 4 shows examples of radar signal behavior at different frequencies. To reduce the influence of the oscillations in the measurements, an averaging window of 0.5
to 1 GHz should be applied to the data [2].
DATAANALYSIS

In [7]. the soil is considered as a mixture of soil particles,
water and air (a three-component soil mixing model).
Reference [6] showed that for the experiments run at the
EMSL the use of the Roth et al. algorithm is recommended. As can be seen in Fig. 5, using the Topp et
al. method leads to a considerable underestimation of the
moisture content.
For the conversion of soil moisture to a frequency dependent dielectric constant, the soil is considered as a fourcomponent mixing model, containing soil particles, air,
free and bound water. Dielectric constants of the free
and bound water depend on temperature, observation frequency and salinity. Salinity is not taken into account
here. Based on this four-component model, [8] developed an empirical model for the dielectric constant of
the soil. Only the real part of the dielectric constant is
taken into account. According to [8], this model shows
very good agreement with measurements for frequencies
above 4 GHz. At 1.4 GHz, the model does not fully
account for the dielectric characteristics of bound water
at low moisture contents; still, it was suggested that the
model can be used in most backscattering calculations for

The radar data obtained for the different boundary conditions have been used, first to validate the implementation of a microwave surface scattering model and second,
to compare the moisture content retrieved from the scatterometric measurements with the information recorded
by the TDR probes.
The Surface Backscattering Model
Backscattering from randomly rough dielectric surfaces
can be estimated by theoretical models derived from the
application of the theory of diffraction to surfaces. Using simplified assumptions, different theoretical models
with different ranges of validity can be obtained. Currently, the Integral Equation Model (/EM), developed by
[11] and [12], is the most complete model to simulate
backscattering from randomly rough surfaces. Although
the model was published and is used here as a surface
scattering model, recent developments also take volume
and multiple scattering into account [13, 14].
The IEM version used in this paper is valid for surfaces with small to moderate roughness, say surface root
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mean squared (rms) heights a, or for low to medium frequencies. The multiple validity condition is expressed
as: ka < 3, and as only single scattering is considered s < 0.4 [12, 15], with k = 2rr/>.. the free space
wave number and >.. the wavelength, the surface roughness slope s is calculated as s = a/ L for exponential
correlated surfaces and s = /2a / L for Gaussian correlated surfaces, L being the correlation length of the surface. A description of the use of the IEM for soil moisture
retrieval is given in [5].
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For infiltration profiles, the model is capable in reproducing accurately the trend of the measured backscattering values over the entire frequency range (2-10 GHz).
However, for higher incidence angles (35°), the model
again severely underestimates the radar signal for frequencies above 3 GHz. The same behavior, but less pronounced, can be observed for 23° and frequencies above
5 GHz. The discrepancy between observed and predicted
backscattering for smooth surfaces at higher incidence
angles may point in the direction of deficiencies in the
model or in the measurements. Under those conditions
(high incidence angle and smooth surface) the level of the
backscattering becomes very low (< -30 dB). It is possible that this level represents the microwave background
noise of the anechoic chamber, resulting in a stagnation of
the signal above 3 GHz at 35° incidence angle. The reason could also been found in deficiencies in the model. It
is well known that for higher incidence angles, the effective roughness decreases [16]. Therefore the surface scat-
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Fig. 6 compares predicted and observed backscattering for three typical soil moisture profiles, viz uniform
(testl), infiltration (w12) and exfiltration (d12). For
the uniform profile (Fig. 6a), the trend of the observed
backscattering coefficients is well reproduced at 11° and
23°, but some underestimation is noted. It was found that
the standard error of the TOR measurements is 5.0 % [6].
In Fig. 6a we show the range of simulated backscattering corresponding to this standard error (67% confidence
interval) of measured soil moisture at 2.5 cm depth for
11° and 23° incidence angles. For the 11° case the measurements are within this simulation range, while for the
23° case the underestimation persists. Considerable underestimation at 35° is also observed.
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Figure 6: Observed and simulated values of a" for the
smooth surface: a) (top) test profile (testl), b) (middle)
wetting profile (w12), c) (bottom) drying profile (d12)
(full line: measured 11°, dash-dotted line: simulated 11°,
dotted line: measured 23°, long dashed line: simulated
23°, dashed line: measured 35°, dash-dot-dot-dotted line:
simulated 35°)

tering term can become less important than any present
volume scattering term. Since this part of the scattering is
not included in the model, this can lead to consistent underestimation of the signal. Another explanation might
be that, at higher incidence angles, the roughness characteristics of the surface are not well represented in the
IEM model and that, at least for small roughnesses, the
viewing geometry in the model should be reconsidered.
For exfiltration profiles (Fig. 6c) the model consistently
overestimates the radar observations for most frequencies. It is observed that the difference decreases as
the measured soil moisture content at 2.5 cm decreases.
As the forced dry-out was quite strong (temperatures at
2.5 cm below the surface went up to 600C), it can be
expected that the moisture content at the surface during these experiments (dl I to d13) was near the residual
value, while measurements at 2.5 cm depth were consid-
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erably higher, especially for the early times of the dry-out
experiments (dl 1 and dl2). This then results in a systematic error of the input value of the dielectric constant
in the simulation model, leading to overestimation of the
backscattering coefficient. This also explains why simulations improved as the dry-out continued (dl3), because
for this stage of the experiment the measured soil moisture content at 2.5 cm gets closer to the residual value
and therefore becomes more representative for the surface conditions.
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Results for the rough surface (a=25mm; L=60mm)
For the measurements conducted in this experiment a
different antenna was available, allowing accurate radar
measurements for a frequency range between 0.55 and
5.05 GHz. Although strictly the model is not applicable
for this surface (s = 0.589 > 0.4), simulations were still
run to validate the model. Generally, good agreement between predicted and observed backscattering is obtained.
The measured signal is now less sensitive to variations
in incidence angle. This is because, due to the higher
surface roughness, the diffuse scattering becomes more
important for all investigated incidence angles than the
coherent field.
For the uniform profile and the infiltration profiles, measurements and simulations again compare very well. For
the exfiltration profiles, the model overestimates the signal. In contrast to the smooth surface experiment, these
overestimations persist as the dry-out continues. This can
be explained by the fact that, as the upper probes are on
average 4 cm deep, the soil moisture measurements continue to be not representative for the surface conditions
during the whole dry-out experiment.
Inversion of the Radar Signal to Moisture Content
In this section we investigate the possibility of computing the surface moisture content mv based on radar measurements through inversion of the IEM. Therefore the
following cost function F (s) is minimized:
F (c) = la~ba- o" (c)I

(l)

where a~bs is the measured backscatter coefficient and
a" (c) is the backscatter coefficient estimated by the IEM
for a given value of the dielectric constant e. We refer to
[5] for more details about this inversion algorithm.
The presence of the oscillations in the multifrequency
backscattering data hampers accurate retrieval of dielectric constant and soil moisture content. This is especially
true for measurements taken after an irrigation phase,
since they correspond to high surface moisture content.
It is well known that the sensitivity of the radar signal decreases with increasing moisture content. [5] have shown
that even small differences between measurements and
simulations lead to quite important differences between
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Figure 7: Moisture content values derived from the observed backscattering for the (left) smooth and (right)
rough surface. Results are shown for (top) the test profile, (middle) the wettest and (bottom) the driest condition. Missing bars indicate no convergence of optimization procedure (1) (black: TDR measured value, dark
gray: 11°, middle gray: 23°, light gray: 35°)

observed and retrieved moisture content. Because of the
lower sensitivity of the backscattered signal to moisture
content at higher soil moisture values, retrieved values of
soil moisture under these conditions are in general less
accurate. To eliminate the effect of the oscillations, the
measured curves have been replaced with higher order
polynomials.
Fig. 7 (left) shows the !EM-derived moisture content values obtained for the smooth surface and a selection of
available data takes. In general the retrieved soil moisture
values at 11° compare very well with the observed moisture content at 2.5 cm at all frequency ranges. On average we observe an absolute difference between retrieved
and measured values of 1.2 to 4.7% vol. At 23° the retrieved values are still close to the observed ones for the
lower frequencies (2-5 GHz) and range from 2.4 to 4.0%
vol. At higher frequencies the results become unreliable
for infiltration profiles (13.2 to 20% vol). At 35° the
retrieved soil moisture values are only reliable at the 23 GHz range (2.6 to 5.2% vol).
Fig. 7 (right) shows the inversion results for the rough
surface. For all incidence angles, results are good or very
good for the test and infiltration profiles (0.6 to 5.3% vol),
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but yield underestimation of moisture content for the exfiltration profiles. For the latter conditions, retrieved values are still accurate for the 11° and 23° incidence angles
(3.0 to 5.6% vol), while for 35° they become unreliable.
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In general we can say that the retrieval of the moisture
content follows the accuracy of the forward simulations.
This should be a logical conclusion when using the IEM
for inverting moisture content from radar measurements,
as in this model the relationship between moisture content and backscatter value is single-valued (assuming all
other parameters constant) and monotonically increasing.
It should again be noted that, for the dry-out events, the
TDR measurements are not necessarily fully representative for the actual moisture content at the soil surface.
Additionally, the approximation introduced in the model
implementation should be considered: in fact, the imaginary part of the dielectric constant is neglected, but this is
probably not fully correct for values of the water content
close to residual.
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RETRIEVAL OF SOIL MOISTURE PROFILES
Reference [17] developed a system to retrieve soil moisture profile information from passive microwave measurements using a modeling approach. They used the
Kalman filter theory, a technique originally used in control systems engineering, to couple a heat and moisture
diffusion model as system model and a coherent wave
radiative transfer model as observation subsystem. The
technique allows to handle noise in both the system and
observation equations. We want to develop this technique
for active microwave measurements, in first instance on a
local scale.
The system model (Fig. 8) consists of a numerical solution of the 1D Richards equation, which describes moisture transport in the unsaturated zone. The state vector
consists of soil moisture values at different depths. The
observation system is described by the IEM, which can
accurately simulate radar observations under known conditions, as was proven earlier in this paper. As penetration
of microwaves is rather small, the update of the system
state is limited to the upper part of the moisture profile.
DATA COLLECTION ON FIELD SCALE
To test the proposed soil moisture profile inversion algorithm on a larger scale (field and catchment), an extended
data set was collected in a subcatchment of the Zwalm
catchment (East-Flanders, Belgium).
For this catchment, 19 C-band SAR images were acquired: 13 ERS-2 images and 6 RADARSAT images.
The ERS-2 images cover the period from August 11th
1997 till October 5th 1998. Five RADARSAT images
were taken between August 4th 1997 and September 4th

1997. One additional RADARSAT image was acquired
on March 9th 1998. For each acquisition day of the radar
images, ground truth was collected on a number of bare
and low vegetated fields. Soil samples to a depth of 10cm
for gravimetric soil moisture determination were taken on
a regular grid of 30 by 50 m. Additionally, pictures of the
soil surface were taken to determine the surface roughness.
Apart from the radar images and the corresponding
ground truth, data were collected concerning the soil
moisture profiles along a hillslope transect of 310 m. In 9
locations about 50 m apart (Fig. 9) along the transect, soil
moisture profiles were monitored to a depth of 70 cm using 5 to 6 TOR-probes in each location. Locations 5 to 7
are speced closer and mark a place where subsurface flow
surfaces. More probes are located near the soil surface to
monitor closely the short-time variation in soil moisture.
Eight locations are monitored weekly, while the 9th is
monitored every 10 min using an automatic TDR station.
Soil moisture profile measurements started at the end of
1997.
CONCLUSIONS
The reliability and performance of soil moisture measurements based on radar systems were investigated. Data
of a laboratory experiment were collected under wellcontrolled conditions such that the uncertainties related
to most radar field campaigns were minimized. In this the
collected data sets represent a unique database for further
radar-soil moisture investigations.
It was found that for low incidence angles and low fre-
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quencies the radar derived surface soil moisture estimates
are of the same accuracy as the in situ measurements
(within 5% vol accurate). The observed differences encountered for the exfiltration profiles occurred only when
the retained in situ soil moisture measurements (at 2.5
or 4 cm) were not representative for the surface moisture
conditions. The experiment also shows that for higher incidence angles and higher frequencies the IEM based soil
moisture estimates are unreliable for the smooth surface
but improve as the surface becomes rougher.
These results encourage further investigation towards the
application of satellite based radar systems for soil moisture retrieval. The excellent simulation results of the IEM
allow to use this model as an observation subsystem in a
Kalman filter based soil moisture profile retrieval algorithm. A hydrological model acts as the system model,
which propagates the state variables (the soil moisture
profile) in time when no measurements are available.
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ABSTRACT

INTRODUCTION

A study of the backscattering coefficients derived from
ERS-2 synthetic aperture radar (SAR) data acquired
for several test sites in the Southern Great Plains of the
United States during the summer of 1997 has been
conducted, for the purpose of observing the dependence of the backscattering coefficient on measured
soil moisture. The soil moisture measurements were
conducted during the Southern Great Plains 1997
(SGP97) Hydrology Experiment, which was an interdisciplinary research program with participation by
numerous groups. The experiment included a ground
campaign which involved in-situ soil moisture sampling during early summer (June 18 - July 17, 1997)
for approximately 50 field sites in Oklahoma. The climate in the test area is classified as sub-humid (annual
rainfall 75 cm). A wide range of soil types is found in
the study area, with land use dominated by rangeland
and pasture with areas of winter wheat and other crops.
In support of the SGP97 experiment, ERS-2 precision
image products were obtained for frames which
encompassed 26 of the SGP97 fields on three dates
during the ground campaign time period. From these
data, average backscattering coefficients for each field
were computed for comparison with measured soil
moisture data. The Integral Equation Method has also
been used to compute predicted backscattering coefficient when surface roughness is accounted for.

The feasibility of large-scale determination of soil
moisture using remotely sensed data has been investigated extensively in the past [1-8]. The ability to monitor soil moisture from spaceborne platforms such as
the ERS-2 satellite would make large-scale monitoring
much more practical than obtaining the same information through ground-based methods. This paper investigates the relationship between measured soil
moisture and the ERS-2 backscattering coefficient for
several agricultural and grassland fields in Oklahoma
during the summer of 1997. This work was done in
support of the Southern Great Plains 1997 (SGP97)
Hydrology Experiment, in which numerous interdisciplinary research groups participated.
An overview of the SGP97 experiment is given in the
next section. followed by a brief overview of satellite
synthetic aperture radar (SAR) remote sensing for the
purpose of determining soil moisture. The third section contains a description of the ERS-2 data which
was processed for this research, and results are presented in the fourth section. Next, discussions of soil
roughness and vegetation effects are given, and the
final section contains a summary and conclusions.
SGP97 EXPERIMENT
The SGP97 Hydrology Experiment was an interdisciplinary research program conducted in the early summer (June 18 - July 17) of 1997 in Oklahoma [9]. The
main focus of the experiment was large-scale mapping
of surface soil moisture using airborne and truck-
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mounted sensors. The primary objective was to determine if retrieval algorithms for surface soil moisture
developed for the higher spatial resolutions of truckand aircraft-based sensors could be extended to the
coarser resolutions expected from satellite platforms.
In support of this program. in-situ measurements of
soil moisture and temperature. surface roughness, and
vegetation cover were conducted for approximately 50
field test sites in Oklahoma.
The climate in the test area is classified as sub-humid
(annual rainfall 75 cm). A wide range of soil types is
found in the study area. with land use dominated by
rangeland and pasture with areas of winter wheat and
other crops.
Gravimetric soil moisture measurements were obtained
using a standardized tool to extract a sample of the 0 5 cm soil layer, with the samples approximately 100 m
apart. For a typical field in this study (average size
approximately 0.8 square kilometers). fourteen samples were taken. Bulk density was also sampled for
each field, with four samples per field. Bulk density
was used to convert gravimetric soil moisture to volumetric soil moisture. Surface roughness was recorded
using a photograph of a grid board which was later digitized. Vegetation data were also measured on the
ground for all the sites used for gravimetric soil moisture sampling. Fields were grouped together by location, and designated by two-letter codes which
indicated the general area of sampling: Little Washita
(LW). Central Facility (CF). and El Reno (ER). The
vegetation in all groups included grasslands and winter
wheat. At this time of the year the winter wheat was
senescent or harvested.
SATELLITE SAR REMOIB SENSING AND SOIL
MOISTIJRE
Many studies have been done to assess the usefulness
of SAR data for monitoring soil moisture. Some of the
problems with attempting to derive soil moisture from
radar backscattering signals include variations in soil
roughness and vegetation cover. which also contribute
to the backscattering signal [10-13]. For ERS-2 data.
which is C-band (5.3 GHz). VV polarization. with an
incidence angle of 23 degrees [14], these contributions
can be significant [15]. Past research has been done to
attempt to correct for or remove the contributions of
surface roughness and vegetation attenuation in order
to obtain a backscattering signal which depends mainly

on the soil moisture. This paper will discuss in a later
section the effects of surface roughness and vegetation
attenuation in relation to the ERS-2 data which have
been processed for the SGP97 experiment.
ERS-2 SAR DATA
All available ERS-2 SAR data were obtained for the
test site in Oklahoma for the dates during the experiment duration. Unfortunately, the data for all the CF
fields were unavailable due to processing problems.
ERS-2 data were available for 7/17f)7 for the LW and
ER fields. but ground truth data were not available for
that date. However. ground data were available for 7I
16/97, and no rainfall occurred between the sampling
time and the ERS acquisition. Therefore, these data
will also be included, with the assumption that the soil
moisture did not change significantly in one day. The
data which will be presented in this paper are summarized in Table 1. As can be seen from the table. both
ground truth and ERS-2 coverage were available for 24
fields. For five of the LW fields ERS-2 coverage was
available for three different dates during the experiment timeframe, and for the 11 ER fields, coverage
was available for two dates during the ground experiment.
RESULTS
In order to calculate an average backscattering coefficient for each field, the ERS-2 scenes described above
were analyzed using an image processing program.
Precision Image (PRI) products were first map registered using ground control points in order to accurately
extract the correct pixels corresponding to each field.
The field comers were specified by latitude, longitude
values. Due to a limitation of the image processing
program used, only rectangular subimages could be
extracted. Most fields were roughly rectangular, allowing for easy extraction of field subimages. Fields
which were not rectangular had the largest possible
rectangular subregions extracted to allow for the most
accurate estimation of the backscattering coefficient.
For each field subimage, the backscattering coefficient
was then computed from the average pixel value following the calibration procedure given in [16]. Using
this calibration procedure, it is estimated that the backscattering coefficient value is accurate to within +/- 0.4
dB.
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Acquisition
Date

Nominal
Overpass
Time (UTC)

Orbit Number

Frame
Number

Center latitude and
longitude

SGP97 fields covered

6!25/97

4:50

11396

0693

34.97, -97.71

LW 03, 04, 05, 08, 13

6!25/97

4:50

11396

0711

35.86, -97.93

ER (all, 13 fields total)

7/14/97

4:52

11668

0693

34.97, -98.43

LW (all, 11 fields total)

7/17/97

17:13

11718

2907

34.75, -98.25

LW (all, 11 fields total)

7/17/97

17:13

11718

2889

35.64, -98.02

ER (all, 13 fields total)

Table 1: ERS-2 Data Coverage for SGP97 Experiment
The ERS-2 backscattering coefficient cr0 has been plotted as a function of the volumetric soil moisture IDy in
Figs. 1 and 2. The fields have been grouped according
to vegetation cover into four categories: harvested
winter wheat, tilled winter wheat, dense pasture (leaf
area index> 2) and light pasture (leaf area index c 2).
Fig. 1 shows the results for the winter wheat fields, and
Fig. 2 shows the results for the pasture fields. A linear
function has been fit to each group of fields by minimizing the chi-square error. The parameters A and B,
where cr0 =A IDy + B, are given in Table 2.
As can be seen from the plots, the best fit line for the
tilled winter wheat field values shows the strongest
increase with soil moisture, though the average chisquare error is quite high (this is believed to be due to
the scarcity of data available for these fields). Since
these fields are basically bare soil, a high dependence
of backscattering coefficient on soil moisture is
expected, though with so few data points and such a
high error, no real conclusions should be drawn from
this plot. The harvested winter wheat also has sparse
vegetation cover, so would also be expected to show
quite a high dependence of backscattering coefficient
on soil moisture. The pasture fields show a less strong
dependence on soil moisture, indicating some effects
from vegetation and surface roughness on the backscattering coefficient. Except for the tilled wheat fields,
the average chi-square errors for the best-fit lines are
not much greater than the +/- 0.4 dB estimated calibration accuracy of the ERS-2 data quoted before. Other
possible sources of error in the
values are map registration and field extraction errors. These results are

a°

also in line with previous results obtained for ERS-1
data over agricultural fields [4].
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Fig. 1. ERS-2 backscattering coefficient vs.
volumetric soil moisture for winter wheat fields
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Ave.

Num.

Chisquare
error

of
data
points

Field type

A

B

Tilled winter wheat

0.518

-15.7

10.4

4

Harvested winter
wheat

0.265

-14.3

0.9

14

Pasture, light (leaf
area index< 2)

.121

-12.0

1.2

12

Pasture, dense (leaf
area index> 2)

.064

-12.6

0.7

22

Table 2: Linear Equation Parameters for
Figs.1, 2 (cr0 =A m, + B)
SOIL SURFACE ROUGHNESS
Jn order to estimate the effects of soil surface roughness on the backscattering coefficient for these data,
backscattering coefficient calculations were performed
using the Integral Equation Method (IEM) [17]. Jn the
IEM, the backscattering coefficient is calculated given
roughness information about the soil surface (a bare
soil surface is assumed) and the surface dielectric constant. For the SGP97 fields, surface roughness information was available for 1 to 4 sample points within
each field, in the form of correlation length and rms
height. It should be noted, however, that most of the
fields in this study have some vegetation cover, so
using the IEM to model backscattering coefficients
would be expected to yield errors due to the vegetation
cover. Using the ground-measured soil surface roughness parameters and the soil permittivity, backscattering coefficients were calculated for each field and date
listed in Table 1 above. Due to the large spread of values of the surface parameters within some of the fields
(for one field, the values of correlation length (cl) and
root mean square height (rmsh) varied from cl 4.59
cm, rmsh = 0.27 cm, to cl = 32.18 cm, rmsh = 0.37 cm.
Using these values in the IEM, the backscattering
coefficient varied from around -11 dB to less than -45
dB. Averaging the values of the roughness parameters
was not effective in providing a good simulation of the
backscattering coefficients, even for the bare soil
fields, since the maximum number of measurements of

=

the roughness parameters was four for any field, and in
fact for many fields only two or three measurement
results were available. Therefore. a better method for
establishing appropriate roughness parameters was
sought.
ERS-2 backscattering data were available for three different days (6/25, 7/14, and 7/17) for five of the LW
fields (all these fields contained some vegetation cover,
as detailed in Table 3). An attempt was made to obtain
"effective" roughness parameters for use in the IEM
model using the backscattering data for one day as a
"calibration" set. That is, the IEM program was iterated on values of the correlation length (therms height
values, which seemed to be more consistent within the
fields than the correlation length measurements, were
averaged for each field to give the rms height used in
the program). The value of the correlation length
which gave the backscattering coefficient closest to the
ER.S-2data for that field for that day was then taken as
the effective average correlation length of the field.
These correlation lengths were then used in the IEM
program to predict the backscattering coefficients for
the fields on 7/14 and 7/17. The results for the 7/14
and 7/17 computations are shown in Table 3. For comparison, the IEM results using the average measured
correlation length values are shown as well. As can be
seen, the IEM predicted values for the backscattering
coefficient were within a dB of the ERS-2 values for
the 7/14 data when the computed correlation lengths
were used. The values for the 7/17 data do not agree
quite as well, which could be due partly to the fact that
the IEM computation uses ground data which is a day
different from the ERS acquisition. The agreement
between the ERS-2 data and the IEM is nonexistent
when using the measured values of the correlation
lengths.
This exercise leads to the conclusion that the groundbased method used for measuring correlation lengths
for the SGP97 fields was not accurate enough to yield
meaningful results from the IEM. By using a combination of SAR and ground measured soil moisture data,
effective surface roughness parameters were obtained
in this case which allowed for reasonable backscattering coefficient modelling, even for vegetated fields.
Thus, if remotely sensed data are available for more
than one day, this technique could provide a method
for predicting backscattering coefficient information
including both roughness and vegetation contributions.
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Average

IEM cr0 (dB)

Computed

ground
measured
correlation
length (cm)

effective
correlation
length (cm)

ERS-2 cr°
(dB)

(using
computed
correlation
length values)

IEM cr° (dB)
(using average
measured
correlation
length values)

Field
designation

Field type

7/14 LW03

Light pasture

22.04

6.34

-11.6

-10.7

-71.4

7/14 LW04

Light pasture

11.62

5.76

-11.4

-11.1

-31.9

7/14 LW05

Light pasture

16.28

8.21

-10.6

-10.0

-32.0

7/14LW08

Harvested
winter wheat

15.05

4.61

-5.7

-4.6

-41.5

7/14 LW13

Light pasture

7.29

16.26

-10.9

-10.5

-7.6

7/17 LW03

Light pasture

22.04

6.34

-10.96

-8.28

-69.0

7/17 LW04

Light pasture

11.62

5.76

-10.7

-9.08

-29.9

7/17 LW05

Light pasture

16.28

8.21

-10.0

-8.16

-30.2

7/17 LW08

Harvested
winter wheat

15.05

4.61

-7.5

-3.18

-40.1

7/17 LW13

Light pasture

7.29

16.26

-11.8

-11.54

-8.7

Table 3: IEM Computed cr0 for computed and measured values of correlation length
SOIL VEGETATIONCOVER
For the SGP97 fields. the investigation of the dependence of the backscattering coefficient on vegetation
cover is continuing. However, it has been noted earlier
that the best fit lines for the various types of vegetation
have the same behavior as found in previous work [4].
The mean plant water content for the various SGP97
fields during the experiment time frame varies between
about 0.2 kg/m2 and 1.8 kg/m2 for the pasture fields,
and between about 0.1 kg/m2 and 1.0 kg/m2 for the
harvested wheat fields. Attempts to correlate plant
water content with backscattering coefficient for various values of soil moisture to obtain a correction factor
for the vegetation effects (following [15]) have not
been successful. The lack of success is thought to be
due to the scarcity of data points available.
SUMMARY AND CONCLUSIONS
ERS-2 backscattering data have been obtained for agricultural fields in support of the SGP97 experiment.

These data have been compared with soil moisture values which were obtained by ground testing during the
experiment. Contributions of surface roughness and
vegetation cover to the backscattering values were
investigated.
The results obtained in this paper for backscattering
coefficient dependence on soil moisture are consistent
with previous work which has been published in the literature. Also. backscattering coefficient values computed using the IEM agree very well with ERS-2
values provided effective correlation length values are
used These effective correlation lengths can be
obtained using an iterative procedure and a "calibration" set of data. For vegetated fields, this effective
correlation length contains vegetation contributions.
and thus could allow use of the IEM for modeling
backscattering coefficient provided multiple data sets
are available. For heavy pasture fields in this study,
investigation of the vegetation contribution is still
underway.
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ABSTRACT
This paper reports results of research into the potential
of ESA's future Advanced Synthetic Aperture Radar
(ASAR) for soil moisture measurement and retrieval.
Results from earlier simulation work using ERS-1
imagery, confirmed the sensitivity of ASAR backscatter
to soil moisture at different spatial resolutions. New
research conducted during 1997 aimed to extend the
simulation and investigate the sensitivity of ASAR
backscatter to soil moisture at different spatial
resolutions and incidence angles. ASAR's high (30m),
medium (150m) and low (lOOOm)resolution imaging
modes were spatially and radiometrically simulated
using ERS-2 and RADARSAT data. Work has
proceeded at three test sites and the results are reported
here for the Thames site in the UK. A comprehensive
set of satellite imagery and ground data at catchment
scale was acquired for this site during the 1997 crop
growing period. ASAR products were simulated from
10 ERS-2 and 6 Radarsat images and the backscatter
measurements compared to soil moisture measured on
the day of acquisition. The results demonstrate the
effects of crop cover, spatial resolution and incidence
angle on soil moisture sensitivity and retrieval at the
catchment scale.
INTRODUCTION
Soil moisture plays an essential role in the hydrological
cycle as, along with snow and surface water, it is one of
the variable storage terms that reflect global changes in
water mass balance. In addition, soil moisture exerts an
important control on the transfer of energy and water at
the land surface where, for most regions, the availability
of soil moisture determines the rate of evaporation, as
well as controlling the development of vegetation.
Evaporation and transpiration are the main sources of
atmospheric water, and latent and sensible heat fluxes
provide much of the energy to drive climate dynamics.
The surface soil layer is where the largest changes in
moisture take place and this strongly influences energy

exchange. This is also the region which is detected by
remote sensing, so the potential for monitoring soil
moisture fluxes on a global scale is real, but there are
many factors which must be taken into account before
this can be realised. ERS AMI data for the first time
enabled soil moisture effects to be studied over
extended periods covering a wide range of climates, soil
types and vegetation covers to provide a unique source
of data for comparative studies. The ERS SAR data has
been complemented more recently by Radarsat data and
will be augmented further in the near future by the
ASAR instrument on Envisat. The ASAR instrument is
unique in that it will offer the capability of electronic
beam steering together with a choice of polarisations,
including dual polarisation.
The electronic beam
steering capability allows wide swath modes to be used,
albeit at the expense of spatial resolution. This will
allow a number of SAR products to be produced, at
different spatial and radiometric resolutions and
covering different areas of ground. The main objectives
of the study were therefore:
a) to determine the soil moisture measurement
capabilities and accuracy of the ERS data products
for croplands and grasslands;
b) to investigate the suitability of low resolution SAR
data products at a spatial scale of l 50m and 1km
for soil moisture estimation.
The work comprised an empirical, field-based study of
soil moisture retrieval using high-resolution ERS SAR
and Radarsat SAR (Standard Beams) and simulated
low-resolution SAR products (such as those that will be
provided by ASAR).
For the main study site, a part of the Upper Thames was
chosen in southern England. This intensive study was
augmented by a more modest appraisal of a contrasting
site in northern Zimbabwe to determine whether
different scaling factors are required in differing
climatic zones. An existing data set covering Romney
Marsh in Southern England was used in the early part of
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the project to develop the low-resolution simulation and
geographic data processing techniques [l].
Table 1
provides an overview of the data coverage for each of
the sites. The results of the Thames 1997 experiment
are reported herein.
This site had the most
comprehensive
coverage
of ground data, model
hydrological data at !km and satellite radar imagery.
Site

Ground
data

Model
data

ERS
SAR

Radarsat
SAR

(30m)

(lkm)

Romney '91

.;

x

.;

Thames '92
& '94

x

.;

.;

x
x

Zimbabwe
'96

.;

x

.;

x

Thames '97

.;

.;

.;

.;

Table 1 Critical Data Availability at Each Site

METHODOLOGY
Data Model
The key concept in the project was to make a map of
representative elementary areas (REAs). REAs defined
on the basis of land use were considered to be
hydrologically homogeneous at the catchment scale. In
practice REAs were constructed from land parcel
boundaries. Time invariant information about each REA
was extracted into a 'static' table.
Time variant
information
about soil moisture, backscatter
and
vegetation cover was extracted into a separate table for
all land parcels on each image date. With the REA sizes
used in this study it was reasonable to record
backscatter at parcel level for both high (30m) and
medium (l 50m) resolution images. It is not however
sensible to record low-resolution backscatter at the
parcel level because of the mixing effect. Instead, a
database was created to record the proportion of each
REA falling in each 1km cell.

Calibration of Radar Imagery
ERS-2
Ten ERS-2 images acquired between February and
September 1997 were processed using the calibration
constant values, K as given in [2]. For ERS-2 SAR PRI
products, it was not necessary to apply a replica power
correction.
ADC saturation effects for ERS-2 SAR
images acquired over land were investigated.
ADC
power losses were found to be generally less than 0.1
dB, thus an ADC saturation correction was not applied.

Radars at
A set of five Radarsat images acquired in March 1997
were selected because they were all at different
incidence angles but closely spaced in time. An image
for 27 May was also analysed because it allowed some
comparison of differences between HH and VV
polarisation at the same incidence angle. The selected
images were calibrated using the procedure described
in [3]. The procedure was implemented using PCI
software which automatically generated the calibration
data during the read process from delivery media.

Envisat ASAR Simulation
A system was developed to produce low-resolution
digital SAR images by modification of high-resolution
satellite images. These low-resolution products were to
provide a simulation of ASAR imagery.
The highresolution input data were from ERS-2 and Radarsat in
the form of ground-range projected amplitude image
products. Three types of ASAR product were simulated
as given in Table 2. The simulation procedure consisted
of four steps:
1.

2.
3.
4.

thresholding,
resolution reduction,
sub-sampling,
re-speckling.

The thresholding process was performed in order to
reduce the effect of bright point-targets in the input
data. The threshold level used was based on a value
above the highest likely backscatter for wet bare soil.
Resolution reduction was performed using a filter to
convolve the input amplitude data with the response
function of the desired ASAR product. The process was
normalised so that the calibration of the original data
was maintained. As the pixel spacing of the simulated
products was an integer multiple of the source image
pixel spacing, it was not necessary to re-interpolate the
data to a new pixel grid. The desired product could be
produced directly through filtering the input product at
the required sub-sampled
pixel locations.
The
resolution reduction process had the effect of reducing
the variance of the image (i.e. the effective number of
looks was increased).
It was therefore necessary to
increase the variance of the output image to that
required for the simulated ASAR products. This was
achieved by replacing the pixel value with a random
number from an appropriate distribution.
From the
input amplitude images, products were generated which
had good fidelity in the mean and standard deviation
[4].
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ERS PRI

Product

Radarsat

ASAR
Medium

ASAR
Wide

ASAR
Global

3

4

30

J5

J5

Range Resolution (m)

25

2J-27

J50

J50

1000

Azimuth Resolution (m)

22

27

J50

J50

1000

Range Pixel spacing (m)

J2.5

J2.5

JOO

JOO

500

Azimuth Pixel spacing (m)

J2.5

J2.5

JOO

JOO

500

Number of looks

Sidelobe level dB

--20dB

Table 2 ASAR Product Specifications
SAR Geocoding
In this project, ASAR simulation products were to be
compared over a time series. Calibrated high-resolution
images were therefore ortho-rectified using the PCI
Radarsoft package. This software uses an orbit model
in conjunction with GCPs and a DEM to create a
topographically corrected image in a cartographic
projection. Nearest neighbour re-sampling was used in
order to preserve the input values. Topographic
incidence angle correction was applied to the ERS
simulation images.
The simulated low-resolution
images were re-sampled to the same extents as the
original high-resolution images, so allowing geocoding
using the geometric transformation model already
established for high-resolution imagery.
Soil Moisture
Measurement,
Sampling
and
Modelling
At the catchment scale, manpower/time availability
becomes the essential determinant of the resulting
sampling design. Therefore a simple grid-sampling
regime was used in the River Pang Catchment. A total
of 48 grid squares were selected for observation.
Within these !km squares 26 cereal, 14 other arable and
8 grass fields were monitored during the period
February to September, Figure 1. On seven ERS-2

overpass days, soil samples were taken to allow
measurement of volumetric moisture content using the
thermo-gravimetric method. Samples were taken at 05cm and 0-1Ocm. Portable soil capacitance insertion
probes [5] were also used to obtain additional soil
moisture measurements in each grid square at both 05cm and 0-lOcm depths. Vegetation cover and soil
condition was also recorded.
Maps showing the spatial distribution of soil moisture at
1km2 resolution were produced using a Distributed
Catchment scale model. Aggregation schemes for input
parameters for both mixed soils and vegetation were
used to produce output values representing soil moisture
on a Ikm2 grid. This grid size matched to the sampling
design and is recommended for catchment modelling
in [6]. The model was run with daily data which
included rainfall radar data calibrated on a 2km grid,
rainfall interception, evaporation, infiltration, surface
runoff, plant water uptake, the water distribution in the
unsaturated zone and groundwater recharge to the
aquifer. Soil moisture maps showing estimates of soil
moisture at 0-5cm and 0-1Ocmwere produced as output
on each satellite overpass date, Figure 2.

I •.
1 km Gnd Squares Sampled

on ERS Overpass Days

RIVER PANG CATCHMENT

Fig. 1 Field Sampling Plan for the Pang Catchment - 1997
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Soil Water Content

Lightest= 28mm

Dry-2 July 1993

Wet-4

December 1992

Darkest= Imm

0-5 cm

Fig. 2 Examples of Catchment Scale Aggregated Soil Moisture Model Output

RESULTS
High Resolution (30m)
Figure 3 shows the relationship between fractional
moisture volume (Mvt) and backscatter using highresolution SAR on cereals, arable and grassland. At
30m resolution, arable fields were found to be the land
use best suited to monitoring of soil moisture. For
cereals, Figure 3 shows that a linear regression between
soil moisture and backscatter was not significant.
However a significant multiple regression relationship
was found for soil moisture using backscatter and
cover(%) as the independent variables. For grassland,
a significant linear relationship was found (less
sensitivity compared with arable).
The greatest
deviation was in May (reduced backscatter) when the
first hay crops were well developed.
Medium Resolution (150m)
For Thames, significant relationships were found
between backscatter and soil moisture for grassland and
'other arable'. For cereals, backscatter variation could
be explained by soil moisture and cover(%) during the
vegetative stage. For each cover type, the relationships
were found to be resolution independent. Figure 4
shows the relationship for arable crops.
Low Resolution(lkm)
Significant linear relationships between backscatter and
soil moisture were found at lkm resolution for arable
crops and grassland. For cereals, backscatter variation
could be explained by soil moisture and cover during

the vegetative stage. Higher backscatter was observed
in March when fields were rough, lower backscatter in
May when grass was long. At the catchment scale, for
arable, grassland and cereals, resolution independent
relationships were found when compared to either high
or medium resolution (e.g. see Figure 4 for arable
crops).
Effect of Incidence Angle and Polarisation
Figure 5 shows the simulated ASAR 1 km backscatter
on all acquisition dates plotted against incidence angle.
The ERS-2 backscatter shows high dynamic range but
no trends are evident between 21 and 25 degrees.
However, for the simulated high incidence angle data
(using Radarsat beams S2 to S7), there is a decrease in
backscatter as incidence angle increases from 28 to 48
degrees. The sensitivity of backscatter to changes in
incidence angle was also dependent on cover type. The
slope coefficients for the cereal and grassland
regressions were steeper than those for arable.
The Radarsat S 1 image is not included in this analysis
of angular effects because the soil moisture on that date
(27 May) was not comparable with the soil moisture on
the other Radarsat acquisition dates. This HH polarised
image of 27 May can however be compared with the
26 May ERS-2 acquisition (VV). Figure 5 shows that
the HH backscatter is 2.5dB higher than the VV
backscatter for simulated images at !km resolution
acquired one day apart, and at similar incidence angles.
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Backscatter vs Soil Moisture, Vegetation Effects
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Fig. 3 Cover type dependent relationships between soil moisture and high resolution backscatter
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Fig. 5 Backscatter variation with incidence angle and polarisation (arable crops)
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CONCLUSIONS
This study has demonstrated a promising capability to
estimate surface soil moisture at l 50m and 1km
resolution from SAR data. It must however be noted
that the effect of surface roughness at these resolutions
was not accounted for. Significant a priori knowledge
on vegetation cover types (cereal, arable, grassland) is
required in order to estimate soil moisture. This
information is needed to mask out unsuitable cells and
also to select an appropriate retrieval model including
vegetation type and (at least for cereals) vegetative
cover. At low incidence angles (e.g. 20-25°), statistical
relationships between soil moisture and backscatter can
be generalised over regions for different cover types
and time periods.
As incidence angle increases
(towards 50°), backscatter decreases, which probably
reduces sensitivity to soil moisture. The rate of
decrease appears to be dependent on cover type.
There is no significant difference between 30 look and
15 look results at l 50m resolution. At a catchment
level there is little difference in the mean backscatter
response between 30m resolution and simulated lowresolution (lkm) data. It is possible to achieve an
accuracy of ±7% in estimating volumetric near-surface
soil moisture from high-resolution and simulated lowresolution SAR. This level of accuracy is at least equal
to (and in some cases exceeds) what can be achieved by
other methods for estimating near-surface soil moisture.
We conclude that ASAR has potential for estimating
soil moisture at lkm resolution on a continental scale, in
particular considering the scope for obtaining the
necessary information on vegetation type and condition
from the MERIS sensor on Envisat. An important area
of uncertainty concerns the necessary incidence angle
corrections.
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radar (SAR) and scatterometer techniques. This report
focuses on the SAR aspect.
ABSTRACT
A study of the use of ERS-2 data was conducted
over agricultural farmland sites in the Negev Desert.
The ERS -2 data were acquired using the ISA (Israel
Space Agency) receiving station operated by the Israel
Aircraft Industry. Concurrent field measurements
including the deployment of well-calibrated corner
reflectors were also achieved. Results show that for
individual fields where the soil roughness is kept at a
constant the radar backscatter cross-section correlates
well with the soil moisture component. However,
without a priori knowledge of soil roughness the
correlation is relatively poor. To solve for roughness
and soil moisture, a technique is being developed using
two ERS images. By this method 43% of the variance
in the radar backscatter is explained by soil moisture.
Further work involves the development of techniques to
solve for both parameters.
Furthermore, a
scatterometer has been constructed to map soil moisture
under controlled conditions for precision agriculture
and environmental monitoring.
INTRODUCTION
In the Middle East and other deserts of the world,
population growth, diminishing water resources and the
lack of fertile farmland has lead to the need to produce
more produce from current farmland. This in turn
requires precision farming which remote sensing has the
capability of contributing to. In this report preliminary
results arc reported from a project aimed at mapping
soil moisture in an arid region by synthetic aperture

The optimal frequency range for active
microwave remote sensing of earth and ocean surfaces
is 0.4 - 20 GHz. This is stipulated by small energy
losses in the atmosphere and high sensitivity to surface
geometry and soil moisture. Scattering in the backward
direction (radar response, or backscatter) is very
sensitive to surface roughness, topsoil structure and
texture. Most studies of the response of radar
backscatter to surface roughness are concerned with the
root mean square (RMS) of the detrended profile of the
surface, namely the RMS height [Elachi, 1987; Evans
et al., 1992; Greeley et al., 1991; Lancaster et al.,
1991]. Due to a high dielectric constant in the
microwave range (-80), water increases the reflectivity.
Therefore, with the increase of water content in soil or
in vegetation the radar backscatter increases.
The scattering properties of various objects can
be measured by radar systems. With a given distance of
r from the radar to the object, the measured received
power P, allows the calculation of the backscattering
coefficient o". In general, the backscattered power P,
received by radar is correlated with the transmitted
power P, by the integral radar equation. If the antenna
diagram is narrow enough (smaller than several
degrees), the following approximate radar equation can
be used [Elachi, 1987]:
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If polarimetric spaceborne SAR data are obtained

Where G is the antenna amplification coefficient, A is

the wavelength,

a~t(0)

is the coefficient of back

scattering from a surface illuminated by the r-polarized
wave when radiation is received by the r-polarized
antenna. Usually, radar systems for remote sensing,
operate in the following polarizations: HH (transmitting
and receiving antennae are horizontally polarized), VV
(both antennae are vertically polarized), and HV or VH
(cross-polarization) when one antenna is polarized
horizontally and the second - vertically. Backscatter
coefficients corresponding to these regimes are
a~h(0),

O"~v (0),

and a~h(0). It is worth noting

at incidence angles greater than 35 degrees, E and h
values can be estimated using (2) and (3). The soil
moisture value is retrieved from the E value obtained
according to the semi-empirical expression [4]:

&
m

is the real part of the soil-water mixture complex

dielectric constant; S is the dielectric constant of the
s

that

O"o

_ O"o .

vh -

hv

The backscatter coefficient o" is

solid soil (for soils in the Negev S ~ 4.7); m is the
s

determined by surface properties; all other parameters in
Eq. 1 are directly related to the system properties.

volumetric water content;

p is the bulk density of the
b

soil in gram per centimeter+; p
There are vast publications devoted to theoretical and
experimental studies of the backscatter coefficient
dependencies on soil moisture and soil roughness (for
example [Dawson et al., 1997; Dobson and Ulaby,
1986; Dubios et al., I995a; Dubios et al., 1995b; Elachi,
1987; Engman, 1991; Ulaby and Siqueira, 1995]. All
these data were acquired with quad-polarized
scatterometer or polarimetric airborne and satellite
SAR, i.e. are based on the use of co- and cross-polarized
components of the radar backscatter.
Only few
publications concern the inversion technique for the soil
moisture and soil roughness retrieval [Dubios et al.,
I995a; Dubios et al., I995b; Ulaby and Siqueira, 1995].
Among them the most developed are those that use the
co-polarized components only. These are less sensitive
to system noise and cross talk than the weaker crosspolarized components.
According to Dubios et al. [1995a] and Dubios et
al. [1995b], the soil moisture and soil roughness can be
retrieved from formulae:
cr = 10-2.75 100.028i:tane
(kh sin8)t.4A0.7
hh

(2)

o = I0-2.35 (sinT/sint) 100.0461:
tane(kh sin8)1.1 A0.7(3)
vv

Where c

hh

and o

vv

are the backscatter coefficients at

horizontal (hh) and vertical (vv) polarizations, Eis a real
part of the soil moisture, h is the surface rms height, A is
the SAR wavelength, and 8 is the incidence angle.

g

=

2.66 g/cm3 is the

specific density of the solid soil particles;

a= 0.65 is an

p

empirically determined constant;
is empirically
determined soil-type dependent constant given by:

p = (127.48 - 0.519 S-

0.152 C)/100

(5)

S and C represent the mass fractions of sand and clay
respectively (i.e. 0 s S,C ~ 1).
APPROACH
This project was conducted using ERS-2 data acquired
by the MBT receiving station. The MBT station is
operated by the Israel Space Agency and is located near
Tel-Aviv. It adds a large area of the Middle East and
Northern Africa (to Ethiopia in the south) to the areas
already covered by ESA's network of receiving stations.
The MBT station produces several products including
RSD, SLC and PRI data. The data used for this project
are PRI (precision images), which include ESA's
calibration parameters unlike the SLC data. The PRI
data also have four times the spatial coverage (I OOxI00
km) than do the SLC data (50x50km). However, the
PRI data are image scaled and multilooked to 12.5 x
12.5 m/pixel. For this project quantitative data were
required in radar cross-section units (i.e., dBs). To
approach this, elaborate software program was designed
that converts the PRI data into absolute scaled data
using ESA guidelines (Laur et al., 1996).
ESAs calibration factors are accounted for in the
production of the MBT PRI ERS-2 scenes. However, to
verify the calibration and our software, six large corner
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reflectors were constructed and deployed in the field.
Prior to construction of the reflectors some rough
surfaces

(desert

pavement

using a surface template.

sites)

were characterized

These show a correlation

radius of roughness L ~ 1.2 cm and rms height of h = 0.9
cm with a Gaussian correlation function. Obviously, the
sandy sites are smoother and will be darker in the radar
data giving a stronger sensitivity to moisture content
than the desert pavement site. One pixel of such a
surface (12.5 x 12.5 mz) with a soil moisture m = 5%

would have a radar cross section (RCS)

CJ . - I5
soil

Therefore, corner reflectors have to possess
dB. Such an RCS value

(CJ

ref!

between soil moisture and radar backscatter cross
section.

o

ref!

dB.

The second approach was aimed at assessing soil
moisture over sandy sites with an arbitrary surface
roughness. To achieve this, two scenes were used
having approximately a 12-hour difference between data
takes. By using the ratio of the incidence angles and the
backscatter coefficients we are thus far, able to explain
43% of the radar backscatter by soil moisture variation
for bare fields with sandy constituents. This is achieved
using equations 7 through 9.

~ 35
(7)

= 35.45 dB) requires a

corner reflector with a side size of 1 = I .27 m, which
follows from formula (6):

c fl
re

=

(8)

(47tfl...2) l4{cose + sine (sin<j>+ cose) - 2

[case+ sine (sine + cos<j>))]-1}2

M=a+ R cr0*+ R 8 P*x
t

(6)

Where 8 = 54.740 and ~ = 45° which
determines the boresight of a corner reflector sitting
with its base flat on a level surface. The reflectors were
deployed at sites in the Negev near Revivim and
Tseelim. The sites were chosen to be agriculturally
important, smooth, so to be dark in the radar image, and
easily accessible. Consequently, these reflectors were
extremely useful in identifying the exact sites on which
we worked during the study. Evidentially, the reflectors
corroborated the calibration of the ERS data.
Data logging equipment, time and frequency domain
reflectometers,
wind
sensing
and
other
micrometeorology equipment were used to monitor
conditions during the overpasses of ERS. All the
equipment was calibrated in laboratory conditions prior
to the deployment using BGU's wind tunnel and
physical climatology and geomorphology laboratory.
The soil moisture sensors are calibrated against
gravimetric moisture samples dried in an oven at 105 C
for 24 hours. In addition, gravimetric samples were
taken at 4 depths at several locations throughout each
field.
RESULTS
To derive soil moisture while eliminating the affect of
surface roughness two methods were used. The first is to
keep the roughness at a constant or close to constant, i.e.,
each field was approached individually. Results from
this method show a very high degree of correlation

t

(9)

cr01is the radar backscatter coefficient for
the first scene, cr02 is the radar backscatter coefficient
Where

for the first scene, 81 and 82 are the incidence angles
for the first and second scenes respectively. Coefficients

a, p, and X are empericaly derived and were found to be
(-0.04815, 0.010657, 0.101833) respectively.
The
method, in essence, is based on the use of multiple
incidence angles and the coefficients are still being
determined.

CONCLUSIONS
Soil moisture is an important parameter for
agriculture, especially in the desert environment. While
little research has been conducted on the use of SAR in
the arid environment for mapping soil moisture it has a
great potential. Preliminary results from this research
show that soil moisture can be mapped for individual
fields using SAR data. However, either a priori
knowledge is needed regarding the surface roughness,
or alternatively a second polarization can be used to
solve for both parameters. In this project results were
shown for two incidence angles which yield a relatively
good prediction of the soil moisture.
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ABSTRACT
Relationships between radar backscattering coefficient
( cr0) and environmental parameters of volumetric soil
moisture and biomass were empirically investigated in
two sites. These sites represent an annual rainfall
change from 450 mm to 250 mm across a semiarid
transition zone between Mediterranean
and arid
environments in Israel. A strong linear correlation was
found between ground measurements of volumetric
soil moisture taken place at the two sites in three
different dates and corresponding radar backscatter
intensities measured from ERS-2 SAR images. The
slope and intercept values of the regression equation
are similar to those reported in other regions of the
world.
Relationships
between the radar backscatter and
Herbaceous biomass were examined in areas of
homogenous vegetation cover. Results show strong
linear correlation
between
Herbaceous
biomass
measured in the field and the ERS-2 backscatter.

INTRODCUTION
Soil moisture and vegetation biomass are primary
parameters needed for understanding the environmental
dynamics of Mediterranean regions. Desertification
processes which take place at the margins of these
regions are characterized by changes in the physical,
chemical and biological properties of soils (Lavee et.
al., 1993) and in the structure of natural vegetation .
Remote sensing have shown its potential for studying
relationships between vegetation and soil properties
across transition zones (Shoshany et. al., 1995),
However, most of the existing remote sensing
applications in this field are based on data from sensors
in the visible and infrared spectral bands which are
limited in their sensitivity to volumetric information.
Understanding
the
relationships
between
the
volumetric properties of soil moisture content and the

Volcani Centre, P.O.B 6,

biomass with radar backscattering will allow better
monitoring
of the extent
and dynamics
of
desertification using remote sensing data. Numerous
radar remote sensing studies have shown the potential
of this data source for analysing soil moisture and
biomass in various regions of the world, however, there
is lack of knowledge regarding the radar backscatter
response to moisture content change across transition
zones between Mediterranean and arid climates. The
objective of this paper is to assess empirically the
relationship between the volumetric soil moisture and
biomass with the ERS-2 backscatter in two sites along
a transect in the semi-arid zone of Israel.
STUDY AREA
The two research sites : Avisur Highland and Lehavim
represents semi-arid phyto-geographical zone along a
north - south rainfall gradient with annual average
betwee 450 mm and 250 mm. The dominant rock
formation is mostly chalk with patches of Calcrete and
the dominant soil is Brown Rendzina (Haploxerolls).
Vegetation in this area varies from shrublands and
garigue (dominated by Quercus calliprinos
and
Phillyrea latifolia), through dwarf shrubs (dominated
by Sarcopoterium Spinosium) to open areas with
diverse
grasslands
vegetation
(dominated
by
Gramineae). The spatial patterns represent wide range
of transitional
stages between
areas of high
homogeneity of mainly tall shrubs and grasslands with
different compositions of the three life-forms. This
diversity of patterns is a result of a long history (since
the late bronze, approximately 5500 years ago) of
human activity. Land use in this area is composed of
agricultural crops in the wadi's and rangelands with
controlled grazing pressures . The study area is
characterised by wide range of "regeneration and
degradation patterns" (Naveh and Kutiel, 1990) of
patches
representing
various
soil-vegetation
relationships which will allow generalization of the
methods to wider areas of transition
between
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Mediterranean and arid regions.
SATELLITE IMAGE PROCESSING
Three ERS-2 SAR images of 1997 (March,
April and May) were found available for this study
representing seasonal soil moisture fluctuations along
the climatic gradient . Since the rainfall in this region
continues typically until the end of March or mid April
, the first characterise almost the highest soil moisture
while April and March dates represent the soil drying
processes. Radiometric calibration of the ERS-2
images was carried out according to the method
described by Laur et al. (1997). The derivation the

backscattering coefficient (o") from DN value of ERS2 SAR PRI image is given by:

Where:
DN2 is given following the application of a
median filter to reduce speckle effects;
K is the calibration constant with reference to
the processing centre (1-PAFin this work);
C accounts for updating the gain due to the
elevation antenna pattern;
a and aref are the average and reference
incidence angle respectively.
In this form, equation I neglects two parameters which
appear in Laur et. al., ( 1997): the ratio between PRP
(Product Replica Power) and RRP (Reference Replica
Power) and the PowerLoss effect. The first ratio can be
ignored since there were no variations of the Replica
Pulse Power with respect to the Calibration Pulse
Power in the ERS-2 data. Since there was not found
evidence for saturation in the ERS-2 data , the Power
loss effect can be assumed to be of neglected
magnitude as well .
Since the study area is characterised by hilly terrain,
the backscattering intensity was adjusted according to
the local angle of incidence (with respect to the normal
of the slope) as derived from a Digital Elevation Model
(DEM) using the following equation:

c = c o Cose,= o o(COSenCOSez+ sin ensin ezCOS<!>z
cos <l>n
+ sin ezsin <l>z
sin ensin <!>n)
Where ez and <!>zare the zenith and azimuth angle of
the source, en and <!>n
are the zenith and azimuth angles
of the normal to the surface, o 0 is the backscattering
from a unit area perpendicular to the beam measured at
the surface of the Earth and e; is the angle between the
direct radiation and the normal to the surface.
Calculation of the local angle of incidence for each of

the ERS-2 image' pixels required accurate coregistration of the image to the DEM. The Root Mean
Square error of the registration conducted using the
PCI image processing (Version 6.03) was less than one
pixel.
RELATIONSHIPS BETWEEN SOIL MOISTURE
AND RADAR BACKSCATTER
The microwave backscatter from a given bare soil
location is determined by the local slope and aspect,
the roughness and the soil dielectric constant. Since the
dielectric constant of water is about 80 whereas that of
dry soil is less than 5, the dielectric constat of soils is
most indicative of their moisture content (Mattikalli et
al. 1998). Most researches describe the relationship
between microwave backscattering and the volumetric
soil moisture ( for 0 to 5 cm depth) as a strong-positive
linear correlation. This relationship found to be valid in
different spatial scales provided by three data sources:
satellites (Wooding et al. 1993), airborne sensors
(Estes et al. 1977; Prevot et al. I993a) and ground
scatterometers (Ulaby et al. 1978). The radar
backscatter (o") of soil with varying moisture content
is given by:
cr0[dB]= a m, + b
Where a and b are empirical coefficients and m, is the
volumetric soil moisture.
Relatively high correlation coefficients were reported
in various studies (Table I) under different research
configurations including several scatterometer types for
radar band C (3.9 - 5.75 GHz) with various spatial
resolutions, incident angles and polarizations. The line
intercept values as related to dry soil conditions
recorded at the different soil types represented in these
studies showed only limitted variation between -12.33
to -14.89 dB (except for one case study). Regression
line's slopes exhibited relatively much larger variation
between the values of 0.2 and 0.4.
In order to assess these relationships across the semiarid transect in Israel, soil moisture samples were taken
from ten bare terrain plots at the time of the ERS
satellite passages. The plots were designed to represent
different topographic conditions at each of the sites
(valley bottom, and several locations across the hill
slopes). Approximately ten samples were collected at
each plot along a 100 m' length line characterising a
relatively homogeneous area (this sampling procedure
was carried out under the instructions and supervision
of the Soil Conservation Department of the Ministry of
Agriculture). Differential GPS readings were taken at
each sample to allow accurate linking of the soil data to
ERS-2 image pixels. Gravimetric soil moisture was
calculated based on the "double weight" method
(Kramer 1949, p 73). The samples taken along the plots
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were collected into sealed plastic bags, weighted before
and after burning in I04°C for 24 hours. Gravimetric
soil moisture [%] were calculated and converted then
to volumetric soil moisture [%] based on bulk density

assessments of both study sites.
The volumetric soil moisture data were related to ERS2 backscatter [dB], at both sites, using a linear
regression model. Results showed high similarity
between the slope and intercept values determined in
both sites (Table 2 ). A statistical test was then carried
out using Williams ( 1984) method, for questioning
whether the regression lines obtained in the two sites

could be regarded as representing the same
phenomenon . This test combines an ordinary twotailed F test for examining the standard errors of the
data points about the regression lines and Student's t
tests for examining the slopes and intercepts of the
regression lines. Results have shown that the difference
between the lines is only due to sample errors which
means that these two samples basically represent the
same population. Therefore, the two samples can be
combined to form a unified model (figure 1) despite the
differences between soil characteristics in both areas.

Table 1: Volumetric soil moisture and radar backscattering C band relationship:

Authors

Scale

Polarisation

Incidence
Angle
[o]

Soil
Depth
[cm]

Intercept

Slope

Correlation
Coefficient
Rz

Bernard
et al, 1982

Ground

HH

12

0-5

-10.48

0.4

Mo et al
1984
Bruckler
et al 1988
Prevot et al
1993
Wooding
et al 1993
Ji et al
1995

Airborne

HH

20

0-2.5

-14.6

0.24

Ground

HH

20

0-5

-12.96

0.342

0.92

Airborne

HH

20

0-5

-13.4

0.304

0.82

Airborne

VY

23

0-5

-14.53

0.262

Airborne

VY

45

0-5

-13.99
-13.89

0.368
0.384

HH

0.85

0.75
0.78

Table 2: Regression Coefficients representing Radar backscatter and soil moisture relationships in the study area :

Site
Avisur
Lehavim
Unified data set

Slope
0.332
0.355
0.34588

Intercept
-14.125
-14.462
-14.332

R'
0.93
0.91
0.92
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Figure 1 : Volumetric Soil Moisture Vs Radar cross
section
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Figure 2: Relationship between Herbaceous Vegetation
biomass and ERS-2 Backscatter
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The results obtained for the semi-arid transect are
consistent with those reported earlier from the litrature
as obtained in other parts of the world (Table I). Both
the intercept values and the slope values are within the
range of values found there. It is important to note that
the intercept values in all of these studies vary in a very
limitted range between 12.66 and 14.55, thus
suggesting that this value may be indicative of zero soil
moisture in wide regions around the world.

HERBACEOUS BIOMASS AND RADAR
BACKSCATTER RELATIONSHIPS
Herbaceous yield in the semi-arid region is sensitive to
the rainfall . Its phenology in natural conditions and in
a year of typical rainfall pattern is characterised by
high vegetation cover increase between December and
mid February . The state of maximum biomass is
reached at the end of March. Field assessment of
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biomass were conducted according to the "harvest and
estimate" method (Tadmor et al, 1975). The data
collected included 9 plots of I00 meters length in
areas of homogenous
cover , were I00 visual
estimations were recorded and then calibrated against
data from I0 harvests corresponding to 10 visual
assessments.
Four of the data points (plots) were
representative of the February biomass and five data
points were collected at the beginning of April. All
these biomass measurements were taken place at the
same day of the corresponding ERS overpass.
Figure 2 provides a graphic presentation of the
relationships obtained between the backscatter data and
the biomass. The radar signal was found to correlate
very well with biomass changes.
SUMMARY AND CONCLUSIONS
Relationships between radar backscattering coefficient
(o") and environmental parameters of volumetric soil
moisture and biomass were empirically investigated in
two sites. These sites represent an annual rainfall
change from 450 mm to 250 mm across a semiarid in
Israel
characterizing
transition
zones between

Mediterranean and arid environments in other parts of
the world. Strong linear correlations were found
between ground measurements of volumetric soil
moisture and herbaceous biomass taken place at the
two sites in three different dates and corresponding
radar backscatter intensities measured from ERS-2
SAR images . The regression equations determined
can be used in future studies for mapping biomass and
soil moisture in the semi-arid zone along rainfall
gradients.
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ABSTRACT
First results of an Integrated Flood Forecast System
(IFFS) which is under development are presented. IFFS
integrates multisensoral remote sensing data within an
operational spatially distributed rainfall-runoff model
for a better estimation of spatial input parameters with
the aim to improve flood forecast. In this paper the
setup and structure of IFFS is described with special
focus on the potential of SAR data within the flood
model. SAR data are used for the determination of
topographic information (elevation, slopes, flow paths,
etc.) and for soil moisture parameterisation. Optical
data are used for the classification of the land cover,
which also influences the runoff process.
A first demonstration run of IFFS for the Ammer watershed (700 km2) in Southern Bavaria is presented to
show the applicability of the system and the sensitivity
of the model towards soil moisture information. It has
been shown that ERS SAR data can successfully be
used to initialise the soil moisture characterisation of
the watershed in the flood forecast model. However, the
application of the methodology is actually limited due
to the poor temporal revisit time of ERS, which does
not allow the observation of soil moisture changes with
the requested temporal resolution.
1. INTRODUCTION
Floods are among the most severe risks on human lives
and properties. The forecast and simulation of floods is
essential for planning and operation of civil protection
measures (e.g. dams, reservoirs) and for early flood
warning (evacuation management). The economic
importance of flood forecasting becomes clear considering that 85 % of civil protection measures taken by
the EC Member States are concerned with floods (EC
Report Task Force Water, 1996).
Hydrological modelling for flood forecast is well understood and widely applied. The models, which are used
in practice, developed from simple statistical models
(regression of discharge values from an upper gauge

station to a downstream station) to more physically
based systems, which are driven by the rainfall as input. These rainfall-runoff models need the spatial characterisation of the land surface concerning parameters
relevant for runoff formation. Static information or
information with low temporal frequency can be gathered by mapping (e.g. soil type map) or using remote
sensing data (e.g. land cover type). However, land surface parameters that are required in these models and
that are temporally highly variable, like soil moisture
and snow properties, cannot be measured yet in a spatially distributed way and with the needed temporal
frequency (1-3 days). The improvement of operational
flood forecast systems at this stage of development
requires the improvement of spatial input parameters.
For this, remote sensing methods and especially SAR
sensors have large potential.
The new approach of the presented Integrated Flood
Forecast System (IFFS) is, that it maximises the utilisation of remote sensing data. On the one hand, this
allows the easy transfer of the methodology to different
watersheds and even in regions with limited information on the catchment and poor data availability. On the
other hand, the unique possibilities of remote sensing of
spatial observation of land surface properties, e.g. the
soil moisture distribution prior to floods, should enable
the flood model to better react on the specific environmental situation and through this should improve flood
forecast.
2. METHODOLOGY
IFFS is separated in two parts. The first part of the
system describes the watershed and is assumed to be
temporally static. The methodology is summarised in
Fig. l. Topography, flow paths, terrain slopes, land
cover and soil type are land surface parameters that
determine the static description of a watershed within
IFFS. The water storage capacity of the watershed under normal conditions is determined and stored as map
of CN-values [l].
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The hydrological model used for the translation of
rainfall into runoff is a modified version of the SCS
method TR-20 [l]. This model is routinely used in
hydrological practice. It has been modified to allow
remote sensing inputs in an automated way using GIS
tools. A more detailed description of the methodology
of IFFS will be given using a demonstration case, a
flood in the Ammer catchment during August 1995.
2.1 Remote Sensing and GJS analyses for the generation of the static description of a watershed
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Fig. 1: Methodology for the determination of the static
description of the watershed within IFFS
The second part of IFFS consists of the modelling of
the dynamic reaction of discharge on a rainfall input
and is illustrated in Fig. 2. The rainfall distribution can
be interpolated from meteorological station data, but
can also be taken from weather radar, METEOSAT
analyses or weather prediction models depending on
data availability. Besides precipitation, the actual soil
moisture condition prior to a flood is used to determine
the actual water storage capacity of the watershed.
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As prime remote sensed data source an interferometrically derived elevation model is used to determine
topographic information on the watershed. The phase
information of a tandem pair of ERS SAR RAW data
serves as basis. The images were acquired on December
6 and 7 1995 and have an effective baseline of 95 m.
During the interferometric processing, the RAW data
were processed to SLC data with simultaneous registration of the two corresponding scenes [2]. Then the
calculation of the phase differences is carried out by a
conjugate multiplication of the two complex data. After
removal of the flat earth component, the phase ambiguity is solved through phase unwrapping. Finally
phase to height conversion and geocoding is carried
out. The resulting elevation model, which is shown in
Fig. 3 (left), has a spatial resolution of 30 m and a
relative vertical accuracy of 10 m. This is sufficient for
the extraction of flow patterns in hilly and mountainous
regions.
Based on the interferometric elevation model, hydrological GIS tools were used to extract information on
the watershed boundaries, the definition of subwatersheds, the distribution of slopes and the flow paths.
Some of these data layers are illustrated in Fig. 3. They
are used to automatically generate the hydrological
structure of the runoff model.
Additionally, optical satellite data (LANDSAT-TM) are
classified to deliver the land cover distribution [3].
Together with a soil map, the watershed is then classified into hydrological relevant classes (so called CNvalues). These data layers are shown in Fig. 4. Low
CN-values mean that the surface has a high potential to
retain water. High values mean that the rainfall can be
stored by the land surface only to a small extent.
Therefore areas with high CN-values produce a large
amount of direct runoff and thereby contribute strongly
to the flood peak.

30 40

Fig. 2: Methodology for the dynamic setup of IFFS for
a specific flood event

In addition to remote sensing data, only information on
the reservoirs (storage volume, discharge curve) is
required for this static setup of the hydrological model.
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2.2 Estimation of the soil moisture distribution
For the dynamic part of the system, which deals with a
specific flood event, rainfall information is required as
driving variable. In the test case it was determined from
interpolation of meteorological station data. At this
stage also soil moisture information is of relevance for
runoff modelling because it determines the extent of

saturation of the watershed and thereby the partitioning
of rainfall into surface runoff and infiltration. The same
amount of rainfall, which normally does not lead to a
significant increase in water level, can cause a severe
flood, if the soil has already been filled with water and
the storage capacity is close to zero.
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Because information on the actual soil moisture distribution is normally missing, it is estimated in hydrological models by utilising an antecedent precipitation
index, that is derived from rainfall measurements of the
preceding days, or a moisture index, that is derived
from actual discharge values. However, this parameter
can not reflect adequately the full temporal and spatial
variability of soil moisture. Large errors in flood forecast may occur as a result.
Therefore SAR data shall be used to derive soil moisture distributions, which could improve the antecedent
moisture characterisation of the watershed. With this
information, the actual water storage capacity of the
soil is determined as input into the rainfall-runoff
model. The methodology for deriving the surface soil
moisture distribution from ERS SAR images will be
described shortly.
Since also slope and aspect influence the backscattering
signal of SAR images, special attention must be paid to
compensate these terrain effects before any other interpretation. A method for georeferencing and correcting
of illumination effects in SAR images of mountainous
areas was applied to 2 ERS 1/2 images (23 and 24
August 1995) acquired shortly before a flood period.
The correction uses the local incidence angles of each
pixel and applies a cosinus correction using a spatial
weighted resampling method, which is based on energy
conservation [4]. The result of this correction is shown

in Fig. 5 (centre) together with the map of the local
incidence angle (left).
In a next step, the geometrically and illumination corrected ERS images were used for the derivation of soil
moisture information prior to the flood in August 199 5.
The basis of the approach for surface soil moisture
determination from SAR is an algorithm developed for
ERS-data [5] and already successfully used in a series
of applications ranging from small scale. field based
hydrology [6] to moisture distributions in medium sized
watersheds [7]. The algorithm is based on the empirical
compensation of the influence of vegetation and soilsurface scattering (represented by land-use, biomass
and soil-type), organic matter content and density of
soils (represented by soil-type) on the backscattering
signal, which in the model consists of a dielectric part
and a geometric part. This model works well for annual
vegetation if all the ancillary data is available with the
appropriate accuracy. The necessary information on
land cover was gathered through the classification of
optical remote sensing data. The classification was also
used to determine the forested areas and settlements,
where soil moisture can not be determined with C-band
SAR data.
The resulting soil moisture distribution for August 24
1995 is illustrated in Fig. 5 (right). Soil moisture values
vary between 40 and 55 Vol. %. The white areas corre-

spond to forested and build up areas, where the algorithm can not be applied.

Fig. 5: Local incidence angles (left), terrain corrected backscatter intensities (centre) and derived soil moisture (right)
distribution for one ERS-SLC scene (August 24, 1995)
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This clearly shows how essential a good soil moisture
characterisation for flood modeling is.

3. RESULTS
Test runs were started for the flood event in August
1995 using mterpolated rainfall fields as input into the
model. Fig. 6 shows the rainfall which was measured at
one meteorological station together with the observed
runoff at the gauge station at the outlet of the Ammer
catchment. In this graph also two model results are
shown. The upper curve shows the modeled runoff
under the assumption that the moisture conditions prior
to the flood were wet, which means close to saturation.
The lower curve is modeled under the assumption that
the soil is dry and thus has a high storage capacity for
water. These two assumptions are the two extremes
concerning soil moisture conditions. They have been
chosen to demonstrate the high impact of the soil
moisture on the model result and to illustrate the sensitivity range of the modeled discharge dependent on the
antecedent moisture conditions.

In Fig. 6 also the ERS observations are indicated. Images of August 23 and 24 were available. The soil
moisture maps, which were calculated for each image
separately, were averaged and mean values for each
subwatershed were calculated. This information was
used to derive the antecedent moisture conditions for
the next model run. In the actual version of IFFS as in
the standard version of the applied rainfall-runoff
model, only three moisture conditions can be assumed
(wet, dry and normal). Therefore as a first approach a
classification of the soil moisture maps has been performed assigning soil moisture values below 30 % to
dry, up to 50 % to nonnal and above 50 % to wet conditions. In a future extended version of IFFS it is
planned to directly use the derived soil moisture values
in the hydrological model. But for this a larger test data
set must be made available and analyzed to verify the
methodology for a wide range of different soil moisture
conditions.

While under dry conditions the peak discharge is approx. 75 m3/s , the peak is more than 250 m3/s under

wet conditions. Also the shape of the hydrograph
changes. Under wet conditions the maximum rainfall
(at hour 115) leads to a sudden and strong increase of
nmoff. The peak discharge is already reached a few
hours later (hour 135). This first peak is strongly
dampened under dry conditions. In this case the lower
but continuous rainfall after the first peak causes the
peak discharge at hour 170. The measured runoff lies
somewhere in between the two extreme model results.

Fig. 7 shows the result of the modelled runoff using the
soil moisture conditions derived from the ERS observations. The hydrograph is compared to the measured
discharge and both coincide very well in height as well
as shape. This is achieved without any calibration of
the rainfall-runoff model.
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Fig. 6: The August 1995 flood in the Ammer-catchment and the sensitivity range of the runoff model depending on
the soil moisture status.
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Fig. 7: Comparison between modelled and measured runoff based on a soil moisture distribution derived from ERS

4. DISCUSSION
The demonstration run shows the potential of IFFS.
Except for the rainfall measurements, the soil map and
information of lake ,,Staffelsee" that reacts like a reservoir in the watershed, all information and input data
are remotely sensed. No calibration of the flood model
has been conducted so far. Since IFFS is primarily
based on remote sensing data, it can be transferred and
applied also in regions were information on the land
surface are limited. This will allow the use of IFFS
especially for users from developing countries, where
the demand for water management and flood control is
even higher than in the EC.
The selection of a demonstration run showed the problem of actual availability of SAR data. During the last 5
years 6 floods occurred in the Ammer catchment. For
these 6 events covering a total of 50 days only 3
ERS112 scenes are available that can be used for soil
moisture determination. This is obviously not sufficient
and restricts the actual use of IFFS using SAR derived
soil moisture distributions. For better accuracy analyses
and sensitivity studies a much larger data set is required.
IFFS, in its current stage of development, works only
for rain induced floods. Since many severe floods are
caused by a coincidence of heavy rainfall and snow
melt, it is planned to extend IFFS also for these cases.
The potential of optical remote sensing for snow extent
monitoring is evident. For flood modelling however not
only the extent of the snow cover is essential, it is even
more relevant to know whether the snow is already

melting (and so contributing to runoff) or still frozen
(and so has the potential to retain water in the snow
cover and maybe even reduce runoff). This information
can in principle be derived from SAR observations [8].
From the hydrological point of view, both for the observation of soil moisture and snow properties a revisit
time of a SAR sensor between l to 3 days is requested.
Although this is currently not available, ENVISAT will
have a large potential. ASAR together with information
from 'MERIS and AATSR could be used for a better
spatial determination of soil moisture and snow properties with sufficient temporal frequency required for
runoff modelling. Due to the possible near real-time
data availability of ENVISAT, also the integration into
practical application will be possible.
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ABSTRACT
The
combined
use of ERS
and multiangle
RADARSAT (23 and 38°) data to assess the soil
moisture,
the roughness
and the soil surface
degradation is investigated. Twenty SAR images were
collected over a flat agricultural area located near
Avignon in the South-East of France. Complementary
sets of data, collected with the CNES ground based
scatterometer RAMSES and IEM simulations were
also used in the analysis. We show that the soil
moisture
is well
correlated
to RADARSAT
measurements at 23°. The same relationship with ERS
data is much more scattered. Such a scattering can not
be only explained by the roughness conditions
variability. From the RAMSES data, we demonstrate
that the angular difference of the backscattering
coefficient is a very good indicator to track the
evolution
of
the
soil
surface
degradation.
Unfortunately, the experimental conditions did not
allow the verification of such property with the
RADARSA T measurements.
INTRODUCTION
In surface hydrology, radar remote sensing provides
the possibility of estimating two key variables which
are the soil surface moisture (8,) and the surface
roughness. The fluxes at the soil/atmosphere boundary
arc strongly influenced by 8, , whereas the surface
roughness is involved in the separation of the water
llow into infiltration and runoff. Moreover, temporal
variations of surface roughness is a way to determine
the sensitivity of the soil to the slaking process that is
important to evaluate the erosion risk.
The use of SAR data based on a single configuration is
not suitable for retrieving both 8, and the surface
roughness. However, with RADARSAT and in a near
future with the ASAR, which will be installed aboard
the ENVISAT satellite, we have the possibility to
combine several angles of incidence and/or several
polarizations. The multi angle capability is possible by
combining two satellite passes, which requires a time

delay of several days (3 days with RADARSAT).

The

es

use of multi-configuration data to retrieve both the
and the surface roughness was one of the AlpillesReseda experiment goals [ 1]. During this experiment,
we collected RADARSAT images at 23 and 38° as
well as ERS2 images. Thus we got some couples of
images that allow the use of bi-polar and bi-angular
measurements.
In this paper, we present a first analysis of the results
and the potential offered by the combination of radar
configuration to measure :
•
the surface soil moisture
•
the surface roughness
•
the change in surface roughness induced by the
degradation of the soil surface.
We limited the analysis to the bare soil case in order to
eliminate, in a first step, the influence of the
vegetation.
MATERIAL AND METHODS

The alpilles ReSeDAexperiment
The alpilles-ReSeDA experiment was carried out from
October 96 to November 97. The monitored site is a
flat agriculture area whose dimensions are 4kmx5km
located in Rhone Valley near Avignon, France
(N43°47', E 4°45'). The main crops of the area were
wheat, corn, sunflower, alfa-alfa and grass. The bare
soil conditions were either obtained during the winter
for the spring crop (sunflower and corn) or after the
harvest with the wheat fields. We can identify four
types of surface conditions :
•
P : ploughed fields
•
S : tilled fields prepared for seeding
•
WS : wheat fields after harvesting with the stubble
•
PS :wheat fields after harvesting with stubble
ploughing
The ground truth measurements were made on 12 test
fields covering the experimental area spatially and the
main crop. Measurements of the soil moisture within
the top 5 cm (80_5) were done using the gravimetric
method and/or using a TOR probe. The TOR
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measurements were carried out with a TRASE device
(© Soil Moisture Equipment) on buriable waveguides
installed horizontally at a depth of 2.5 cm. Roughness
measurements were made once between two tillage
operations. For instance with a wheat field, one
roughness characterization
was done between the
seeding and the stubble ploughing. Three roughness
profilometers were used. The first one is a laser
profilorneter, which made a transect of l.6m with a
horizontal resolution of 2 mm [2]. The other two are
needle profilometers with a total length of 1 and 2 m
and a resolution of 5 and 10 mm, respectively. The soil
texture and the dry bulk density was determined in
each test field. As for the roughness, the dry bulk
density was mesured once between two tillage
operation with a gamma transmission device, which
can measure the dry bulk density near the surface [3].
Most of soils are clayey soils with about 40% of clay
and 6% of sand particles. However, two fields have a
sandy loam texture ( 17% of Clay and 30% of sand)

SAR images
Eight ERS images and 12 RADARSAT images were
collected
during
the experimental
period.
Six
RADARSAT images were collected in standard mode
with a 23.3° angle of incident and a spatial resolution
of 25x25 m. The other six were collected in fine mode
with a 38.4 ° angle of incidence and a spatial resolution
of I2.5x I2.5m. The time delay between a 23° and 38°
image acquismons
was 3 days. The dates of
measurements are given in Table I.
Radar images were geocoded using a Digital Elevation
Model and the orbit description thanks to a specific
software, which has been developed at BROM and
particularly adapted to RADARSAT data.
The field average backscattering coefficient (CTo) was
computed by removing the pixels near the field
boundaries in order to remove contaminated pixels.
To compute the CTo difference between ERS and
RADARSAT
23° couple
of measurements
or
RADARSAT
23° and 38°, we corrected
the
RADARSAT 23° measurement to account for the
variation in soil moisture that occurred between the
two dates of acquisition. The correction was made
when the moisture variation was less than 0.06 m3/m3.
The applied correction was 0.3 dB for a moisture
variation of 0.0 I m1/m·1. Such a correction was
established from the cro=f(80_5) obtained with the
measurements
collected
during
the Avignon95
experiment (fig. 2b). This correction is consistent with
the 23° RADARSAT data on the Alpilles-ReSeDA test
site (Fig. Ib).

Table I: SAR image Acquisition
Date of SAR
Acquisition
96-12-9
97-1-26
97-2-27
97-3-21
97-3-24
97-4-6
97-4-14
97-4-17
97-5-8
97-5-11
97-6-1
97-6-4
97-6-12
97-7-17
97-7-19
97-7-22
97-8-21
97-9-5
97-9-8
97-9-25

Instrument

Incidence

ERS
ERS
ERS
RADARSAT
RADARSAT
ERS
RADARSAT
RADARSAT
ERS
RADARSAT
RADARSAT
RADARSAT
RADARSAT
ERS
ERS
RADARSAT
RADARSAT
ERS
RADARSAT
RADARSAT
ERS

23
23
23
38.4
23.3
23
38.4
23.3
23
38.4
23.3
38.4
23.3
23
23
38.4
23.3
23
38.4
23.3
23

The Avignon 95 experiment
A complementary set of data was used for the data
interpretation.
The Avignon95
experiment
was
conducted in the experimental site of the INRA
research center at Avignon [4] during the summer
1995. In the Avignon
95 experiment,
radar
measurements
were performed
by the CNES
scatterometer
which was suspended under a crane
boom. RAMSES measurements were made at 3, 5.3
and 9.4 GHz with HH, VV and HV polarizations. The
crane can move along a railway accross the test site to
make measurements
at the same location under
different angles of incidence (20,30, 50°).
Concurrently to the radar measurements, we made
measurements of the surface roughness and the soil
moisture.
Three fields were studied with roughness conditions
that are similar to those encountered in the AlpillesReSeDA experiment.

Simulation with the IEM model
Simulations with the IEM model [5],[6] were done
with the surface conditions encountered during the
Alpilles-ReSeDA
experiment.
The surface
was
assumed to be isotropic and we ignored the large scale
roughness. The autocorrelation function was fitted to
an exponential function. In this study we have selected
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medium soil moisture conditions (So-s<0.22 m3/m3).
We only have wet soils at the beginning of the
experiment, before 9710210 I, period which involved
the two first ERS acquisitions.
Roughness conditions were summarized in Table 2
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Table 2 : summary of the surface conditions. The first
number corresponds to the average value of the class
and the number between brackets corresponds to the
minimum and the maximum values.
Surface
Class

s
(cm)

I
(cm)

p

1.5
[1.1,1.9]
0.9
/0.7,1.2]
0.9
[0.7,1.4]
1.5
[0.5,2.1]

3.9
[3.1,4.7]
3.2
[2.1,6]
3.3
/2.9,3.6]
4
/3.7,4.8]

s
ws
PS

dry Bulk
Density
(kg/rrr')
1.2
[ 1.1,1.29]
1.23
I 1.13,1.341
1.3
[ 1.24,1.41]
1.07
[l.04,1.1]

Figure Ia : O"o-So-5 relationship on bare soils (ERS )
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O"o-So-5 relationship
The Fig. Ia, Ib and 1c represent the O"o-So-5
relationships obtained with ERS and RADARSA T. The
striking feature of these figures is the contrast between
the nice relationship obtained with RADARSAT 23°
and the lack of relationship obtained with ERS data.
With the RADARSAT 23° data we can draw a linear
relationship, which explains 70% of the variance and
leads to a residual standard deviation in soil moisture
of 0.03 m1/m3 The quality of this relationship can be
explained by the relative homogeneity in soil moisture
and roughness obtained during the experiment and by
the fact we are not far from the optimal configuration
defined by Ulaby et al. [7[. We can see in Fig. le that
the 0"0-80-'i relation in HH polarization is degraded
when moving away from the optimal configuration by
increasing the angle of incidence.

• •
•
••••

-~ J
UJ

"?

0

•

I

•

•
0.0

0.1

0.2

0.3

0.4

Volumetric soil moisture

Fig. Ib : O"o-So-5 relationship on bare soils
(RADARSAT 23°)
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Fig 1c : <Jo-80-5 relationship on bare soils
(RADARSAT 38°)
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Fig 2a : <Jo-80-5 relationship using IEM simulated data
at 5.3Ghz, VV polarization and 23°

To understand the contrast in the <Jo-80-5 relation
quality obtain with ERS and RADARSAT, we have
plotted the same relations using the IEM simulations
obtained with the surface conditions of the AlpillesReSeDA experiment (Fig. 2a and 2b). The point
number in Fig. 2 is greater than in Fig. I since we
made a simulation for all SAR configurations at each
SAR acquisition date whatever the SAR configuration
at this date. In Fig. 2 the scattering of the <Jo-80_5
relation obtained with ERS configuration is similar to
that obtained with the RADARSAT configuration.
Therefore a theoretical approach does not explain the
poor relationship obtained with ERS data. We can note
that the <Jo range of variation against the soil moisture
is smaller with the IEM data than with satellite
observations with a better agreement in the dry region.
Similar conclusion can be drawn from the Avignon 95
data (Fig 3a and 3b) which were collected with
roughness conditions similar to that of the AlpillesReSeDA experiment. The scattering of the ERS

0.2

Volumetric soil moisture

Volumetric soil moisture

<Jo-80-

5 relation (fig. 1a) cannot be explained simply by the

variability in surface roughness. Further analysis on the
weeds influence, the impact of the dry hulk density
which is significantly different between the PS type of
surface and the others (Table 2) should be accounted in
a future endeavour.
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Fig 2b : <Jo-80-5 relationship using IEM simulated data
at 5.3Ghz, HH polarization and 23°
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Fig4. Evolution of the O'o difference. Comparison
between the angular difference and the polarization
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Between two events, the variation in ~aO'o remains
small in comparison to those attributed to the surface
degradation process. This means that ~aO'o criteria is
mainly influenced by the surface degradation and is
rather insensitive to moisture variations. Such results
are in agreement with earlier results [8-1 OJ.
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The ~aO'o increases after each water supply event,
especially after the third and fourth events (Fig. 4 ).
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Fig. 3b: 0'0-80-5 relationship obtained at 5.3 GHz, 20°
and HH polarization with Avignon 95 data
Results using a multi-configuration

approach

One of the Avignon95 goals was to monitor the
evolution of a bare surface during a long period. The
surface was regularly watered by rains or irrigations
The surface moved progressively from a freshly tilled
field with small clods to a smooth soil covered by a
crust resulting from the slaking process. Between two
water supply events (irrigation and/or rainfall), we
made radar measurements under a wide range of soil
moisture. In Figure 4 we have represented two multiconfiguration criteria:

The use of ~pO'o is much less encouraging and does
not present a mean to monitor the surface degradation
in the case of our experiment (Fig. 4).
An analysis similar to the previous one is done with the
Alpilles-ReSeDA satellite data. In Fig 5. we have
represented ~aO'o in relation to the soil surface type
defined previously. A similar relation is established
with HRMS as the roughness parameter (Fig.6). The
relations exhibited in Figures 5 and 6 do not show the
so nice relation obtained with the Avignon95 set of
experiment. However, the ~aO'o criterion seems to
better discriminate the surface type than the soil
roughness characteristics.
The use of ERS/RADARSAT does not exhibit nicer
relation (results not shown in the paper).
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important factor. For instance the WS fields have a
dry bulk density at the soil surface which is higher
than with the S fields (difference resulting from
the winter rainfall which compacted the soils
before the spring tillage operations) whereas the
roughness parameters are similar. In Fig. 6, we can

Alpille ReSeDA (RADARSAT)

see that ~aCTo is significantly lower with the S
surfaces than with the WS fields.
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Fig. 5. ~aCTo obtained with the RADARSAT image on
the Alpilles-ReSeDA test site in relation to the surface
type (WS : Harvested wheat field with stubble, PS,
Harvested wheat with stubble ploughing, S: soil
prepared for seeding ).
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the <Jo angular variation is a good quantity to track the
surface degradation
under the slaking process.
Unfortunately, the experimental conditions did not
allow the verification of such property with the
RADARSAT measurement.
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Abstract:
An increase of natural hazard events, e.g. flooding, effect a change in human understanding of the river system as
an interconnected sediment transport system, albeit often working invisibly or over extremely long time scales.
The main intention of the project ,,Morphodynamic of the Elbe river" founded by the German Ministry of
Research is a holistic view to the ecosystem approach of the river Elbe in northern Germany. One part of the
compound system project is to investigate the potential of the experimental airborne synthetic aperture radar
(SAR) to map the distribution of wetlands, agriculture! fields, periodically inundated woodlands and settlements
to monitor long term developments and for the determination of hydrological parameters. With the ability of
science to unravel the relationships that exist between microwave backscatter, surface conditions and the physical
characteristics of vegetation it is possible to predict the best construction for maps of wetland valley t1oors and
flood-plain forests.
The aim of this project is to investigate the use of microwave remote sensing for the determination of
hydrological parameters. The most important parameter for modelling flood-plain inundation is hydrological
roughness and soil moisture. Roughness has two meanings in the literature: the first one describes roughness of
the boundary layer of a scattering medium (e.g. soil roughness for bare soil surfaces, canopy characteristics such
as different types, height and density of the vegetation layer). The second meaning is used in hydrology and
climatology, where it characterizes turbulences of waterflow and wind. With the help of multi-frequency and
polarimetric microwaves the surface roughness and the soil moisture of the flood-plain (including vegetation
structure) will be determind, with which the parameters for the calculation of the hydrological roughness can be
supplied.
The airborne E-SAR system has been flown in April and August 1997 along two 15 km long and 3,2 km wide
strips. It operates in four microwave bands (X, C, L, P) in L-band in polarimetric mode. During the E-SAR
mission, ground data have been collected over five test areas with heterogeneous surface structures from bare soil
over low and high vegetation to shrubs and trees. Ground data include landcover-mapping and soil moisture,
surface roughness, biomass, physiognomical structure of vegetation as type, height and density in selected sites.

PS: Full-length paper not available at the time of printing.
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ABSTRACT
Radar backscattering is a potentially valuable tool for retrieving the spatial distribution of several bio-physical parameters such as vegetation characteristics, surface soil
moisture content and soil roughness. However, effects of
all these parameters are comprised within the backscattered signal and therefore make a simple retrieval for
one of its constituent components from a single valued
ERS image impossible. Several empirical and physically
based models have been proposed to estimate the soil
moisture content from the radar cross section, but problems occur with the determination of the roughness and
vegetation parameters. Using multi-frequency or multipolarized data could partly overcome this parameterization problem, but this option is often not available on
spaceborne platforms. It is however possible to use single
frequency and single polarization images to map the spatial soil moisture pattern or to identify cities or woods by
using a time series of radar images.
INTRODUCTION
The variable source area concept is now widely accepted
to explain storm runoff production in humid regions. The
concept was first introduced by [l]: "The yielding proportion of the watershed expands and shrinks depending
on rainfall amount and antecedent wetness of soil". A
major feature of variable source areas is that the area over
which return flow and direct precipitation are generated
vary seasonally and throughout a storm. The theory was
developed because of inadequacies with the Hortonian
runoff production mechanism [2] for describing storm
runoff in humid catchments. In most humid regions infiltration capacities are high because the vegetation cover
protects the soil from rain packing, and because the supply of humus creates an open soil structure. Under such
conditions, rainfall intensities generally do not exceed infiltration capacities. Therefore, Hortonian overland flow
does not occur on large areas of the catchment.
Research in the 60s and 70s on the variable source area

concept was supported by intensive field studies in small
watersheds [l, 3, 4]. These authors mapped the spatial
patterns of saturated areas and their seasonal fluctuations
(e.g. [3] show seasonal variation of the saturated zone
in a small catchment at Randboro, Quebec). Since then
a number of modeling strategies have been developed to
explain and predict these spatial patterns of saturated areas [5, 6, 7]. These modeling efforts recognize the control that catchment topography, soils, antecedent storage
capacity and rainfall characteristics exert on the spatial
extent of the contributing areas. To link these hydrologic
and geomorphologic characteristics of the catchment to
variable source areas, static and/or quasi-dynamic wetness indices were introduced. Wetness indices define, at
a moment prior to storm rainfall, the readiness of a catchment to produce storm runoff through the saturation excess mechanism.
Routinely collected hydrologic data from catchments
generally does not allow full validation of these models.
Often validation is solely based on a comparison between
observed and predicted strearnflow records. This type of
validation is insufficient to draw conclusions about the
accuracy with which these models describe the temporal
and spatial patterns of the contributing areas. More comprehensive validation procedures are required if we want
to improve our understanding of these important hydrological processes. At first glance, it therefore seems that
the difficulty in collecting information on saturated areas
in larger catchments through field work hinders further
progress.
Recently, however, new instruments have become available to the hydrologist, in the form of active microwave
remote sensors. Active microwave instruments on board
of satellites offer tremendous opportunities to increase
our observation capacities of large catchments. First of
all, they are all-weather instruments, practically undisturbed by atmospheric conditions. Second, they are day
and night instruments since they do not depend upon
an additional energy source but produce their own electromagnetic energy to scan the Earth's surface. Third,

Proceedings of the 2'"1International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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when using a special technique called "synthetic aperture radar" (SAR), they produce images with the required
spatial resolution to be of use for catchment modelers
(pixel resolution typically on the order of 10 m). But
what makes these instruments truly powerful for observing variable source areas is the sensitivity of the backscattered energy to soil moisture. Recent studies have demonstrated the potential of observing soil moisture by means
of SAR instruments [8, 9]. The main difficulty with SAR
imagery is that not only soil moisture but also surface
roughness, vegetation cover and topography have an important effect on radar backscatter. These interactions
make retrieval of soil moisture difficult and only achievable under particular conditions, such as bare soil or surfaces with low vegetation cover [10]. It should be possible to separate the vegetation, roughness, topography
and soil moisture effects on radar response using multifrequency and/or multipolarization measurements [11],
but currently operational satellites are not equipped with
sensors that provide such data.

Table 1: Identificationof the Satellite Images Used in the Analysis. All Images Have Frame 2583 and Track 423.
PAF(*)
date
satellite
10/31/1995 ERS-1
D
11/0111995 ERS-2
D
12/05/1995 ERS-1
12/06/1995 ERS-2
02113/1996 ERS-1
0211411996 ERS-2
D
03/19/1996
ERS-1
03120/1996 ERS-2
• PAF stands for Processing and Archiving Facility
and here is either German (D) or Italian (I).
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In this paper we present recent research on the use of multitemporal SAR imagery to map the seasonal extent of
variable source areas [ 12]. The rational of the proposed
technique is based on the observation that the seasonal
variability of surface soil moisture content is highly related to the occurrence or absence of contributing areas.
At hillslope and catchment scales, soil moisture and its
spatial and temporal variability are fingerprints of several
hydrologic processes. During rainy periods, flow convergence results in relatively low temporal variability of surface soil moisture in the vicinity of the drainage network.
In contrast, areas located at or near hillslope tops will
exhibit more pronounced soil moisture variation in time
due to successive wetting during rainfall events and drying through evapotranspiration and redistribution during
interstorm periods. Therefore, by analyzing the temporal
variability of the observed radar signal during a winter
season, it should be possible to map the variable source
areas at the catchment scale.
DESCRIPTION OF TEST SITE AND AVAILABLE
DATA
The Zwalmbeek catchment is situated about 20 km south
of Gent in Belgium (50°45'48"N to 50°54'16"N and
3°40' l 7"E to 3°50' 15"E). lt is a fifth Strahler-order basin
with a total drainage area of 114 km2, and a drainage density of 1.55 km/km2. Rolling hills and mild slopes, with
a maximum elevation difference of 150 m, characterize
the topography. Land use is mainly arable crop farming
and permanent pasture, but the south of the catchment is
partly forested. The degree of urbanization is 10%, and
is mainly clustered in three small towns. The soil type
in the catchment is predominantly sandy loam (Belgian
soil classification), with minor isolated patches of sand
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Figure 1: Daily rainfall for the 1995-1996 winter period.
Also indicated by the dashed line and right-hand scale is
the average radar backscatter a0 for the catchment calculated for each tandem pair of ERS-112 images.

and clay. The climatic regime is humid temperate with a
mean annual rainfall of 775 mm, distributed almost uniformly over the year, and a mean annual pan evaporation
of 450 mm. The catchment is described in detail in [13].
For this study a sequence of eight ERS satellite precision images (PRI) was acquired over the Zwalm catchment during the winter period of 1995-1996 (see Table 1).
Winter-time images were selected for this study in order to minimize soil roughness and vegetation changes.
Figure 1 shows the daily rainfall for the winter period
together with the average backscattering coefficient over
the whole catchment, calculated from tandem pairs of the
eight ERS-112 images. From this figure it is already apparent that the scene information is strongly affected by
the rainfall episodes.
PROCESSING OF THE IMAGES
Georeferencing
The eight images were transformed into the Lambert-72
coordinate system based on a previously georeferenced
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SPOT image. Ground control points (GCPs) were selected on the SPOT image and their counterparts identified on the ERS images.
Over 15 points covering
the whole scene were used for this purpose. Based on
these GCPs a first order affine transformation of the nongeoreferenced image into the new coordinate system was
performed. At the same time, the images were resampled
to 30 by 30 m (which is the actual scene spatial resolution
of the ERS satellites), and only the area corresponding to
the Zwalm watershed was retained. After georeferencing
all eight images, the relative positional error between images was investigated. It was found that this error is of
the order of less than one pixel (30 m).
Speckle filtering
Radar images of homogeneous rough surfaces always
show a granular pattern called speckle. This noise-like
phenomenon is the result of changes in distances between
elementary scattereres and the receiver caused by surface
roughness, so that the received waves, although coherent
in frequency, are no longer coherent in phase. SAR systems rely upon the coherence properties of the scattered
signals, making these systems susceptible to speckle to
a much greater extent than noncoherent systems, such
as side-looking airborne radars [14]. The presence of
speckle noise in an imaging system reduces resolution,
and thus the detectability of a target, and also degrades
the quality and interpretability of the scene.
In SAR practice, speckle is suppressed by creating n-look
images. This reduces the variance of speckle by a factor

but of course deteriorates the spatial resolution by that
same factor. During the last decade techniques that do
not deteriorate resolution have been proposed for speckle
reduction. This filtering reduces the variance of speckle
within homogeneous areas, preserves edges and line features in the scene, excludes point scatterers, and preserves
the spatial variability. The Gamma MAP filter [15] have
been used in this study to reduce speckle in the 8 SAR
images.

n,

MULTITEMPORAL ANALYSIS
Introduction
During the last decade, several SAR data analysis techniques have been proposed to map the saturation-prone
areas in catchments. [16] proposed to map variable
source areas by applying a threshold on the backscattering coefficient. This technique was recently tested by
[17]based on 15ERS-1 images and was rejected as an accurate way to map variable source areas. The main difficulty with an absolute threshold is that other surface characteristics that influence radar backscatter, such as vegetation cover and surface roughness when the terrain is not
inundulated are not taken into account.

Another method, proposed by [18] and [17], uses difference images to overcome problems occuring with absolute thresholds. These researches found that a two-date
difference image yields more valuable information than
the threshold method, but is still limited because the analysed images should reflect extreme hydrologic conditions
(inundulated versus dry) before the method becomes reliable.
Given the strong differentiation in temporal variability of
soil moisture as a function of the position along a hillslope, [17] developed a technique based on the backscatter temporal standard deviation as an indicator of the local
saturation likelyhood during the period of observations.
It directly reflects the fact that the more the backscattering coefficient varies in time, the greater the soil moisture variation, whereas saturation is expected to develop
on parts of the catchment that are usually wetter and thus
subject to less soil moisture variation in response to the
hydrologic forcing conditions. However, the backscatter
temporal standard deviation cannot be used directly over
the whole catchment as a measure of saturation, as other
areas where little variability is to be expected (e.g., areas of dense vegetation such as forests where microwave
penetration is impeded) are not discriminated. The application of this technique to the 8 ERS images covering the Zwalm catchment revealed another shortcoming
of the method: the effect of topography on the computed
standard deviation is clearly visible as a shift of the predicted saturated areas with respect to the drainage network. Therefore, a more robust technique which can separate the topographic and land use effects from soil moisture influence on the total backscattering is suggested in
the next section.
Principal component analysis
The principal components transformation is a standard
tool in image enhancement, image compression, and classification [19,20, 21]. It linearly transforms multispectral
or multidimensional data into a new coordinate system
in which the data can be represented without correlation.
The new coordinate axes are orthogonal to each other and
point in the direction of decreasing order of the variances,
so that the first principal component contains the largest
percentage of the total variance (hence, the maximum or
dominant information), the second component the second largest percentage, and so on. Images transformed by
PCA may make evident features that are not discernable
in the original data - local details in multispectral images,
changes and trends in multitemporal data - that typically
show up in the intermediate principal components.
PCA is widely used in optical remote sensing but less so
in the more recent area of SAR image processing. One
example is provided by [21], who used a modified principal component transformation on multifrequency polari-
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Figure 2: First principal component of sequence of 8 ERS
SAR images. The stream network (black) is shown in
overlay.

Figure 3: Second principal component of sequence of 8
ERS SAR images. The stream network (black) is shown
in overlay.

metric SAR data imagery for reducing speckle and for
information compression. Another example is given by
(22] who used PCA on a temporal series of twelve images
for the production of a high spatial resolution/low spatial
noise image that served as a template for georeferencing.
One of the principal components obtained could then be
used for land cover segmentation.

To test the hypothesis that the information contained in
this image is related to drainage conditions of the catchment, (12] compared the second PC with a drainage map
for the Zwalmbeek. It was found that the radar response,
brought out in the second principal component, to the soil
moisture patterns result from the drainage characteristics
of the basin. These patterns are not attributable to any
single event, but reflect the overall response of the soil to
rainfall and interstorm periods spanned by the images.

Results
Figure 2 gives the first principal component (PC) obtained from the 8 ERS images. [12] compared this image
with the local incidence angle computed form the digital elevation model of the catchment. The similarity between these two images suggests that topographic effects
are responsible for the largest contribution to the total
variance in the sequence of SAR images and dominate
the backscattering signal. A sequence of images taken
with the same radar configuration and footprint (frame
and track) will show a very high correlation: slopes facing the satellite will consistently return more energy than
slopes turned away from the sensor. The principal component analysis has brought out these highly correlated
features in the first PC.
The second principal component, given in Figure 3 displays a strong spatial organization, with the highest values grouped along the drainage network of the catchment.

Figure 4 displays the third principal component computed for the sequence of 8 images. This image shows
the influence of land cover and land use and was evidenced by comparison with a Landsat-derived vegetation
map [12]. In SAR images, urban areas typically appear
as bright objects, and in a sequence of images such areas,
with their relatively static features, will produce a consistent backscattering signal. If there are few changes in
major vegetation features over the same sequence of images, each canopy type will also produce a typical and
temporally consisten radar response.
The fourth and subsequent PCs account for a very small
fraction of the total variance in the sequence of the SAR
images, and they do not seem to reveal significant features. These components are characterized mostly by
noise (including speckle residuents).
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Figure 5: Average radar backscatter values for the negative and positive PC2 values. The time axes is plotted
with equal intervals between the tandem pairs of ERS-1/2
images; refer to Figure 1 for the undistorted distribution
of the images (and rainfall) over time.

Figure 4: Third principal component of sequence of 8
ERS SAR images. The stream network (black) is shown
in overlay.

DISCUSSION AND CONCLUSIONS
From field experiments in small watersheds, it has been
shown that parts of the watershed where infiltration capacity is relatively low are the most probable contributing areas during a storm [23]. Low infiltration capacity is related to soil moisture and the following factors:
soil properties are such that they do not allow rapid water movement; groundwater seepage zones maintain nearsaturated conditions and thus very little storage is available for rainfall; soilwater convergence on concave topographical units sustains relatively wet zones; and high antecedent moisture reduces the infiltration capacity of certain soils within the watershed. These factors support the
hypothesis that potential partial contributing areas correspond to zones with high soil moisture and low variability in soil moisture, and can be related to the discharge
zones shown. This strong connection between soil moisture and both partial areas and discharge zones makes it
reasonable to assume that these areas can be mapped via
observations of soil moisture variability.
As backscattering of microwaves depends in part on the
moisture content of the reflecting surface, radar images
contain potentially useful data for the hydrologist. However, single images do not reveal much information, due

to the influence of other factors such as surface roughness, vegetation, and speckle. It is the presence of conflicting effects on radar backscatter that informs the use of
techniques such as principal component analysis, which
is able to transform images to render discernable features
that cannot be seen in the original data.
As was described previously, the second principal component shown in Figure 3 appears to reflect the soil moisture response from rainfall and drainage/redistribution
episodes and corresponds well with the seasonal drainage
conditions of the soil. These links can be strenghtened by
examining the radar signal's behavior for the negativeand
positive values of the second principal component. Figure 5 plots, for each SAR image, the average backscatter
value of these two classes in the second PC. The negative class generally corresponds to the well-drained soils,
which are found upslope, while the positive class mainly
coincides with the poorly-drained areas. Discharge areas exhibit a lower temporal variability in soil moisture
content than the upslope areas, and this is reflected in the
lower variability of the radar backscattering for the positive PC2 areas seen in Figure 5. During a drydown period, upslope areas show a larger decline in soil moisture
content than near-stream areas, which corresponds to a
larger decline in backscattered signal of the negative PC2
areas for the first four datatakes. The large rain event of
February 13 is reflected in the large increase in signal for
both positive and negative PC2 areas. Over the course
of the following 24 hours, soil moisture was redistributed
over the basin, leading to a decrease of soil wetness in the
recharge zones but little change in the already saturated
near-stream zones, as evidenced in Figure 5. Shrinkage
of the variable source areas over the following weeks ac-
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counts for the decrease of the backscattered signal of the
positive PC2 class.
To summarize, this paper examined the ability of active microwave remote sensing to detect or map changes
in surface soil moisture at basin scales. The application of PCA to the Zwalm images suggests that the current generation of operational SAR instruments can effectively provide soil moisture information, when used
within a multitemporal framework together with analysis
techniques that are capable of separating dominant effects
from less predominant ones arising from local features or
temporal changes. The results presented here are preliminary, and need further testing. For instance, to minimize
possible effects of changes in local incidence angle, surface roughness, and vegetation, the ERS images were selected for a winter period and share the same frame and
track. It will be important to analyze other basins and
non-winter sets of images, both to test the robustness of
PCA and to investigate the possibility of identifying not
only soil moisture features but also vegetation and/or surface roughness effects in separate higher-order principal
components.
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ABSTRACT
The recent availability of satellite SAR
systems has generated new interest among scientists
regarding radar's potential contributions to wetland
detection as part of coastal ecosystem research and
resource management efforts. Previous work has shown
that optical imagery produced confusion among
wetland cover types and adjacent upland cover. The
purpose of this study is to discuss the effect of SAR and
environmental attributes on digital image classification
of coastal wetland land cover.
Six different Radarsat images and an ERS
SAR image of Long Island, New York were digitally
categorized by supervised classification routines. Four
wetland categories defined by the Coastwatch Change
Analysis Program and the National Wetland Inventory
were the focus. While earlier work in other areas using
digital or analog classification methods have had some
success in delimiting wetlands, the work here indicates
that environmental conditions and mapping categories
have considerable influence on the outcome.
INTRODUCTION
The role of wetlands as a valuable natural
resource has been receiving increased attention at
national, regional and local levels [l]. Information on
wetlands is integral to resource management decisions.
This is particularly true in coastal areas subject to the
pressures of urban development.

limitations in the abilities of such sensors to
discriminate between wetlands and adjacent upland
land cover have been reported [4], [5]. The response of
SAR to bio- and geo-physical properties suggest it may
reduce such errors and enhance the information content
for wetland mapping and change analysis.
Wetland detection has been the subject of
SAR investigators for many years [6]-[8]. The recent
availability of satellite SAR systems has generated new
interest regarding radar's potential contributions to
wetland detection as part of coastal ecosystem research
and resource management efforts [9]-[ 12]. However,
little work has been done in complex coastal
environments with steep development gradients typical
of much of the United States today.
The National Oceanic and Atmospheric
Administration (NOAA) Coastal Change Analysis
Program (C-CAP) has developed a protocol and
classification system for mapping coastal wetlands and
adjacent upland land cover of the United States based
primarily on analysis of satellite imagery [2]. The
required mapping accuracy of 85% or better has been
achieved, but spectral confusion of categories classified
with optical sensors has often necessitated recoding and
use of ancillary data. Part of a larger effort to examine
the role of satellite SAR both as a single sensor and as
a component of multi-sensor systems for coastal
resource management needs, the purpose of this study
is to report the consistency and variation of SAR signal
response patterns and the effect of SAR parameters on
digital detection and classification of coastal wetlands
in a complex urban setting.
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STUDY AREA AND METHODOLOGY

Optical remote sensing systems have proven useful in
providing such information [2], [3]. At the same time,

The Carmans-Forge Rivers region of Long
Island, New York served as the focus of this study. The
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172 sq. km. area contains a mix of rural and urban land
cover and includes one of the major drainage systems
on the island.
Open and natural areas as well as
agricultural fields are juxtaposed with urban land cover
as development pressures from the west and New York
City impact the region. Part of the South Shore Estuary
Reserve, a major coastal resource conservation
management program by the State of New York, the
area is home to dynamic wetland and bay ecosystems,
important finfish populations, and major outdoor
recreation activities, all intertwined with commercial
and residential expansion.
Wetlands in the area were classified into four
categories
modified from the National Wetland
Inventory according to C-CAP protocol [2]. Estuarine
Emergent Wetland (EE) consists of salt and brackish
tidal areas dominated by saltmarsh cordgrass, Spartina

alternijlora, and in some upslope areas by saltmeadow
hay, Spartina patens. Palustrine Emergent Wetlands
(PE) are nontidal perennial wetlands comprised mainly
of Phragmites australis (common reed) in fresh and
brackish conditions. Palustrine Scrub Shrub Wetland
(PSS) consists of upland areas with at least 30% wood
stemmed shrubs and small trees (< 6m.). It is present as
a stable and successional plant community. Scrub oak,
Quercus coccinea, and pitch pine, Pinus rigida, are
prominent tree types. Palustrine Forested Wetland (PF)
has at least 30% stemmed trees greater than 6m in
height and is found in two major communities;
hardwood swamps dominated by red maple, Acer
rubrum and white cedar swamps, Chamaecyparis
thyoides, which may have an equal presence of red
maple [13). Of the two, the red maple swamp is by far
the dominant community in the study area. Geometric
and morphologic characteristics of the vegetation play
a significant role in defining the four wetland
categories; the two emergent wetlands are comprised
of herbaceous vegetation while scrub shrub and tree
canopy are prevalent in the other two wetlands. Such
differences in geometry and surface roughness should
emphasize the strengths of radar in detecting and
classifying these communities.
Six Radarsat images and an ERS SAR image
were acquired of the study area. Image acquisition was
made as close as possible to spring time leaf off
conditions to maximize canopy penetration and the
detection capabilities of the C-band sensors. The seven
data sets, incident angles, and acquisition dates are
listed below.
Radarsat F2N
(40.3°)
(970416)
(44.6°)
Radarsat F4N
(970508)
Radarsat S7
(46.9°)
(970520)
Radarsat S2a
(ascending) (27.5°)
(970524)
Radarsat S2d
(descending) (27.5°)
(970528)
Radarsat SI
(23.1°)
(970624)
(23.0°)
ERS
(960525)

Each image was registered using cubic convolution and
then filtered using a 9X9 Lee filter for speckle
reduction. Spatial resolution was 6.25 meters for the
Radarsat Fine mode imagery (F2N, F4N), 24 meters for
the Radarsat Standard mode scenes (SI, S2a, S2d, S7),
and 30 meters for the ERS scene.
Based on the results of earlier work, a
maximum likelihood supervised classification was
performed on each SAR image [14]. From six to nine
training areas were selected for each wetland category
by consulting National Aerial Photography Program
(NAPP) photography, other aerial photography,
National Wetland Inventory digital maps, and ground
observation. An accuracy assessment of the seven
classifications was performed using different sample
points from those used in training site selection.
Accuracy points were carefully selected to avoid error
and confusion due to inclusion of mixed, border/edge
and/or nonwetland pixels.
Confusion (error) matrices were created and
figures for User's Accuracy, Producer's Accuracy, and
Combined Accuracy compiled to evaluate the quality of
each classification [15] [16]. User's Accuracy (UA) is
a ratio statistic compiled by dividing the number of
pixels correctly assigned to a category by the total
number of pixels assigned to the category. It is also a
measure of commission error. Producer's Accuracy
(PA) is calculated by dividing the number of accuracy
pixels correctly assigned to a category by the number of
accuracy pixels selected for that category. It is also a
measure of omission error. These two measures are
useful in defining the type of classification errors made
and provide different perspectives of accuracy. At the
same time a figure for overall accuracy for each
wetland type is desirable to allow ready comparison of
figures within and among data sets. The Combined
Accuracy figures provide this information. It is the
product of PA and UA for each category on each
image.
To provide a measure of comparison with
results from an optical sensor, a contemporary
Thematic Mapper image of the study area (970427)
was also classified using the same training areas and
accuracy assessment points. Bands 1-5 and 7 were
selected for that data set.
ANALYSIS AND RESULTS
Although other work with SAR imagery has
indicated the ability to detect wetlands using digital and
visual methods, such was not the case here. The best
overall accuracies ranged from 2.2% for Palustrine
Emergent Wetland to 17.4% for Palustrine Forested
Wetland (Table I). Despite the disappointing accuracy
numbers, several useful trends, patterns, and results can
be gleaned from the data. A comparison of radar
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Est Em

Pal Em

Pal SS

Pal For

F2N

1.8%

2.2%

2.3%

17.4%

F4N

0.9%

1.6%

0.7%

6.0%

SI

4.5%

2.0%

1.6%

0.8%

S2a

0.0%

2.0%

0.9%

8.5%

S2d

0.0%

1.2%

2.0%

4.3%

According to earlier work, C-band data should
be best able to detect herbaceous wetland; the
possibility of detecting forested wetland under leaf-off
conditions has also been reported [17]-[19]. The
results here indicate that a single date C-band image
cannot detect such wetlands for the conditions and
species found in this study area. Moreover, the best
results, although poor, were produced from a Fine
mode, moderate incident angle (40.3°) scene of
partially leaf-out forested wetland (F2N).
TM data was superior to the best SAR scene
for the detection of Estuarine Emergent Wetlands
(57.9% versus 4.5% for SI). The difference is less
pronounced for Palustrine Forested Wetland (3 l.2%
versus 17.4% for F2N), Palustrine Emergent Wetlands
(7.2% versus 2.2% for F2N) and Palustrine Scrub
Shrub Wetlands (3.3% versus 2.3% for F2N). Most
importantly, for all wetland classes neither SAR or TM
produced acceptable accuracy figures. However, the
following examination of category confusions indicates
there appear to be advantages to combining the data
from both sensors.

S7

0.0%

0.6%

0.3%

3.4%

Wetland Responses

ERS

0.0%

1.2%

1.4%

6.1%

TMl-5,7

57.9%

7.2%

3.3%

31.2%

Data Set

PA/UA

PA/UA

PA/UA

PA/UA

F2N

6.0/30.0

52.0/4.1 20.0/11.7 62.7/27.8

F4N

3.0/30.0

44.0/3.6 14.3/16.7 26.7/22.5

SI

19.0/23.8 40.0/5.0

The major confusion in the F2N scene was
among wetland classes rather than between wetland and
upland land covers. A secondary source of confusion
for the Estuarine Emergent and Palustrine Emergent
classes was grass. That is, the actual wetland type was
classified as another wetland class or as grass.
Additionally, many pixels classified as Estuarine
Emergent were actually coniferous forest. Pixels
classified as Palustrine Scrub Shrub and Palustrine
Forest categories were found to be primarily coniferous
forest, deciduous forest, and developed land cover
suggesting an inability of C-band SAR to penetrate or
distinguish among tree/vegetation canopies, a problem
also noted by other researchers [20]. Classifying
impervious surfaces as a wetland also contributed to
error.
Wetland was misclassified as other wetland
types or grass on the F4N scene. Here, however, water
and impervious surfaces were misclassified as EE.
Confusion of water with EE is believed to be caused by
the fact that strong offshore winds at the time of the
F4N image acquisition lowered the radar backscatter
from the EE vegetation and produced a response
similar to water; a condition readily observed on the
imagery and supported by observations of Rundquist et
al. [21]. Several land cover types were misclassified as
PE or PSS while developed land cover and deciduous
forest classes were called PF. These classification
errors involving tree vegetation again point to canopy
confusion. The fact that the F4N scene experienced
rain the day of the overpass suggests that changes in the

parameters is presented first, followed by an analysis of
the wetland responses on each SAR scene.
Radar Parameters
At similar (steep) incident angles, HH
polarization (SI) was superior to VY (ERS) in the
detection of Estuarine Emergent Wetland, but VY was
better in detecting Palustrine Forested Wetland.
Table I - Accuracy Summary
Data Set

31.4/4.9

10.717.1

S2a

0.010.0

48.0/4.3

S2d

0.010.0

36.0/3.4 34.3/5.8 28.0/15.3

S7

0.010.0

24.0/2.5

ERS

0.010.0

32.0/3.8 22.9/6.2 42.7/14.4

20.0/4.7 34.7/24.5

8.6/3.5

22.7/14.8

Results appear similar for the other two categories
(Table I).
For Standard Mode data, a steep incident
angle was preferable to a moderate incident angle.
However, Fine Mode data at moderate incident angle
was equal to or better than moderate or steep incident
angle Standard Mode data for the Palustrine categories.
This suggests that improved spatial resolution might
substitute for incident angle attributes in some
instances.
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dielectric constant of the landscape components altered
the signal response from the land cover categories in
various degrees. The result was a change in some
category confusion relationships. The fact remains that
category confusion continued to be a problem.
An examination of omission error (calling
wetland something else) on the S 1 scene showed PE
was incorrectly classified as PSS and grass, but the EE,
PSS, and PF categories were called other wetlands or
developed. At this steep incident angle, wetlands often
produced a signal response similar to developed land
cover. Commission error consisted of classifying all
land cover types (upland as well as other wetlands) as a
specific wetland; the signal response from each wetland
category overlapped that of the other land covers.
Omission error on the S2a scene was similar
to that of the S 1 image. Given the similarity in incident
angles, this is not surprising.
Wetland was confused
with other wetland and developed land cover. Types
and sources of commission error were also similar with
one exception. No S2a pixels were assigned to the EE
category by the classification algorithm.
Omission error on the S2d scene was again
largely one of classifying an actual wetland class as
another wetland. However, on this scene the confusion
with developed land cover decreased somewhat.
Although commission error was found among all land
cover types for the Palustrine group (PE, PSS, PF)
there was a tendency to classify developed land cover
into these wetland categories. It is not known whether
look direction or the change of date or both might have
influenced
this switch from omission error to
commission error. Similar to the S2a scene, no S2d
pixels were assigned to the EE wetland category.
The S7 omission error was one of confusion
among wetland types but also of classifying the wetland
categories as grass.
This confusion appears to be
related to the moderate incident angle of the image as
this category confusion was also a problem on the Fine
mode images. However, on the Fine mode images the
problem occurred only for the herbaceous wetland
classes. On the S7 image it was also a factor for PSS
wetland, suggesting that not only incident angle but
also spatial resolution might play a role in defining
wetlands. Commission error was found similar to the
other standard mode images, including the zero
commission error for EE.
The ERS VV polarized image omission error
was more mixed than were the errors present in the HH
polarized images. Wetlands were classified as other
wetland types as well as several upland land covers. A
comparison with the similar incident angle S 1 image
provides some interesting tendencies. A wetland was
likely to be misclassified as developed land cover, or
another wetland on the SI image, but the same wetland
type tended to be misclassified as coniferous forest or

another wetland on the ERS image. ERS commission
error was zero for EE as none was detected. Other
commission error was similar to the HH images as
diverse land cover was classified as a wetland type.
In general, commission error for all steep
angle SAR data reflected a tendency to classify forested
and wooded land cover as palustrine wetland. In this
study area the steep incident angle imagery appears to
be of little use in defining the four wetland classes. At
moderate incident angles the problem was one of
omission error; wetland was confused with grass on
Fine and Standard mode imagery.
CONCLUSIONS

AND OBSERVATIONS

The detection and classification of coastal
wetland land cover by supervised digital analysis of
satellite SAR imagery· has been the focus of this
research. Seven different C-band SAR images were
compared across four wetland types whose definitions
incorporated geometric and morphologic parameters.
Among the findings of this study were the following.
No digitally classified SAR data set produced
acceptable accuracy results for any wetland type.
Although C-band data should theoretically be most
sensitive to herbaceous wetland detection, the best
results (although poor) were for Palustrine
Forested Wetlands using a moderate incident
angle, high spatial resolution (F2N-40.3°) image.
Only the Fine mode and the SI images could
detect any estuarine emergent wetlands and these
detected less than 5%.
At virtually identical incident angles (23°), HH
polarization (SI) proved better than VV polarized
data (ERS) for estuarine emergent wetland
detection, but the reverse was true for palustrine
forested wetlands.
The SI image was more accurate than the S2
images for herbaceous wetland but less accurate
for forested wetland. At slightly less steep incident
angles (27 .5°) the S2 ascending scene could detect
8.5% of the palustrine forested wetland while the
SI scene detected less than I%. This was a
reversal of the SI and S2a relationship for
estuarine emergent wetland.
The per cent
detection is small in all cases limiting the
conclusions that can be drawn but does suggest
that marked differences in detectability may result
from small changes in steep incident angle;
moreover the type of change is a function of
wetland type and morphology.
Confusion among all wetland categories on all
scenes was problematic, especially so for the three
palustrine categories. But the relationships among
wetland category geometry, image polarization,
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and incident angle are intriguing. Karszenbaum et
al. [22], working with RADARSAT data, noted
confusion between marsh (herbaceous) and forest
categories. Using SI and S6 images of Argentina,
they noted that the greatest differences among nine
categories were found on the SI image, but the
only valid separation was between forest and rush,
largely due to corner reflection.
The S6 image
provided the least separation among classes. In
this study the S7 image provided the least
information. Rundquist et al. [21] were unable to
identify the NWI wetland categories but believed
that ERS SAR held potential for classifying
wetlands by individual species. Results of this
study suggest that ERS cannot differentiate
wetland from upland at acceptable accuracies.
They noted the difficulty of identifying small
patches of wetland and the inability to detect
Phragmites; both problems were also observed in
this study. Augusteijn and Warrender [12] were
unable to classify four NWI wetland groups with
AIRSAR data and collapsed the wetland categories
into least wet and most wet wetlands and upland
into forested and nonforested land cover. The
results of the above works and this research
suggest that while SAR imagery may be able to
detect wetland communities, the composition of
those communities may have to be redefined to
take advantage of the wetland attributes separable
by radar backscatter properties.
The moderate incident angle F2N image (40.3°)
was the most accurate for scrub shrub and wooded
wetlands suggesting that spatial resolution may be
a major factor in detecting small sized wetland
parcels.
High spatial resolution, moderate incident angle
imagery may produce comparable or better results
than steep incident angle, moderate spatial
resolution imagery in wetland detection.
Although radar may indeed be an "all weather"
sensor, rain on the day of one image (F4N) prior to
actual image acquisition significantly altered the
backscatter responses and relationships of the
terrain cover types and resulted in lower accuracies
for all wetland categories compared to a similar
scene (F2N) obtained on a dry day.
In complex wetland environments such as this
study area, both steep and moderate incident angle
imagery of similar spatial resolution (i.e. 24m)
appear to be of limited use. This observation is
similar to that found by Karszenbaum et al. [22].
Single date C-band SAR imagery appears to have
little utility in delimiting and classifying wetlands.
Multi-temporal, multi-polarized, and polarimetric
SAR data require additional work as research to
date
is
inconclusive.
Multi-sensor
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optical/microwave combinations appear to hold the
most immediate promise.
The above observations and relationships should
be evaluated in other study areas and environments
where wetland detection results were more
positive.

Confusion of land cover types in optical
sensor based wetland
classifications
seems to
complement those observed in the classification of
SAR imagery. A comparison of TM and SAR wetland
detection category confusion indicates that the addition
of SAR data could significantly reduce the TM spectral
confusion between impervious land cover and wetland.
The primary problem in detecting wetlands with TM
data was that of misclassifying wetland as impervious
or grass. At the same time, TM pixels classified as one
wetland type were misidentified as other wetlands.
Using SAR data, wetlands were also misclassified as
grass but not as impervious land cover, thus eliminating
one of the confusion problems present in the TM data.
The sensors also complement each other in that SAR
omission error was confined to confusion among
wetland types; this confusion was a commission error
problem with TM data. That is, the SAR data
classification was too narrow or conservative
in
identifying wetlands while the TM data produced
results that were too broad and general.
The land cover in this coastal environment is
extremely complex, comprised of a mixture of urban,
natural, and agricultural activity in small units that
change at relatively high frequency over short
distances. As such, the conditions in the study area
might be considered a worst-case scenario for digital
image classification of SAR imagery. Much better
results have been reported in other parts of the world
comprised of simplified land cover [22]. However, this
complex environment also reflects conditions in many
coastal urban areas of the world, conditions subject to
and experiencing rapid change. The C-band SAR data
did not produce satisfactory accuracies in this study,
but the nature and type of error suggests that SAR and
optical sensor data accuracy problems complement
each other. It is believed many errors inherent in each
data set alone can be eliminated by merging the data
sets prior to digital classification [21], [23]. The results
and observations reported in this study should provide
useful guidelines as to which SAR data parameters may
contribute the most useful and accurate information to
such investigations.
To classify wetland types in such coastal
environments at accuracies required for operational
applications it is believed that high spatial resolution
multi-frequency
(C and L band), multi-temporal
(spring, fall, and perhaps summer) SAR data in some
combination
with multispectral
optical data are
requisite.
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ABSTRACT
The objective of our project is to investigate the
relationship between the backscattering signal and the
forest properties in various snow situations for varying
incidence angle. The airborne SAR data collected from
Northern Finland during the EMAC'95 campaign was
analyzed on agricultural and forested areas.
The results indicate that for non-forested areas the level
of backscattering is higher for snow-free ground than
snow-covered ground both at C- and L- band. However,
the dependence of the backscattering coefficient on
incidence angle for the snow-free situation is higher at
C-band than at L-band. The angular dependence is
weaker in the presence of dry snow than for snow-free
areas. For forested areas we have observed a negative
angular dependence between the backscattering level
and stem volume (over 100 m3/ha) at C- and L-band, all
polarizations, for both dry and wet snow. Below 100
m3/ha the backscattering behaviour varies depending on
frequency band, polarization and snow conditions.

Table 1. Location, elevation and main land-cover type
of the test sites.
Test
site

2

Start coordinates
Elevation (m~
N64°47'31"
E25°29'51"
IO
N64°50'38"
E25°39'02"
17

End coordinates
Elevation (m)
N64°50'38"
E25°39'02"
17
N64°53'45"
E25°48'14"
26

Land-cover type
Agricultural land

Pine forest, mire

DATASET
The SAR data was collected during EMAC'95 by the
airborne radars of the Technical University of Denmark
(EMISAR) and the German Aerospace
Research
Establishment
(ESAR).
EMISAR
provided
fully
polarimetric data at C- and L- band. ESAR provided
data at C-, L- and P- band at co-polarizations (VV and
HH). Snow data were collected simultaneously with the
flights along the center line of the sites by the Finnish
Environment
Institute and Laboratory
of Space
Technology.

INTRODUCTION
The European Multisensor Airborne Campaign (EMAC
94/95) was organized by the European Space Agency in
several locations in Europe [I]. Remote sensing
measurements were conducted in six thematic fields.
One of them was snow and ice [2]. Test sites for snow
measurements in boreal areas were located in Northern
Finland. The airborne SAR data were collected on three
different dates: EMISAR data on 22 - 23 March and 2 3 May, ESAR data on 5 - 6 April 1995.
The four snow test sites were located along a straight
line, the size of each of them 9 km by 9 km. In this study
we used only test sites I and 2. Snow test site I is
agricultural land, whereas test site 2 is mainly pine
dominant forested areas and mire. The location of test
sites, elevation above sea level and main land-cover
category are shown in Table I.

For comparison, forest data for over 800 stands were
obtained for test site 2. The digital forest map and forest
stand data was received from the Northern Finland
Forest Institute. The size of the area covered by digital
maps was about 1 km by 1 km. For each forest stand our
information includes species, number, average height
and diameter of trees, and stem volume.
Forest stem volume data for test sites 2, 3 and 4 was
received from the Finnish Forest Research Institute.
In March the snow was dry in all test sites. In May there
was wet snow in forested areas in test site 2. In test site
1 there was no snow in the agricultural fields. The
average snow and forest parameters are listed in Table
2.

Proceedings of the 2"JInternational Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
Applications, 21-23 October 1998, £STEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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Table 2. Average values of snow andforest parameters.

Test site
Stem volume
(m3/ha)
Depth (cm)

22 March 1995
1
2
0
58

4April 1995
1
2
0
58

2May 1995
1
2
0
58

17

55

9

54

Density (g/crrr')

0.26

0.26

0.19

0.27

0.33

Wetness (%vol)

0.35

0.31

0.59

0.74

1.08

Water eq. (mm)

45

145

20

145

73

Temperature
Air
Snow

-2.2
-2.1

-2.2
-2.l

1.5
-I.I

1.5
-1.1

0

1.5

21

1.5

PRE-PROCESSING METHODS
The ESAR and EMISAR raw images were delivered in
scattering matrix format. All raw images were in slant
range projection.
All images were rectified first from slant range to
ground range projection. These images were used only
for searching ground control points. Typical control
points were crossroads, ditches, buildings and other
features which could easily be found in the map and the
image. The pixel coordinates (x,y) were picked from the
image and (Easting, Northing) -coordinates from the
map. The map projection used here is the Finnish
National coordinate system.
Based on these control points the original images were
rectified by using a polynomical rectification algorithm
[3] and a digital elevation model (DEM). The pixel size
in the final product was 5 m by 5 m. The pre-processing
steps are presented in Fig. 1.
Based on digital maps we created a database in which
we included the stand data. In this database we have
information on every forest stand.
The effect of incidence angle angle variation in airborne
SAR images must be take into account. Due to the
different flight altitudes of EMISAR and ESAR radars,
their swath width is not the same. Consequently, the
incidence angle is not the same for any stand for
EMISAR and ESAR images. Incidence angle values
were calculated separately for ESAR and EMISAR data.

PRE-PROCESSING OF SAR DATA

Rectificationfromslantrangeto
groundrange

i
Searchof groundcontrolpoints
in the map

J
Rectificationof imagesto
FinnishNationalCoordinateSystem
by usinga digitalelevationmodeland
applyinga polynomialrectification
algorithm,5 m by 5 m pixel size
Fig.1 Pre-processing of SAR data.

Separate incidence angle images were created for ESAR
and EMISAR images. Their sizes were the same as
those for raw backscattering images and in image values
give the incidence angle that varies from 33° to 68° for
ESAR and from 39° to 61° for EMISAR. These images
were rectified to map projection based on ESAR and
EMISAR rectification. This is described in Fig. 2. The
terrain elevation was not taken into account in
rectification because the elevation changes were small in
this area (see Table 1). The rectification was done by
polynomical rectification using the nearest neighbour
method. The corner coordinates of rectified images were
calculated from ESAR and EMISAR images. These
coordinates were used in rectification as control points.
After rectification the layer of forest stand was placed
on the incidence angle image and the mean incidence
angle value was calculated for every forest stand.
Finally, the mean backscattering coefficient was
calculated from the SAR images for every forest stand.
A database of backsattering and incidence angle data
was created from these and it was merged with the
database of forest information. This general database is
a sort of geographic information system (GIS). The preprocessing phases are described in Fig. 3.
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wet snow and snow-free conditions). The effect of forest
was taken into account by using the stem volume as a
forest parameter.
Rs:tilkatlon to
map projection
(usiq: conlrol points
fromESAR-lmage)

We can consider the backscattering coefficient as a
product [4]
(1)
Rectified

No rectification

cr~ is the normalized backscattering coefficient
and f (9;) represents the angular dependence of the

where

Fig. 2. Rectification of incidence angle image based on
ESAR-image.

backscattering coefficient of a target. For every pixel of
the image we need to know the local incidence angle
value.

ANALYSIS
We calculated the mean radar incidence angle and
backscattering coefficient for all stands. The data were
classified in four stem volume classes: 0 m3/ha, 0-50
m3/ha, 50-100 m3/ha and over 100 m3/ha.

In order to use all information in an airborne SAR image
we need to characterize the effect of the incidence angle
on the backscattering coefficient. In this study we are
interested in determining this effect in non-forested and
forested areas under varying snow conditions (dry snow,

Digital
forest map:

SAR images:

Forest data:

•calculate
meano
for every
forest stand
0

+

Arae 10 Aru
73
0.4
74
0.4
75
0.2
76
1
rr
0.2
78
1.2
79
0.2
60
0.4
81
0.8
82
0.3
83
0.4
&I
0.3
85
0.4

As:
30
10
20
70
30
70
30
60
35
65
40
60
35

Baaal araa Nro of trees
0
4
0
20
0
20
0
2
0
5
0
2
0
5
0
3
0
3
11
16
0
12
14
17
0
5

D
0
3

0
0
0
0
0
,4
0
-3
0

H

...
Vd

3.1
15.6
25
5
30
5
40
5
53.5
30
65.6

+

Incidence
angle
image:

• calculateaverage
incidenceangle for
each forest stand

Database:

• forest areas
• forest parameters
•mean o
• mean incidence
angle
0

Analysis
Results:

• effect of forest parameters
• effect of incidenceangle

Fig. 3. Pre-processing and analysis offorest information and SAR imagesfor test site 2.
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The data were averaged in 1° range bins. It means that
every point in the scatter plot is an average of 2 to over
30 values. Most of the values are near the mean value of
the angle range (around 50°), so the end points may be
an average of only few values. A correlation analysis
was done for the averaged data.
RESULTS
We calculated correlation coefficients between the
backscattering
coefficient and incidence angle and
present their relation as scatter plots for different stem
volume classes.
In March the snow was mainly dry (wetness< 0.5%) in
all test sites. In May it was wet ( 1.08%) in test site 2,
whereas there was no snow in test site 1.
For non-forested areas the level of backscattering is
higher for snow-free ground than dry snow-covered
ground both at C- and L- band (Fig. 4). In dry snow
condition the highest backscattering values are at CVV
and CHH. For L-band there is no difference in the
backscattering level between VV- and HH-polarization.
Also in May the C- band linear polarizations are the
highest and close to each other. In the L-band the level
is different for linear polarizations. For both snow
conditions LHV has the lowest backscattering level. In
dry snow condition
the difference between the

backscattering levels of linear and cross polarizations is
clear. In case of bare soil the difference is not
substantial.
The correlation coefficients between the backscattering
coefficient and incidence angle for the snow-free
situation are higher at C-band than at L-band for all
polarizations. Both in March and May the highest
correlation coefficients are obtained at C-band copolarizations (see Table 3). The angular dependence at
cross polarizations is weaker in the presence of dry
snow than for snow-free conditions

Table 3. Correlation between the backscattering
coefficient and incidence angle for non-forested areas.
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Similar negative dependence was found between the
backscattering signal and incidence angle for snowcovered land in Alpine regions [5].

EMISARMarch, open areas

•
-5,-~~~~~~~~~~~~~~~~~~--,

22-23 March
-0.88
-0.50
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Fig. 4. Backscattering coefficient as a function of incidence angle for non-forested areas for (a) 22-23 March, dry
snow, and (b) 2-3 May, snow-free situation.
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For forested areas we observed a negative correlation
between the backscattering level and incidence angle
(stem volume over 100 m3/ha) at C-and L-band at all

polarizations for both the dry and wet snow situation
(Figs. 5 and 6). Below 100 m3/ha the backscattering
behaviour varies depending on frequency band,
polarization and snow situation.
The highest correlation was observed at C-band for dry
snow situation in high stem volume classes (see Table
4). For smaller stem volumes the correlation is weaker.
Previously we have found good correlations between
the backscattering coefficient and stem volume along
the test site center line, where the incidence angle is
constant (50°) [6]. In those results the highest level of
backscattering was from C-band VY-polarization data
both in wet and dry snow condition. The correlation
was positive; the backscattering was higher for high
stem volume. Also in the present study the level of the
backscattering is the highest for the highest stem
volume classes, when the incidence angle is 50°.
At C-band the level of backscattering is the same or
slightly higher in dry snow conditions compared to the
wet snow for all polarizations. For dry snow the
differences in the behaviour of backscattering between
the stem volume classes are bigger than in the case of
wet snow for all polarizations. In wet snow conditions
the differences are within 2 dB for all polarizations. For
CVV and CHV the level of backscattering is almost the
same in both snow conditions. For CHH data the level
of backscattering is higher in case of dry snow than wet
snow.

At L-band the level of backscattering is higher in wet
snow situation than in dry snow situation for all
polarizations. The differences in backscattering
between the stem volume classes are much bigger.
Otherwise the backscattering behaviour of stem volume
classes is similar in the case of wet and dry snow.
The behaviour for stem volume class 0 (Figs. 5 and 6)
is different ftom that for other classes. It may be due to
the fact that the vegetation is different (clearcut areas
and short vegetation) in areas where the incidence
angle is around 50 to 54 degrees.
The results from ESAR data are quite different from
those obtained using EMISAR data. For example in Lband VY-polarization, the dependence between the
backscattering coefficient and incidence angle is far
from linear (see Fig. 7).

Table 4. Correlations between the backscattering
coefficient and incidence angle for forested areas.
2-3 May

22-23 March
vol 0

CHH

0.25

vol 0
to 50
-0.35

vol 50
to 100
-0.93

vol>
100
-0.92

vol 0

CHY

-0.02

0.72

-0.37

-0.93

-0.48

0.47

-0.90

CVV

0.()2

0.80

-0.55

-0.86

-0.02

0.53

0.48

-0.72
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Fig. 6. Backscattering behaviour of EM/SAR L-band data on 22-23 March (dry snow) and 2-3 May (wet snow).
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CONCLUSIONS
We have observed various behaviour for backscattering
in different snow conditions and at different band and
polarizations. EMISAR provides fully polarimetric high
resolution data at C- and L-band and it has shown a
good potential for determining the relationship between
the backscattering coefficient and incidence angle for
various land-use categories.
In C- and L-band, snow in non-forested areas affects
mainly the level of backscattering, which is higher for
snow-free ground than dry snow-covered ground. There
is also a big difference between the level of
backscattering of linear polarizations and cross
polarizations at C-and L-band for dry snow. For snowfree ground the difference is not so clear.
The variations in the backscattering mechanism for
different forest canopies are larger as a function of
incidence angle between dry and wet snow situation for
C-band than L-band. In L-band the backscattering
mechanism is similar for both wet and dry snow
conditions. It seems that in L-band the snow condition
has no other effects on forested areas than the different
level of backscattering. The level of backscattering is
higher from wet snow than from dry snow. In C-band
the snow condition has effects on backscattering
mechanism, but not much on the level of backscattering.
ESAR provides multifrequency data and the incidence
angle range is wider than in EMISAR images, so it
provides more information about the backscattering
coefficient as a function of incidence angle.
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ABSTRACT
Snow water equivalence, which is the product of snow
density and depth, is the most important parameter in
snow hydrology. This paper demonstrates the algorithms
for estimating dry snow density, depth, grain size, underground dielectric constant and surface RMS height using
multi-frequency and -polarization SAR (SIR-C/X-SAR)
measurements. The algorithms were developed based on
the numerically simulated backscattering coefficients.
We used L-band VV and HH to estimate snow density
and the under-ground surface parameters: dielectric
constant and roughness RMS height. The under-ground
surface can be either soil or rock. Then, C-band VV, HH
and X-band VV are used to estimate snow depth and
grain size.

Introduction
SIR-C/X-SAR [1-2] has long promised the
advantages of sensitivity to many snow parameters that
snow hydrologists use, and has been used to mapping
snow cover [3] and estimation of snow wetness [4].
Early studies have shown that the measurements by
active microwave sensors are sensitive to most of snow
pack parameters interested by hydrologists and
climatologists. The field experiments by ground
scatterometer [1,5-6] have shown the different
relationships between the backscattering and SWE. The
experiment [I] showed that the backscattering at 8.2 and
17.0 GHz had a positive relation with SWE. Based on
those observations, a semi-empirical model was
developed to characterize the relationship between
backscattering and SWE [1,5-6]. This model evaluates
the extinction properties of snow under independent
scattering assumption and considers two scattering
components ( 1) the volume scattering component from
snow layer and (2) the surface scattering component
from snow-ground interface. However, the study [7]
observed that there was no significant difference
between snow-free and dry snow covered regions at 10.4
GHz. Due to limited observations, each field experiment
represented a particular snow and underground
conditions. The confusion may result from the different
combinations of the snow and ground properties since
the backscattering power received from the radar over
dry snow cover depends not only on the total snow mass
but also on snow density, grain size, structure factor,

stratification and ground surface dielectric and
roughness properties.
In addition, theoretical modeling affords have
achieved significant improvement in terms of
understanding the snow pack extinction properties [8-10]
and the interactions of microwave signal with snow
pack, as well as with the rough surface [11-12]. These
affords by both theoretical modeling and field
scatterometer experiments have established a
fundamental understandings on the effects of snow
physical parameters and underground dielectric and
roughness
properties
on
the
backscattering
measurements.

Effects of Snow Properties on SAR
Measurements
Effects of Dry Snow Cover on Backscattering
at L-band
At L-band, the effects of dry snow pack's volume
scattering and extinction are expected to be not
significant because the imaginary dielectric constant of
ice is very small and ice particle size is also relatively
small in comparison with L-band incidence wavelength.
Let's consider a homogeneous dry snow pack over a
bare surface such as rock or soil. When the
electromagnetic wave passes through the snow pack,
there are several phenomena occurring in comparison
with it directly incident on the ground surface (without
snow cover):
I.the incidence angle change at the snow-ground
interface, which is the refractive angle in the snowpack;
2. the incident wave length on the snow-ground
interface is reduced because the snow layer is
dielectrically thicker than air.
3. the snow layer reduces the dielectric contrast at
the snow-ground interface, which in turn reduces the
reflectivity at snow-ground interface;
4. the power loss at air-snow interface.
Under an assumption of the snow pack has no
significant volume scattering at L-band, we can calculate
a ;p ( k ()B; ) = r,;p ( B, ) a ;:p ( k I , ()r )
(I)
Where k 1

=

k0

.Ji: . T

P~'

is the power transmission

coefficients at air-snow interface.
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To evaluate what information can we obtain for
study snow from L-band SAR measurements, we
simulated the backscattering signals of a bare surface
with and without snow cover by using IEM model and
(1). Fig. l(a) and (b) show the comparison of the angular
response of the backscattering coefficients of HH and
VY polarizations. The dotted and solid lines represent
the case with and without snow cover, respectively. A
snow density 0.32 g cm-3 was used in
simulation. The exponential surface correlation function
was used with 1.5 cm and 12 cm for the surface RMS
height and correlation length, respectively. The ground
with a dielectric constant of 8.3 + i 1.2 was used for both
cases. In comparison of the backscattering coefficients
for a same bare surface with and without snow cover, a
greatly increased backscattered power is observed and
the increment is larger at the large incidence angles than
that at small incidence angles, especially for HH
polarization.
The effect of the incidence angle change can be
easily explained through Snell's law. Since the change in
the incidence angle at the snow-ground interface is only
dependent on the dielectric constant of snow, it can be
described as a function of snow density and the
incidence angle at the air-snow interface. Fig. I (c)
demonstrates the difference between the incidence angle
at air-snow interface and that at snow-ground interface
typical

for a maximum (0.55 g cm-3 with solid line) and a
minimum (0.1 g cm-3 with dotted line) possible dry
snow densities. For a given incidence angle, the greater
the snow density, the greater the change in the incidence
angle at the snow-ground interface. For a given snow
density, a larger incidence angle at the air-snow
interface results in a greater change in the refractive
angle in the snow layer. Therefore, a greater increase in
the backscattered power at larger incidence angles is
expected than those at smaller incidence angles as
shown in Fig. I (a).
Similarly, the wave length shift can be also described
as a function of snow density. For a range of snow
density from 0.1 to 0.55 g cm " , the propagation
wavelength in snowpack as shown in Fig. I(d) shifts
from 21 to 16 cm in comparison 24 cm when it
propagates in air. Since the surface roughness is a
relative concept related to the incidence wave length of
the radar signals, the shift of incidence wave length to
shorter than its in air due to effect of snow density will
result in the surface becoming rougher. It will cause a
great increase in the surface backscattering signal.
Furthermore, the effects of the power loss at air-snow
interface and the reduced dielectric contrast at the snowground interface which in turn reduces the reflectivity at
snow-ground interface will have an inversely relation to
the backscattering. As a net result for this simulated

ground surface dielectric and roughness parameters, an
increase of the backscattering coefficients occurs when
comparing with and without dry snow cover conditions.
Furthermore, if we comparison of Fig. I (a) and (b)
for HH and VY polarization, we see a less increase of
backscattering in VY polarization than that in HH
polarization for a same snow density and under ground
surface properties. This is because the net result when
comparison of backscatterings from a bare surface with
and without dry snow cover is affected not only by the
above four factors, but also by the characteristics of the
angular dependence of the ground surface backscattering
which are governed by the surface dielectric and
roughness properties. The larger angular dependence of
the ground surface backscattering is, the greater effect
will be expected for a same difference between the
incidence angles at air-snow and snow-ground
interfaces. The backscattering of VY polarization as a
function of incidence angle decreases slower than that of
HH polarization when the surfaces are not too rough.
Therefore, the changes in VY polarization are smaller
than that of HH polarization. However, for a very rough
surface, the angular dependence of and the difference
between VY and HH polarization are smaller than that
from a smooth surface. When the surface roughness
reaches in the Geometric Model region, there will be no
effect of the wave length shift since the Geometric
Model predicts that the backscattering is independent of
wave length and has no difference in the co-polarized
signals. Therefore, a greater effect due to the incident
wave length shift is expected with a relatively smooth
ground surface than that with a very rough one. This
great change in both the incidence angle at the snowground interface and the incident wave length (caused
by the snow cover), makes provides a great potential for
developing an algorithm of inferring snow density from
L-band SAR measurements.

Relationships of Backscattering Coefficients
and Snow Water Equivalence at C- and Xbands
During our study, we found that the relationship
between backscattering coefficients and snow depth
could be directly explained by the first-order
backscattering model. For simplicity, we discuss this
relationship with a "cloud" model in which the groundsurface and snow-volume interaction terms are ignored.
O"

;,p

(B;) = TP~' [ ~ wµ r

(I - exp( -2K ,,d Iµ

+rr;,,,exp(-2K,d/µ,)j

r))

(2)

The derivative of (2) to snow depth d, which
represents the slope of backscattering curves response to
snow depth, can be written as
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,

(}

(

;)

=

2
TPP

2K
--'exp(

-2K,

µ,

3
{ 4mµ r

-

s }
O" PP

d

Iµ,)

(3)

As we can see, from the equation (3), the sign of the
terms in blanket determines whether the relationship
between the measured backscattering signal and snow
depth is positive or negative. If the under ground surface
backscattering

a;p

is greater than the first term in

blanket, the slope is negative. Physically, it means that
the attenuated amount of the under ground surface
scattering signal, when it passes through snow pack, is
larger than that of the backscattering signal generated by
snow pack. Therefore, a negative relationship between
backscattering measurement and snow depth will be
observed. However, a positive relationship will be
observed if the under ground surface backscattering

a;;"

is less than the first term in blanket. Furthermore, the
backscattering measurements will have no correlation
with snow depth if they are exactly equal. In this case,
the attenuated amount of the under ground surface
scattering signal is the same as that of the backscattering
signal generated by snow pack. Above analyses
demonstrated that the ground surface backscattering
signal has great impact on the relationships between the
backscattering measurements and snow depth.
This complicated relationships makes it impossible
to characterize this relationships from some limited field
experiment measurements and to derive an empirical
model for estimation of snow depth and water
equivalence from SAR measurements. It is clear that we
must separate the backscattering signals of the under
ground surface from the SAR measurements or minimize
the effect of the backscattering signal generated by
snow-ground interface in order to estimate snow water
equivalence.

the snow density, it is possible to estimate snow density
by using L-band SAR measurements. The task is to
evaluate whether it provides a significant sensitivity to
detect the incidence angle difference for a given set of
co-polarized SAR measurements.
In order to arrive at a manageable inversion
algorithm that can handle a large volume of SAR data,
we need to characterize the dependence of the surface
backscattering on the incidence angle and the wave
length since the surface backscattering model in (1) is
generally quite complex. For this purpose, we simulated
the surface backscattering components using (I) for a
wide range of the possible wave lengths (due to the
effect of snow density), incidence angle, surface
dielectric and roughness properties as indicated. The
wave length range from 21 cm to 16 cm were also
simulated, which correspond to a maximum up and low
possibility of the incidence wave length change (24 cm
in air at L-band) due to snow density 0.1 g cm" and
0.55 g cm", respectively.
By using regression analyses, we derive the
algorithm for estimation of snow density by using only
I

<Jhh

and

log 10 [

SAR measurements.
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+
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ko is the incident wave number in

air. As we noticed that Tpp2

depends only on the

polarization - pp, the incidence angle -

B;

at air-snow

interface, and the dielectric constant of snow pack - e.

1.•

As demonstrated in last section, the backscattering
measurements will be mainly sensitive to the incidence
angle difference and the wavelength shift due to the
effects of snow density. It has been understood that the
co-polarized signatures of the surface backscattering are
highly correlated. They are sensitive to the local
incidence angle and the incident wavelength, in addition
to the dielectric and roughness properties of the surface.
Since both the incidence angle difference and the
incident wave length shift at the air-snow and snow
ground interfaces are only a function of the dielectric
constant of the snow pack which is mainly governed by

The incidence angles of fl; and B, at snow-ground
interface can be related by the Snell's law:
sin 2 ( B; ) = s, sin 2 ( B, ) by the dielectric constant of
snowpack. Since B; can be calculated from the Space
Shuttle ephemera's data and digital elevation data, there
is only one unknown, e,, in (4). The a. b, c, d and e are
coefficients determined from regression analysis and
depend only on the local incidence angle and incident
wave number k 1 at ground surface in cm. The (4) is
actually formed in terms of minimizing its sensitivity to
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the surface dielectric and roughness properties and
meanwhile maximizing its sensitivity to the incidence
angle and wave number. Therefore, for a given L-band
SAR measurements of CT~h and CT:v , we can estimate

&.,

numerically by varying the coefficients of a, b, c, d, and
e to find the root of (4).
Furthermore, with estimated dielectric constant of
snow, snow density can be estimated from the
Looyenga's semiempirical dielectric formula given by
[ 13]
85

=

J.O + J.5995p5

+ J.86lp/

(5)

As demonstrated in a study of dielectric properties of
snow, this formula provides the best fit to the Polder and
van Santen's the physical formula [14]. Furthermore,
the ground dielectric and roughness RMS height can be
estimated by the algorithm [ 15].

Estimating Snow Depth and Grain Size
Using C-band and X-band SAR
Based on the relationships between backscattering
measurements at C- and X-band and snow depth as
demonstrated in section 2, the estimation of snow depth
requires both a physical based inversion model which
considers all important scattering components and the
techniques to separate the backscattering component
from snow pack itself with the other backscattering
components, such as the signals from the air-snow and
snow-ground interfaces from SAR measurements.
In
terms of backscattering coefficient, the polarimetric
model for dry snow covered terrain can be written as

a~"(f) =a;" (f) +a;" (f) +a;; (f)
+a;" (f)

(6)

Where f is frequency equal to either C or X - band.
Subscript pp represents the polarization vv or hh.
Superscript t, a, v, vs, and s are for the total, surface
backscattering
from the air-snow interface, direct
volume backscattering from snow pack, backscattering
from the interactions of volume scattering by snow pack
and surface scattering by snow-ground,
and surface
backscattering from snow-ground interface, respectively.
To carry out forward simulation of a dry snow covered
terrain by (6), it requires 6 snow pack parameters
including snow depth, density, ice particle size, size
variation, stickiness, and snow pack temperature, in
addition to the roughness parameters at both air-snow
and snow-ground interfaces, and the dielectric constant
of the ground. It is impossible to estimate snow
properties directly from (6) by using the limited number
of SAR measurements. The snow density, ground
dielectric constant and surface RMS height can be
estimated by using L-band SAR measurements. The
remaining unknowns are the surface backscattering

- CTi,\(C),av\,(C),

components
extinction

coefficients

-

Ke (

a,:\,(X),

and

C) and Ke

(

the

X) , volume

scattering albedo - co(C) and co(X), and snow depth - d.
The task for estimation of snow depth, however, is to
evaluate 1) what is relationships
between these
parameters, 2) which appropriable parameters we should
select to minimize the number of unknowns, and 3) how
can we modify the components in (6) with a reasonable
accuracy but can handle large data volume.
Our
algorithms
considers
all
backscattering
components in the first-order backscattering model. In
addition to the technique we used to reduce the effects
of the surface backscattering at air-snow interface, there
are three major components
in the algorithm
developments. The development of each of them was
based on the numerical simulated data from the most
possible snow and ground parameters.

Semi-empirical Models to Characterize Snowground Interaction Terms
Using the possible ground dielectric and roughness
parameters
and snow pack parameters,
we first
simulated each backscattering term in (6). Then, we
performed a regression analyses - a statistical approach
on the volume-surface interaction terms and found that
they can be written as

a,'.;s( f, ();)
·Ks

= a ( f,

o r )T,.~( f, o.i«; " J .o,
1

> (

f,

o r)

(f )d exp [c(f, () r )k 1 S + d (f, () r )K, (f )d]

for VV polarization.

(7)

Where K.1• = mKe is the volume

scattering coefficient. As we noticed that (7) is very
similar to the formula considering the interaction
between the volume and surface only once. But the path
length has been justified as a function of the ground
surface roughness parameter RMS height.
For HH polarization, however, it is more difficult to
characterize it by a simple formula than VV polarization
because of a greater reflectivity. Based on (7), we write
the interaction terms of C-band HH polarization as two
parts

(8)
where CT~~'(' is the coherent components

and can be

calculated exactly.
CY

,:;,c
+

Where

=

T ,,;,(J) R ,,,, c r exp( - 2 K ed I µ

!

c ,»,

R ,,,,

Cf

=exp(-

(I -

I

)

exp( - 2 K, d Iµ,

(2µ,k1s)~)

(3 K ed
)) )

(8.1)

is the roughness

correction factor for coherent reflectivity. For noncoherent components, we performed similar regression
analyses as in (7) and derived the formula as:
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+ c(B,)log( k1s(C))
+ d ((}, )k,s +

exp l<c(B,)

e((},

)(I - C 1 ))K ,d

J (8.2)

for 3 < k.s and
a

=

1;;~11(B,)

for k,s(X)

T,,7, ((};)a({},

exp [(c(B,)

)R ::,,10·)({},

)mK

log

,d

+ d ({}, )R "" ({}, ))K ,d]

(8.3)

for 3 2': k 1 s. The coefficients a. b, c, d, and e in (8.2
and 8.3) are the functions of incidence angle at the
snow-ground interface. These semi-empirical models (7)
and (8) are more realistic representations for the snowground interaction components than that the formula
developed under the independent assumption. This is
because the natural surfaces, especially in alpine
regions, have become quite rough. A significant
contributions to the snow-ground interactions from noncoherent components is expected. The developed semiempirical models are given explicitly in terms of snow
pack volume scattering albedo, optical thickness, ground
reflectivity, and surface RMS height. They are easily to
be implemented to the inverse algorithm. The RMSE of
these models in comparison with that directly simulated
data are all quite small.

Semi-empirical Models to Characterize the
Relationships between the Ground Surface
Backscattering Components at C-band and Xband
Based on IEM model simulated data for all possible
ground dielectric and roughness conditions, we
developed a model to estimate CYi:h/CY;'.,. at C-band by
regression analyses. It can be written as
a i~,((}' )
a,,(B,)

= exp ~ ((}, ) + b ( (},

) k 1 s + c ((}, )( k 1 s)

+d(B,)log(k:;{,)1og(r0)]

a,;',, ( B, )

----'"'----'---=

1

2

(9.1)

(9.2)

O" ·"· ( (}' )

for k IS ;::: C
C1 is determined by evaluating from the
numerical simulation data at different incidence angles.
1

C,

+ d(B,)log2[k1s(X)-

•

= 2.62 I cos0825 (0,)

(9.3)

The coefficients a, b, c, and d in (9.1) are only
dependent on the incidence angle at snow-ground
interface.
Similarly, it was found that the relationships of the
ground surface backscattering components of VV
polarization at C-band and X-band can be written as
log (a,'., ( X , (}, ) ) = a ((}, ) + b ( (}, ) log (a;'., ( C , (}, ) )

k1s(C)]

(IO.I)

< 2.3 and

(er ,'.,( C , B , ) ) = a ( B + b ( B log (er ;'., ( X , B
+ c(B,)log
(er,'., (L,B,l)+ e(B,)log (r ")
r )

+ d (

e

r

)

log [k , s (

x )-

r )

k , s ( c l]

r ) )

(10.2)

o.

for
r IS the ground surface
reflectivity for a rough surface and it is same as that
given by the Geometric Optical Model 16•17•
k, f )= k0( f )
is the normalized surface RMS
height. The f = X or C indicates the radar incidence
frequency. The coefficients in (10.1) and (10.2) depend
also only on the incidence angle at snow-ground
interface.
Since lack of necessary ground surface roughness
information, the estimation of the ground surface
backscattering components from the limited available
information could introduce the significant errors in both
the magnitudes and the relationships between them.
With the information of L-band SAR measurements and
the estimated ground surface dielectric constant and
RMS height, however, the relationships between the
ground surface backscatterings at C-band and X-band
can be well characterized. By using (9) and (10), The
unknowns in the ground surface backscatterings can be
reduced to one.

s(

.Ji':s

Relationships between Snowpack Extinction
Properties at C-band and X-band
The extinction properties of snow has been studied
for many years. A great progress has been made in terms
of improving our understanding of effects of snow pack
micro-structures on its extinction properties. At
microwave frequency, ice particles in natural dry snow
packs are generally considered as densely distributed
scatters since the distance between the particles are
much smaller the incidence wave length. The coherent
scattering between ice particles results in a significant
effect on scattering properties of snow packs.
First, we know that dry snow extinction properties
are independent of the polarization and only depends on
the frequency of the radar incidence wave. This is valid
for either spherical or the random orientated particles.
Secondly, the all extinction parameters should be highly
correlated at C-band and X-band for same snow pack.
For a given snow pack properties, however, the ratio of
the volume scattering coefficient at X-band and C-band
is proportional to the fourth power of the radar wave
propagation number ratio and has little effect by snow
properties. Therefore, we can approximate it by
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Ks(X)
K5(C)

""(ko(X))4

= 10.7641

(11)

k0(C)

Where 10.7641 is obtained for SIR-C/X-SAR's
frequency at C-band and X-band. By using ro simulated
for all snow parameters, we also carried out the
relationship of co at C-band and X -band.
log( w(X )) = 1.334 + 0.9929 log( w(C))
-1.9623 w(C) + 0.7587 co 2 (C)

(12)

Due to the extinction properties are highly
correlated, we developed the analytical forms for the
extinction relationships at C-band and X-band. With
(11) and (12), the unknowns in backscattering
components from snow pack has been reduced to two the volume scattering albedo - ro and the optical
thickness - r. Therefore, we can directly estimate above
three unknowns from the first-order backscattering
model by using three SAR measurements from C-band
VV, HH, and X-band VV. Furthermore, snow depth and
the optically equivalent particle radius can be estimated.

Experiment and Validation
The Mammoth Mountain SIR-C/X-SAR site, at 37°N
I I9°W on the eastern slope of the Sierra Nevada, is
typical of much of the alpine region of the range. We
carried out an intensive ground campaign during the first
SIR-C/X-SAR mission from April 9-20, 1994. All those
field snow property measurements, including detailed
snow pit profiles, geo-location of each measurement,
and associated field notes has been put into our Snow
Hydrology Data Base. It is in public domain. For the
readers who are interested these measurements, these
detailed
measurements
can
be
found
at
http://icess.ucsb.edu, under snow hydrology group.
Three processed data-takes from SIR-C/X-SAR's
first mission in April, 1994 are used in this study. These
three data-takes were taken in the early morning around
6:00 AM, and the snow pit measurements at 11:00 AM ,
later than SAR measurements, showed no signs of liquid
water in the snow, even at low elevations - 2,850 m.
This indicated that the imaged snow covers were dry
snow condition. The SIR-C calibration team at Jet
Propulsion Laboratory (JPL) performed radiometric
calibrations for each data-take. Using the Space Shuttle
ephemera's data and digital elevation data, we derived
the terrain radiometric calibration factor and local
incidence angle images in slant range presentation.
In order to demonstrate and verify the algorithm on
estimation of snow density and what is actually the
algorithm estimated snow density, we performed two
tests - I) the average value from the snow density
profile was selected as the ground truth, and 2) the mean
value from the top and bottom snow layers of each snow
pit was used to represent the ground truth data. The

RMSE for these two measurements are 0.083 and 0.042

gem-3 for absolute error and 27% and 13.15% for the
relative error, respectively. The reason why the second
test has a better accuracy than that of the first test is that
the algorithm mainly controlled by I) the power
transimitivity at the air-snow interface which is mainly
affected by the snow density at the top layer near the
surface, and 2) the incidence angle and wave number at
the snow-ground interface. This indicated that the
actually estimated snow density by (11) represents the
mean value of snow density from its top and bottom
layers. It could not infer the stratified snow density
profiles. Fig. 2 (A) shows the comparison of the snow
densities from the field measurement by the second
method with that the estimated from SIR-C's L-band
SAR image data at each snow pits. Fig. 2 (B) shows the
comparison the snow pai;ticle radius in mm between the
ground measurements and the estimated from SIR-C/XSAR image data. The estimated snow particle size were
obtained from a mean value of 3 x 3 window at
corresponding snow pit location on SAR image. As we
can see that the algorithm performed quite well. It
inferred the overall trend of the snow particle sizes. The
RMSE is 0.27 mm for snow particle radius estimation.
Fig. 2 (C) shows a histogram of the spatial distribution
of snow depths in a 150 x 100 m area near one of our
test sites - Ruby Lake. The snow depth measurements
were carried out intensively at every 5 m distance. The
snow depth ranged from I0 cm to 400 cm with a mean
value 190.1 cm and the standard deviation of 81.9 cm.
As it has been demonstrated by many studies, the spatial
distributions of snow depths are high variable, especially
in alpine regions. This characteristics of high variation
of snow depth both in space and time makes it very
difficult to validate the algorithm for estimating snow
depth from the individual point measurement, such as
that obtained from the snow pit measurements. To
accessing the "ground truth" snow depth for verify the
algorithm, we used a total of 26 snow depth transacts
measurements. Each transact with horizontal distances
ranged from 100 m to about 300 m was measured at
each 5 m step. The ground truth for snow depth from the
transacts was obtained by its mean value. The estimated
snow depths from SAR data were also obtained by
using the mean values from the polygons that
corresponding to the transacts location on SAR images.
Fig. 2 (D) shows the comparison of the ground snow
depth measurements with that the estimated from SIRC/XSAR SAR image data. Where the solid line indicates
I: I relation. As we can see that the algorithm performed
quite well. It inferred the overall trend of the snow
depths. The RMSE is 33.9 cm for snow depth
estimation.
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Figure 1. Comparisons of the angular response of the backscattering coefficients, crih in (a) and er,~.in (b) at Lband for a bare surface with (dotted line) and without snow cover (solid line) for a bare ground. The same ground
surface dielectric and roughness parameters were usedfor both cases in simulation. (c) demonstrates the difference
between the incidence angle at air-snow interface and that at snow-ground interface for a maximum (0.55

gcm " with solid line) and a minimum (0.1 gcm " with dotted line) possible dry snow densities. For a range of
snow density from 0.I to 0.55 gem -J , the propagation wavelength in snow pack as shown in (d) shifts.
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Figure 2 (A) shows the comparison of the snow densities from the field measurement with that the estimated from
SIR-C's L-band SAR image data at each snow pits. (B) The comparison of the optically equivalent particle radius
from the field measurement with that the estimated from SIR-C/XSAR SAR image data. (C) The histogram of the
measured snow depth distribution within area of I50 x I00 m. (D) The comparison of the snow depth from the field
measurement with that the estimatedfrom S/R-C/XSAR SAR image data.
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Conclusions
The estimated snow density agrees well with the field
measurements. The comparison of the estimated snow
density from three SIR-C's L-band image data with the
field snow density measurements shows an RMSE of
0.042 gem" over an possible dry snow density range
-3

0. I to 0.55 gem and I3.I5% for the absolute and
relative error, respectively. The test of snow depth and
grain size algorithms was performed with the RMSE are
34 cm and 0.27 mm, respectively. Both qualitative and
quantitative tests indicated that the algorithm performed
quite well for the pixels with the incidence> 30°. It can
be used to estimate dry snow properties quantitatively
under the configuration of SIR-C/X-SAR.
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ABSTRACT
A method for mapping melting snow is described, which
applies change detection on repeat pass SAR images. A
case study is presented for the mountainous drainage
basin Tuxbach I Zillertal in the Austrian Alps to
demonstrate the application for hydrology. Using SAR
data from ERS-2 (look angle 19°) and Radarsat SAR
Beam Mode S7 (look angle 40°) the effect of imaging
geometry for wet snow mapping is investigated. A
comparison between Radarsat and Landsat Thematic
Mapper based snow maps show good agreement. The
elevation dependent retreat of the snow covered area in
the melting season 1998 is shown based on a sequence
of ERS-2 and Radarsat SAR data. The SAR derived
snow maps were used to simulate the daily runoff for the
basin Tuxhach in the melting season 1998.
INTRODUCTION
Snow extent is an important parameter for snow melt
runoff modelling and forecasting. The capabilities of
Synthetic Aperture Radar (SAR) for mapping melting
snow have been demonstrated using the C-band SAR of
the European Remote Sensing Satellite ERS [I, 2), the
C-band and X-band data of SIR-C/X-SAR [3], and
various airborne SAR systems [4]. Because SAR sensors
provide repeat pass observations irrespective of cloud
cover they are of interest for operational snow melt
runoff modelling.
This paper describes an automatic procedure for
mapping wet snow hy means of multi-temporal SAR
images, which was designed for real time analysis of
SAR data with a minimum of user interaction. The effect
of the imaging geometry on snow mapping in
mountainous terrain was investigated by comparing
ERS-2 and Radarsat SAR Standard Beam Mode S7
images of the drainage basin Tuxbach I Zillertal in the
Austrian Alps. One of the SAR based snow maps was
compared with the snow extent from Landsat-5
Thematic Mapper data. Based on a sequence of ERS
SAR and Radarsat SAR data the temporal dynamics of
snow melt in respect to elevation was analysed for the
melting season 1998. In order to investigate the
application of SAR based snow maps for hydrology and
water management, calculations of daily runoff were
carried out in the test basin Tuxbach I Zillertal.

THE SAR WET SNOW MAPPING PROCEDURE
The procedure for mapping melting snow is based on
repeat pass images of C-band SAR and applies change
detection in order to eliminate the topographic effects of
backscattering. The basis for the classification is the low
backscattering
coefficient
(o") of wet snow in
comparison to dry snow or snow-free surfaces. At Cband dry snow is highly transparent and backscattering
from the surfaces below the snow pack dominates. On
mountain slopes with rough surfaces the differences
between cr0 of ground covered by dry snow and snowfree areas are very small [I, 3), which is the reason that
dry snow and snow free areas cannot he distinguished.
When the snow becomes wet, backscattering
is
significantly reduced [5]. Therefore wet snow can be
detected due to the temporal changes of cr0 compared to
dry snow or snow free conditions. Over agricultural
surfaces and wetlands other factors such as a change in
surface roughness
or wetness may also cause
pronounced temporal changes of o". Misclassification in
these areas can be avoided by means of land cover
maps, topographic information, or time sequence
analysis.
The main processing steps of the snow mapping
procedure can be divided into three parts (Fig. 1). In the
first part the geocoded ratio images of ascending and
descending passes are generated separately. As input a
snow (slave) image and a reference (master) image
acquired at the same imaging geometry (repeat pass) are
needed. The selection of a suitable reference image,
which represents snow free or dry snow conditions, is
important. In order to improve the representativity of the
backscattering properties and to reduce the amount of
speckle we use the mean of several SAR cr0-images
acquired under snow free or dry snow conditions.
Further steps are automatic co-registration at pixel
accuracy of the snow and reference image in full
resolution, multilooking, and speckle filtering. We
found that the Frost filter is well suited for the snow
mapping procedure, the filter size depends on the
previously applied level of multilooking. The ratio of
cr0 ws of the snow image to CT0ref of the reference image is
calculated pixel by pixel. The ratio image is geocoded
using a digital elevation model and orbit parameters [6].
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Part l

wet snow layer in the snow pack. Based on
observations and signature studies a threshold TR
dB was determined for alpine areas [I], which we
for C-band VV ERS-2 data as well as for C-Band
Radarsat SAR data.

field
= -3
used
HH

The third part of the snow mapping procedure applies
post processing steps, which are required to generate
snow maps (dry and wet snow) as input to hydrological
models. For alpine basins we identify dry snow areas at
high elevations and correct for agricultural fields in the
valleys:

Fig I: Flowchart for snow mapping procedure.

The second part of the procedure deals with the
generation of the binary wet snow map by thresholding
the geocoded ratio image. Maps of the local incidence
angle and masks of layover and radar shadow are
generated by image simulation. In mountainous terrain it
may be necessary to combine geocoded images of
crossing orbits in order to reduce the loss of information
due to layover, shadow, and inappropriate
local
incidence angles. This step is required for SAR with low
look angle, such as ERS 1/2 SAR and Radarsat Beam
Mode SI. For images at high look angle like Radarsat
SAR Beam Mode S7, layover and shadow are of less
concern and the combination of crossing passes may be
omitted. The combination rules of crossing passes are
applied pixel by pixel; firstly, all pixels covered by
layover, radar shadow, and inappropriate local incidence
angles (8i < I7° or 8i > 78°) are excluded. Secondly, if a
pixel is accepted, we select the pixel from the pass with
the higher local incidence angle. The binary mask of wet
snow is derived by applying a threshold TR on the
combined ratio image. A pixel is classified as wet snow
if the condition cr0ws I cr0ref < TR is valid. This rule also
detects snow with a refrozen crust as long as there is a

•

Agricultural areas are assumed to be snow-free
after the snow pack melted early in spring and the
snow line retreated to higher elevations.

•

In mountainous areas melting is strongly influenced
by topography. In general snow melt starts at low
elevation, while the snow at high elevations is still
dry. We assume that above the upper boundary of
the wet snow areas dry snow is present; by using
archived snow maps, areas which are snow free
almost all the year (such as mountain ridges) are
excluded.

For generating snow maps we developed a software
package in C and Fortran, which is linked with the
software system EASI I PACE of PCI Inc. It requires a
minimum of user interaction and is especially designed
for generating time series of snow maps for operational
application. So far we have used it to process ERS PRI
and Radarsat SAR Mode S7 SGF data, but could be
applied to other SAR sensors as well.

THE TEST BASIN
The drainage basin Tuxbach in the Zillertaler Alpen is
located north of the main ridge of the Eastern Alps of
Austria and covers an area of I30 km2 (Fig. 2). It
contributes to of a network of power plants for
hydropower generation in the Zillertal operated by the
Austrian electricity board. The basin extends from the
runoff station Persal at an elevation of 880 m to the peak
Olperer at 3476 m. A digital elevation model with grid
spacing of 25 m is available. It was used for geocoding
SAR and optical satellite data, and for delineating the
boundaries of the drainage basin. The area is
characterised by steep topography. About 2 % of the
basin are affected by slopes of less than 6°, while 77 %
have slopes between 16° and 40°. Based on a
classification using multi-temporal Landsat-5 TM data,
the basin was divided into hydrologically relevant land
cover classes. 72 % of the basin are covered by low
vegetation, which is made up by cultivated meadows in
the valleys and alpine meadows and dwarf shrubs at
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EFFECT OF THE SAR IMAGING GEOMETRY ON
SNOW MAPPING

Fig. 2: Landsat-5 TM image of the basin Tuxbach,
with the basin boundaries, the runoff gauge Persal
(P), the peak Olperer (0), and the meteorological
stations Schlegeis (S) and Mayrhofen (M).

higher elevations. Coniferous forests cover about 11 %,
the timber line is at about 2100 m. At high elevations
bare soil, rock, and moraines dominate covering 14 % of
the total basin, glaciers cover 3 %. The automatic
meteorological stations Schlcgcis and Mayrhofen, which
provide measurements of 2m air temperature and
precipitation, are located near the basin boundaries.

In order to select the most suitable look angle for snow
mapping we investigated the effects of various SAR
imaging beams in the basin Tuxbach. For this
investigation ERS-2 SAR PRI products and Radarsat
SAR Beam Mode S7 SGF products were available. ERS
SAR images are acquired at a nominal look angle of
19°, which corresponds to an incidence angle at a
horizontal surface of 23°. The nominal look angle and
the corresponding incidence angle of Radarsat SAR
Beam Mode S7 are 40° and 47°, respectively. The
incidence angle for ENVISAT ASAR Mode IS7 will be
similar (44°). Fig. 3 shows the ERS-2 SAR and Radarsat
SAR images of the ascending pass of the test site
Tuxbach, Fig. 4 and Fig. 5 show the geocoded ERS and
Radarsat of ascending and descending passes. The
fraction of layover, shadow, and inappropriate local
incidence angles in the basin Tuxbach are summarised
in Table I. Due to the low look angle, areas covered by
layover are important in ERS SAR images, while radar
shadow can be neglected. Outside of layover and
shadow regions about 4 % of the area are seen at very
steep (9i < 17°) or grazing (9i > 78°) local incidence
angles. The total loss of information in ERS images is
up to 39 % of the basin. By combining ascending and
descending images it can be reduced to about 6 %. ERS
SAR observes the basin Tuxbach from ascending and
descending passes within 12 hours. In other latitudes,

Fig. 3: Ground range ERS-2 SAR PRI image (left) and Radarsat SAR Mode S7 (right) SGF image of ascending pass
of the basin Tuxbach I Zillcrtal. The runoff gauge Persal (P), the peak Olperer (0), and the meteorological stations at
Schlcgcis (S) and Mayrhofcn (M) arc labelled.
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where the time difference of crossover is a few days, the
combination of images of crossing passes may be
affected by changes of snow extent. In the Radarsat SAR

Mode S7 images the combined amount of layover and
shadow is less than 2 %; less than 10 % are seen at
inappropriate local incidence angles. This means that in

Fig. 4: Geocoded ERS-2 SAR images of ascending and descending passes of the basin Tuxbach I Zillertal. The
boundaries of the basin Tuxbach are labelled; layover areas (red), radar shadow (green).

Fig. 5: Geocoded Radarsat SAR Mode S7 images of ascending and descending pass of the basin Tuxbach I
Zillertal. The boundaries of the basin Tuxbach are labelled; layover areas (red), radar shadow (green).
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Table
I: Amount of layover, radar shadow,
inappropriate local incidence angles (0;<17°, 0;>78°),
and total loss of information for ERS SAR and
Radarsat SAR Beam Mode S7 (RSAT7) of ascending
(A) and descending (D) orbits in the basin Tuxbach I
Zillertal.

Layover

Shadow

0;<17°
0;>78°

Total Loss

ERS A

27.7 %

<0.1 %

3.5 %

31.2 %

ERS D

34.9 %

<0.1 %

3.9 %

38.8 %

ERS A+D

---

---

---

5.9 %

RSAT7 A

0.1 %

0.4 %

7.0%

7.5 %

RSAT7 D

0.9 %

0.4 %

9.3 %

10.6 %

this terrain one pass of Radarsat SAR Mode S7 provides
information on snow coverage for about 90% of the
basin, which is sufficient for input into hydrological
models.

Fig. 6: Snow map in the basin Tuxbach I Zillertal
from Radarsat SAR Beam Mode S7 descending pass.
White ... snow free areas. Light grey ... change of
snow extent from 11 May 1998 to 4 June 1998, dark
grey ... snow extent on 4 June 1998, black ... area
where no information can be retrieved.

COMP ARIS ON OF SNOW MAPS FROM VARIO US
SENSORS

Since 1996 more than 20 ERS SAR scenes of the basin
Tuxbach I Zillertal were acquired in descending (frame
2655, track 394) and ascending (frame 0945, track 401)
orbit, the overpass time was on the same day at 11:01
MET and 22:22 MET, respectively [7]. Furthermore,
eight Radarsat SAR Beam Mode S7, four descending
(overpass at 06: 11 MET) and four ascending ( 18: 14
MET) images, were acquired in 1998.
Fig. 6 shows the snow extent on 11 May 1998 and 4
June 1998 based on Radarsat SAR S7 images of
descending orbit. From the available images only the
image of 4 February 1998 was suitable as a reference
image. In May the snow pack at highest elevations was
still completely dry, whereas in June the snow pack was
wet at all elevations. For calculating the total snow area
in May, we assumed that all pixels which were snow
covered on 4 June had been so also on 11 May. The
asymmetry in the snow extent between north and south
facing slopes is obvious.
Fig. 7 shows for comparison the snow classification
based on Landsat-5 Thematic Mapper data from 13 May
1998, which is based on the spectral ratio of the

Dlperer (3476 m)

Fig. 7: Snow map in the basin Tuxbach I Zillertal
from Landsat-5 TM 13 May 1998. White ... snow
free areas. Light grey . . . snow extent on 13 May
1998, black ... clouds.
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Table 2: Confusion matrix of snow versus snow free
classification from Radarsat SAR Mode S7 descending
pass, 11 May 1998, and Landsat TM, 13 May 1998.
RSATI - 11May98

LandsatTM
13May98

snow

snowfree

snow

76.4 %

23.6 %

snowfree

13.7%

86.4 %

Overallagreement:

The temporal dynamics of the snow melt in dependence
of elevation for the basin Tuxbach was monitored in the
melting period 1998 using ERS ascending and
descending passes and Radarsat SAR Mode S7
descending passes (Fig. 8). The significant retreat of the
snow extent from 11 May to 4 June agrees well with
warm air temperatures in this period.

SIMULATION OF THE DAILY RUNOFF

82.8 %

planetary albedo Rr1 in TM band 3 and 5 with a
threshold Rµ1(TM3) I Rµ1(TM5) = 4.3 to separate snow
covered and snow free surfaces [8]. The general pattern
of the Radarsat snow map from 11 May and of the
Landsat-5 TM snow map agree quite well, but the
Landsat-5 TM snow map looks less noisy. The total
snow area on 11 May derived from Radarsat data is 46.4
km2. This is close to the snow extent of 44.4 km2 on 13
May 98 from Landsat-5 TM data. Because of warm
weather a decrease of the snow extent between 11 and
13 May is to be expected. Table 2 shows the results of a
pixel by pixel comparison of the SAR based and
Landsat TM based snow map. The overall agreement of
the snow maps is about 83 %, but it has to be noted that
this comparison is affected by inaccuracies in the coregistration of the geocoded SAR and Landsat-5 TM
image of up to 4 pixels.

The daily runoff of the basin Tuxbach was calculated
using the Snowmelt Runoff Model (SRM) of Martinec
and Rango [9]. For hydrological modelling the basin
was divided into 7 elevation zones, for which daily
values of the air temperature, precipitation and fraction
of snow cover are required as input. The hydrological
parameters for model calibration were determined from
historical runoff data. Daily values of the air
temperature are measured at the automatic weather
stations at Schlegeis (1800 m) and Mayrhofen (670 m).
Based on the cumulative degree day model [l O] daily
values of snow cover fraction were calculated using air
temperature and time sequence of snow maps as input.
Fig. 9 shows the simulated and measured daily runoff of
the basin Tuxbach in the melting season 1998. The first
melt peak is overestimated by the simulation due to a
delay in the snow melt runoff until the snow pack is
saturated. As long as the runoff is dominated by snow
melt the simulation is quite good. The main differences
between measured and calculated discharge are
observed in periods with high precipitation. This points
out that the precipitation measurements at Schlegeis and
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Mayrhofen are not representative for the whole basin.
For the period 12 January to 30 June 1998 the NashSutcliff coefficient of determination is R2 = 0.75, the
volumetric difference is about -6 %.

SUMMARY AND CONCLUSIONS
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ABSTRACT
Snow covered area is an important variable in snowmelt rnnoff modelling. Methods have been developed
for mapping wet snow cover in alpine basins using
SAR. This paper discusses the applicability of this
method to a non-alpine basin, specifically the Spey in
Scotland. The methodology is briefly described and
differences between applying it to alpine and higher
latitude basins are highlighted. Field observations and
measurements collected during an ERS pass in March
1998 are used to identify a suitable threshold for detection of wet snow. The results of wet snow detection
over the whole basin are presented. These accord with
field observations. Detection is constrained by areas of
missing coverage caused by relief. The extent and elevation dependence of missing coverage are quantified.
While rapidly changing snow conditions limit the application of the method in the Spey it should prove
more viable in other non-alpine basins having greater
and more stable snow cover.
INTRODUCTION
The HYDALPproject aims to use Earth Observation
(EO) data to improve the monitoring and forecasting of
snowmelt nm off from alpine and higher latitude basins,
and to prepare a basis for the operational use of this
information. A crncial variable in snowmelt rnnoff
modelling is snow covered area (SCA). Optical EO
methods have previously been developed for mapping
SCA but their application to basins of interest is often
limited by cloud cover. Cloud cover does not affect
synthetic aperture radar (SAR) which has previously
been used for mapping wet snow cover in alpine basins
[l]. Total SCA must then be inferred from wet SCA.
An objective of HYDALPis to determine the applicability of these methods to higher latitude basins. This paper assesses the generality of the SAR wet snow mapping method by applying it to such a basin, specifically
the Spey basin in the Scottish Highlands (57° N 4° W,
area 1271 knr', and elevation range 198 to 1288 m).

The nature of snowpacks in the Scottish Highlands
The nature of snow accumulation and ablation in the
Scottish Highlands is quite different from that in the
Alps. Methods developed for the latter may not work in
the former where snow tends to be transitory, is often
thin and unevenly distributed and can change greatly in
depth and extent. In addition, the snowpack can experience many melt-thaw cycles during a winter. These
create buried crnsts and ice lenses within the snowpack
which may affect the backscatter response of dry snow.
The backscatter change due to wet snow may be reduced by boulder and vegetation protrnsions and snow
patchiness even at the start of the melt season.
The main melt period in the Scottish Highlands occurs
during March and April when low sun angles result in
low melt rates (2 to 3 cm/day) from short wave radiative forcing, although energy may be advected into the
basin by low pressure systems at any time of the year.
This energy advection allows frequent melting to occur
during the winter, such that it is highly unlikely that a
homogeneous dry snowpack will develop at any stage
during snow cover accumulation and ablation. A further characteristic of snowpacks in the Scottish Highlands is a significant likelihood that the snow cover
rests on a wet or even saturated substrate. This is due to
the wet climate, low slope angles and poorly drained
soils found in the area.
Outline
We first briefly describe the SAR wet snow mapping
method. The problems of missing coverage caused by
layover and other geometric effects due to relief are
highlighted. The results from fieldwork conducted
during an ERS pass in March 1998 are then described.
These arc used to identify a suitable threshold for detection of wet snow. The results of wet snow detection
over the whole basin are then presented. Detections are
limited by areas of missing coverage. The area affected,
its elevation dependence, and consequences are quantified.

This work was conducted as part of HYDALP(Hydrology of Alpine and High Latitude Basins) which is a CEO Shared
Cost Action Project of the European Union DGXII 4th Specific Programme for Climate and Environment (Contract
number ENV4-CT96-0364).
Proceedings of the 2"JInternational Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December1998)
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THE SAR WET SNOW MAPPING METHOD

Temporal Constraints

At C-band (5.6 cm) the radar backscatter from a
surface is usually reduced when it is covered by wet
snow. By comparison, dry snow is transparent at Cband and has little effect on the backscatter from the
underlying surface. Thus wet snow can be detected in a
C-band SAR image by comparing calibrated
backscatter values, pixel by pixel, with those in a
reference image from a period of no or dry snow cover.
This is done by ratioing the two images and then
thresholding. For wet snow detection in alpine areas a
threshold of less than or equal to -3 dB is applied to
intensity ratios derived from ERS C-band images [1,2].
A major aim of this paper is to determine whether this
threshold can be used to detect wet snow in a nonalpine basin and if not what threshold should be used
instead.

For the ORA combination to be used for wet snow
cover detection both images must be taken close together in time during a period of little change in snow
conditions, e.g. 2 to 3 days in the Alps. For ERS the
minimum lag between ascending and descending
passes is half a day. This occurs over the Alps, where
the wet snow detection method has previously been
applied. For the higher latitude basins in Scotland and
Sweden studied within HYDALP,the time lags are respectively 1.5 and 6.5 days, during which snow conditions can change substantially in the respective basins.
Hence, inferences on wet snow covered area based on
ascending/descending pass combinations can be less
valid than in the Alps.

As backscatter is dependent on the local incidence angle the imaging geometry must be exactly the same in
the wet snow and reference images. Such repeat pass
SAR image pairs are provided by the ERS series of
satellites and by Radarsat. Registration of repeat pass
images requires only translation. Prior to ratioing, images are filtered to reduce the effects of speckle.

ERS images have been regularly acquired to monitor
wet snow cover in the Spey basin during the 1998 melt
season (January to May). Fieldwork was conducted to
coincide with an ERS descending pass at 11:16 on 11
March 1998 (frame/track 2457/223). There was also an
ascending pass over the basin one and a half days later
at 22:10 on 12 March (1143/244). No coincident fieldwork was conducted for this night-time pass.

APPLICATION TO NON-ALPINE BASINS

The Effect of Relief
Planning and Execution of Fieldwork
In areas of high relief, such as those studied in HYDALP,areas of missing coverage arise in SAR images
due to layover and radar shadow. As the intensity ratio
method for wet snow detection performs poorly at local
incidence angles less than 17° and greater than 78° we
also class such areas as missing coverage [2]. The
lower bound is due to foreshortening and specular effects at low incidence angles and the upper bound is
due to poor signal to noise ratio at grazing angles.
It is possible to appreciably reduce missing coverage by
combining images of a scene taken from different
viewing directions, e.g. images from the ascending and
descending passes of a spaceborne SAR. Image combination is based on the optimal resolution approach
(ORA) and is applied between the ratioing and thresholding operations [3]. It requires prior geocoding of
both ratio images to an accuracy of one pixel and calculation of the local incidence angle at each pixel in the
two geocoded ratio images. The combined ratio image
is formed by selecting each pixel value from the ratio
image with the greater incidence angle (i.e. finer
ground range resolution) at that point, except in areas
of shadow/grazing where the non-shadow/grazing
value is always chosen, if it exist. Areas with missing
coverage in both passes are masked out and are excluded from further analysis.

Criteriafor Choice of Fieldwork Area
The site used for fieldwork had to satisfy two main criteria: 1) the need for a diverse range of slopes, elevations and aspects; 2) the need for wet and dry snow to
be present within the site to permit the signatures of
both to be characterised. Additionally, the site needed
to be reasonably accessible, easy to traverse and safe.
Prior to the fieldwork neither the extent of the snowpack nor the level of the freezing line were known.
Hence a number of potential survey routes were
planned for a suite of likely snow cover conditions on
the day of the fieldwork.
Development of the Winter Snowpack
The very mild winter of 1997/98 prevented the development of an extensive seasonal snowpack in the Spey
basin, so that two weeks before the start of the proposed
fieldwork there was almost no snow in the catchment.
However, an extensive snowfall event did occur between 2-3 March which resulted in the whole of the
Spey basin receiving some snow. A thaw over the
weekend of 6-8 March caused the removal of snow
from lower areas of the basin, but westerly winds induced drifting at higher altitudes.
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The Area used for Fieldwork

(20) concentrated between 600 and 900 m. Of the remainder, 3 sites lie above this range and 2 below.

Snow conditions dictated that the only viable survey
traverses were those radiating from the Cairn Gorm Ski
Centre. The ski area itself was avoided because
backscatter is likely to be affected by the ski lifts and
snow fences. Snow cover observations were taken along
transects covering: the Caire an t-Sneachda sub-basin;
the vicinity of Cairn Gorm summit, and the Caire
Laogh M6r sub-basin.

Aspect and slope
A limited number of slopes were covered. All sites but
one are distributed between NW and NE aspects and
slope angles of 7° and 21°. Within these bounds the
distribution of aspect and slope is fairly uniform.

Fieldwork Observations
Observations were taken over a range of elevations and
aspects along the three transects. The observations
taken included GPS-derived position, elevation, slope,
aspect, snow depth, the extent of snow, protruding
vegetation and bare ground, the depth of wet snow horizons and underlying vegetation type. A number of
qualitative observations were also made: snow surface
hardness, snow/vegetation/soil thermal state (frozen,
dry, wet), the presence of saturated soils underlying the
snow cover and the presence and characteristics of
snow surface windforms. These measurements were
used to characterise snow cover conditions within
lOOx100 m survey sites along the three traverses. The
size of the sites was considered to be representative of
post-processing SAR image resolution.

Snow extent
During fieldwork the snowline lay at around 500 m. Of
the sites visited, 75% were occupied by a continuous
snow cover (with only minor vegetation and boulder
protrusions above the snow surface), 20% were occupied by a discontinuous snow cover (with more extensive vegetation and boulder protrusions as well as significant bare ground exposures), whilst 5% were occupied by a sporadic snow cover.

The snow depth, hardness and wetness characteristics
were sampled at 5 points within each site. Sampling
involved following a checklist which only allowed the
estimates of snow, vegetation and bare ground extents
to be placed into 5 categories (1-20%, 21-40%, 4160'%
). Although this reduced the resolution of the
potential extent estimates, the procedure will have reduced user-based variance considerably. Photographs
were also taken in areas below the cloud base.
Timing of Fieldwork
Surveying was planned to coincide with the SAR descending pass at 11:16. Poor weather conditions resulted in a late start to the surveying (due to closure of
the access road) and significantly affected navigation
once the surveying had begun. As a result, observations
were collected between 10:30 and 14:45 with only 38
sites being characterised over this interval.
Fieldwork Results
Here we just summarise the results of fieldwork. A
more detailed description is given in [4]. Missing coverage affects 13 of the 38 sites on one or other pass (6
layover. l radar shadow, 10 foreshortening). These are
excluded from analysis, leaving a remainder of 25 sites.
Elevation
The sites range between 531 and 1208 m with most

Local incidence angle
In both the descending and ascending images local incidence angles at field sites are uniformly distributed
between 20° and 41°.

Temperature
Lapse rates derived from data from Cairn Gorm
summit (1245 m) and Aviemore (210 m) meteorological stations predict that the freezing line rose from 445
m to 545 m during the survey period. Based on this, no
sites were above freezing for the descending pass when
the temperature at Cairn Gorm summit was -5°C.
Early on 12 March the temperature rose sharply and a
rapid thaw set in. The temperature at Cairn Gorm
summit remained around 0° from 11:00 through to the
time of the ascending pass at 22: 10. Hence, it is likely
that the snowpack was wet at all levels for this pass.
Snow depth

Mean snow depth varied between 5 cm and over a metre. Analysis revealed only a weak correlation between
snow depth and elevation. This is indicative of the
complexity of the snowpack. The limited range of
slopes and aspects covered preclude an analysis of snow
depth against these characteristics.
The depth of melt between the descending and ascending passes was calculated based on the lapse rates between the Aviemore and Cairn Gorm summit meteorological stations, a melt factor of 6 mm per degree per
day and a snow density of 0.3 g cm'. This gave 5 cm of
melt at the lowest site reducing linearly to almost zero
at the highest. During fieldwork the snow cover was
noted to be as thin as 5 cm over parts of some sites,
hence we would expect the lower of these areas to be no
longer covered by snow for the ascending pass.
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Thermal state
Dry/frozen conditions were found at the 12 sites above
704 m, while wet conditions were found at the 4 sites
below 632m. In the intermediate zone (9 sites) an almost equal mix of wet and dry conditions was found.
These observations imply that the actual freezing line is
higher than that estimated from meteorological data.
Analysis of intensity ratios
Intensity ratio images were formed by dividing the 11
and 12 March images by corresponding repeat pass
images taken towards the end of long dry periods in the
summer (9 Aug. 1995 and 19 June 1996 respectively).
Elevation dependence
Fig. 1 (at end) plots the intensity ratios in the descending and ascending images against elevation for each
site. The error bars represent one standard deviation
(SD) of the intensity ratio. This was calculated based on
the assumption that intensities are gamma distributed
with an equivalent number of looks n determined by the
amount of smoothing. For the data analysed here a 2x2
pixel block average was first applied to reduce correlation. This changes the original 3-look data to approximately 5 equivalent looks. A 5x5 pixel Frost filter was
then applied to give a maximum of 125 equivalent
looks. The SD of a gamma distributed random variable
transformed to a dB scale is given by

a- 10

i.ir:

- In 10 \f \l''(n),

(1)

where 111(') is the digamma function. Hence, the SD of
the difference of two such random variables, i.e. the SD
of the ratio of two intensity values transformed to a dB
scale, is given by -a« For.n=l25 the SD is 0.55.
In Fig. 1, there is no simple pattern of variation of intensity ratio against elevation for either pass, particularly at mid elevations between 600 and 900 m where
the intensity ratio is highly erratic. If the intensity ratio
behaved the same as in alpine areas, we would expect
all sites above the freezing line to have values around 0
dB (i.e. all but the lowest sites in the descending image), and all sites below it to have values of -3 dB or
less (i.e. the remaining sites in the descending image
and all sites in the ascending images).
There docs appear to be a broad correlation between the
intensity ratios in the descending and ascending images, but this is not evident from any one site: at some
the intensity ratio decreases between the descending
and ascending passes while at others it increases. If we
define a significant change as being greater than 2cr

(1.1 dB) we can classify the sites into those exhibiting a
significant increase, a significant decrease and no
significant change. Above 856 m the majority of sites
exhibit a significant decrease; indicating a change from
dry to wet snow. Below 619 m the majority of sites exhibit a significant increase, possibly due to a decrease
in the area covered by wet snow due to melting. The
area between these elevations partially corresponds
with the transition zone between dry and wet snow
conditions. While all three classes occur within this
area, the majority of sites exhibit no significant change.
Histograms
Interpretation of the results becomes clearer when histograms of the intensity ratios are examined. Fig. 2
shows histograms of the intensity ratio measured at
field sites in the descending and ascending passes. The
descending pass histogram has a main peak at 0 dB and
a secondary peak at -4 dB. The ascending pass histogram has equal sized peaks at 0 dB and -3 dB.
These histograms accord with observations from both
fieldwork and studies in alpine areas. The histograms
are clearly bimodal with peaks occurring at data values
associated with no-change (0 dB) and wet snow (-3 to 4 dB). Also, going from the descending to the ascending pass there is a marked increase in the latter peak,
which we associate with wet snow, corresponding with
an expected increase in the wet snow area.
Threshold selection
The dip in both histograms at around -2 dB suggests
that this could be a suitable choice of threshold for wet
snow detection. To investigate this further, thresholds
of -3 dB up to -1 dB were applied at intervals of0.5 dB.
Detection occurs when the intensity ratio is less than or
equal to the threshold. Fig. 3 plots the thresholds at
which sites are first detected against elevation.
With a -3 dB threshold, as used in the Alps, only four
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sites are detected in the descending image (elevation
range 550 to 757 m) and five in the ascending (684 to
1208 m); one site is detected in both. At -2.5 dB just
one extra site is detected in the descending image (664
m) while this and three other sites are detected in the
ascending (664 to 1187 m). At -2 dB no extra sites are
detected in the descending image and two in the ascending (688 and 747 m). At higher thresholds similar
number of sites are detected in both images.

and ascending images. The corresponding values when
intensity ratio was plotted against local incidence angle
were 0.09 and 0. l 9. These results confirm that there is
some correlation between the reference image intensity
and the local incidence angle and little, if any, correlation between the intensity ratio and the local incidence
angle.

The fact that twice as many sites are detected at or below -2 dB in the ascending image than in the descending image and that detected sites in the ascending image span a higher and greater range of elevation (664 to
1208 m) than those in the descending image (550 to
757 m), corresponds with the greater extent and elevation range of wet snow at the time of the ascending
pass. However, if wet snow is the cause of backscatter
change, it appears, particularly from the ascending image, that not all sites within the same elevation range
are detected as wet snow even though snow is known to
lie at these sites. We investigated whether this was due
to differences in snow depth. Scatterplots (not shown)
of intensity ratio against snow depth failed to reveal
any relation between snow depth and intensity ratio.

To detect wet snow over the whole of the Spey basin the
-2 dB threshold was applied to the intensity ratio images derived from the descending and ascending
passes. Wet snow was detected over 50 and 161 km2
respectively in the descending and ascending images (5
and 15% of the imaged basin area). The greater area
detected in the ascending image accords with fieldwork
observations and meteorological data. Note: the descending and ascending passes cover slightly different
parts of the basin (968 and 1053 km2 respectively). In
both cases part of the western end of the basin is not
imaged. However, the distribution of imaged basin area
by elevation is similar for both.

The Effect of Local Incidence Angle
A possible alternative explanation is that intensity ratios contain some remnant effect of incidence angle.
Ratioing of the snow and reference images removes the
geometric effect of topography as long as registration is
precise. However, as backscatter is dependent, amongst
other things, on the local incidence angle, there should
be some correlation between the intensity of the reference and snow images and the local incidence angle.
These relations were checked for the field sites using
linear regression. The reference image intensity (d.Bs)
and the local incidence angle (degrees) generated R2
values of 0.28 and 0.54 respectively for the descending
Pass

o Descending

x Ascending

Wet Snow detection in the Spey Basin

The elevation distribution of wet snow is plotted in Fig.
4. It shows the distribution of imaged area in 100 m
elevation bands (right axis) and percentage area of wet
snow detected within each elevation band (left axis) for
both passes. The area within each elevation band steadily decreases as elevation increases. 48% of the basin
lies above 500 m but less than 2% lies above 1000 m.
For the descending pass, wet snow never covers more
than 12'% of an elevation band and is centred around
500 to 800 metres with little wet snow detected above
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or below this range. This accords with field observations of a 500 m snowline with wet snow up to 800 m.
For the ascending pass there is considerably more wet
snow at all elevations at or above the snowline and it is
also more evenly distributed across these elevations.
This accords with the freezing level being around the
highest summits and a thaw occurring at all lower elevations at the time of the pass.
A comparison of the results from both passes with land
cover information revealed that backscatter changes
detected at elevations below 400 metres are mainly due
to wind effects over open water or agricultural activity
rather than wet snow. Such areas need to be masked out
prior to estimation of wet snow covered area.

take into account. The variation in area is due to the
range position of the basin within the scene and the
spatial distribution of relief within the basin. At near
range, where the incidence angle is steeper, layover and
foreshortening increase while radar shadow and grazing decrease. The effect of the spatial distribution of
relief is apparent in the descending and ascending
scenes 257/495 and 1143/15. In both scenes the Spey
basin is imaged at mid range but the roughest topography is in the south east of the Spey. Hence, as the ERS
SAR views to the right, more missing coverage occurs
in the descending scene than in the ascending scene.

THE EFFECT OF MISSING COVERAGE

The scenes of Tjaktjajaure exhibit approximately the
same proportion of missing coverage as those of the
Spey, even though the elevation range is 50% greater.
This indicates that missing coverage is dependent more
on the spatial distribution of relief than elevation range.

We have already noted that geometric effects such as
layover
and
foreshortening
generate
significant
amounts of missing cover in ERS SAR images of areas
of high relief. While this can be reduced by combining
descending and ascending images the rapid changes in
snow conditions occurring in the Spey negate the validity and utility of any such combination. Hence, any
interpretation of SAR wet snow maps of such basins
must take the area affected by missing coverage into
account. We quantify this below. Results are also given
for the Tjaktjajaure basin in northern Sweden (67° N
17° E, area 2249 krrr', elevation range 450 to 2058 m)

Whenever descending and ascending scenes of the Spey
basin are combined the missing coverage can be reduced to only 5.77 km2 (scenes 1143/15 and 2457/495)
and 4.26 km2 (scenes 1143/244 and 2457/223), i.e. less
than 0.5% of the basin. However, as already noted,
such a combination is only useful when snow conditions remain stable over the one and a half days between acquisition of the two images. While this may
occur during a cold period of no snow melt, it is by
definition, less likely to occur during melt periods
which are of interest for hydrological modelling as is
illustrated by the scenes analysed in previous sections.

which is also being studied within the HYDALPproject.
The missing coverage in a number of ERS scenes covering the two basins was determined using SAR image
simulations and local incidence angle maps derived
from DEMs with a planimetric resolution of 50 m.
These were used to generate layover, radar shadow,
foreshortening and grazing masks. Table l (at end) lists
the total area of missing coverage due to geometric effects, and the breakdown into areas affected by layover,
radar shadow, foreshortening and grazing.
Within each scene the predominant source of missing
coverage is foreshortening (between 67% and 85% of
the total area of missing coverage) though layover is
also significant (between 33% and 50%); note there is
some overlap in the area affected by these two effects.
Compared to layover and foreshortening the areas affected by radar shadow and grazing angles are insignificant (less than 0.12%). This is as we would expect
given the steep look angle of the ERS SAR.
The total amount of missing coverage varies between
11.4% and 21.4% of imaged basin area. These are appreciable areas which any image classification must

Elevation Dependence of Missing Coverage
As snow cover is elevation dependent, the elevation
dependence of missing coverage must also be considered. Fig. 5 plots the area of the Spey basin within 100
m elevation bands, and the percentage area of layover,
foreshortening and total combined missing coverage
per elevation band for one of the ERS scenes.
While missing coverage affects 17.5% of the basin as a
whole there is a marked variation with elevation. Below
400 m, missing coverage affects at most 12% but at
certain mid to high elevations it affects more than 20%
and reaches a maximum of 25% between 1000 and
1100 m. The cause of missing coverage also varies with
elevation. Missing coverage is mainly due to foreshortening at mid elevations and layover at high elevations.
The reason for this difference is due to the rounded
topography, with the steepest slopes occurring at mid
elevations and a plateau at higher elevations. In terms
of total area, missing coverage most affects mid elevations with foreshortening being the primary cause. This
is a consequence of the decrease in the total area within
elevation bands as elevation increases.
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Table 2: Percentage of the Spey and Tjaktjajaure basins
affected by missing cover when imaged with a near
range incidence angle of 40°.
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Fig. 5: Area of the Spey basin within 100 m elevation
bands, and percentage area of layover, foreshortening
and total combined missing coverage per elevation
band occurring in ERS scene 2457/495.
Similar patterns of elevation dependence of missing
coverage were observed to differing degrees in the other
scenes. In certain cases the area of missing coverage
was as great as 50% at particular elevations.
The Effect of Incidence Angle on Missing Coverage
An alternative solution to the problem of missing coverage is to image the scene at a less steep incidence
angle. The near range incidence angle in an ERS scene
is about 19°. With Radarsat (and ENVISAT) it is possible to increase this to 40°. Table 2 shows how such an
incidence angle would affect missing cover in two of
the scenes listed in Table l. Layover and foreshortening
are now reduced to less than l % of the basin area. Radar shadow and grazing increase but the total area of
missing cover is no more than a few percent.
CONCLUSION
An intensity ratio method developed for detecting wet
snow in repeat pass SAR images of alpine areas has
been tested on ERS images of a non-alpine basin, the
Spey (Scotland). Intensity ratios derived from an ERS
descending pass exhibit erratic behaviour when compared with coincident field observations including snow
depth, wetness and elevation. For the intensity images
of the Spey, a threshold of -2 dB was identified as considerably more suitable than the -3 dB previously used
in alpine areas. for distinguishing areas of wet snow
cover from areas of no or dry snow. The -2 dB threshold was applied to intensity ratio images of the whole

basin. It detected a band of wet snow at mid elevations
in the descending image and a much larger area of wet
snow at mid to high elevations in an ascending image
taken one and a half days later. Both results accord
with field and meteorological observations.
These results demonstrate that given limited field
measurements of snow elevation, depth, extent and
wetness it is possible to identify a threshold for wet
snow detection in a non-alpine basin. However, we
have only considered one non-alpine basin during a
year of poor snow cover. The snow and weather conditions occurring at the time of image acquisition and the
range of slopes covered by field sites limit general applicability of the results. In particular, we do not know
how site and time dependent the detection threshold is.
It is not possible to answer this important question
without independent methods of verifying wet snow
cover. An alternative to further field campaigns is to
compare the wet SCA detected in SAR imagery with
the SCA detected in coincident cloud free optical imagery, where available. Work on this is ongoing. Similar analysis is planned for the Tjaktjajaure basin where
the snow covered area is greater than in Scotland and
less transient. Hopefully, the method should prove more
viable for providing wet snow covered area measurements for input to runoff models. However, no field
measurements are available for this basin.
The area of missing coverage due to geometric effects
was also analysed. Significant amounts of missing coverage were shown to occur in ERS images of the Spey
and Tjaktjajaure basins (between 11 and 22'X, of imaged basin area). The predominant cause was foreshortening though layover was also significant. The
amount of missing coverage is dependent on the range
distribution of relief within the imaged scene, and affects mid to high elevations, where snow is most likely
to occur, more than low elevations. This is potentially a
serious problem. While missing coverage can be reduced by combining descending and ascending passes,
in non-alpine areas the time lag between passes often
invalidates any wet snow cover inferences based on
such a combination. As illustrated by the change in
snow conditions between passes over the Spey basin.
It may be possible to reduce the effect of missing cover-
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age on wet snow mapping by extrapolating results from
areas unaffected by missing coverage to areas of missing coverage with similar elevation and aspect. This is
an area of future work. A major problem could be that
most areas of a given elevation and aspect are affected
by missing coverage. An analysis of the aspect dependence as well as the elevation dependence of missing
coverage is needed to determine if this is the case.

Research Institute for help with fieldwork,T Nagler at
the University of Innsbruck for providing SAR wet
snow mapping software, and to ESA for supply of ERS
SAR data.

For future studies a better solution to the problem of
missing coverage may be to use data from a SAR with a
less steep incidence angle, though the performance of
the intensity ratio method for wet snow detection at
such incidence angles is unknown. The choice of incidence angles and swaths provided by the SARs onboard
Radarsat and ENVISAT provide a means of both reducing missing coverage and increasing temporal coverage. It is likely that these systems are much more suited
than ERS for monitoring wet snow cover in the higher
latitude basins studied here.
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ABTRACT
The use of satellite data (ERS SAR and NOAA
AVHRR) and supporting ground measurements
(temperature, precipitation and snow depth) for a
synergetic snow monitoring method was investigated.
An expert system was designed to give an estimate for
the number of wet snow, dry snow and bare ground
pixels in the Northern Finland river Kemi drainage area.
The pixel size used in the investigation was 1 km x 1
km. Results were compared to water level measurements
at gauging stations within the drainage area. Operational
use of such a system is, however, dependent on the
quality and frequency of the input data available.
Especially the use of satellite data (frequency and
coverage) is limited with current instruments.

are located within this area. Due to the hydrological
objectives, data analysis was mainly conducted for the
drainage areas. The area is located in the southern part
of Lapland, and is still dominated by a forest cover
(mostly pine), although wide open bogs are also
common in the area. In the northern and eastern parts of
the study area, terrain elevation reaches fjeld heights of
500 to 800 meters. These areas are generally without a
forest cover, although some stunted birch may be found.
The study area is also characterized by two large
artificial lakes, Lokka and Porttipahta, needed as
hydropower reservoirs. There are virtually no urban
areas within the study area.
1:5000000

INTRODUCTION
The aim of the study was to develop a method for
monitoring the evolution of snow-covered and snow-free
areas during the snow melt season in Northern Finland
(from April to early June). The drainage area of river
Kemi is the focus of this study. The hydropower
industry in Northern Finland is concentrated along this
river, and the economic value of reliable snow
monitoring data during the annual spring melt period
would be substantial. The method is intended for
operational use by the hydropower industry, tourism and
other officials or businesses interested in near real time
snow information.
DATA AND STUDY AREA
Study area
The selected study area is shown in Fig. 1. The size of
the general test site is 230 km x 230 km. Three subareas
of the river Kemi drainage area (a total of 27 000 km')

SYKE.Gril SM

<I1.10.111

Fig. 1: Three subareas of the river Kemi drainage area in
Northern Finland used as a test site for the project.

Proceedings of the 2"'1International Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Datafor Land
Applications, 21-23 October 1998, ESTEC. Noordwijk, The Netherlands (ESA SP-441, December 1998)
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Satellite data (ERS-2 SAR)
The data employed include ERS SAR imagery for the
full study period from 1 April to 15 June, 1997 and
1998. For operational use, the delivery time for
individual scenes is crucial. However, monitoring of
snow melt from SAR images requires the use of
Precision
Images (PRI), due to their absolute
calibration. In general, users that require images with a
delay of 1-2 days (e.g. national ice services) have
employed Fast Delivery Images (FDI). As a first test-run
of the developed method for operational use was
attempted in the spring of 1998, the balance of data
quality and a short delivery delay proved difficult to
achieve. The scenes for the 1998 campaign were
initially selected by employing the ESA Descw program.
Of the selected 37 scenes, 8 were rejected due to
changes in ESA acquisition planning. After including a
few additional scenes to cover this initial rejection, a
total of 33 scenes were ordered. However, of these 33
scenes only 22 were finally delivered, with longer than
expected delays ranging from 1 to 3 weeks. The
following reasons contributed to the loss of 11 of the
planned scenes:
•
•

data corrupt at receiving station (2 scenes)
SAR off (9 scenes)

Similar problems were encountered while acquinng
scenes during the research phase in 1997, when three of
the ordered 21 images could not be delivered. Delivery
delays were not important at that time, though.

the minimum air temperature. The results show that the
snow cover is rather stabile throughout the April month,
showing snow thickness values slightly less than 100
cm. From 1stMay (Julian day 122) until the end of May
(Julian day 152) the snow cover rapidly disappears,
while the minimum diurnal air temperatures oscillate
around 0°C. The daily variations in the minimum
temperatures are, however, smaller in May than in April
or June.
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Satellite data (NOAA AVHRR)

92
The other satellite-borne data were the NOAA AVHRR
imagery, where every image not covered by clouds was
used. The definite strong point of AVHRR images is the
daily nature of the data, covering all of Northern
Europe, and rapid processing of the images (delays of
hours rather than days). Only NOAA-14 images were
used, due to problems with calibration of the NOAA-12
AVHRR data. In 1997, two clear-sky images were
obtained in April, two in May and two in June. The
cloud conditions were similar in 1998, when eight
images were obtained in April, and two in May. June
images were not needed in 1998.
Ground measurement data (weather and snow cover)
The developed snow retrieval method also incorporates
near real time ground measurements from 12 weather
stations, with point measurement data on temperature,
snow depth and rain rate. In Fig. 2 (a) we show the
behavior of the average snow thickness within the 230
km x 230 km test site and in Fig. 2 (b) the behavior of

122
152
Julian day (1 = 1 January 1997)

Fig. 2: Behavior of the average snow thickness (above)
and minimum air temperature (below) within the 230 km
x 230 km test site. Data are shown starting from Julian
day 92 (= 1 April 1997).
As there are 12 weather stations within the 230 km x
230 km test site, some measures have to be taken in
order to relate each of the 1 km x 1 km pixels to a
weather parameter. As the weather data in this study
were merely used as a supporting data source, a simple
approach was chosen. The study area is divided into 12
segments, each representing one of the weather stations.
Therefore, all individual 1 km x 1 km pixels get the
parameter (e.g. air temperature) value of the closest
weather station. In Fig. 3 we show the evolution of snow
cover (snow thickness) as suggested by weather station
data.

529

Measured

snow thickness

(cm),

20 April 1997
150

feasible for a supporting role in the snow melt detection
process. For example, the data clearly shows how snow
melt is proceeding more rapidly in the southern part of
the study area.

100

METHOD DEVELOPMENT
ERS-2 SAR data analysis
50

Monitoring of snow melt using SAR images is based on
changes that occur in backscatter during the melting
period. Previous studies have shown that wet snow can
be distinguished from dry snow or bare ground, making
the monitoring possible [l], [2].

0
Measured snow thickness (cm), 1 May t997
150
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0
Measured snow thickness (cm), 12 May 1997
150
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0

Fig. 3: Evolution of snow thickness during spring in the
study area. Each of the 1 km pixels in the 230 km x 230
km study area represent the closest of the 12 weather
stations. The weather data are from (a) 20 April, (b) 1
May and (c) 12 May, 1997.
Although it is evident that the information provided is
not spatially accurate, the general trend is logical and

Vegetation cover affects snow accumulation and snow
melt. Maximum snow accumulation normally occurs in
forest openings, forest edges or thin forests, and
minimum accumulation in dense, spruce-dominated
forests. The rate of snow melt is generally lower in the
forest than in the open [3].
In addition to snow accumulation and snow melt itself,
vegetation cover affects the backscattering signatures in
SAR images. In open areas, the radar signal is reflected
from the snow cover and/or bare ground but in forested
areas, the forest canopy also contributes to the
backscattering. The contribution of the forest canopy is
dependent on the forest stem volume [2].
Effect of land cover on the change occurring in
backscattering values during the melting period was
analyzed by using a land-cover map. This land-cover
map is a generalization of the Land Cover and Forest
Classification of Finland, produced by the National
Land Survey of Finland. The pixel size of the map is
200 m x 200 m and the number of categories is 13. The
mean backscattering coefficient was calculated for
different categories, see Table 1. Only those generalized
1000 m x 1000 m SAR pixels that wholly belong to one
of these categories in the 200 m x 200 m pixel map data
were included in the analysis. The mean backscattering
values for different dates are shown in Fig. 4. The mean
values together with standard deviations for categories
"Open area and sparse forest" and "Forest", are
presented in Fig. 5.
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Table 1: Land-cover categories used in the SAR image
analysis.
Category in landcover map

Category in SAR
lmaze analysis

•
•

•
•
•

Lake
• Lake
Open area and spars • Field
forest
• Openbog
• Sparselyforestedarea
• Different types of forestec
swamp
Forest
• Differenttvoesof forest
Openarea
• Field
• Openbog
Forestandsparseforest • Sparselyforestedarea
• Different types of forester
swamp
• Differenttvpesof forest
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Like vegetation cover, topographic factors such as
elevation and slope affect the snow cover. Studies
conducted in Lapland have shown that differences in
elevation of at least 100 m have a considerable effect on
the snow water equivalent. On hilltops of open fjelds,
the snow water equivalent was about 60% of the
regional average. On the upper slopes, it was over twice
as large as on the hilltop and about 30% higher than the
regional average. The seasonal snow cover appears
earlier on fjelds than at lower elevations. The altitude
also affects snow melt during the melting season [3].

To be able to utilize the reflectance changes when
interpreting the state of the snow cover from NOAA
images, information on the distribution of values in
various cases is needed. A simple parameter (Diz)
linking the observed changes in the first two channels of
the NOAA instrument (visible and near infrared) was
defined as:
(1)

where Rsurf.I and R,urt.2 are the surface reflectance values
of channels 1 and 2 for any individual pixel of 1 km x 1
km. Histograms of D12 values in different snow
conditions were constructed separately for various landcover categories. Land-cover classification derived from
the NOAA AVHRR images themselves was used. Pixels
that were cloudless in several images from different
snow conditions in 1997 and 1998 were used in deriving
the histograms. These pixels do not form a spatially
connected area but they contain enough samples of each
category to make the analysis. Histograms obtained for
land-cover categories forest and open area are shown in
Fig. 6 and Fig. 7. The histograms in the (c)-figures
contain pixels from all categories except lakes.
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The histograms of the D12 results for 1997 show that the
main snow retrieval categories of interest are clearly
distinguishable, i.e. open areas and forests. When all
categories are included, the results are similar, although
wet snow pixels show a clearly wider distribution on the
D12 axis, when compared to the dry snow or snow-free
distributions. No snow-free (wet ground) images from
late May were available in 1998. When images from two
measurement days with a full wet snow cover were
compared, two distinct distributions were observed.
However, the median of these two distributions is close
to that of wet snow measurements in 1997. A clear
difference is observable in the dry snow distributions
between 1997 and 1998, though. For example, the
median values of dry snow measurements in open areas
are roughly -4 and -11 in 1997 and 1998, respectively.
This behavior is most likely due to differences in snow
structure and/or appearance between the two
measurement periods. Although dry snow has been
measured in both cases, there might be substantial
differences in their radiometric or reflectance properties,
due to e.g. melt-freeze cycles. In spite of these effects,
the results in Fig. 6 and Fig. 7 show that NOAA
AVHRR measurements can, with certain constraints, be
effectively employed in a synergetic snow monitoring
retrieval method.

•
•

•

Snow map showing the areas of dry snow, wet snow
and snow-free areas
Reliability map, showing the expected information
value, based on the quality of the data used for
obtaining a result for an individual pixel. This may
vary depending on availability of SAR data, ground
measurements etc.
Melting intensity map, showing areas of intense
snow melt, as a distinction to areas that have just
barely entered the melting status (transition areas).

Ground
measurements
(from
meteorological
stations)

NOAA
AVHRR
imagery

SAR
imagery

Rules of determination
(treatment by
fuzzy logic)

Developed synergetic snow monitoring method
The basic structure of the snow retrieval method is
shown in Fig. 8. The method has two main stages, as a
pixel is first defined snow covered or snow free. If snow
is detected, the second stage determines whether the
snow is dry or wet.
The following individual and independent data sources
are employed in the resulting synergetic snow retrieval
system
• use of weather data (diurnal average air temperature,
rain rate, snow thickness). These are incorporated by
employing fuzzy logic to account for changes around
the melt-freeze transition area. Therefore, no
absolute threshold values are used for determination
of the pixel status.
• SAR retrieval results, based on observing difference
between reference and study images.
• primary NOAA AVHRR results, based on the
difference between optical and near-infrared
channels (D12).
• secondary NOAA AVHRR results, based on thermal
channel (channel #4) results.
The system provides the user with three resulting snow
maps:

Snow
pixel

Snow-free
pixel

~~
~~

Fig. 8: Basic structure of the snow retrieval method.

RESULTS
In Fig. 9 we show example snow maps produced by the
retrieval system. Only the drainage area shown in Fig. 1
is included in the results, and three main categories are
included (dry snow, wet snow and bare ground). The
first result is for 29 April 1997. The snow melting
process has started a few days earlier, and areas of
melting snow are already evident, mainly in the southern
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parts of the drainage area. The reason for the regular
looking borders between some of the dry and wet snow
areas are due to the nature of the input data sets.
Especially the weather data is segmented, as shown in
Fig. 3. In the 17 May image, the wet snow areas have
taken over most of the drainage areas. The bare-ground
areas start appearing from south in the 24 May image .

The results were compared to water level measurements
within the drainage area. The water level (rating) curve
shows the relation between stage and discharge at a
gauging station. Results are shown for sub-area #65.9 in
Fig. 10 and for sub-area #65.4 Fig. 1l(see Fig. 1 for
code legend).

. 29 April 1997

(a) Number of wet snow and snow-free pixels
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Fig. 9: Example snow maps derived by the synergetic
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•-Melting intensity
I
j-water
level (river Kammonen)
Fig. 10: Comparison of snow retrieval results to
recorded water level measurements from the river Kerni
drainage area. The gauging station is located in river
Karnmonen, subarea 65.9 of the main drainage area.
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(a) Number of wet snow and snow-free pixels

of wet snow pixels, which increase rapidly some time
before the water level starts rising. By the time of the
second water level maximum, the number of snow-free
pixels also reach a maximum, i.e. all of the drainage
area is then classified as snow-free.

DISCUSSION

1.4.1997

1.5.1997 31.5.1997
Date

---Number
of snow-free pixels
- · · • • ·Number of wet snow pixels
Water level (Savukoski)
(b) Melting intensity

1.4.1997

1.5.1997 31.5.1997

The method introduced employs a wide variety of
different data sources, a task which is always difficult to
manage. One main concern in such an attempt is to keep
the system balanced, i.e. none of the data sources should
get a too important position in the decision making
process. This is also a matter of feasibility, as a system
which relies too heavily on certain conditions, is
vulnerable to unexpected data loss or delay. The logic
used by the developed system has therefore been
designed to be able to function with several input data
combinations. In the study periods of 1997 and 1998,
the ground measurements proved to be the most reliable
source of input data. Virtually no delays or data loss
occurred during the 10 week study periods. However,
satellite data were more unpredictable, as NOAA
imagery was (as expected) hampered by clouds and the
use of ERS SAR imagery suffered from unforeseeable
changes in ESA acquisition plans as well as problems
with corrupted data. It is clear, however, that a
successful use of the developed snow retrieval method
on an operational basis requires a relatively frequent and
regular source of satellite data. As optical range imagery
is always dependent on cloud conditions, more
expectations are laid on frequent and reliable SAR
imagery. The Envisat ASAR, among other future SARs,
is therefore crucial for operational snow monitoring
purposes.

Date
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ABSTRACT
Generation of digital elevation models (DEM) is a main
issue of satellite remote sensing and is needed for many
applications of satellite imagery. Traditionally the DEM
is derived stereoscopically from an optical sensor image
pair. With the ERS mission, SAR data became available
regularly, which paved the way for a relatively new
technique for DEM generation, the SAR interferometry
(InSAR). Today, both, satellite stereoscopy and
interferometry, exist in parallel and are applied
independent from each other, although several synergies
to overcome the limitations of each technique can be
identified.
In this paper, a procedure is introduced, with which
stereo and interferometric generated DEMs are fused by
taking advantage of their synergies in the spatial
frequency domain. The error behavior of stereo-optical
and InSAR DEMs is different and can easily be
accessed in the spatial frequency domain. It will be
shown, that the frequency properties of the different
sources complement each other and can therefore be
used to derive a fused DEM of higher quality in terms of
accuracy and interpretability compared to that of a
single source. The procedure is tested by fusing four
optical and InSAR DEM test pairs and proves its
capability to generate improved DEMs.

publications, such as [1] and [2].
Different approaches for fusing DEMs have been
proposed. Tannous [3] proposed a fusion of any
available 3D information by a Bayesian framework,
Ferretti [4] a multibaseline, multiresolution approach,
using wavelets.
Radar and Optical DEM Generation principles
In both procedures, a key step to obtain the elevation
information can be identified. For interferometry, this is
the phase unwrapping, for stereoscopy, the matching
process.
Since the phase differences of an interferometric image
pair are only known modulo 27t, the correct multiple of
2rt has to be added to each phase value of the
interferogram, in order to obtain the real travel path
difference. This process is denoted phase unwrapping.
Multiple solution approaches exist for the unwrapping
problem, but no one offers a real operational solution.
The two most applied techniques for phase unwrapping
are the residue cut method [5] and the least squares [6]
phase unwrapping. While the residue cut method
performs well in areas of high coherence, it fails or is
extremely time consuming in decorrelated areas. The
least squares method is more robust even in areas of low
coherence, but generally tends to produce a too low
terrain.

INTRODUCTION
Reliable elevation information is inevitable for
applications like geocoded image production and is
substantial for environmental and land system
monitoring and management (e.g. within geographic
information systems). The two major techniques for
DEM generation from satellite imagery are stereoscopy,
for the optical images, and interferometry, for SAR
images. While optical satellite earth observation data is
available for a long time, the ERS mission was the first,
which provided SAR data regularly and enabled the
operational application of SAR interferometry for DEM
generation.
Both techniques for retrieving the elevation information
are completely different and are described in a variety of

The most critical step in stereoscopy is the matching of
the conjugate points in overlapping images to derive the
object point coordinates. Best matching results are
obtained with least squares based techniques, which
identify conjugate points by identifying similar image
patches, e.g. through the minimisation of their
radiometric differences. Through the introduction of
geometric constraints, the success rate can be increased
[7], leading to an accuracy in the order of 8-15m for
SPOT full frame scenes. Although stereoscopy is
operational for optical images, height information of
cloud occluded or low textured areas must be retrieved
from different sources.
To overcome the system inherent limitations of each
technique, which can not be mastered by a single source,

Proceedings of the 2"d International Workshop 011Retrieval of Bio- & Geo-physical Parameters from SAR Data/or La11d
Applications, 21-23 October 1998, ESTEC, Noordwijk, The Netherlands (ESA SP-441, December 1998)
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the question arises, how optical and InSAR DEMs can
be fused by taking advantage of the synergy between the
sources. Therefore the properties in respect of the
reasons of failure have to be examined.
INSAR AND STEREO DEM ERROR PROPERTIES
The output of the InSAR DEM generation procedure is
a detailed and easy to interpret elevation model (Fig. 1).
Problems occur, where the terrain leads to effects like
layover or shadowing, causing corrupted or no return
signals. Depending on the unwrapping method, no or
only estimates (based on a smooth solution, see below)
of the terrain height are mapped in the resulting DEM.
Beside the terrain-induced problems, the repeat pass
image acquisition contributes to the error. Typically, the
ERS satellites have a 35-day repeat cycle, during which
changes in the backscatter geometry of the ground
resolution elements may occur and cause a decorrelation
of the signals. The tandem configuration of ERS-1 and
ERS-2 mitigated this problem temporarily, as tandem
image pairs are taken in a single day interval and thus
are much less affected by decorrelation. However, with
the end of the ERS-1 mission, the availability of new
tandem image pairs ends and the problem is faced again.
Another problem for repeat pass interferometry are
atmospheric effects mainly due to the variations of
atmospheric
water
vapour
between
the image
acquisitions.
These atmospheric
effects are not
predictable like terrain induced distortions or temporal
decorrelation and affect the phase, causing phase shifts
or artefacts [8][9].
The stated reasons for InSAR failure have in common
that they affect the phases of a whole region resulting in
an increased regional error in the DEM. Depending on
the unwrapping process, these regions are masked out or
given a low weight for the unwrapped phase calculation.
The least squares method is preferred in case of non
tandem image pairs, as it gives a terrain estimate even in
problematic terrain and does not produce large blunders
in the DEM. The least squares method implicitly carries
out a smoothing, as it performs, after the determination
of the vector gradient of the phase field, the integration
under the constraint of a smooth solution. Also, the
resampling from the slant range in a rectangular grid
reinforces the smoothing effect. Together with the
mentioned atmospheric effects, which seem to affect
much more the lower error frequencies [4], the
smoothing increases the mean InSAR DEM error, as the
phase values of in part large corrupted regions
contribute to the height determination.
An often underestimated problem in this context is the
availability of correct ground control points (GCP),
which are needed to compute the heights from the
unwrapped phases and to reduce baseline errors. The
correct determination of GCP in SAR images is prone to

errors even with an experienced operator. Incorrect GCP
measurements cause shifts in the resulting DEM and
therefore contribute to the mean DEM error.
Layover, temporal decorrelation or atmospheric effects
may affect large areas in which the interferometric
height determination fails. The remarkable amount of
blunders in those areas diminishes the usability of
InSAR DEMs and results in an increased mean and root
mean square error (RMSE).
In contrast to the InSAR case, the stereo optical
elevation model appears much more rugged and is much
less interpretable, as the detailed course of the terrain is
hidden behind induced spikes (Fig. 2). These spikes
originate from the mismatching of conjugate points in
the image pair. The resulting parallax causes a wrong
height assumption of the concerning point and makes it
appear "flying" above or beneath the terrain and results
in part in extreme blunders. Mismatching may have
different reasons like low texture, multitemporal or
radiometric differences. Errors occur therefore locally,
typically as jumps between two adjacent pixels,
respectively height values. Errors from the terrain
features like in the SAR case layover or shadowing do
not exist to that extend. The main problems occur due to
cloud occlusions or large low textured areas. These
areas increase the RMSE significantly. The mismatched
point heights seem to balance each other in sign, as all
encountered optical DEMs showed a very low mean.
The mean was in all cases lower than the mean of
In SAR.
Need for improvement of stereo optical DEM lies in the
blunder reduction, including the removal of spikes, and
the increase of the interpretability of the DEM.

Fig. 1: InSAR DEM, with smooth and detailed terrain
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FUSION PROCEDURE
The procedure is based on two assumptions on the
behaviour of the DEMs in the spatial frequency domain:
1. The higher frequencies of the stereo DEM are much
more error corrupted than the lower ones.
2. InSAR errors contribute mainly to the mean and
lower part of the DEM spectrum
By substituting the error-corrupted part of the DEM with
the corresponding part of the other, the result will have
an improved error characteristic compared to the single
source.
Fig. 2: Stereo-optical DEM (same terrain like in Fig. 1)

INSAR AND STEREO DEM SYNERGY
Data synergy between optical and InSAR DEMs is
straightforward with regard to the reasons of failure.
Stereo-optical DEM generation fails, as stated above, in
presence of clouds or low texture, while these effects do
not affect InSAR. On the other hand, InSAR fails under
conditions like terrain steepness or surface roughness,
both handled well in stereoscopy. The easiest way for
generating a common DEM would therefore be an
identification and exchange of the problematic areas.
This procedure takes advantage of the different sources
in some regions but does not use the data synergy as a
hole, not to mention the manual work amount for that
procedure. The output is a combined rather than a fused
DEM.
Regarding the error behaviour of the DEMs, another
synergism becomes visible. While the stereo DEMs are
mostly locally error affected, with in part extreme
erroneous terrain variations laid over the correct terrain
shape, InSAR DEMs show a detailed and qualitatively
correct course of the terrain, but lack of the accuracy
achieved by their optical counterparts. These DEM
properties can easily interpreted and accessed in the
spatial frequency domain: the coarse terrain course is
reflected by the lower frequencies while the terrain
details and variations are reflected by the higher
frequencies of the DEM spectrum. As shown in the
DEM property section, the error influences mainly the
mean and lower frequency parts of the InSAR DEM
spectrum, due to smoothing or atmospheric effects. In
contrast the stereo DEM errors, due to the abrupt terrain
transitions of mismatched points, are reflected in the
high frequencies.
The following procedure takes
advantage of this synergy and fuses the DEMs
automatically in the frequency domain.

The procedure is then designed as follows:
In order to obtain a reliable approximation of the coarse
terrain course, the stereo DEM is filtered with an ideal
low pass filter in the frequency domain.
(1)

with
k,l: variables of the frequency domain
F1p(k,l):coarse terrain
Fopt(k,l):stereo optical DEM
Hiip(k,l):ideal low pass filter with
-{ 1 for (k2+12)112 < ro0
Hi1p(k,l).
0 otherwise
roo: bandwidth
The slow changing terrain features are maintained, the
corruptive spikes are removed. The result is a smoothed
terrain, giving a first approximation of the course, which
will completed by the InSAR DEM features.
Note, that the highly accurate mean height of the stereo
DEM, Fopt(0,0), is in this way given to the resulting
DEM.
Applying high pass filtering to the InSAR DEM

(2)
with
Fhp(k,l):terrain details
FsAR(k,l):lnSAR DEM
Hihp(k,l):ideal high pass filter with
_ {I for (k2+12)1/2> ro0
Hihp(k,1)0 otherwise
the terrain details are left over. The corrupted low
frequencies are filtered out and will be replaced in a
final step with the low frequency part of the stereo
DEM. By adding
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Fres(k,l)

= F1p(k,l)+ Fhp(k,l)

(3)

the principle course of the terrain is recombined with the
terrain features.
The resulting fused DEM profits from the stereo and
InSAR DEM in terms of accuracy and interpretability.
In contrast to the original stereo DEM, the terrain is
easier to identify, as all disturbing spikes are removed
and the course of the InSAR DEM is used. In addition,
the accuracy of heights of the fused DEM is higher than
that of a single source. The problem of large blunders is
also solved by the procedure, as they have different
origin in the DEMs, effect different frequencies and are
removed by reliable data from an independent source.
The whole procedure can be automated and depends
only on one single parameter, the bandwidth ffio, which
decides, to which extend the individual DEMs
contribute to the fusion process. In all examined cases,
the parameter varied only little and was less dependent
on the DEM accuracy as expected. This enables the
possibility of a "blind" fusion, i.e. without a priori
knowledge of the DEM accuracy.
The test results show the operationality of the proposed
procedure and prove the basic assumptions to be valid.
TEST DATA
The test site is a region Northwest of Tarragona/Spain.
The stereo optical DEM has been derived from a SPOT
image pair using the Leica Helava DPW 770 digital
photogramrnetric workstation, the InSAR DEM has been
generated from an ERS-1 image pair using the PCI
interferometry software package. The phase unwrapping
has been performed by the weighted least squares
method.
Four DEM patches of approximately 50km2 each were
fused with the presented procedure, the results have
been compared with a reference DEM, derived from a
1:5000 topographic map. All DEMs are given in the
UTM cartographic projection with a 30m gridsize.
RESULTS
For the testing of the procedure, the InSAR and stereo
DEMs were selected according to their RMS error
properties. Two pairs, a2 and a4, show a very different
RMS error, with the InSAR RMS error more than two
times higher than that of the stereo DEM (Table 1). The
RMSEs of the other pairs are quite similar. The RMS of
the SPOT DEM of a3 is artificially increased by shot
noise (i.e. 11% of the heights were randomly given the
mean value of the elevation of the scene) in order to
create additional blunders and simulate matching
problems. The noise affected mainly the RMS error,
which was afterwards almost equal to the InSAR RMS

error, but increased only slightly the mean.
The SPOT and ERS DEMs have been compared with
ground truth by bilinear interpolation of each height
value in the reference DEM. The mean of the stereo
DEMs is, as expected, around zero, the RMS error
below lOm (exception a3 see above). As a result of
temporal decorrelation and lack of reliable GCP, the
InSAR DEM was in all cases less accurate in mean and
RMSE than the SPOT counterpart. The mean of the
InSAR DEMs is several times higher as the mean of the
SPOT DEM.
The results of the fusion procedure are listed in Table 1,
where also the errors before fusion and the cutoff
frequencies, with which we achieved the best results, are
given.
The low mean of the SPOT DEMs is directly transferred
to the fused DEM due to the low pass filter transfer
function. The fusion of the DEMs generated in all cases
remarkable improvements in RMS error, even if the
original DEM error degree differed very much. This
proves the assumption that the error sources vary in both
cases and thus the DEMs can be used complementarily,
as the errors affect different parts of the spectrum. The
DEM pair a3 delivered the best fusion results, affirming
that the disturbing spikes of the artificially noise
corrupted DEM have been removed successfully by the
procedure.
The fusion technique allows also the fusion of DEMs of
different accuracy like in case a2 and a4. In both cases,
the RMS error of the SPOT DEM is IOm while the
InSAR error is above 2lm. Nevertheless, the resulting
RMSE decreased after the fusion by 2.1m and l.2m
compared to the initial SPOT DEM. Thus, the high
frequency part of even highly corrupted InSAR DEMs is
of better use than that of SPOT.
The fusion results are less dependent on the initial
accuracies as expected. Area al improves by l.8m,
while the RMS error of a4 improves by 2.1m, although
the RMS error difference of pair al almost half of that

Table 1:Accuracy of individual DEMs and fusion results

al
a2
a3
a4

ERS [m]
Mean: 4.5
RMSE: 12.9
Mean: -5.7
RMSE: 23.1
Mean: -15.8
RMSE: 21.7
Mean: -15.8
RMSE: 21.7

SPOT [m]
Mean: 2.4
RMSE: 8.6
Mean: 0.1
RMSE: 9.8
Mean: -2.7
RMSE: 20.1
Mean: -2.33
RMSE: 9.3

Fused [m]
Mean: 2.4
RMSE: 6.8
Mean: 0.1
RMSE: 8.6
Mean: -2.7
RMSE: 8.5
Mean: -2.3
RMSE: 7.2

COcJ

0.22
0.24
0.14
0.18
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of a4. The fusion result of area a3, which showed the
highest RMSEs of all DEM pairs, reinforces this
observation. The reason for this behaviour will be
subject of future examinations. The terrain itself may
cause this effect as it offers more synergy between the
sources in one case than in another.
The cutoff frequency for optimal results varied only
little around the value of 0.2, with which an
improvement has been achieved in all cases. It
determines the bandwidth of each DEM, which takes
part of the fusion process. In all examined cases the
usable InSAR DEM bandwidth is broader than the
stereo DEM bandwidth, which proves that the error
sources, listed in this paper, corrupt the lower spectral
part of InSAR DEMs much more than noise corrupts the
high frequencies. On the other hand, the spikes spoil the
frequency behaviour of stereo DEMs to such an extend
that only the mean and the very low frequencies are
reliable. Higher frequencies, corning from the terrain
course, even if it is mapped correctly, vanish behind
these frequencies.

The comparison of the results of a3 and a4 illustrate the
dependency of cutoff frequency and RMS error of the
initial DEMs. Because of the rise of RMS error after the
introduction of the shot noise to the SPOT DEM of a4,
the cutoff frequency decreases from 0.18 to 0.14, as
more frequencies are noise corrupted. The RMS error of
the InSAR DEM of area a2, which has been the highest
of all examined cases, requires an increased cutoff
frequency of 0.24. Still, this cutoff is only raised by 20%
compared to the InSAR DEM of area al, which
indicated the half RMSE of a2.
The mean and RMS errors of the fused DEMs are
related to the remaining errors in the filtered initial
DEMs. Although obviously not as intensively as the
other InSAR error sources affect the lower DEM
spectrum, phase noise contributes to the errors in the
high frequencies. On the other hand, spikes from
mismatched points affect also the lower frequencies.
The GCP problematic, although Jess pronounced than in
the SAR case, requires also special attention in the
optical image case, as it contributes mainly to the mean
error.
Fig. 3 shows a detailed list of absolute errors above 20m
of each DEM pair and the fused result.
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Fig.3: Errors of ERS, SPOT and fused DEMs of the four examined areas in classes of 20m
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It is obvious, that the procedure reduced the number of
blunders of the original DEMs significantly. The
erroneous DEM parts have been substituted by reliable
parts of an independent source, resulting in a DEM of
better accuracy and usability. Although the initial DEMs
were in part extremely error corrupted (e.g. 3.35% of all
height values of the stereo DEM of area a3 showed an
error higher than 60m), the amount of extreme errors has
been reduced drastically. The maximal error, which
occurred after the fusion, was 60m.

Another example of the improved terrain shape is given
in Fig. 7, where the contours of the fused DEM are
draped over a SPOT orthoimage. In contrast to the
initial SPOT contours (Fig. 6), the height lines of the
fused DEM follow smoothly the terrain contours, giving
an impression of the real terrain course. Disturbing
artefacts, originating from mismatched points, are
completely removed.

Blunder reduction increases not only the usability of the
DEMs in terms of accuracy, but also in terms of
visualisation of a terrain. Fig. 4 shows the fusion result
of area al. The terrain course, corning from the InSAR
DEM (Fig. 1), is clearly visible and has an accuracy,
which equals the SPOT stereo DEM (Fig. 2) in mean
and is even better in RMSE. The ground truth is given
as a reference in Fig. 5.

Fig. 6: SPOT orthoimage, contours from stereo DEM

Fig. 4: DEM after the fusion

Fig. 5: Reference DEM

Fig. 7: SPOT orthoimage, contours from fused DEM
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CONCLUSION
A new procedure for the fusion of InSAR and stereo
optical DEMs has been introduced. It takes advantage of
the DEM properties in the spatial frequency domain, by
fusing the high frequency parts of InSAR with the low
frequency parts of stereo optical DEMs. The resulting
DEMs are improved in terms of
•
•

RMSE
Error distribution (reduction of large blunders)

The procedure is automatic and depends only on a single
parameter, the cutoff frequency ffio. The procedure helps

to overcome the limitations of single source DEMs and
opens the access to a broader band of DEM
applications, including those, concerned with the
visualisation of terrain.
It has been shown in different examples that the
proposed procedure for DEM fusion is operational. The
possibility of automated DEM fusion is promising. The
question arises, to which extend w0, on which the fusion
depends, is predictable. There are obviously terrain
constellations, in which the procedure performs better
than in others. The examination of this dependency, in
order to obtain an estimate of the receivable results and
to become independent from reference data, is subject of
future research.
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ABSTRACT
Theoretically SAR interferometry allows the extraction
of very precise Digital Elevation Models (in the case of
ERS, roughly 3 m rms or better), as well as the
determination
of ground displacements
with a
centimeter level accuracy in the case of differential
interferometry.
In practice, the presence of atmospheric fringes limits
the confidence in the results, due to the phase
difference introduced by the difference of path caused
by varying atmospheric conditions between the two
acquisitions. These effects will lead to an error in the
elevation estimation, and cannot be eliminated if only
one interferogram is available.
However, in the case of multiple interferograms
available over the same site, a method can be
conceived
for
the
characterization
of
these
meteorological effects by means of correlation between
interferograms
derived from interferometric
pairs
containing one common acquisition. In such a way, by
creating an interferometric triplet (three interferometric
pairs based on three different radar acquisitions over
the same site), the atmospheric artifacts related to each
date can be identified, the objective being to
subsequently filter them out. This method requires the
availability of acquisitions
that can be put in
interferometric conditions two by two, with large
enough altitudes of ambiguity and degrees of
coherence.
Such a methodology was implemented at CNES and
was
assessed
using
differential
interferograms
generated from 3-days ERS-1 acquisitions over the
region of the Alpes Mari times. The ground data include
a Digital Elevation Model of a good quality, as well as
Meteosat Images acquired nearly at the same time as
ERS data. Since topographic fringes are subtracted
from the interferograms and we may assume that no
ground displacements occurred between acquisitions,
all fringes showing up on the interferograms can be
considered as atmospheric effects distributed between
the two acquisitions.
Although the preliminary results look promising,
extensive analysis of a larger amount of interferograms

is presently in progress at CNES for further validation
of this method.
INTRODUCTION

Radar interferometry is a technique using phase
difference information of radar images when a
pair of radar images acquired over the same site
and in similar geometric conditions is available.
This technique allows either (Differential
Interferometry) for a very precise measurement of
ground displacements caused for example by
earthquakes and volcanoes, ground subsidences,
displacements of tectonic faults (at centimeter
level accuracy), or the measurement of elevation
for the extraction of Digital Elevation Models
(DEM) with a potential accuracy of a few meters.
However, the presence
of atmospheric
propagation effects on interferograms puts a
limitation to the utilization of this technique,
especially for the operational production of DEM
[Massonnet and Rabaute, 1993], [Tarayre, 1996],
[Dupond, 1997), [Arnaud, 1997], [Hanssen,
1998). Variations of atmospheric conditions
(ionosphere,
troposphere)
between
two
acquisitions produce variations in the signal path
on the two images that will be interpreted like
topographic fringes. For DEM extraction this
problem can be avoided using simultaneous
acquisitions. However, operational systems of this
type do not currently exist. Alternatively, it may
be partially solved by means of techniques for the
isolation and correction of these effects.
1

The purpose of this paper is the description of a
method for the characterization of meteorological
artifacts using a series of ERS-1 (3-days) SAR

1 Not necessarily linked to the presence of clouds

Proceedings of the 2"JInternational Workshop on Retrieval of Bio- & Geo-physical Parametersfrom SAR Data/or Land
Applications, 21-23 October 1998, ESTEC. Noordwijk, The Netherlands (ESA SP-441, December 1998)
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interferograms over the region of Nice. The
results of this study were at the base of the CNES
proposal to ESA for the joint utilization of ASAR
and MERIS data in the frame of the ESA A.O. for
the utilization of ENVISAT data.
ORIGIN OF METEOROLOGICAL ARTIFACTS ON
RADARINTERFEROGRAMS

relief which modulates the thickness of the
atmospheric layer crossed by the wave. Only
troposphere is concerned.
On flat terrain, the maximum path difference
between two pixels is relative to the first and the
last point of a line, caused by the (small)
incidence variation.

Two atmospheric layers play a major role in the
propagation of radar waves : troposphere and
ionosphere (Fig I).
In the case of troposphere, variations in
temperature, pressure and water vapour content
will modify the refraction index, therefore
influencing wave propagation.
For ionosphere, free electronic density varies with
solar activity (more important on daytime than
nighttime, in summer than in winter, and subject
to local heterogeneities as well).
Variations of electronic density induce variations
of the refraction index, which :
Modify wave propagation velocity (therefore
wavelength)
Cause a curvature in the wave propagation,
not propagating along a straight line
Atmospheric artifacts can be encountered on
interferograms formed with two radar images not
simultaneously acquired. On interferograms
produced by systems with a double antenna, there
is no change of atmospheric conditions between
the
two
acquisitions.
Atmospheric
heterogeneities are crossed in the same way by
the two antenna beams and consequently their
effects are cancelled in an interferogram.
Two main types of artifact can be distinguished:
•
•

global perturbations of standard atmosphere
atmospheric heterogeneities (local variations)

Global perturbations of standard atmosphere

If we model atmosphere as being homogeneous in
the horizontal direction, variations in temperature,
pressure and humidity are a function of altitude
alone. However, these conditions will not be the
same in two (non-simultaneous) acquisitions.
The effect of global perturbations of standard
atmosphere is appreciable in the presence of

If the main atmospheric difference is concentrated
on the first 3 km, for a point at 3000 m of altitude
there will be no phase difference between the two
images of the interferometric pair because of
index variation. On the contrary, phase difference
will be maximum for a point on the ground.
As an example of artifact of standard atmosphere,
Fig. 2 [Arnaud, 1997] shows an atmospheric
effect on Mount Etna for a differential
interferogram obtained with a Tandem pair, with
an altitude of ambiguity higher than 200 m. The
24h-time interval (Tandem) excludes a
displacement of this amplitude, whereas the
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altitude of ambiguity excludes the possibility of
topographic fringes.
Atmospheric heterogeneities (local variations)

Atmosphere presents also local variations (Fig. 3)
that may cause phase differences inducing
additional interferometric fringes.
Troposphere : most important variations are
caused by humidity variations, not necessarily
visible on meteorological images. Cumulonimbi
in formation (not yet visible) may cause up to 3
fringes. Storm clouds on interferograms for
Landers were shown by [Massonnet and Feig!,
1995] and a chain of clouds surrounding Mount
Etna by [Tarayre and Massonnet, I996], as shown
in Fig.4.
Ionosphere : perturbations of quite a variable size
may cause a diminution or an augmentation of the
optical path. The attribution of atmospheric
effects to ionosphere can be done by comparison
of several interferograms containing the same
date, allowing the determination of the sign of the
path variation. When a path shortening is detected
the effect can be attributed unambiguously to
ionosphere [Massonnet and Feig!, 95]. Fig.6
[Arnaud, I997] shows an example of ionospheric
hole on mount Etna.
A METHOD FOR THE EXPERIMENTAL
MEASUREMENT
OF
METEOROLOGICAL
ARTIFACTS

We can remark that
The effects of global variations of standard
atmosphere depend on altitude : one can see
on differential
interferograms fringes
resembling to residual topographic fringes
Artifacts due to local variations, if present,
are typical of each scene because of their
temporary character. They can therefore be
observed on all interferograms containing that
scene.
Artifacts originating from the two radar
acquisitions and fringes originating from
topography or ground displacements, if any,

would be mixed up. Meteorological artifacts
originating from
each image of
the
interferometric pair cannot be evidenced and
separated on a single interferogram: several
inter{erograms are needed. containing the same
image, in order to isolate the meteorological
artifacts relative to such acquisition .
In the following, a method is described aiming to
measure meteorological artifacts relative to each
acquisition date, when disposing of a series of
acquisitions over the same site, that can be
combined by differential interferometry, over a
time span where no ground displacements took
place.
The objectives of this study are the following :
A precise characterization of meteorological
artifacts
Producing
interferograms
free
of
meteorological artifacts
Being able to predict the most favorable
meteorological
conditions
for
DEM
extraction
The first point is fulfilled. The second one can be
fulfilled using the results of this work.
Concerning the third point, we can conclude that
prediction is not possible using presently
available Meteosat images.
The approach presented here consists of the
following steps :
1) Computing

a

series of differential
interferograms over the region of Alpes
Maritimes, northern of Nice (Fig 7). This
region was chosen because :
A good quality DEM was available at CNES
( l00 m horizontal grid, altimetric precision
better than 30 m rms), allowing to subtract
topography (differential interferometry).
Residual topographic fringes depend on the
rate of DEM errors to the altitude of
ambiguity of the selected interferometric pair.
In the case of the triplet selected here
altitudes of ambiguity are larger than 200 m
producing less than 0.2 residual topographic
fringes.
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A series of ERS- 1 (3-days cycle) SAR images
(acquired in the time period September December 1991) were available
Availability of Meteosat data for each date,
acquired at most 15 minutes before or after
ERS SAR images (Meteosat data are acquired
every 30 minutes).
2) Selecting triplets of interferograms with
good coherence and high enough altitude of
ambiguity
3) Since interferograms give an ambiguous
phase measurement (varying between 0 and
21t), phase needs to be unwrapped in order
to extract a continuous absolute measurement
of atmospheric effects (in the following,
unw All will indicate the unwrapped
interferogram AB). These unwrapped
interferograms are masked using coherence.
4) Because of the absence of ground
displacements and the subtraction of a good
quality DEM, the obtained interferograms
will contain only fringes due to the
atmospheric conditions of the two SAR
acquisitions in the interferometric pair. By
means of correlation between interferograms
we wish to isolate local atmospheric effects
characteristic of each date. For this purpose,
we
compute
the
(high-frequency)
correlation rate of each pair of
interf erograms (in one triplet).
5) Computing
the
(high-frequency)
meteorological artifacts relative to each
date starting from correlation rates (step 4)
and from unwrapped interferograms (step 3).
Atmospheric residuals, with a spatial
frequency
lower than
high-frequency
meteorological artifacts, are computed as
well.
6) The method is iterated in order to find lowfrequency meteorological artifacts. The
final result (meteorology of each date in a
triplet) will be obtained as the sum of
multi-scale results.
Data available :

Fig.8 shows an ERS-1 SAR amplitude image over
the region of the Alpes Maritimes: the black
region to the right corresponds to the border
between France and Italy, not covered by the
DEM of Fig. 10. Fig.9 represents a coherence
image (the effect of slopes oriented towards the
radar can be remarked, causing a coherence loss).
Fig. 11 and 12 show Meteosat data relative to one
of the acquisition dates: we dispose for 1991 of
visible and·infrared channels over this region (not
of water vapour). These figures also show the
extract of meteorological images for the region
corresponding to the SAR acquisition site :
Meteosat resolution at these latitudes is about 6
km.
Computation of interferograms :

Fig.5 illustrates a graph containing all scenes
available at CNES for the computation of
interferograms over this region. Interferometric
couples are formed when altitude of ambiguity is
higher than 50 m, giving less than 0.6 residual
topographic fringes, DEM altimetric precision
being 30 m.
Based on this graph, interferometric triplets can
be selected, in order to isolate the meteorological
artifacts of each scene involved.
As an example, we selected for this study the
triplet called " ABC " (A indicating orbit 1352, B
orbit 1610, C orbit 1653, acquired respectively on
19110/91, 06/11/91,
09/11/91).
The
3
interferograms AB, AC, BC were computed and
residual orbital fringes were eliminated. Results
are shown in Fig. 13.
Correlation between interferograms :

Several formulations of correlation between
interferograms are possible :
I. a real correlation between unwrapped
interferograms
2. a complex correlation between phase
interferograms,
considered as complex

numbers. Correlation rates were computed
using the following formulation :
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1) Visual. At correlation level, where we expect
artifacts originating from A, Pa should be high

complex
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We computed the three correlation rates between
interferograms using
the
last
formulation,
obtaining Pa (correlation between AB and AC), Pb
(correlation between BC and BA), Pc (correlation
between CA and CB).
The size of the moving window for the
computation of correlation depends on the size of
meteorological artifacts observed: a size of 4 km
for these high-frequency artifacts was chosen.
Correlation results are shown in Fig.14.

Computation of meteorological artifacts relative
to each date :
We estimated the meteorology of scene A, called
Meteo(A), starting from its correlation ratio and
from one of the two unwrapped interferograms
containing A : unw ABor unw Ac·As validated in
the following, the result is the same starting from
either interferograms since both contain the same
information on the meteorology of the scene
concerned (A). This affirmation is justified,
since:
•

•

the atmospheric effects of each scene appear
on interferograms independently from the
altitude of ambiguity
we made the initial hypothesis that the
meteorologies of two scenes are never exactly
the same (they would otherwise subtract and
become unobservable).

The meteorology of A is thus estimated from

Validation criteria :

Pa ,

Pb and unw AB•that of C from Pa , Pc and unw AC•
that of B from pb, Pc and unwBc·
The result for the meteorology of B (its highfrequency component) is illustrated in Fig.15.

(close to unity) and Pb, Pc should be low (close to
zero). This allows already adjusting the window
size for the computation of correlation. On the
meteorological
images obtained, we expect
moreover to be able to recognize visually those
artifacts which are common to two interferograms
of the triplet and absent on the third one (circled
part in Fig.13).

2) Analytical. As explained before, the estimation
of the meteorology of A can be effectuated
indifferently starting from unw ABor unw AC·We
therefore computed the meteorology in both ways
and we verified that the error, expressed as the
difference of the two meteorological results, is
less than 20% of the meteorology of A (Fig. 16).
This is deemed to be acceptable, also keeping in
mind that residual topographic fringes are of the
same order of magnitude (at most 0.2 fringes, as
explained before).

Iteration : multi-scale procedure
Initial

correlation
was
computed
using
small moving windows (size 4x4 km), detecting
the high-frequency
components
of
the
meteorological
artifacts
(Fig.15).
For the
computation of low-frequency components we
therefore defined and computed the following

Residuals:
ResAB = unw AB- (Meteo(A) - Meteo(B))
An analysis of histograms and mean values shows
that these computed residuals are globally much
lower than the computed
values of the
meteorology. The method
therefore converges.
Starting from ResAB, ResAC, ResBC we iterated
step 4, using this time correlation windows of
larger size ( 15 km), adapted to large-scale
phenomena. Fig. 17 illustrates residuals BA and
BC, showing the combined low-frequency
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Fig 1 : Atmospheric layers and temperature profile as a function of altitude

Fig. 2: Tandem Differential lnterferogram on
Etna : atmospherical effect (no displacement)

Fig. 3 : Atmospherical heterogeneities

Fig 4 : Chain of clouds around Etna
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height of ambiguity > 50 meters
(minimization of topographic contribution)
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Fig.5 : ERS 3-d acquisitions on Nice, graph of possible nterferometric couples and triplets

Fig.6 : Ionospheric hole over Etna
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~Fig. 7 : the region of the acquisitions

Fig. 9: Coherence Image

Fig. 8: SAR ERS amplitude image over the region

Fig. IO: Digital Elevation Model (IGN)

Fig.I I :Example of Meteosat data in the Visible. On the right : extract on the region considered
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Fig.12 : Example of Meteosat data in the IR. On the right : extract on the region considered

Fig. 13a : Interferogram AB

Fig. 13b : lnterferograrn BC

Fig. 13c: Interferogram AC
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Fig. 14 : Complex correlation rates A, B, C

Fig. 15a: Meteo B derived from unwrapped BA Fig. 15b: Meteo B derived from unwrapped BC
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Fig.17

Low frequency meteorological residual on interferogram BA (left)
and on interferogram BC (right).

Fig. 18 Final Meteorology computation for B (Low Frequency + High Frequency).
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meteorological components on interferograms BA
and BC.
Once low-frequency meteorological components
for each scene are computed by iteration of step
5, low and high frequency components can be
summed up, giving the final meteorology relative
to each
scene.
This
characterization
of
meteorological artifacts is therefore based on a

CONCLUSIONS AND PERSPECTIVES
Several extensions to this work are foreseen:
•

multi-scale procedure.
Fig. 18 shows the final meteorology computed for
scene B. This image can be compared to the
interferograms AB and BC (Fig. l 3a and l 3b ):
the impact of the common structures present on
the two interferograms
containing the date
concerned is visible. After comparison of this
result to the available meteorological data (Fig. I I
and 12) we concluded that the resolution of
Meteosat data is not all sufficient for the study of
this type of atmospherical artifacts. NOAA data,
with a higher spatial resolution, were not
available unfortunately.
HYPOTHESES OF VALIDITY AND LIMITATIONS
OF APPLICABILITY. COMPARISON WITH
OTHER METHODS
The method described here is valid under the
following hypotheses :
I.

Atmospheric conditions are never exactly the
same on two (non-simultaneous) acquisitions

2.

No ground displacements took place in the
time period during which the series of ERS
images were acquired

Point 2 gives a limitation of this method. This
does not mean, however, that this method cannot
be applied to the interferometric study of ground
displacements, as explained in the conclusions.
Different methods exist in literature [Zebker
1994], [Perlant 1995], [Zebker 1997), using
several interferograms over the same region and
trying to bypass the problem of atmospheric
artifacts for the interferometric extraction of
DEM, without the attempt to measure these
artifacts. These methods need a large number of
interferograms and do not aim to characterize and
isolate the « errors » inherent in each date.

•

•

we will analyze all possible interferograms
over the test site (the Alps). A preliminary
study of the orbital baselines shows that
about 20 interferograms can be generated and
analyzed
Meteorological artifacts measured in this way
will be analyzed
and interpreted
by
meteorology experts.
Whenever
possible,
the meteorological
artifacts measured on interferograms could
be compared to the data produced by
available
sources
(such
as
NOAA,
ionospheric archives, existing SPOT images
acquired
simultaneous
to ERS-1 3-day
acquisitions, meteorological stations, etc.)

Our method can also be applied to interferometric
studies of ground displacements (caused by an
isolated event) in the case of availability of a
triplet entirely acquired before the event and a
triplet entirely acquired after the event, under the
hypothesis that no displacement took place during
the time interval elapsed within a single triplet. In
this way, if A1 is an acquisition of the first triplet
(before the event) and A2 an acquisition of the
second triplet (after the event), one can isolate the
meteorological effects of A1 and A2, in order to
subtract them from displacement fringes in the
A1A2 interferogram (correction).
We showed as well that present METEOSAT
data have not a good enough resolution for our
purposes. With ENVISAT the joint utilization of
ASAR and MERIS data will hopefully allow for
the
characterization
and
correction
of
meteorological
artifacts appearing on ASAR
interferograms. MERIS is an instrument that will
provide
high-resolution
products2
giving
information on atmospheric water vapour content,
cloud type and thickness. MERIS images will be
simultaneous and partially overlapping
with
ASAR images. This joint utilization of the two
instruments is the subject of a part of the CNES
2about 300 m, i.e. 20 times higher
present METEOSA T images

resolution

than
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ABSTRACT
The feasibility of SAR interferometry for the detection
of slow deformations on urban areas with standard
atmospheric conditions is shown. We focus on the city
of Paris (France), on which ten interferograms are
derived from tandem images acquired during the period
of July 28 1993, August 10 1996. The main problem for
this kind of measurements appears to be the
tropospheric inhomogeneities, which lead to significant
phase variations as high as one fringe, easily detected on
all interferograms. The best solution to compensate for
these inhomogeneities in the propagating medium
appears to be the addition of interferograms. Then, a
halo of subsidence, whose extension is about 600 m by
700 m is evidenced. It is precisely straight above an
important working site: the construction of an
underground station for the new "Eole" subway. This
subsidence is produced by the lowering of the
piezometric level, due to the pumping of the phreatic
water.

this kind of measurements appears to be the
tropospheric inhomogeneities, the coherence remaining
high on cities for long period.

DATA SELECTION
Ten interferograms of the city of Paris are derived from
tandem SAR images acquired during the period of July
28 1993, August 10 1996 (Fig.I). For six of them, the
influence of elevation on the interferometric phase can
be neglected, the baselines considered being small on
this area with low variations in topography (Fig.2).
Coherent interferometric changes can then only be due
to surface deformations and/or inhomogeneities in the
propagating medium.

INTRODUCTION
Sar interferometry has proven to be a feasible tool for
detecting ground deformation of large extend, caused by
earthquakes [1], volcano activity [2], motion of glaciers,
and more recently to subsidences associated with
geothermal fields, oil fields, or compaction of aquifer
system ([3], [4]). It also allows, more or less easily, to
detect and quantify movements of small spatial extend
associated with landslides [5] or subsidences often
related to industrial activity (mining or gas extraction)
([6], [7]). Most of these subsidences occur in non-urban
context. Here we show the feasibility of SAR
interferometry for the detection of slow deformations on
urban areas with standard atmospheric conditions. We
focus on the city of Paris, where displacements are
evidenced with interferometry. The main problem for

Figure 1: SAR amplitude image of Paris and
surroundings (white box indicates the extracted area)
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Figure 2: Altitudes of ambiguity of the different couples

COHERENCE
Figure 4: Coherence of the 1-day couple
Data selection offers the opportunity to study the
evolution of the coherence on a time scale of 3 years.
Low values of baselines ensure there is no geometric
noise. Figure 3 shows the coherence values of the 10
couples. As we expected, the coherence is shown to
remain high over more than 3 years (Fig.S), thus
indicating that the detection of very low subsidence
rates over a long time span on urban areas is not limited
by the coherence loss on the time scale required.
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INTERFEROGRAMS
Figure 3: Evolution of the coherence

lnterferograms were generated with the Diapason
software developed at the CNES. Figure 6 displays the
10 obtained interferograms. Significant phase variations
as high as one fringe can be easily detected on all
interferograms. Large scale bubbles (20 km diameter)
are observed, as well as small ones (I to 5 km
diameter).
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Figure 5: The ten interferograms

For most of them, it can neither be associated with
topography (especially for the couples with altitude of
ambiguity larger than 1OOOm), nor with displacements,
each fringe corresponding
in this case to a half
wavelength
displacement:
for
the
384
days
interferogram for example, it can not be interpreted as a
3 cm subsidence of the whole city! This phenomenon is
even visible on the I-day interferogram and excludes the
hypothesis
of
such
displacements,
distributed
everywhere in Paris and surroundings.
Most of these bubbles are furthermore absolutely not
stationary, their location changing from a day to
another, and they do not have the size expected. Most of
the signal may be due to tropospheric effects. Using the
logic of pair wise, we found that interferograms
generated with the 06/10/93 image or with the 21/07 /95

one show phase shifts similar in their geometry.
Interferograms having the 21/07/95 image in common
show little bubbles of small scale, everywhere in the
image. This indicates the presence of convective cells.
Interferograms containing the other one display an
almost South-Northern fringe, coming with a strip of
lower coherence. This may be related to a frontal zone,
associated with rain, which could explain the loss of
coherence.
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INFLUENCE OF TROPOSPHERIC
HETEROGENEITIES

Atmospheric effects, as coherence preserving phase
phenomenon, may be misinterpreted as subsidence on
interferograms. Those effects are related to the variation
of the refractive index distribution of the propagating
medium between the 2 images acquisitions. These
variations occur in 2 layers of the atmosphere: the
neutral atmosphere (most of the refraction occurs in the
troposphere), and the ionosphere. Propagation delay in
the neutral atmosphere can be considered as the sum of a
delay
created
by a constant
refractive
index
(homogenous atmosphere) and a delay associated with
spatial
fluctuations
of
this
profile
(spatial
heterogeneities) [8]. Homogeneous variations are highly
correlated with altitude [9] and can be neglected in our
.case (almost flat terrain). We are then only disturbed by
the heterogeneous atmospheric component.
The excess path length due to propagation through the
troposphere can be written:

-J[n( h )-J]dh

i1p =-1

cos6

= l0-6

=N

= 77.6 P( h)

-+ N
h

w

T(h)

jN( h )dh

cos6

-+373256 e( h)
T2(h)

where P is the total pressure (mb), e the water vapor
partial pressure, and T the temperature in K.
The excess path length can then be approximated by
integrating temperature, pressure and relative humidity
over the total path length of the troposphere [11].

f

j P( h) dh + 0.373 e( h) dh
cos6
T(h)
cosb T2(h)
Several models estimate this propagation delay from
surface measurements. We used the Berrada-Baby
model [12] which gives the excess path from ground
based pressure Pg (mb), temperature Tg(K) and relative
humidity Ug (%):
4J

= 77.6.10-6

.w-------

i

rh=40,60,ll0

3.0

where n is the refractive index, N the refractivity, and 8
the angle of sight.
Bean [IO] proposed a simple expression for N:
N

Figure 7 gives general results of phase variations
obtained for different situations. Figure 7a shows that a
IO change in relative humidity represents a
corresponding phase shift of about one phase cycle for a
temperature of 10 degrees.
Strong variations in relative humidity are to be expected
near cumulus clouds, where dry and warm air is moving
upwards, cools down, and condensates. In figure 7c, we
see that a difference of the pressure tomb would count
for a 0.9 phase cycle shift.

"1f: =-1-[2.27.10-3p
+vu 8 10<H731]
costi
g
Where v and y are regional parameters ( \o=O. 7574,
~.0224 for Paris).

Here, we are interested in tropospheric fluctuations. We
consider that atmosphere is divided spatially into
columns. Difference can occur in each image between
columns in the horizontal direction, resulting in a
relative phase shift in the interferogram.
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Figure 7: Relative phase shift as a function of: (a)
Relative humidity - (b) Temperature - (c) Pressure
In figure 7b the influence of temperature changes on the
interferometric phase is given. A gradient of 5 degrees
can have a considerable influence on the phase shift,
depending on the pressure and relative humidity.

APPLICATION TO PARIS

From ground based meteorological data, provided by
MeteoFrance at more than 120 stations, we calculated
the tropospheric artifact using the Berrada-Baby model.
This contribution is then removed on interferograms
(we only consider interferograms with high altitude of
ambiguity). Results given in figure 8 do not appear
conclusive: simulated tropospheric bias does not allow
to compensate for the whole observed artifact.
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Figure 9: Sum of 3 interferograms.
Equivalent altitude of ambiguity: 393m
Figure 8: Interferograms after tropospheric corrections
Two reasons can be given:
(1) The number of ground data acquisitions are not
sufficient enough to model troposphere
(2) There is a lack of vertical information (ground data
do not provide the vertical behavior of the troposphere
(cloud height...)). We examined different Noaa quick
look images, but their resolution was too low so that we
could not interpret them.

DISPLACEMENTS

DETECTED IN PARIS

The best solution
to eliminate
the effects of
inhomogeneities in the propagating medium appears to
be the addition of interferograms. We added several
interferograms in order to remove the atmospheric
effects containing in the intermediate images. Figures 9
and 10 shows examples of interferograms obtained by
adding 3 and 4 interferograms. This procedure leads to
interferograms with an equivalent altitude of ambiguity
of about 393m and 408m respectively, which are of
course sensitive to topography. But it is then possible to
evidence a signal in addition to the one associated with
the Butte Montmartre. Butte Montmartre is the highest
point of Paris (130m) and yields to a topographic signal.
The other one, of same amplitude, does not correspond
to topography. It is furthermore a posteriori clearly
visible on other interferograms, once we know its
location! It can be observed on interferograms with an
elapsed time of more than 650 days. In fact, we do not
have any interferograms with a time interval larger than
385 days and lower than 652, so that we don't know the
time interval limit to detect the signal..

Figure 10: Sum of 4 interferograms.
Equivalent altitude of ambiguity:408m

This halo, whose extension is about 600m by 650m, is
located south of the Saint-Lazare rail station. It is
precisely straight above an important working site: the
construction of an underground station "St-LazareCondorcet" for the new it Eole subway. Those entirely
underground works took place from 1995 to 1997, and
required to lower the piezometric level by pumping the
phreatic water. This led to a subsidence of the overlying
ground surface.
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ABSTRACT
Repeat-pass ERS SAR interferometry was used to map
different surface types of the Death Valley Salt Pan. At
this arid site the surface roughness varies between
extremely smooth (salt lakes, clay pan) and very rough
(alluvial fans, eroded salt formations). The moisture
varies from very dry (alluvial fans) to wet (wet clay, salt
crust with water ponds) with seasonal changes in certain
areas. While the surface geometry is stable for certain
surface types (alluvial fans, thick salt crusts) it changes
for others as a result of the changing water level and
erosion by wind and rain. The changing surface
roughness, moisture, and vegetation conditions cause
large variations of the backscattering and coherence.
This information is used to distinguish different surface
types. Furthermore, interferometry was used to map the
topographic height. In a second part of the study, the
potential of the degree of coherence to retrieve
information on the vegetation density and the surface
erosion was evaluated.
DEATH VALLEY
The Death Valley is located in eastern California and
western Nevada. Mountain ranges on the west and east
keep moist air out of Death Valley leading to annual
precipitation below 10 cm. Very little vegetation grows
in the hot and dry conditions. Precipitation and snow
melt runoff easily penetrate the rocky alluvial fans to the
clay horizon of the ice age valley fill. On top of the clay
the water runs towards the valley bottom. Most
vegetation, in particular vegetation which is less
resistant to drought, is found in the narrow band where
the roots of the plants can reach the moist clay. Once in
the open the water evaporates, quickly, unless its salinity
is high enough to keep the water potential in balance
with the very dry and hot air, as it is the case in the salt
lakes of the valley. Seasonal changes of the size of the
salt lakes and changing surface geometry and moisture
result from the snow melt runoff and heavy
U. Wegmiillerand T. Strozzi were supported by ESA ESTEC
Contract 11740195/NUPB(SC).

thunderstorms and the consecutive evaporation process.
The surface roughness varies between extremely smooth
(salt lakes, open clay) and very rough (alluvial fans, salt
formations such as known from Devils Golf Course).
The moisture varies from very dry (alluvial fans) to wet
(wet clay, salt crust with water ponds) with seasonal
changes in certain areas. While the surface geometry is
stable for certain surface types (alluvial fans, thick salt
crusts) it changes for others as a result of the changing
water level and erosion by wind and rain.
MAPPING OF SURFACE TYPES OF DEATH
VALLEY SALT PAN
An ERS-1 SAR data pair acquired on 29. Jan. and
5. Mar. 1993 (orbits 8056 and 8560) was used to map
the different surface types of the Death Valley Salt Pan.
The selected pair had a baseline component
perpendicular to the look vector B.l = 146m and an
acquisition time interval of 35 days. The method was
based on the potential of SAR interferometry to
distinguish the above mentioned surface characteristics.
Interferometry also provided the topographic height.
The interferometry derived height was used as an
additional channel of information and to normalize the
backscatter intensity and the degree of coherence for
slope effects, in order to improve the obtained
classification result. In the following the approach and
the results obtained will be presented.
SAR and interferometric processing of the ERS data was
performed using the Gamma Modular SAR Processor
(MSP) and the Gamma Interferometric SAR Processor
(ISP) software [2]. A more detailed description of the
data processing and signature estimation can be found in
[1]. For test areas corresponding to different surface
classes the interferometric signatures were extracted
(Table 1). Very low coherence was found for the open
water surfaces and densely vegetated areas, very low
backscattering for all the smooth surfaces (salt lake and
smooth wet clay). For the rough and moist salt
formations the backscattering is very high. In spite of a
quite high surface roughness the backscattering of the
alluvial fans is relatively low due to its low moisture
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VEGETATION DENSITY AND EROSION MAPPING
Semi-arid to arid landscapes are characterized by its
sparse vegetation cover. For SAR data this has the
consequence that the scattering originates mainly from
the surface. The degree of coherence is generally high,
even for long acquisition time intervals. However, any
kind of geometric change can be detected by a decrease
of the degree of coherence. Such change may originate
for example from vegetation that grows or moves
between the data acquisitions. At least for certain
vegetation types it can be assumed that the scattering
from the vegetation is uncorrelated while the scattering
from solid soil is correlated. In such a case, the degree
of coherence is expected to be related to the amount of
vegetation or more precisely to parameters such as the
number of plants, the biomass, the soil cover fraction, or
the plant water content. In this study the soil cover
fraction was used as the vegetation parameter, because it
seemed to be the most appropriate to characterize sparse
vegetation cover and it can reasonably well be estimated
in the field in a non-destructive observation.
Another possible source of temporal change that might
be observed with SAR interferometry is the erosion
caused by water or wind. In fact, the surfaces in arid and
semi-arid environment can by no means be assumed to
be completely stable. Many of the observed surfaces are
at least to a certain part covered with loose soil particles
of all grain sizes. The smaller the particles are, the more
they are subject to erosion by wind and water. During a
field campaign we tried to assess for test areas the
expected erosion or erosion risk. For this investigation
we distinguished 5 classes based on the fraction of the
unstable area, i.e. the area for which erosion is likely.
The classes are: ( 1) unstable area fraction between 00.125, (2) 0.125-0.375, (3) 0.375-0.625, (4) 0.625-

0.875, (5) 0.875-1.0.
Modeling the temporal decorrelation
In both these cases the same simple theoretical model
for the coherence may be used. The scattering within a
resolution cell is equal to the sum over the scattering of
all the scatterers in that resolution cell. Let us divide the
scatterers in two classes, A and B, corresponding to the
temporally stable and temporally unstable scatterers.
Under the assumption of statistical independence of A
and B the ensemble average of the backscatter intensity
o" corresponds to the sum of the scattering of the two
classes:

The normalized complex interferogram y of two
complex images s1 and s2 can be expressed as

= < S1AS2A*
r

> + < s1Bs2B* > .
~< s1s1* >< s2s2* >

(2)

Defining the hypothetical signatures of just one of the
classes A or B as

a 0A=<

* > , <JB0 =< SBSB* > and
* >
< S1AS2A

SASA

(3)

leads to

(4)

with the meaning that the interferogram of the area with
the two statistically independent classes corresponds to
the sum of the two hypothetical interferogram for the
individual classes weighted with their relative
contribution to the total scattering. Assuming almost
identical interferometric phases for the scatterer classes
A and B, and assuming identical scatter levels for
acquisition 1 and 2 simplifies the expression for the
degree of coherence to [1]

(5)

The model may easily be extended to more than two
scatterer classes. This model may be used for the
interpretation of partially vegetated areas and of areas
where erosion occurs only on a certain fraction of the
total area as it was typically observed at the Death
Valley test-site. A fraction aA!a0
of the total
scattering originates from solid scatterers which do not
encounter displacement or geometric change during the
acquisition of the interferometric data. Such scatterers
may be solid soil and rocks which are large enough that
they are not displaced by wind and water. The remaining
fraction of the scattering (a 0 - a A )I a" originates from
scatterers which are object to random displacement or
geometric change. Such scatterers may be plants and
loose soil. The degree of coherence for class A may be
set to IYA I = 1.0. The degree of coherence for the second
class of unstable scatterers takes values between 1.0 and
0.0, depending on the change occurring between the two
acquisitions. Notice that the importance of the two
classes is not weighted by its area fraction but by the

569

fraction of the total backscattering. The two quantities
can be significantly different if we think, for example, of
a smooth sand surface with rocks on it.

Table 3: ERS-1 pairs (frame 2871) used for the
interferometric analyses.
Pair

The correlation cannot be expected to decrease
smoothly with time. Events such as a strong blow of
wind or precipitation
may cause most of the
decorrelation. Only if many realizations are considered a
more gentle dependence of the correlation on time can
be expected.

Dates
[in 1993]
29-Jan & 5-Mar
29-Jan & 4-Mav
5-Mar & 4-May

1
2
3

Baseline,
At
B_j_[m]
[days]
146
35
140
105
6
70

Orbits
8059_8560
8059 9562
8560 9562

1.0

ERS data usedfor vegetation density and erosion study
For the investigation of the vegetation density and
erosion mapping a multi-temporal data set of an area in
California and Nevada including the Death Valley and
the Amargosa Valley was used. Three ERS-1 SAR
images ·acquired between January and May 1993 were
used (see Table 3). For 35 test areas the amount of
vegetation (soil cover fraction) and the erosion
parameter were determined and related to the
interferometric signatures. Obviously the two
investigated subjects, vegetation and erosion, are
difficult to separate. In order to look at the two effects
separately, cases where one of the two effects is minor
were considered.
Dependence of the degree of coherence on sparse
vegetation cover
In order to relate the soil cover fraction and the degree
of coherence, the test areas were grouped into areas of
high erosion risk (unstable area fraction between 0.375
and 1.0) and low erosion risk (unstable area fraction
between 0.0 and 0.375). Fig. 5 shows the degree of
coherence as a function of the soil cover fraction for the
areas of low erosion risk. As shown by the linear
regression curves a strong correlation between the two
quantities is observed.
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Fig. 5. Degree of coherence as function of soil cover
fraction and linear regression functions for three ERS
interferometric pairs. For the regression functions the
intercept, slope and correlation values are indicated.
Excluding the areas of intermediate and high erosion
results in high negative correlation values.
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With increasing erosion the degree of coherence
decreases. To excluding areas with a significant amount
of vegetation only test areas with a soil cover fraction
below 0.4 were included in this analysis. A clear
negative correlation was found (Fig. 6). The relationship
found was used to extrapolate the properties observed at
the test areas to a larger area covered by the ERS frame.
For this purpose the regression function was inverted
and applied to the degree of coherence image. The
resulting erosion map is shown in Fig. 7. What is of
particular interest in the erosion application of ERS
SAR interferometry is that at the moment probably no
other method exists to assess such information.
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Fig. 6. Degree of coherence as function of erosion
parameter (excluding areas of high vegetation coverage)
and linear regression functions found for three ERS
interferometric pairs.
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CONCLUSIONS
A methodology to characterize arid land surfaces with
SAR interferometric signatures (degree of coherence,
backscattering, backscatter ratio) was developed and
demonstrated using ERS-1 data acquired during 35 day
repeat cycles over Death Valley. The interferometric
approach provided information which is complementary
to that obtained from optical and infrared data.
In a second part of the investigation a good potential of
the degree of coherence to retrieve information on
sparse vegetation cover and surface erosion at arid and
semi-arid sites was identified.
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ABSTRACT
Applications of SAR interferometry to monitor the
deformation of ice surfaces due to subglacial volcanic
activity and the sliding motion of mountain slopes were
investigated, based on interferometric time series. The
glacial deformation on the western Vatnajokull ice cap
in Iceland was analysed in several interferograms from
the tandem mission of ERS-1 and ERS-2. Because the
motion was variable in time, digital elevation data from
other sources were needed to separate the topographyrelated and motion-related phase. Interferograms over
time spans of one to three years from the period 1992 to
1998 were used to monitor the motion field of a
mountain slope in the Central Alps of Tyrol, revealing a
mean motion of 2 cm per year with considerable
interannual fluctuations. The investigations confirm the
unique ability of spaceborne SAR interferometry to
observe dynamic phenomena at the Earth's surface,
which are subject to temporal changes of surface motion
and deformation, though certain constraints, mainly
related to SAR system characteristics and decorrelation
of the signal phase, have to be kept in mind.
INTRODUCTION
Repeat pass surveys of spaceborne SAR show high
potential for studying dynamically unstable targets such
as sliding slopes, volcanic deflation and inflation, and
surging glaciers. These objects are characterized by
movements of the surface which are changing in time.
The upper and lower limits for strain measurements by
means of interferometric
SAR are 10·3 and 10·1,
respectively [l]. This means, for example, that for
mapping the motion of surging glaciers the time span of
an interferogram cannot be more than a few days.
Sometimes the surface topography changes substantially
during the time interval for which a second
interferogram becomes available, so that the motionrelated and topography-related
phase cannot be
seperated unequivocally
by means of differential
interferometry. This is critical particularly for long
interferometric baselines. To derive the motion field by
means of interferometry for these cases, topographic
data from other sources are needed. On the other hand,
for slowly moving targets, such as creeping slopes, the
subtraction of the topographic phase is unproblematic,

but the temporal decorrelation of the phase is the main
limiting factor.
In an ongoing project of the International Decade for
Natural Disaster Reduction (IDNDR), sponsored by the
Austrian Academy of Sciences, we want to assess the
potential of SAR interferometry for detecting and
monitoring hazard zones on mountain slopes and in
volcanic areas. These zones are often characterized by
movements which vary in time. For this reason we
investigated time series of interferometric image pairs.
Study sites, for which comparative field data are
available, were selected in the Austrian Alps and in
Iceland, covering motion from a few centimeters per
year to a meter per day.
MOTION OF SURGING GLACIERS
Surging glaciers are characterized by sudden rapid
advances after periods of little activity. This behaviour,
called surge or catastrophic advance, may occur in
regular or irregular periods and results in rapid transfer
of a large volume of ice from a reservoir in the upper
part of the glacier to the terminus. Several of the main
outlets of the Vatnajokull ice cap in Iceland surge. On
south-western Vatnajokull surges were observed recently on the glaciers Sidujokull (1993-94 ), Tungnaarjokull
( 1994-95), and Sylgjujokull (1995-96) (Fig. I). These
are broad, lobe-like outlet glaciers with ice thickness of
300 m to 600 m, overlying parts of the Grimsvotn and
the Veidivotn/Bardabunga volcanic systems [2].
Several of the rivers which are draining Vatnajokull
have been affected by glacier-related floods, called
jokulhlaups
[3]. These outbreaks
ongmate
from
subglacial lakes in geothermal areas, rapid production of
meltwater during volcanic eruptions,
or sudden
emptying of marginal ice-dammed lakes. Jokulhlaups in
Iceland have repeatedly caused loss of lives and
properties. Information on subglacial geothermal and
volcanic activity is therefore not only of scientific
interest, but is also required for hazard warning. The
melting of basal ice, the accumulation of meltwater in
subglacial lakes, and changes of the hydraulic regime of
the glaciers cause surface deformation and changes of
ice motion which can be observed
by SAR
interferometry.
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Fig. 1. ERS-2 SAR quarter scene, track 44, frame
1287, from 27 March 1996, showing western
Vatnajokull, Outlet glaciers: SL - Sylgjujokull, TJ Tungnaarjokull, SJ - Sidujokull, SK - Skeidararjokull. S - river Skafta. © ESA 1996.
An example for the capability of SAR interferometry to
detect phenomena of surface motion and deformation is
shown in Fig. 2. The motion analysis is based on an
interferogram of the ERS-1/ERS-2 tandem mission from
27-28 March 1996 with perpendicular baseline BP = 13
m. We used a synthetic interferogram, calculated from a
map-based DEM, to subtract the topography-related
phase component. Because of the large altititude of
ambiguity (about 700 m in the scene centre), errors of
the DEM have very little effects on the calculated
motion field. The surface velocity in direction of the
radar beam is shown in the figure, assuming surfaceparallel motion. The selected grey scale saturates at a
velocity of 0.2 m a'. On Sylgjujokull, which in March
1996 was in the final stage of a surge, velocities higher
than 0.2 m a' were derived for an area of about 100 km2
at the terminus, with maximum values of I .2 m d-1 close
to the ice boundary.
The other areas with substantial motion in Fig. 2 are
more limited in size. These are either zones with
accelerated ice flow over subglacial ridges, or ice
cauldrons (depressions) which are created by subglacial
geothermal activity. The most obvious cauldron in Fig. 2
is the Eastern Skafta Cauldron (C). The Skafta
Cauldrons cause jokulhlaups in the river Skafta in time
intervals of typically 1 to 3 V2 years [4, 5]. Assuming

0.0

~ 0.2

Fig 2. Surface motion in look direction on western
Vatnajokull from ERS-1/ERS-2 data of 27-28 Mach
1996. C - Eastern Skafta Cauldron. Black : 0 m
white: ~ 0.2 d-1•

a',

that the direction of motion in the centre of the cauldron
is vertical, an uplift of about 10 cm d-1 is calculated from
the interferogram, which is caused by inflow of
meltwater below the ice.
ICE DEFORMATION AFTER A VOLCANIC
ERUPTION
Time series of interferometric motion maps offer a
unique opportunity to study dynamic phenomena at the
Earth's surface. As example, we show some results of
investigations in the region of the Gjalp subglacial
eruption, based on ERS tandem data from several dates
between October 1996 and December 1997 (Table I).
On 21-22 October 1996 (intcrferogram Nr. 6) the
deformation of the ice surface was still so strong that the
signal decorrelated completely around the eruption site.
In interferograms Nr. 1 to 5 the coherence, though
variable across the image, is suitable for analysis of the
motion field in the area of the eruption.
The depression which is shown in Fig. 3 was formed
during an eruption which started in the evening of 30
September 1996 under an ice layer of about 600 m
thickness [6]. The centre of the eruption was located 7
km north-east of the Eastern Skafta Cauldron (Fig. 2)
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Table 1. Analysed
western Vatnaji:ikull.
Pair

ERS-2/ERS- l

tandem

Dates

pairs

of

Baseline
81, (m)

Track 044, frame 1287 (ascending)
1

1-2 Jan 97

253

2

12-13 Mar. 97

59

3

21-22 May 97

40

4

8-9 Oct. 97

189

5

17-18 Dec. 97

240

Track 009, Frame 2295 (descending)
6

21-22 Oct 96

125

and 10 km north of the Grimsvi:itn subglacial lake. A
heavily crevassed ice canyon developed which reached a
length of 6-7 km on 2 October, when the eruption broke
through the ice cover and dispersed tephra aerially in a
plume which reached a maximum elevation of 9 km.
The eruption lasted until 13 October and melted a total

of about 3 krrr' of ice. The meltwater flowed through a
channel at the glacier bed into the Grimsvotn lake. The
water accumulated in the lake until 4 November when it
drained in a ji:ikulhlaup through the outlet glacier
Skeidararji:ikull. Several bridges and about I0 km of the
south coast road were destroyed during this outbreak,
which lasted for 3 days.
The interferograms listed in Table I offer the possibility
to study the subsidence structure and dynamic behaviour
of the ice as the depression was filling up. As an
example, we show in Fig. 3 the motion-related fringes of
the depression for 1-2 January 1997 and 12-13 March
1997. In both cases the topographic phase has already
been subtracted. Because the surface motion, and to
lesser extent also the topography, changed during the
time span between the two interferograms, topographic
data from other sources were needed. The Science
Institute of the University of Iceland measured DEMs
over the depression by means of airborne altimetry on 3
January and IO June 1997. The differences
in
topography between the two dates are not great.
Therefore we used the DEM of 3 January to subtract the
topographic phase in both interferograms of Fig. 3. Due
to the comparatively short baseline of the interferogram

5 km

Look Direction

=
.s
.•.....
o

e

a

25 cm d'

-25 cm d'
I - 2 Jan 97

12 - 13 March 97

Fig. 3. Interferometric analysis of the ice depression at the eruption site Gjalp, Vatnajokull, from ERS tandem data of
1-2 January 1997 and 12-13 March 1997. Top: Interferogram after subtraction of the topographic phase. Bottom: Map
of displacement in look direction; black: -25 cm d': white: +25 cm a'.
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of 12-13 March, changes of topography since 3 January
have very little effect for the motion analysis.
The displacement maps in Fig. 3 show a clear decrease
of motion from January to March. This trend continues
until 17-18 December 1997, the last date for which
tandem data are available. The maximum displacement
(-28 cm d-1) in January was observed about half way

between the bottom of the ice canyon and the ice plateau
at the western side. At this spot the horizontal and
vertical motion component are both directed away form
the antenna. The motion of the eastern slope of the
depression is more difficult to interpret because the
horizontal motion component is directed towards the
radar, whereas the subsidence of the surface acts in the
opposite direction. Whereas in the inner part of the
slope the horizontal component prevails, a ring of
subsidence dominates the signal along an outer circle.
An ice-flow model is needed to fully understand the
observed deformation pattern and to learn about the
dynamic behaviour of the ice masses.
The deformation of the ice shelf above the Grimsvotn
lake, which is about 200 m thick, was also studied with
the interferometric data set. Fig. 4 shows the
interferograms from 1-2 January 1997 and 21-22 May
1997. Grimsvotn reveals a cycle of gradual filling and
sudden discharge, typically the water levels range from
1130-1350 m after an outbreak to 1430-1450 m a.s.l.
before the outbreak [3]. In November 1996 the lake
level rose unusually high to 1510 m, resulting in the
largest jokulhlaup of this century at Skeidararsandur, the
maximum discharge was estimated at 45.000 nr's' (H.
Bjornsson, pers. comm.). During the jokulhlaup the lake
level fell by 175 m [6]. In the normal cycle the lake
would fill up gradually after a jokulhlaup. However,
after the November 1996 jokulhlaup the behaviour was

different. From the interferogram on 1-2 January 1997
we derived a drop of the surface of 48 cm d-1 in the
center of the ice shelf. On 12-13 March the vertical
displacement was very small, whereas for 21-22 May we
derived an uplift of 23 cm d-1. This trend and the order
of magnitude of the changes is confirmed by GPS
measurements which were carried out at the center of
the ice shelf surface at several dates in 1997 (H.
Bjornsson, pers. comm.). Complementary to these point
measurements, interferometry enables to study the
deformation characteristics of the ice shelf which are of
interest for understanding the regulatory mechanisms of
the ice overburden during the cycle of lake filling and
outbreak.
MONITORING VERY SLOW SLOPE MOVEMENTS
The capability of SAR interferometry for monitoring the
motion of potentially unstable slopes in alpine areas was
investigated based on ERS images of the Central Alps of
Tyrol, Austria. The displacement of such slopes is
usually of the order of centimeters per year, but this may
change under certain environmental conditions related to
ongoing erosion, surcharges due to precipitation and
water percolation, or human activity, and lead to
disastrous landslides. Therefore the detection of slowly
moving slopes is of interest to assess the hazard
potential. Temporal decorrelation is the main limiting
factor for the application of interferometry to detect
slow movements.
We investigated the coherence of about 30 interferometric pairs from ERS-1 and ERS-2 over the Tyrolean
Alps, with temporal baselines between 1 day and 3
years. Whereas for one day repeat pairs the coherence is
in general better in winter than in summer, this is the
opposite for the annual intervals. For time spans of 35

Look Direction

N
~

1 - 2 Jan 97

21 - 22 May 97

Fig. 4. Interferograms of the ice shelf above the subglacial lake Grimsvotn, Vatnajokull, from ERS SAR data of 1-2
January 1997 and 21-22 May 1997.
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Table 2. ERS-2/ERS- l pairs (track 444, frame 927)
for analysis of slope motion in Kaunertal, Austrian
Alps.

Dates

Baseline
BP (m)

1

0617/92-2617 /93

164

2

2617/93-95/9/27

472

3

27/9/95-12/9/96

11

4

12/9/96-13/8/98

123

5

27/9/95-13/8/98

111

6

14/2/95-15/2/95

135

Pair

days and longer the signal decorrelates completely over
forests and other densely vegetated areas. However,
above the tree line we were able to derive
interferograms for time intervals up to three years.

Fig. 5 shows the motion of the slope above the reservoir
Gepatsch derived from interferogram Nr. 4. The motion
field is clearly separated from the stable part of the
slope, extending in form of a wedge from the highest
point, peak Atemkopf (2792 m), down to the reservoir.
No information can be derived for the lower part of the
slope, because it is covered by forest. An interferometric
correlation coefficient of 0.30 was used as threshold to
delete areas with very low or missing coherence. In
contrast to the published data, it is obvious from the
interferogram that also the upper part of the slope is
moving, with a second maximum of velocity of about 3
cm per year above 2500 m a.s.l.. Profiles of surface
motion from Atemkopf downwards are shown in Fig. 6
for three different periods (1992-93, 1995-96, 1996-98).
The minimum of motion in the altitude zone from 2200
m to 2400 m and the increase towards the lower and
upper parts of the slope are evident in all three periods.
However, there are distinct differences in the magnitude
of the motion from year to year.

A case study was carried out for a slope which rises
about l 000 m in altitude above the reservoir Gepatsch in
the valley Kaunertal, Tyrol. During the first filling of the
reservoir in 1964 gliding processes were observed on
the lower slope section which is about 800 m wide and
extends over 350 m in altitude. Between July 1964 and
September 1966 the central part of this slope section
moved by about 13 m. After 1966 the gliding process
changed to steady creep. The slope movements are
monitored continuously
at several control points.
Between 1992 and 1997 geodetic measurements showed
mean motions on the lower slope section of up to 3 cm
per year [7]. No hints are given regarding motion of the
upper part of the slope.
Interferograms covering time spans from 350 days to
1047 days were generated from ERS-1 and ERS-2
images (interferograms Nr. l to 5 in Table 1). With
exception of interferogram Nr. 2, which was quite noisy,
possibly due to the long baseline, the interferograms
were suitable for quantitative mapping of the slope
motion above the timberline. With interferogram Nr. 2
only a qualitative assessment of the motion field was
possible. Interferogram Nr. 6 with one day time interval
was used directly as reference for the topographic phase.
Because the motion is so slow, it was not necessary to
subtract the motion-related phase from this tandem
interferogram.
Better
results
were obtained
by
subtracting the topographic phase using this real
interferogram
than
hy means
of a synthetic
interferogram derived from an available DEM with 50 m
raster intervals. To resolve details of the comparatively
small-scale
motion
field
we
processed
the
interferograms at the full resolution of about 8 m in slant
range and 20 m along-track.

0

mm/a

50

Fig. 5. Map of surface motion of the slope on the
orographically left side above the reservoir Gepatsch,
Tyrol, Austria, derived from the ERS SAR
interferometric
pair 27/9/95-12/9/96.
A - peak
Atemkopf. Contour line interval 100 m.
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repeat images in annual time scales are needed.
This excludes the application over forests and
other densely vegetated areas, but coherence above
the timberline was found suitable for time intervals
up to three years.
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High spatial resolution is useful for analysing small
scale phenomena such as slope movements. The
margins of the sliding slabs are often characterised
by narrow shear zones. High bandwidth helps to
resolve the fringes in these zones.

•

For surfaces which are subject to temporal changes
of motion, elevation data from other sources are
needed to subtract the topography-related phase. If
the motion is very slow, it is possible to use oneday repeat interferograms directly to subtract the
topographic phase. The velocity of many of the fast
moving targets, such as surging glaciers or ice
cauldrons, changes in time which may results also
in pronounced changes of surface topography. For
these cases up-dated topographic data are usually
not available. Short baselines, reducing the
influence of topography, help to overcome this
problem.
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Fig. 6. Profiles of surface motion on the slope
above the reservoir Gepatsch for two annual and
one biannual period. A: 0617/92-2617/93, B:
27/9/95-12/9/96, C: 12/9/96-13/8/98.
A field survey in August 1998 confirmed that the
interferometrically derived motion of the upper part of
the slope, previously not known, is clearly reflected in
the surface morphology. This means that creep
processes affect the whole slope of about 1000 m
vertical extent and that the sliding surface is located at
greater depth than previously assumed.
CONCLUSION
The presented case studies show the high potential of
spaceborne SAR interferometry for monitoring dynamic
phenomena at the Earth's surface which reveal temporal
changes of the velocity. The continuous survey of
motion and deformation related to volcanic activity and
sliding of mountain slopes is of urgent interest for
hazard warning. Spaceborne SAR interferometry offers
the advantage to provide repeat observations of entire
deformation fields. However, certain limiting factors
have to be kept in mind:
•

•

For applications in mountains the orientation of
slopes in respect to the radar look direction is of
main importance. In case of steep slopes, which are
likely to be subject to sliding, interferometric
motion analysis is only possible on backslopes.
Temporal decorrelation is the main limiting factor
for application of repeat pass interferometry over
glaciers and vegetated areas. Over temperate
glaciers the signal decorrelates fast, depending on
melting, snowfall and snow drift [8]. Therefore
one-day repeat images are optimum for studying
phenomena of ice motion and deformation,
including some of the phenomena related to
volcanism. The movement of creeping slopes, on
the other hand is usually much slower, so that

In spite of these limitations, repeat-pass SAR
interferometry offers excellent possibilities to monitor
surface deformation and its temporal variations over
extended time periods. One-day repeat pass
interferograms of the ERS-1/ERS-2 tandem mission and
35-day to annual or multi-annual repeat pass interferograms are of particular interest for monitoring
surface deformation in hazard zones. The related
phenomena spread over a wide range of temporal and
spatial scales. Though the short-term repeat capability
may not be available in the near future, the requirements
for regular repeat observations at the various time scales
should be taken into account for the design and
operation of future SAR systems.
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ABSTRACT
The ERS Interferometric Quick Look processor developed by ESA has made it possible to examine the interferometric coherence of ERS data for land-use
applications on a world wide scale. Many successful
interferometric studies have been focussed on relatively small regions of terrain. This is partly because of
the localised nature of some of the areas of interest but
also because of the relatively high processing load
required by interferometry. The Interferometric Quick
Look system has been designed to rapidly process
complete strips of ERS SAR data and many examples,
covering a wide range of land surfaces, have been processed at ESRIN. Some of these can be viewed at:
http://earthl.esrin.esa.it/INSI
In this paper we describe the Interferometric Quick
Look system, show examples of how its output is relevant to land classification, and discuss the use of the
system to assess ERS Tandem data for land-use exploitation.

and has been designed with many features to ensure a
fast throughput.

What is the Aim of the IQL?
The IQL processor was built with the aim of trying to
assess the quality of selected samples of ERS tandem
data. Usually this involves checking that there is sufficient coherence to facilitate the various interferometric
applications for a particular set of images or terrain
type.
The ERS tandem mission, during which both the ERS1 and ERS-2 satellites were observing the same part of
the ground with a I-day time interval, has produced a
unique archive of data which covers the vast majority
of the Earth's surface. Although there have been many
interferometric studies that have made use of ERS tandem data, this only represents a very small fraction of
the available archive. There is therefore still much to
learn from this data and the large scale production
capability of the IQL provides a powerful tool for helping to reveal the full potential of ERS tandem data.

IQL BACKGROUND
How is the IQL Currently Being Used?
What is the IQL?
The Interferometric Quick Look (IQL) system produces 'interferometric images' from very large volumes of ERS SAR data. The IQL requires complete
passes of raw SAR data as input and generates continuous output images. The system is completely automatic

The IQL system is currently being run at ESRIN on a
daily basis. Data from many regions around the world
are being selected for processing, with the aim of covering a wide range of representative land-use types.
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Where can I see IQL images?

What is an ILU image?

ESRIN has developed a web site to host examples of
the IQL output images. The address for the web site is:

The ILU (Interferometric Land-Use) image is an RGB
image where the separate channels have been coded
such that:

http:/ !earth l .esrin.esa.it/INSI
Red = Interferometric coherence.
The data shown on this site are in a browse format; the
pixel size is 200m x 200m and the images are jpeg
compressed. This means that they are not usually
appropriate for conducting quantitative scientific studies but that they provide very clear information about
the quality of the data. In particular the coherence of
the data can readily be assessed and hence the suitability of interferometric techniques for the particular
region of the world covered by the image.
To date, the "INSI" web site contains data from the following countries: Angola, Argentina, Australia, Austria, Bolivia, Borneo, Brazil, Cambodia, Canada,
Central African Republic, China, Congo (Zaire), Ecuador, Egypt, Eritrea, Ethiopia, France, Guatemala, Guyana, Haiti, Indonesia, Iran, Iraq, Israel, Italy, Jordan,
Kazakhstan, Kenya, Kuwait, Laos, Mexico, Netherlands, Norway, Paraguay, Portugal, Saudi Arabia,
Spain, Sudan, Suriname, Tanzania, Thailand, Turkmenistan, USA, Uganda, Uzbekistan, Vietnam and
Zambia.
The web site also contains facilities for users to provide feedback about any features they consider to be of
interest.

THE IQL AND LAND-USE
Who is interested in IQL output?
Traditionally the main application of interferometric
techniques has been the measuring and monitoring of
the Earth's topography. However, the use of interferometric coherence is increasingly being used in applications related to the retrieval of bio- and geo-physical
parameters for land applications. This fact has been
reflected by a corresponding increase in interest in the
ILU (Interferometric Land-Use) image produced by
the IQL system.

Green = The minimum intensity, at any given pixel,
from the two acquisitions.
Blue = Intensity change between the two acquisitions.
More commonly, for this type of image, the average
intensity between the two intensity acquisitions is used
as the green channel. However, under certain wind
conditions, this combination often leads to water bodies being green in colour. This can cause confusion
with forest regions. By using the minimum intensity it
is often possible to help give the water bodies a blue
colour.
The resulting ILU image is useful for quickly assessing
the suitability of an interferometric pair for discrimination between different land use types.
In addition, this particular RGB combination has been
chosen so that the land-use types are coloured in a
manner which might be found in a photographic
image. In this way the ILU images can be thought of as
a form of "colour SAR image". This can often be an
important consideration when presenting SAR data to
audiences who are not SAR experts.
A simplified understanding of the relationship between
the ILU image colours and the land surface type is as
follows:
Green areas correspond to heavily vegetated (forests)
or layover areas.
Blue areas correspond to water surfaces (sea & inland
water).
Red areas correspond to bare rock and stable agricultural fields.
Yellow areas correspond to urban centres.

What is an IBP Image?
The other type of image which can be found on the
'INSI' web page is what we have called the Interferometric Browse Product or IBP. The IBP image shows
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the interferometric phase projected on a colour wheel
in those regions where the coherence is higher than 0.2
and the average intensity image on a grey-scale elsewhere. This image is useful to quickly assess the quality of the interferometric fringes, which might, for
example, be used to make digital elevation models
(DEMs). Each cycle of the colours (for example, going
from yellow to purple to turquoise and back to yellow
again) represents a change in the ground height which
is dependent on the satellite geometry.

Are there any Specific Applications
System has Provided Input Data?

where the IQL

A project conducted at ESRIN [I] has made use of the
IQL output to investigate the extent of deforestation
caused by the fire events that occurred in the forests of
Indonesia in 1997. In general, one of the main advantages of using interferometric techniques for land classification tasks is that the coherence provides an extra
valuable feature, which can help to separate regions of
forest from agricultural land cover. These are classes
which are difficult to separate using SAR intensity
alone. Therefore, the Indonesia project provides a good
example of a large scale project where the IQL system
has provided valuable information.
In figure I another example of deforestation is shown.
This is an ILU image from a region in Paraguay made
with tandem data acquired on 29-30 March 1996. The
orbit numbers are ERS-1: 24604 and ERS-2: 4931 and
the frame number is approximately 4041. It can be
seen that the predominant colour in this image is green,
indicating forested areas. However, cut into the forest
are many rectangular shaped regions which contain
colours which include a greater degree of red, principally orange. This higher level of coherence indicates
areas where the forest has been cleared in order to
allow agricultural activity.

IQL DESIGN
Various techniques are used in the IQL system to allow
efficient processing. The five most important features
are described here.
(I) Raw Data and Band-pass Filtering

Raw data is band-pass filtered and re-sampled in both
range and azimuth before it is focused. This greatly
reduces the amount of input data and the size of the
necessary filters thus improving the efficiency. A subsampling factor of 2 is used in range and 8 in azimuth.
Out of the 8 possible azimuth spectral bands (looks), 3
are discarded and 5 are processed separately and then
combined as independent spectral looks to reduce
speckle noise. The bands are chosen so as to include,
firstly, the look centered on the average Doppler centroid of the 2 passes and then the 4 looks which are the
nearest neighbours to this one.
In range, the different look angle between the 2 passes
creates a spectral shift between their spectra. The nonoverlapping part of the spectrum is filtered out and a
look is taken so that it is centred on the overlapping
part. The other look, which usually does not contain
much information, is discarded.

(2) Co-registration
The IQL is basically processed in independent slices
which cover the full I00 km swath in range and are 30
km long in azimuth. After the sub-sampling stage the
raw data slices are focussed. The co-registration
parameters between the 2 passes are calculated by finding 2 pairs of corresponding tie-points in the images
made from the central look of the 2 passes. These tiepoints are found by looking at the cross correlation
function of many small patches (-8x8 pixels) in the 2
images and stopping as soon as soon as there is reasonable confidence that good tie-points have been found.
Two pairs of tie-points are used to give the co-registration process both a shift and a stretch capability. Various rules are employed to try and ensure that reliable
tie-points are chosen. However, there are still situations
when errors can occur in the co-registration process,
for example in situations where the processing strips
correspond to water (or forest and thus with no reasonable coherence patches) or where the terrain is unstable
such when there is moving ice.
Once the co-registration parameters have been established, each complex focussed look of the first pass is
re-sampled on to the corresponding look of the second
pass using small (- 7 pixel) time domain filters. From
these co-registered complex images 3 basic outputs are
produced: a coherently averaged 5 look complex interferogram and two incoherently averaged 5 look inten-
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sity images (one for each pass). From these 3 basic
images a coherence image is computed
(3) Coherence Calculation
Coherence is defined as;

where VI is one of the complex images and V2 is the
complex conjugate of the other image. The equation
used for the coherence estimation is;

where the sums are over L=5 looks in frequency and N
spatially adjacent pixels. In general, large values of N
will give poor spatial resolution but will help to reduce
the zero coherence bias and the speckle noise. A value
of N=3x3 is the compromise used in the IQL, which
gives a zero coherence bias of approximately 0.21. It
should be noted that values of N greater than 1 also
introduce a negative bias for high phase slopes. This
leads to an under-estimate of the coherence in regions
of high slope.

(4) Phase Calculation and Output

2. These images have 1 byte per pixel and have a resolution of 32 m in azimuth and 38 m in ground range.
The ILU and IBP browse images, discussed earlier, are
produced from these basic slant-range images. As well
as the browse images, the IQL offers the possibility to
produce the coherence, phase and two intensity images
in ground range with a chosen pixel size. The colour
browse images can also be produced at higher resolutions than those shown on the "INSI" web page.

(5) Parallel Processing
An important part in the design of the IQL was the use
of parallel processing to increase efficiency. This consisted mainly of the implementation of the IQL as
many small programs, each with its own specific task.
These sub-programs are launched by a main program
(when required) and communicate with each other
using shared memory and semaphores. The decision
exactly when to run which program on which CPU is
decided during run-time by the computer's operating
system.

What Machines does the IQL Run on and How Fast is
it?
The IQL is currently running on various Silicon Graphics machines. Specifically:
An 8-CPU (R8000/R8010 70/90 MHz), 1792 MB ram,
30 GB disk, IRIX v.6.2 Power Onyx. This can process
raw data from 2 3000km long passes on disk at a rate
of - 1.5 minutes per 30km slice.
A 2-CPU RlOOOO Origin 200 with 768MB. This can
process raw data from 2 3000km long passes on disk at
a rate of - 2.5 minutes per 30km slice.

After the processing strips have been joined together,
taking account of the changes in SWST (sampling window start time) and after the coherence has been calculated, the phase of the interferogram is computed. The
phase image is corrected for fringes due to the Earth's
ellipsoid by accurately propagating the input state-vectors and calculating the induced phase. It has been
found that using precise rather than restituted state vectors gives a clear improvement in the ellipsoid correction.

Data ingestion is from SONY D 1, DLT or Exabyte in
various formats and can be run independently from the
processing.

At this stage the first output from the IQL processor is
saved on disk. This is the basic, lowest level, output
from the IQL system and comprises four slant range
images; the coherence, phase, intensity 1 and intensity

The IQL system has been developed by Advanced
Computer Systems based on an initial prototype
designed at the Dipartimento di Elettronica, Politecnico di Milano.

Who Built the IQL system?
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CONCLUSION

REFERENCES

The ERS Interferometric Quick Look system developed at ERSIN has provided a powerful tool for assessing the quality of the ERS tandem archive over large
areas of the world's surface. It has been found that the
mode of the coherence over non-forested areas is typically 0.7 for tandem data. This confirms the value of
this dataset for DEM generation and is also usually
sufficient to allow forested surfaces to be separated
from other land classes with a high degree of confidence.

[I] Antikidis E., 0 Arino, H Laur, A Arnaud, "ERS
SAR Coherence and ATSR Hot Spots: a Synergy for
Mapping Deforested Areas. The Special Case of the
1997 Fire Event in Indonesia. Second International
Workshop on "Retrieval of Bio- and Geo-Physical
Parameters from SAR Data for Land Applications",
ESTEC 1998.

Figure 1: An ILU image over Paraguay.
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I.ABSTRACT

2. INTRODUCTION

The ERS Tandem mission has provided a large archive
of interferometric data, valuable not only for topographic mapping but also for land use applications. In
fact, the potential of the interferometric tandem coherence for land cover analysis has been demonstrated
over many different sites around the world. However, it
is not clear to what extent future missions will be able
to offer the one-day satellite repeat pass that makes the
ERS mission so interesting for land applications. It is
therefore necessary to evaluate the potential of interferometric coherence when acquisitions are separated by
more than I day.

A wide range of studies have shown that interferometric coherence can provide a valuable additional SAR
feature for helping in land classification applications
[I]. In particular, it has been found that tandem coherence (i.e. coherence from ERS I/2 SAR acquired with I
day interval) is useful for discriminating between those
land-cover types that are difficult to differentiate using
only SAR intensity.

The key point is to examine the evolution of the coherence and its effectiveness for land use discrimination
as the satellite repeat pass time increases. It is expected
that the answer to this question will vary depending on
the land surfaces under consideration. Therefore, in
this study, we have selected a wide range of representative land cover types over Spain.
The ERS mission has provided SAR data acquired over
the same site at different time intervals, specifically I
day, 35 days and any multiple of them. The aim of the
work presented here is to analyse the evolution of the
interferometric coherence as a function of time,
exploiting the variable repeat pass interval of the ERS
mission on different land surfaces.
The conclusion of this work is particularly important
for the future ENVISAT mission. The ENVISAT orbit
repeat cycle will be 35 days, and it is therefore important to establish whether this time interval will provide
"sufficient" coherence for land use applications.

The aim of this study has been to investigate whether it
is possible to make use of interferometric coherence
for land classification applications using 35 day repeat
pass data. This is an important consideration because
this is the planned standard repeat cycle for the ENVISAT mission.
Previous studies have suggested that the coherence levels from 35-day repeat data will not be sufficient for
land use applications. However, this is based on experience from a limited range of specific regions.
The objective of the present study is to compare tandem and 35-day repeat coherence over a large surface
area covering different land cover types. We have chosen to focus our attention over a -800 km x 100 km
region in Spain, which covers a wide range of different
terrain types. In addition, Spain is one of the driest
countries in Europe. This means that it is expected that
interferometric coherence should be preserved for
longer than in damper climates.

Proceedings of the 2"d International Workshop on Retrieval of Bio- & Geo-physical Parameters from SAR Data for Land
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This paper is organised according to the following
structure. In section 3 we discuss the methodology and
techniques that have been adopted in this study. In section 4 we present the results and in section 5 we summarise our findings and make some suggestions as to
how further work might extend our understanding of
interferometric coherence derived from 35-day repeat
pass data.

3. METHODOLOGY
The data used in this study is derived from the ERS
track number 366. Figure 1 shows the location of this
track. Figure 2 shows a land-use map taken from the
Corine archive. It can be seen that the track chosen
covers a wide range of land cover types. In the north
(towards the coast) there is the Cantabrian range of
mountains, which are largely forested and coloured
green in figure 2. Immediately south this mountainous
region is the large area of flat plains of Castilla y Leon,
on which arable or cereal crops are grown. This is a
light yellow colour in figure 2. In the southern half of
Spain the land-use becomes more mixed and includes,
for example, vineyards and irrigated crops. Finally, the
southern most part of the track includes the Sierra
Morena mountains and the town of Sevilla, which is
surrounded by very flat terrain and supports a range of
agriculture including rice production.
The interferometric processing for this study has been
conducted using the ESRIN Interferometric Quick
Look (IQL) system. This system is described in greater
detail in another paper presented at this meeting [2].
The IQL is particularly suited for processing large
strips of data. In this study we have made use of this
processing capability to give a large scale view of the
evolution of coherence over Spain, as well as for providing a medium scale analysis of particular regions
for which we have ground truth.
For this study we have used the IQL to provide the
interferometric coherence and the SAR intensity for
each acquisition with I 00 m x I00 m pixels in ground
range.

Figure I. The ERS track used in this study.

Figure 2. A land-use map of Spain. Green = forest.
Yellow, light yellow = arable, cereal crops. Brown =
permanent crops, e.g. vineyards. Red= Urban.
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The data we have used comes from a period of the tandem mission in the summer and autumn of 1995. Three
tandem and three -35-day repeat pass tracks have been
processed from these data The details of the acquisition dates and baselines are given in table I. For the
-35 day pairs we have selected the satellite combination with the smallest baseline.
fl time

Date

perp. baseline

I day

El:l4Ju195
E2: 15 Jul 95

32m

1 day

EI: 18 Aug 95
E2: 19 Aug 95

-87 m

I day

El: 22 Sep 95
E2: 23 Sep 95

232m

36day

El: 09 Jun 95
E2: 15 Jul 95

-I 13 m

35 day

E2: 15Jul95
E2: 19 Aug 95

267m

35 day

E2: 19 Aug 95
E2: 23 Sep 95

-44m

Table I: Data used in the study.

All of the coherence and intensity images have been
co-registered with respect to the July tandem pair. For
each pair we have generated the mean intensity and the
absolute value of the intensity difference between the
two acquisitions.
In this study we have taken two different approaches.
Our first analysis is based on a large scale comparison
of tandem and 35 day repeat coherence. In order to do
this we have generated colour images combining 2
consecutive tandem coherence images and the 35 day
coherence between these two tandem dates. In our second approach we have studied in detail the evolution of
the coherence over some particular land cover types.
Nine different land classes have been selected and
identified from our data set. The ground truth was
obtained from land-use maps and with the support of
Spanish geologists working at ESRIN.

4. RESULTS
Large Scale Analysis
In this part of the study we have produced two multitemporal coherence images. Figure 3 is an RGB image
with:
• Red: coherence, tandem July
• Green: coherence, tandem August
• Blue: coherence, 35 day July-August
and figure 4 is an RGB image with:
• Red: coherence, tandem August
Green: coherence, tandem September
• Blue: coherence, 35 day August-September
In figure 3 it can be seen that there is a substantial
amount of white areas, which correspond mainly to the
flat plains. In these regions the 35-day coherence has
been preserved as well as in the tandem data. In the
more mountainous areas the image is predominantly
yellow, indicating a decrease of coherence in the 35
day image. This can be explained as a result two possible effects. One being a change in the surface between
the 35 days and the other being the much larger baseline for the 35-day pair (the loss of coherence due to
large baselines is more pronounced over regions with
high slope).
In figure 4 it can observed that the regions that were
predominately white in figure 3 now contain more yellow, indicating a greater Joss of coherence in this 35day pair. However, the main difference in this image
with respect to figure 3 is the purple regions which are
predominant over the mountainous areas. This indicates a greater loss of coherence for the tandem September than for the 35-day pair. It is important to
notice that the September tandem is the pair with the
largest baseline in this image. Therefore in this case the
decrease in coherence over the mountainous regions is
mainly a consequence of the larger baseline for the
September tandem pair rather than surface change
effects.
The analysis of both of these images shows that the
loss of coherence over the mountainous areas is correlated more strongly to the baseline than to the time
interval between the acquisitions. In fact we see here
an example where a 35-day pair shows a higher coherence than a tandem pair with a larger baseline. Further
analysis shows that the level of the 35-day coherence
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in the high slope regions in figure 4 is similar, or higher
than the coherence level from the August tandem data
(i.e. the blue and red channels have similar values).
Medium Scale Analysis
In this part of the study we focus on a selected sample
of different land classes in regions where we have
ground truth.
The selected classes are listed in figure 5. These classes
have mainly been selected from the flat regions in our
test site. The one exception being the deciduous forest
class which was extracted from the Cantabrian mountains.
The scatter plot in figure 5 shows the average intensity
versus the average coherence for each selected region
of a particular class. This is displayed for each processed pair from the summer-autumn 1995 data set.
The results for the tandem pairs are shown in blue and
those for the -35-day in red.
One of the key features in this scatter plot is that the
coherence for the 35-day pairs is generally lower than
for the tandem data. However, some classes maintain
their coherence better than others.
The scatter plot gives no information about the distributions of the values within each class. In order to
show this information and to be able to analyse the
separability of the different classes, we need to study
the histograms of these distributions. However, the
scatter plot does give an indication of which classes
can be separated using the intensity (urban class) and
the change in intensity (the water class). This is confirmed by the intensity histograms, which are not
shown here.
In the coherence histograms that we show in figure 6,
we have concentrated on those classes having similar
intensity in order to asses the ability of the coherence
as a discriminating feature.

Figure 3.

Figure 4.
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forests maintains a very stable medium level of coherence for both time periods.
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Figure 5
One of the key aims is to discriminate between the forest and non-forest classes. For the tandem pairs, the
histograms show that it is possible to separate cereal
and sand (which have high coherence) from the forest
classes. The separability of brushwood depends
strongly on the baseline for the tandem pairs (i.e. less
separable for September with large baseline). The irrigated agriculture gives a coherence very similar to that
of the forest classes.

5. CONCLUSIONS
One of the findings of our large scale analysis has been
that there are substantial regions within Spain which
maintain their coherence after 35 days. In addition it
has been observed that the baseline often appears to be
a more critical factor in determining the level of coherence than the time interval, particularly in mountainous
areas.
Our medium scale analysis has shown the difficulties
to discriminate between certain classes, particularly for
35-day repeat data. However, the results also show that
for certain classes the 35-day coherence varies in a way
which is characterised by the agricultural cycle. This
indicates that a further analysis based on the variation
of coherence throughout the seasons combined with a
knowledge of the agricultural cycle would provide
valuable additional information for separating these
classes.
6. REFERENCES

For the 35-day repeat data it is still possible to separate
sand from forests, as sand maintains a stable and high
coherence. On the other hand, the coherence for cereal
crops varies substantially depending on the 35-day
period. This variation is independent of the baseline
since these regions are located in the plains. In fact the
highest levels of coherence are seen for the pair with
the longest baseline. Presumably these changes are the
results of agricultural activity.
For the 35-day data, as with the tandem data, the separability of brushwood and irrigated agriculture is difficult. As was expected the deciduous forest class gives
low coherence for tandem and the 35-day data. Pine

[1] Wegmuller U., C.L. Werner, Land Applications
using ERS-112 Tandem Data, ESA Fringe Meeting,
Zurich, 96.
[2] Walker NP., S. Mica, H. Laur, The ERS Interferometric Quick Look Processor: a Powerful System to
Assess and Exploit the ERS Tandem Archive for LandUse Information Retrieval, Second International Workshop on "Retrieval of Bio- and Geo-Physical Parame
ters from SAR Data for Land Applications", ESTEC
1998.
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ABSTRACT
A new approach for the application of Sar Interferometry is presented. The approach is based on the use of a
database of interferograms of the same area and it is particularly suitable for long term studies of terrain deformations. A practical example of the application of the
database approach is given for a test site in the Netherlands. For this slow subsiding area, INSAR has been
applied in order to retrieve the terrain deformations occurred between I992 and 1996. On these time scales, only
the information coming from urban areas was still correlated, and could therefore be used, but in spite of the
reduced information, the measured deformations were in
good agreement with those from levelling.
INTRODUCTION
We present here a study on the applicability of the INSAR
technique on long time scales. On long time intervals
temporal decorrelation is so strong that the only sources
of coherence are anthropogenic features. We tried to compensate for this lack of information in the interferograms
by using a stack of them, in what we called a database
approach. Details on the construction of the database are
given in the next section of this paper. The approach was
applied for detecting terrain deformations in a slowly subsiding area, and the results are presented together with
some remarks on the practical application of long term
INSAR. Finally, some conclusions on the feasibility of
long time scale Sar Interferometry are given based on the
results of the presented work.
THE DATABASE APPROACH
The database approach has being studied and applied for
our test site in Groningen, in the Netherlands, within a feasibility study on the retrieval of deformations by means
ofINSAR in conditions of almost complete decorrelation.
The test area undergoes slow subsidence with rates of the
order of I cm/yr at most. Deformations can therefore be
detected on time spans of at least one year; however, at
such intervals the interferograms of this site show significantly high coherence only in urban areas and for man-

E-mail: usai@geo.tudelft.nl

made features in general. We therefore focussed our attention on the use, in interferometric sense, of the pointwise (or almost pointwise) information from these features.
The interferograms were generated with a particular
procedure. First, all SLC images were coregistered on the
same master. For the determination of the coregistration
parameters, azimuth filtered images were used and the
determined parameters were applied to the original (i.e.
not filtered) slaves. Subsequently, the coregistered slaves
were combined with each other to generate the interferograms. Before the complex multiplication, azimuth filtering of the two images with respect to each other has been
applied. Since the slaves were already coregistered on the
same master, complex multiplication could in principle be
applied directly. However, an additional fine coregistration step has been applied: in our experience, it turned
out to be effective for the refinement of the matching between the two slaves. The use of images both already
coregistered on a third one obviously limits the resulting interferogram to the common part between the three
SLC's. However the loss with respect to the area covered
by the "direct" interferogram between the two images is
usually small. The advantage is that in this way each interferogram of the database is computed on the same grid,
thus a given pixel represents in each interferogram exactly
the same area. This was particularly important for our
case, since we wanted to pinpoint anthropogenic features,
which have usually very limited extension in terms of the
used pixels resolution of 40 x 40 meters (2 x I0 multilooking).

A PRACTICAL APPLICATION: LAND
SUBSIDENCE MEASUREMENTS IN THE
NETHERLANDS
From the database of our test site we selected a set of interferograms, for which we applied the differential technique
in order to detect terrain deformations. We considered interferograms spanning different time intervals from one
day up to 3 I/2 years in the period from autumn 1992 to
spring 1996. The characteristics of these interferograms
are given in Tab. I. As already mentioned above, correlation in the long term interferograms was present almost
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Table 1: The used dataset of interferograms. The 4th column shows the time span in days, the 5th the serial number of the interferogram
[ master

21-4-96
20-4-96
21-4-96
17-3-96
20-4-96
16-3-96
17-3-96
16-3-96
6-1-96
20-8-95
19-8-95
20-8-95
19-8-95
4-11-93
21-4-96
16-3-96
20-4-96
16-3-96
17-3-96
16-3-96
16-3-96

J

slave

10-9-92
10-9-92
15-10-92
10-9-92
15-10-92
10-9-92
15-10-92
15-10-92
19-11-92
19-11-92
19-11-92
4-3-93
4-3-93
11-2-96
11-2-96
6-1-96
11-2-96
21-4-96
21-4-96
20-4-96
17-3-96

J

Bperp

J

-46
-115
-57
63
-120.
52
23
25
-74
99
37
5
-82
-93
143
-129
76
79
77
145
24

days

1319
1318
1284
1284
1283
1283
1249
1248
1143
1004
1003
899
898
829
70
70
69
36
35
35
1

J

100

no I

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21

only in the presence of man-made features: a typical example of coherence image is shown in Fig. I.
The differential technique was applied by subtracting
from a long term interferogram a short term one taken as
reference for the topographic information: this was done
for different choices of the interferometric pairs. In order
to reduce the decorrelation noise, we worked only with
pixels having coherence above a fixed limit, which was
taken at 0.5. From these pixels we selected those appearing in both the considered interferograms, and for which
thus the comparison between the phase values in a differential sense was possible: the differential method [2]
was then applied on a pixel by pixel basis. The differential phase measurements obtained in this way had then to
be referred to a zero value in order to yield the deformation values. For this purpose, we used the mean differential phase computed along a road located outside the subsidence area, and which, when analyzed in the differential sense, showed an high interferometric phase stability
in time [l ]. The mean value of the phase along the road
was therefore subtracted from the differential interferogram, and the resulting slant-range deformations were finally converted in centimeters and geocoded on the local
reference system. Fig.2 shows an example of the differential interferograms obtained. The correlated areas are
distributed in "patches" corresponding to urban areas: the
patches are characterized in most cases by a rather con-

100

200

300

400

500

600

Figure 1: Coherence image of If.no.l (Sept.92-Apr.96)

stant phase value, which can vary from one patch to the
other. Only in the city of Groningen a fringe pattern is visible, indicating a gradient in the deformations across the
city. Fig.3 represents the deformation pattern obtained by
interpolating height differences obtained from two levelling campaigns in 1992 and 1995 (unfortunately no levelling data were available from 1996). The interferometric results seems to be in good agreement with the levelling results. In particular the expected deformation is indeed rather uniform in each urban area, with the exception of Groningen, where the subsidence increases going
from south-west to north-east of the city. In the particular
differential interferogram presented here in Fig.2, also the
numeric values coincide with the deformations resulting
from levelling: moreover, the same deformations values
showed up in two other differential interferograms on the
same period. In some cases however, although the differential values show a similar pattern, in particular the same
phase trend in the area ofGroningen, the deformation values don't correspond to the expected ones. Since in most
cities the deformation is uniform, the resulting differential phase is a constant and only by comparing the different constant values between patches one can check for
the presence of biases. We found indeed in some cases
that some of the patches when compared with the others
gave unrealistic deformation valJes, and we strongly suspect that this is caused by biases due to atmosferic effects
or precipitations. The same effect could of course occur in the area of the road whose mean differential phase
we used as reference value: in this case, however, the
whole interferogram would be biased, but the difference
between patches would still represent the deformations
correctly. As for the city of Groningen which, as said before, is characterized by a non-uniform subsidence, it was
possible anyway to compute the difference in deformation
between the two extremes of the cities, regardless of biases: the resulting difference was in most cases the same
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Figure 2: Interferometrically derived (slant-range) deformations ( 1992-1996)
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and in agreement with the expected deformation.
Orbit errors could also affect the differential interferograms. Due to the strong decorrelation of the long term
interferograms, in fact, it is very difficult to identify with
certainty the presence of residual trends due to errors in
the orbit determination. Therefore, in order to limit as
much as possible the occurrence of such errors, we always
used precise orbits.

SOME REMARKS ON THE DATABASE APPROACH
The practical application of INSAR on long term permitted us to make some considerations about the problems
and characteristics of this particular application. Since
we are interested in the retrieval of deformations with INSAR, long term interferograms shoud have as short baselines as possible, while short term interferograms should
have longer baselines, say from 120 up to 200 m., in order to use them as reference topography. Unfortunately,
one day interferograms, which would be the best choice in
terms of correlation for a reference topography, turned out
to have in most cases very short baselines, and also in the
35 days interferograms the cases having such baselines
were very few. This limits the possible combinations of
interferometric pairs and therefore of cross-checking the
resulting deformations. Moreover, more tandem and 35day pairs would increase the temporal coverage and uniform the temporal distribution of the results: in our case,
in fact, we couldn't find interferograms with the proper
baseline lengths for our purpose on a time interval between 70 days and 27 months.
The database approach seems to be the only possibility for the application of Sar Interferometry in particularly
difficult areas, such as those affected cronically by temporal decorrelation and atmospheric disturbances like our
test site. In general, the database approach has several advantages with respect to the use of single interferograms,
making it interesting also for more favorable areas. Perhaps with few exception, every area is in fact sooner or
later affected, from the interferometric point of view, by
temporal decorrelation, so in a long term survey we will
always have to cope with it. Combinations of interferograms by means of some operation of average may help
reduce the effects of decorrelation. Comparison of interferograms permits also to identify biased and/or spurious information, caused for example by atmospheric effects or precipitations. Moreover, different interferometric cross-combinations of images offer a tool for checking
the consistence of the resulting deformations. Finally, a
database of interferograms is the necessary tool for keeping track of deformations and obtain a temporally wider
insight in the deformation mechanisms on long term, and
permits a full use of the already available ERS image
database.

CONCLUSIONS
Long term application if INSAR is possible in vicinity of
urban areas and in presence of high density of man-made
features. The high decorrelation suffered by interferograms on more years makes it difficult to detect spurios
effects such as those caused by atmospheric artifacts and
orbit errors. However, this can be compensated by using a
stack of interferograms, in what we called a database approach. This approach has been applied in a slowly subsiding area, where the differential technique has been applied in order to retrieve the terrain deformations occurred
in the period 1992-1996. The results were in three different cases in agreement with each other and with levelling
measurements.
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ABSTRACT
The question of retrieving forest biomass from SAR data
has been subject of numerous research works since the
early 1990s. The first results using AIRSAR data
showed that it was possible to invert P band SAR data
into biomass maps. Using the currently available
spaceborne SAR data, namely ERS, JERS and
RADARSAT, the biomass retrieval appears limited in
terms of biomass range and, in certain cases, site
specific.
To provide an overview on issues related to forest
biomass retrieval, this paper will present a survey of the
possibilities and limitations of SAR data at different
frequencies, polarisations and incidence angles.
First the definition of biomass and biomass parameters
(age, height, stem volume, dbh) will be addressed, and
the information requirements in forest management and
in global environment studies for biomass information
will be discussed.
The information content of SAR data in terms of the
retrieval of biomass parameters will be assessed, based
on an understanding of the underlying scattering
mechanisms, which in turn are derived from
observations and modelling results. For this purpose, an
analysis of data acquired by multiple frequency,
incidence and polarisation systems and by systems with
interferometric capabilities has been carried out. The
results, which have shown that the sensitivity to biomass
parameters differs strongly at different frequencies,
polarisations and incidences, have been interpreted
using theoretical models. The aim was to determine the
scattering mechanisms involving different categories of
tree elements such as trunks, branches and leaves. This
understanding is necessary to explain the relationships
between the radar measurements with the dielectric and
geometrical properties of the constituent scatterers,
which in turn are related to the required biomass
parameters (e.g. above ground biomass or stem volume)
via allometric equations. The theoretical models
appeared useful to assess the validity domains of the
observed relationships, when the effects of ground
characteristics, tree species, mixture of species,
topography ... need to be accounted for.

The information content relevant to biomass retrieval of
ERS, JERS,
RADARSAT data, including
interferometric measurements will be summarised.
I- BIOMASS PARAMETERS
Measurements of biomass and related forest parameters
(age class, height, basal area ...) are of prime importance
in forestry applications and in environment and climate
studies. However, the type of measurements and their
required scale and accuracy differ in these applications.
Forest management operations such as timber
exploitation, forest thinning, afforestation monitoring
require quantitative, accurate information at a local
level, on the timber volume and growth. At the regional
level (or country level), requirements are mainly related
to the mapping of forest resources and the identification
of forest changes relevant to a forest resource inventory.
In global environment and climate studies, biomass is a
key variable in annual and long-term changes in the
terrestrial carbon cycle, and needed in modelling carbon
uptake and redistribution within the ecosystems. The
amount and distribution of biomass over the earth's
surface is one of the major uncertainties in our ability to
understand the global carbon cycle.
In forest resource inventory and management the
following main biomass and structural forest parameters
are addressed:
Timber volume: above ground volume of standing trees,
for all diameters down to a certain limit, typically 12 cm
in Europe. The information is used for wood, fibre and
fuel supply. Timber annual increment and timber annual
cut and storage are the derived parameters.
Stem volume: the volume over bark of the stem, down to
a given diameter, does not include the volume of
branches.
Diameter at breast heigh (dbh): diameter of the stem at
1.3 m height from the ground level, recorded down to a
certain limit, e.g. 12 cm.
Mean height: ground to top of tree measured on single
trees.
In forest management practices, biomass parameters are
estimated in the following steps: sample plots or
transects are selected in a forest region, for example
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plots of 0.5 ha or transects of IOxI00 m; inside the plot,
the species composition is established, diameter and
height of all living trees down to a certain limit (e.g. I2
cm) are measured. Then the timber volume or stem
volume, expressed in cubic metres per hectare, are
estimated for each tree using existing allometric
equations established for each species and age.
For global change studies, the parameter of interest is
the above ground dry weight (biomass, expressed in
tonnes per hectare), estimated also using allometric
equations, and a wood density value, varying typically
from 0.5 g/crrr' to 0.7 g/crrr':
It can be understood that uncertainties in in-situ biomass
estimates can be very important. Also, differences
between measurements and estimation methods may
cause large discrepancies
between estimates. For
example, the limit of recorded diameters of stem and
branches can vary from 5 cm to I2 cm depending on the
standard used. Also, for a given forest, discrepancies
between values using different allometric equations can
be very large . In an example of secondary forest, the
differences between biomass estimates have been found
as large as 50% for a I 8 year stand, up to 400% for
younger stands (Alves, I997). In monospecific forests,
the uncertainties are reduced. 20% is the figure
generally given in biomass estimates for forest
plantations.
Also, above all, biomass measurements on the ground
are very time consuming, labor-intensive and often
constrained by lack of access.

extensively. Experimental results have been obtained
since early I990's at different forest sites (Le Toan et.
al., I 992, Dobson et al., 1992, Imhoff et al., I 995). The
data were collected using multifrequency polarimetric
SAR systems such as the AIRSAR and the Shuttle
Imaging Radar SIR-C/X-SAR. These studies all showed
that I) biomass dependence of radar backscatter varies
as a function of radar wavelength, polarisation and
incidence angle. Longer wavelength is the most
sensitive, cross polarisation HV is more sensitive than
like polarisations HH and VV, 2) the sensitivity of radar
backscatter intensity to variations of biomass saturates
after a certain level of biomass is reached. The
saturation level is higher for longer wavelengths. It was
found that for C band HH or VV, the saturation is
reached at 30 t/ha , whereas at P band HV, biomass as
high as 200t/ha can be reached. More recently, ERS
interferometric coherence has also been analysed as a
function of forest biomass. The coherence decreases as a
function of forest biomass and saturates also at low
biomass.

II - RADAR REMOTE SENSING OF FOREST
BIOMASS

According to these results, the currently available
spaceborne systems ERS, RADARSAT, operating at Chand, HH or VV are not the most adapted to biomass
retrieval. JERS I, operated until October 1998 at L band
HH, provided slightly better sensitivity and higher
saturation point.
Despite their limitations, the C-band SAR systems are
and will be providing data on a regular basis with ERS,
RADARSA T and ENVISA T ASAR. In terms of
biomass retrieval, the possibilities of using the available
data to get a low I high biomass class discrimination, or

For the above reasons, the perspectives of using remote
sensing techniques to estimate forest biomass presented
an important interest. Remote sensing data available at
different scales, from local to global, and from various
sources, from optical to microwave, are expected to
provide information that could be related indirectly, and
in different manners, to biomass information.
Numerous studies have demonstrated that approaches
using optical remote sensing data do not work for most
terrestrial biomass densities. In areas of low biomass ,
the NDVI has been used to derive LAI and biomass
value. However, the relationship depends on the soil
reflectance and NDVI saturates when the canopy
reaches full coverage. Similar results have been obtained
with mid-infrared channels .
With their longer wavelength, microwaves are expected
to penetrate into the canopy, to interact with different
components of the trees, and to provide information
about biomass up to a higher saturation level compared
to optical systems.
The relationships between microwave backscatter and
total above ground biomass have been studied

to go further and have more than one class in the low
range of biomass, could be an advantage compared to
optical systems, but only if the methods prove to be
more robust, since both systems are sensitive only to
biomass in a limited biomass range.
The question to be addressed at present is to know how
the radar measurements from ERS, RADARSAT,
ENVISAT ASAR, and to a lesser extent JERS-1, are
related to biomass parameters in different forests ,and
what is the possibility of inversion.
An alternative to the use of existing spaceborne optical
and radar remote sensing methods is to prospect other
sensor types, either airborne systems which will be used
as complementary to spaceborne operations, or new
concepts which need to be considered for future
spaceborne systems.
Among the future systems that will be implemented in
space in the next few years, polarimetric SAR at L band
presents the best system for biomass retrieval, as shown
by results obtained with SIR-C/X-SAR. Research and
technical investigations aiming at developing a
spaceborne P- band SAR are underway. Single pass
interferometry, as in X-SAR/SRTM will be an
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alternative to have the information on the canopy height,
in areas where precise DEM is available. From there,
biomass information could be derived.
High resolution airborne systems can be developed to
complement the spaceborne systems. Using a VHF
airborne system, recent results demonstrated that the
SAR intensity is still sensitive to biomass up to 300
tons/ha.
III -FOREST BIOMASS RETRIEVAL USING ERS,
RADARSAT ANDJERS DATA

3-I Physical background:
The first step was to understand the main interaction
mechanisms between the radar wave at C-band, VV
polarisation (ERS), C-band HH (RADARSAT), L-band
HH (JERS), and the forest canopy. The understanding
will be based on experimental observations and on
physical modelling.
To better understand the effect of frequency,
polarisation, incidence, research results using
multifrequency polarimetric SAR such as those on
airborne systems or on the spaceborne SIR-C/ X-SAR
were used.
To illustrate the relationships between SAR
measurements and forest biomass, the results using
SIR-C/X-SAR data obtained over the Landes forest

were chosen. The forest is the largest plantation forest
in France, totally formed of maritime pine in large
homogeneous stands of various ages.The advantage to
use this type of forest is that the uncertainties of in-situ
parameters are reduced compared to natural forests, and
also, the physical understanding of the interaction
process is facilitated by a more accurate description of
the canopy.
Fig I shows the backscattering coefficients as a function
of forest biomass at HH polarisation, L and C band, and
incidence angles of 26° and 54°, close to that of ERS
(23°) and JERS (35°). Different behaviours can clearly
be observed. The backscattering exhibits no variation
with increasing biomass at C band 54 ° and an increasing
trend at L band 54°, whereas a decreasing trend is
observed at C-band 26° until 10-15 years (30-50
tons/ha), where the signal becomes stable. At L-band
26°, a small decrease is also observed at young ages.
The same results were observed at VV polarisation.
At this point, these empirical data can be used to draw
conclusion on the use of ERS and JERS data for Landes
forest observations. In both case, it would be possible to
discriminate young (<10 years) from old forests, and to
detect low biomass up to 30 t/ha. However, the results
could be site and time specific. The effects of tree
varieties, stand composition, stand homogeneity,
weather and environmental conditions need to be
assessed.
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Fig. I: Backscattering coefficient as a function of forest biomass at L band (left column), C band (right column), 26° of
incidence (top line), 54° (bottom). Data points: measurements from SIR-C/X-SAR, solid lines: modelling results.
A more general approach was to use theoretical
modelling to understand the interaction mechanisms, in
order to assess the generalisability of the methods which
could be derived, for different forest conditions.
Theoretical models can be used to interpret the
experimental data, then to simulate a wide range of
observation conditions. The model used to explain the

results at the Landes forest is a Radiative Transfer
model constructed for the modelling of pine forest (Hsu
et al., 1994). The four layers include a crown layer, a
trunk layer, an understory layer, and a ground surface.
The trunk branches and needles are modelled as
circular cylinders using finite cylinder approximation.
The effect of the clustering of tree elements, mainly
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improved. The model is further used to determine the
major contributions to the scattering process, e.g. for C260 and L-54° (Fig.2). One of the main points to retain
is that the effective forest medium as seen by the radar
depends significantly on the observation configuration
(frequency, polarisation, incidence).

needles, is taken into account by incorporating the
branching model (Yueh et al., 1992). The modelling
results are compared to experimental measurements in
Fig. I. A good agreement in the trend and in the level of
the scattering is observed, except in the first case (L260), where it was found that the description of the
branches, main scatterers in this case, needs to be
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Fig. 2: Scattering mechanisms at C-band-VV 26° and L-band -HH -54°
3-2 ERS data:
At C-band, two points must be highlighted: first, the
canopy scattering and attenuation comes principally
from the needles and twigs whose small size relative to
wavelength is compensated by their high number. The
second point is the high variability of surface
backscatter emanating from the soil. For young stands at
ERS configuration, the backscatter results from the sum
of the soil contribution, attenuated by the canopy, and
the canopy backscatter contribution itself. Simulation
results, with different soil conditions, have shown (Fig.
3) that at low biomass, the intensity dependence of
biomass can vary from an increasing trend (dry, smooth
soil) to a decreasing trend (rough, wet soil), with a
sensitivity to biomass in the range 0-30 t/ha varying
from 0 to 6 dB.
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Fig. 3: Backscattering as a function of biomass at C-VV260. Data points: measurements. Simulated soil
backscattering on ordinate axis, 1: wet , relatively rough
soil surface; 2: medium wet and smooth soil; 3:
relatively rough and dry soil, 4: smooth and dry soil

Since the underlying soil in the forest is more often wet
than dry, many observations have shown decreasing
trend (like in Les Landes). In fewer cases when the soil
surface is smooth, dry or frozen, an increasing trend will
be possible. However, when the underlying ground
conditions are not uniform in different forest stands, the
trend will not be monotonous.
As the scattering comes principally from needles and
twigs, the relationship between the backscattering
coefficient and the above ground biomass can be
explained through allometric relations between needles
and twigs biomass and the total biomass.
3-3 RADARSAT and ENVISAT data:
RADARSAT provides data at different incidence
angles. ENVISAT ASAR will have in addition the
polarisation diversity.
For different incidence angles, the bare soil, when the
surface is smooth in terms of the wavelength, will have a
large angular variation of its backscatter compared to
the canopy. In general, this will result in a reduced
sensitivity of the signal with biomass for increasing
incidence (Fig. 4). The sensitivity to biomass is then
higher at low incidence angles for RADARSAT and
ENVISAT.
The two like polarisations of ENVISAT are not
expected to bring additional information. It is not the
case of the cross-polarisation, where the backscatter
results only from the canopy volume scattering, the
ground surface contribution being negligible. The
relationship with biomass can be expressed by the
increase of the canopy backscatter with the increasing

599

biomass. Thus, cross polarisation is expected to provide
more generalised direct - then inverse - relationships
with biomass compared to like polarisation.
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Fig. 4: Backscattering coefficient as a function of stand
age, ERS (C-VV-23°), RADARSAT (C-HH-23°, 33°,
47°)
For higher values of biomass, the signal saturates. To
explain the signal saturation , the canopy may be
assumed to be a homogenous medium with a single
category of scatterers (here, needles). In the high
biomass case, the attenuation of the incoming wave is
important enough to cause the soil contribution to be
negligible. In this case, the backscattering coefficient is
found independent of the number of scatterers. The
saturation level depends only on the distribution in size,
orientation, and dielectric constant of the scatterers. As
an example, the saturation level observed with SIR-C at
C-band, 54°, HH is -1 1.5 dB and -13.5 dB for
respectively Pinus Pinaster (maritime pine), and Pinus
Nigra (corsican pine) for the Landes and the Lozere
forest. The observations could be interpreted using the
theoretical curve of backscattering coefficient at C-HH550 versus the cylinder radius of the main scatterer, of
an homogeneous medium formed by cylindric needles
with an uniform orientation distribution between 0 and
27t.The effective cylinder radius of the needles of pinus
pinaster is actually larger than the needle radius of pinus
nigra (Fig. 5).

Fig. 5: Backscattering coefficient as a function of needle
radius, C-HH-55°. The saturation level of maritime pine
(Pinus Pinaster) (cf. Fig. 1, C-HH-55°) is higher than
that of the Pinus Nigra

3-4 J ERS data:
At L-band, the backscatter results from a more complex
interaction where the main scatterers are the branches
(in the case of Pinus Pinaster, the secondary branches).
The scattering comes from a lower number of bigger
scatterers than at C-band, which will result in a later
saturation. For young stands, the backscatter results
from the addition of the soil contribution, attenuated by
the canopy, with the crown and crown/ground
backscatter (Fig. 2). The resulting trend is an increase of
cr0, since the soil surface backscatter at this
configuration is often lower than that of the canopy
backscatter. When dealing with JERS data, the
increasing trend could be observed in a majority of
cases, but deviation from this behaviour is also possible,
depending to the soil conditions. Likewise, the
sensitivity to biomass depends on the relative level of
the ground backscatter compared to that of the canopy
backscatter.
Moreover, the backscattered signal mostly depends on
the branches biomass, whose allometric link with the
total biomass could be established with more accuracy
than in the case of twigs or needles. This leads to a less
polluted relationship.
However, at L-band, the size of the branches is a critical
parameter. The relationship between their radii and the
scattering may not be a monotonous one (the backscatter
increases and then decreases with increasing radius).
Moreover, the deeper penetration of the wave into the
canopy at these frequencies may point out the vertical
variability of the size of branches. These two points
added to the possible interaction between the canopy
scatterers and the soil surface, make L-band a quite
complex signal to understand and may explain the
variability (in the position of the saturation level for
example) or the noise of the experimental results.
3-5 ERS interferometric data:
Concerning ERS repeat-pass interferometry, former
studies have shown the link between the interferometric
degree of coherence and the biomass. As decorrelation
comes principally from the movement of scatterers
between the acquisitions, bare soil surfaces often exhibit
a higher degree of coherence than areas of dense
vegetation at C-band (twigs and needles, the main
scattering contributor at C-band, are highly sensitive to
wind). As the biomass increases, the stable signal
emanating from the ground is attenuated by the canopy
and the degree of coherence drops to reach a saturation
level which is typical of the dense vegetation for given
meteorological conditions. Depending on the initial
strength of the soil signal, the slope of the coherence vs
biomass curve may vary. Fig. 6 show the tandem ERS

600

does not depend on the same mechanisms than for
intensity, and saturation may occur later in favorable
cases. However, the resulting inversion is very site
specific as the soil conditions and the meteorological
parameters (rain, freezing ..) are to be taken into
account.

degree of coherence as a function of biomass obtained in
two different conditions (spring and winter). A wet or
rough soil surface (as observed in winter), with a strong
associated backscatter, will lead to a slow decrease of
the degree of coherence with biomass. Since the
coherence is more an indicator of the attenuation from
the canopy than of its scattering, the saturation point
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Fig. 6: ERS tandem degree of coherence as a function of the stand biomass for different conditions (winter and spring)
at Les Landes

DISCUSSIONS
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The possible application using ERS and RADARSAT
data is to invert the intensity and its temporal change
into biomass in the range of 0-10 years. The results
should be the best in forest plantations with large
homogenous stands and uniform underlying ground
conditions, using supervised methods. The best date
should be the one with high soil moisture conditions in
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