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AIRBORNE SYNTHETIC APERTURE RADAR: IMAGE GENERATION AND HIGH PRECISION DIGITAL
ELEV ATION MODEL GENERATION

Joao Moreira

Aero-Sensing Radarsysteme GmbH
clo DLR Research Centre

82230 Oberpfaffenhofen, Germany
phone: +49 8153 28 1542, fax: +49 8153 28 1543

email: joao.moreira@dlr.de

ABSTRACT

This paper describes the Interferometric SAR (lnSAR)
of Aero-Sensing, AeS-1. The system AeS-1, designed
and manufactured at Aero-Sensing, is mainly used for
generation of fully geocoded SAR images and Digital
Elevation Models (DEM). AeS-1 has a maximal ground
resolution of 0.5 m x 0.5 m and a height accuracy up to
5 cm. AeS-1 had the first test flight in August 1996 and
is operational since November 1996. High resolution
images and DEM are finaly shown.

1. INTRODUCTION

Aero-Sensing Radarsysteme GmbH is engaged in the
field of microwave remote sensing by making use of
Synthetic Aperture Radar (SAR) systems on both air­
and spaceborn platforms. It is a private enterprise
founded in early 1996 by former scientists of the
German Aerospace Research Establishment (DLR),
who were involved in the design and construction of
the E-SAR, the Experimental Airborne SAR-System of
DLR.

2. THE INTERFEROMETRIC SAR

The Interferometric SAR (InSAR) of Aero-Sensing,
AeS-1, designed and manufactured at Aero-Sensing, is
mainly used for generation of fully geocoded SAR
images and Digital Elevation Models (DEM). The
instrument has been already installed on board a
Cessna 207A, a Dornier Do-228 and a Rockwell
Aerocommander 685 aircraft. They are small aircrafts,
offering the advantage of low costs. The radar had the
first tests in August 1996 and is operational since
November 1996. It operates in the interferometric mode
as following:

•operating frequency: 9.6 GHz
• baseline: 1.5m (orthogonal to line of sight direction)
• system bandwidth: 400 MHz
• ground resolution: up to 0.5 m x 0.5 m

• swathwidth: 1 to 14.8 km
• flight velocity: 60 - 120mis
• flight altitude over NN: 1000 to 3500 m

In general, the radar allows an aircraft velocity range
between 50 and 200 mis and a flight altitude range of
100 to 10.000m over ground.

The preliminary estimation of the height accuracy
measurement is around 0.5 m for a ground reso1uition
of 0.5 m x 0.5 m and 0.05 m for a ground resolution of
5 m x 5 m. The navigation system used for SAR motion
compensation is composed by a strap-down inertial
system, a differential on-line GPS, D-GPS, and a radar
altimeter. The Flight Control System of IGI, Aero­
Control, processes the data of the navigation units by
using Kalman filter techniques and delivers the aircraft
motion to the interferometric processor.

Table 1 shows the main imaging configurations of the
AeS-1-System. The ground and radiometric resolutions
can be set to the following values:
• 0.5 x 0.5 m with 4 looks
• 1.0 x 1.0m with 8 looks and
• 2.0 x 2.0 m with 16 looks.

The throughput of the processing chain was calculated
considering an array of 6 units of IBM-PC Pentium Pro
200 MHz with 128Mbyte RAM each.

3. THE INTERFEROMETRIC PROCESSOR

The interferometric processor consists on the SAR
processing, interferometric and geocoding chain. The
SAR processing chain has full motion compensation
capability. The interferometric chain uses a new
approach for phase unwrapping (Fornaro et al.,1996). A
fusion procedure of strong-filtered and less-filtered
unwrapped phases using Kalman filter technique is
used (Lanari et al., 1996). These algorithms allow the
full automation of the DEM generation process, making
the SAR interferometry an attractive tool for
topographic purposes. Due to the absolute position
accuracy given by the D-GPS, the transformation

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires. Argentina,
2-4 December 1996 (ESA SP-407, March 1997)
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AeS-1 Swath Mode
Parameter A B c D E

Spatial Resolution (m) 0.5-2.0 0.5-2.0 0.5-2.0 0.5-2.0 0.5-2.0
Height Accuracy (m) < 0.5 < 0.5 < 0.5 < 0.5 < 0.5
Swath Width (km) 1 2 4 7.4 14.8
Radiometric Resolution (dB) < 1.8 < 1.8 < 1.8 < 1.8 < 1.8
Throughput of the Processing Chain (km2/day) 120 240 480 880 1760

Table I. Main parameters of the AeS-1-System.

,,phase to height" and geocoding become straight
forward procedures.

4.PRODUCTS

Due to the high ground resolution and height accuracy,
one can have the following products from the AeS­
System:

•Fully geocoded DEM's with following parameters:
- Grid of 0 .25 m and height accuracy of 0.5 m
- Grid of2.5 m and height accuracy of0.05 m

• Fully geocoded SAR images, i.e. Orthoimages, with
following parameters:
- Grid of 0.25 m and a geometric distortion less than

0.5 m
- Grid of 2.5 m and a geometric distortion less than

2.5 m

• Topographical maps in scale of 1:25,000 and larger;
- with contour lines having a spacing of 0.1 m and
larger.

• Transformation of SAR products into thematic and
topographic maps showing, for example, roads, urban
areas, forest types or other area features on the scale of
1:25,000 and larger as well as printed and/or coded data
for specific subsequent treatment.

• Detailed measurement of the extent of local or area
flooding to assist in the avoidance and/or protection
from high water, representation of flood containment
areas as well as cartographic representation of other
environmental catastrophies and their chronological
development.

• Update of geographical, topographic, land use, or
other data banks and comparison between present and
historical (also optical) data.

• Classification and representation of land surface as
well as of vegetation and its change over time.

• Volume calculations of trash dumps, land fills, coal
heaps, and other such areas.

• Measurements of the flow velocity of rivers and
canals to an accuracy of 0.1 m/s with the along track
interferometry technique.

• Evaluation of optimum sites for telecommunication
stations

5. RESULTS

First results of the AeS-1 system are presented. Figs.
and 2 are generated from the raw data acquired on 6th
Setember 1996 in Oberpfaffenhofen, Germany. Figs. 3,
4, 5 and 6 are from flight on the 11th Setember 1996 in
Solothum, Switzerland. Both flights were carried out
with 400 MHz bandwidth and with the Cessna 207 A.

Fig. 1 is a 48 look image with 2 x 2 m resolution. Fig 2
is a 1 look image with 0.5 x 0.5 m resolution and is the
small city shown in the right middle part of Fig. 1.

Fig. 3 is a 8 look image with 2 x 2 m resolution. Fig 4
shows the respective interferogram phase. Fig. 5 shows
the terrain model derived from the interferogram. Fig. 6
shows the topographic map derived from the full
geocoded SAR image from a parallel track of Fig. 3.

6. REFERENCES
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formulation", IEEE Transactions for Geosc. and
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Figure I. AeS-1 image over the Oberpfaffenhofen area in Germany. Image parameters: flight date: 6.9.96, flight
velocity: 70.5 mis, flight height: 11.000 feet, drift: -5.6 °, azimuth bandwidth: 200 Hz, range bandwidth: 400 Mhz, PRF:
8 kHz, transmitting frequency: 9.6 Ghz, number of looks: 48, resolution: 2 x 2 m.
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Figure 2. AeS-1 image of Weichselbaum in Germany. Image parameters as Fig. 1.Number of looks: 1, resolution: 2 x 2
m. One can see the rails of the train (vertical lines), the houses of the vilage and the differentiation between coniferous
and pine forest.
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Figure 3. AeS-1 image of Solothurn in Switzerland. Image parameters: flight date: 11.9.96, flight velocity: 54.5 mis,
flight height: 11.000 feet, drift: -0.8 °, azimuth bandwidth: 200 Hz, range bandwidth: 400 Mhz, PRF: 8 kHz,
transmitting frequency: 9.6 GHz, number of looks: 8, resolution: 2 x 2 m.

Figure 4. lnterferogram phase of Fig. 3. One can see clearly the different height of the crop fields.
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Figure 5. Digital elevation model derived from Fig. 4.
The height axis is exagerated. One can see clearly the
different height of the crop fields also present in Fig. 4.

Figure 6. Topographic map derived from a full geocoded
image of a parallel track of Fig. 3.
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POSSIBILITIES AND LIMITS OF SAR

INTERFEROMETRY

Fabio Rocca, Claudio Prati, Andrea Monti Guarnieri
Dipartirnento di Elettronica e Inforrnazione- Politecnico di Milano

Pzza. L. da Vinci, 32, 201:33 Milano. Italy
Tel: +39-2-2399:3573 Fax: +39-2-2:3993413

E-mail: rocca@elet. polimi .it

1. Summary

March 6, 1996

In this presentation we summarize the impact of inter­
ferometry on the design of SAR surveys, its possibili­
ties and limits. From the fringes a very good DEM is
obtainable, with a vertical resolution that could be in
the meter range or even less from airborne platforms.
Millimetric motion of large areas of the terrain or of
corner reflectors can be measured with good reliabil­
ity and therefore the possibility of using the system to
measure subsidence, landslides, coseismic motions has
been demonstrated. The coherence of the interferomet­
ric pair is an important clue, that combined with the
more usual backscatter amplitude, leads to high quality
images segmentation. The wavenumber shift concept
is finally introduced that may lead to a 3 dimensional
view of the terrain. The same principle can be invoked
to improve the resolution of objects that do not change
with time.

2. Introduction

Synthetic Aperture Radar (SAR) systems record both
amplitude and phase of the backscattered echoes. The
phase of each pixel (ground resolution cell) of a focused
SAR image is the sum of three distinct contributions:

1 - the two-ways travel path (sensor-target-sensor:
hundreds of kilometers in the satellite case) that, di­
vided by the used wavelength (a few centimeters), cor­
responds to millions of cycles;

2 - the interaction between the incident e.m. waves
and the scatterers within the ground resolution cell;

3 - the phase shift induced by the processing system
used to focus the image.

Therefore, the phase of a single SAR image is of no
practical use. On the contrary, if two SAR images from
slightly different viewing angles are considered ( inter­
[erom eiric pazr) their phase difference (interferometric
fnnges) can be usefully exploited to generate Digital
Elevation Maps (DEMs), to monitor terrain changes
and to improve the range resolution. The int.-rfer
onret ric fri11ges image is derived as the phase of the

SAR inlerferogram, that is the complex image formed
by cross-multiplying the two SAR images. The relation
between the interferometric fringes and ground eleva­
tion is usually explained by means of the monochro­
matic approach [1, 2]. It is based on the assump­
tion that the RF bandwidth is so small (and this is
the case of most satellite systems including SEASAT,
ERS-1, .JERS-1, ERS-2 and RADARSAT) to be negli­
gible. Thus the system is considered monochromatic.
However, if the finite bandwidth of the system is con­
sidered (wavenumber shift approach), a relative shift
of the ground wavenumber spectra dependent on the
baseline and the local slope is found. A few important
consequences come out from this result [3, 4, 5]. Us­
ing the simpler monochromatic approach we show the
relationship between the relative terrain elevation and
the interferometric fringes. Then we will determine the
quality of the Digital Elevation Model derived from in­
terferometry. Two sections 6 and 9.1 will be dedicated
to the description of other applications of SAR inter­
ferometry: small terrain motion detection and uses of
the coherence for image segmentation. In section 9 a
deeper insight into SAR interferometry will be given
by exploiting the wavenumber shift approach and the
slant range resolution enhancement that can be ob­
tained by using it. Symbols that will be used through
the text and the main parameters values of the ERS-1
SAR system (that will be assumed as typical parame­
ters of SAR from satellites) are shown in table 3.1.

3. The monochromatic approach

Let us consider two complex SAR images from two
slightly different viewing angles (see figure 3.1), v1 and
v2. Even if non simultaneous acquisitions are con­
sidered, we shall suppose, for now, that the terrain
backscatter did not change.

Let us now exploit the "monochromatic approxima­
tion": the relative system bandwidth is so small (i.e.
in the ERS-1 case its value is 3 · 10-3) to be neglected.
Thus, the phase difference ¢ between correspondent
complex pixels in v1 and r2 is proportional to the travel

Paper presented at the AGARD SPP Svmposium on "Remote Sensing: A Valuable Source of
lnformation", held in Toulouse. France from 22-25 April 1996, and published in CP-582.

Proceedings of the First Leiino-Amercen Seminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996 (ESASP-407,March 1997)
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Svuibol Meaning
>. wavelength

fo=c/>. central frequency
w system bandwidth
t, sampling frequency

fNy = f,/2 Nyquist frequency
() off-nadir angle
a local terrain slope (range)
H platform altitude
p, slant range resolution
~r slant range sampling interval
Pg ground range resolution
B baseline
Bn normal baseline
Br radial baseline
Enc critical baseline
r slant range axis
ro sensor-target distance
y ground range axis
z elevation axis
ky ground range wave number
<f; interferometric phase

Symbol ERS-1 value
x 5.66cm

fo=c/>. 5.3GHz
w 16MHz
J. 18.96MHz
() 23deg.
H 780km
p, 9 meters
Enc 1100 meters

Table 3.1: List of symbols and values for ERS-1

path difference 2~r0 (the factor 2 accounts for the two
ways travel path):

. 47!"
rtJ = -;x~ro

( >. is a constant). The interferometric phase <f; of a
single pixel is still of no practical use. The travel path
difference 2~r0 is usually much greater than the wave­
length >. (in most of the practical cases, the travel path
difference from the satellite can be as large as a few
hundred meters whereas the used wavelength is of the
order of a few centimeters) and the measured phase <f;
shows an ambiguity of many cycles. On the other hand,
passing from one pixel to its neighbor (only a few me­
ters apart in the slant range direction), the variation
of the travel path difference (~( ~r0)) may be much
smaller than >. and the variation of the interferometric
phase ~¢; is not ambiguous. Moreover, a simple rela­
tion between ~¢; and the relative terrain elevation can
be derived.
In figure 3.1 we have indicated the position of the

(3.1)

I
811 B 82
Ao:······ ""O
, I \]Jr Bn •

\

H

P2

e
ro

y
r

Figure 3.1: Interferometric SAR geometry in a plane
orthogonal to the rectilinear platforms (51 and S2) tra­
jectory.

two SAR sensors (51 and 52) and their relative dis­
placements parallel (Br) and normal (Bn) to the slant
range direction. We have also indicated the position
of two point scatterers and their relative displacements
parallel (rp) and normal (np) to the slant range direc­
tion. Let us assume as a reference the positions of 51
and P1 with their relative distance r0• By changing
the sensor and target position by (Bn, Br) and (rr, np)
respectively the sensor-target distance becomes:

Since the distance between the two SAR sensors is
generally much smaller than the sensor-target distance
r0 (a few hundred meters compared with 800km, in the
ERS-1 case), the following expression of the interfero­
metric phase variation holds:

_ 47r ( ) _ 47r · Bn · np~<f; - -~ ~ro - ---~x x · ro
This result shows that if we know the relative dis­

placement of the two orbits normal to the slant range
direction Bn, the distance r0 and the value of the SAR
wavelength >., then the phase difference ~¢ depends
only on the np value, i.e. the elevation difference be­
tween the points displayed in figure 3.1, measured in
the direction normal to the slant range axis. Thus the
interferometric phase image represents a map of the rel­
ative terrain elevation with respect to the slant range
direction. A linear term can then be subtracted from
the interferometric phase so that the phase correspond­
ing to the flat horizontal terrain is a constant. After
some algebra, the version of equation 3.3 that refers
to the relative elevation q = ~= with respect to a flat

(3.3)

terrain becomes:



4;r · fln · q
~o = ,\ . T» . sin () I\ q

4. Phase unwrapping

Cp to now it has been assumed that the phase dif­
ference 6.¢ of equation 3.4 would be directly obtained
from the interferometric fringes. However such an as­
sumption is in some way misleading. In fact, from the
interferogram, the complex values eitl.</> can be deter­
mined but not the 6.d; values themselves. What is mea­
sured is not the phase difference value zxe , but its prin­
cipal value 6.rf;p, limited between -Jr and +rr. The in­
terferometrical fringes show typical discontinuities like
those shown in figure 4.1.

Figure 4.1: ERS-1 - Mt. Vesuvius (Italy) August 27th
and September 5th, 1991. - Interferometric fringes.
The estimated normal baseline is En = 19:l meters.

Two adjacent discontinuities separated by a con­
stant elevation increment, corresponding to a 2rr phase
drop, represent the height contours of the terrain ele­
vation map. However, since the real phase values are
« wrapped" around a 2rr interval, to obtain the cor­
rect map (and, thus, the correct labels of each con­
tour line), a map of the multiples of 2rr to be added
to the "wrapped" phase should be carried out (phase
unwrapping). At the beginning of the studies on SAR
interferometry (1988-89), the phase unwrapping prob­
lem was investigated assuming that only two SAR im­
ages were available. That was the actual situation at
that time since the only few interferometric SAR im­
ages were from the SEASAT and the JPL single pass
airborne systems. Many techniques of phase unwrap­
ping of interferometric SAR images have been proposed
[6, 7, 8]. A summary of these techniques is out of the
scope of this papers. :\"onetheless the following con-
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clusion came out from these works: phase unwrapping
can be either trivial or practically impossible depend­
ing on the coherence of the images (see section 8) and
on the presence of foreshortening and layover (see sec­
tion 5). More recently, however, a different strategy to
solve the phase unwrapping problem has been consid­
ered. With the huge amount of SAR images from the
European satellites ERS-1 and ERS-2 together with
the availability of Digital Elevation Models (typically
from the optical stereo SPOT) the basic assumption
changed: all the available information should be ex­
ploited to get a DEM [9]. Then, an available Digital
Elevation Model (DEM) can be transformed into the
SAR geometry and subtracted from the interferogram.
Depending on the DEM accuracy and on the normal
baseline Bn the phase of the residue can be so small to
show a single fringe with no need of phase unwrapping.
On the other hand, if more interferograms are available
the linear relation between the baseline and the inter­
ferometric phase (see equation 3.4) can be exploited
together with the theorem of the" chinese reminder" to
reduce the wrapped phase ambiguity. As a conclusion,
even if a fully automatic phase unwrapper that works
in every condition is not available yet, phase unwrap­
ping does not appear to represent a serious problem in
SAR interferometry anymore.

5. Digital Elevation Map preparation

The elevation map derived from SAR interferometry
lies on a plane where the reference axes correspond to
the azimuth and slant range directions.

•••S1
~

\
__JL.>

y

yforeshortening

Figure 5.1: Typical geometric deformations introduced
by SAR (foreshortening and layover).

Such a coordinates system is completely
different from the reference systems in the
azimuth-ground range plane used in the usual el-
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evation maps. Thus it is necessary to transfer the
unwrapped phase from the slant range coordinates
system to the ground range system; the obtained
values must be interpolated and resampled in terms of
uniform ground range cells.

z

S1

r e
H

r

Figure 5.2: Cross-section of the SAR system geometry
normal to the azimuth direction. The ground range
coordinate depends on both the range position and the
point elevation.

5.1. Rectification of the elevationmap

From Figure 5.2 it is evident that the horizontal posi­
tion of a backscatterer depends on both the slant range
coordinate and the elevation. Through simple geomet­
rical expressions the relation between these three pa­
rameters can be found. The ground range coordinate
with respect to the initial point, indicated by y, is the
sum of two components: the first is the horizontal dis­
placernent in the case of fiat terrain, the second caused
by a non-zero elevation drop.

6-r q(r)
y(r,q) = sinO + tanO (5.1)

Since the position of the points depends on its ele­
vation, the correspondence between ground range and
slant range is quite irregular. In fact, the well known
foreshortening effect causes a compression of the areas
with ascending slope and a spread of the descending
areas. As a consequence the ground difference, corre­
sponding to a constant slant range displacement, will
be much larger in the case of ascending slopes. Fur­
thermore, when layover effects occur several areas of
the earth's surface can disappear from the SAR image
(see figure 5. l).

In a ground range reference system the obtained el­
evation map will have a quite uneven sampling inter-

-e
N
N

~
g

vr»
eo c
N ••E ~

0 §

:§(
~
CJ

.,
"'

~

• 1~ 1~ 1~ % ~ ~
*10m

Azimuth

Figure 5.3: A topographic map of the area of Vesu­
vius obtained from the unwrapped and rectified phase,
shown in the previous picture.

val. Thus to obtain a regular sampled map the eleva­
tion values must be interpolated. For our purposes a
linear interpolation is quite adequate. In fact, in flat
or descending areas the interpolating points are fairly
close, whereas with an ascending slope the foreshorten­
ing effect produces such a large slant range compression
that the interpolating points lie much further away and
no interpolator would operate correctly. For example,
for geometrical parameters like the ERS-1 mission, a
slant range sampling Dr '.'.:::'.8m corresponds to a ground
range step Dy= Dr/ sin(}'.'.:::'.20m for flat terrain; on the
contrary for a terrain slope a: = 15°, the ground range
step is Dy= Drcosa:/sin((}- a:)'.'.:::'.60m. The results of
the rectification process, performed for the SAR image
of the area near the Vesuvius is shown in figure 5.3.
Contour lines correspondent to descending orbits are
shown.

5.2. Combination of ascending and descending
orbits data

Any current DEM estimate is very useful for unwrap­
ping. In fact, data from different takes and therefore
with different baselines can be combined, but only if
properly positioned in space; in the case of a flat region,
uninteresting for the unwrapping problem, the coregis­
tration can be carried out using ephemerides. Not so in
complex topography situation, where the registration
is DE:vl dependent. We arrive to an iterative procedure
where the available data are combined in such a way
to achieve a progressive improvement of the DEM. In
this operation, the combination of data from ascending
and descending orbits could be very helpful. First, to
unravel the layover areas, that, if not in shadow, may
appear well behaved with the other orbit. Second, and
equally relevant, the combination of the two views is
only possible if the DEi\l is correct; hence, it is a pow-
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Figure 5.4: Combinations of slope and azimuth orienta­
tion that cannot be recovered from ERS-1 data. With
ascending orbits (gray and shaded areas). With both
ascending and descending orbits (shaded areas only).
With layover separation (black areas).

erful check of its quality, to remove blunders, reduce
the elevation dispersion, etc.

5.2.1. Slopes coverage improvement

Ascending and descending orbits combination is essen­
tial for slopes coverage in SAR interferometry. As an
example, the different curves of figure 5.4 identify ter­
rain slopes a recoverable from ERS-1 as a function of
their azimuth orientation (see the lower part of fig­
ure -5.4). Thick and thin lines refer to ascending and
descending passes respectively (here a baseline of 100
meters has been assumed both for ascending and de­
scending passes). If just ascending passes are used,
slopes that can be recovered from ERS-1 (at the equa­
tor in this example) are contained in the white area.
To understand how that plot has been generated, let
us consider a 9 degrees azimuth orientation (i.e. the
orbit orientation) and let us consider slopes ranging
from -90 to +90 degrees (i.e. from the lower to the
upper limits of the plot). It is clear that, if we con­
sider an incident angle of 23 degrees for flat terrain,
slopes from -90 to -67 degrees will not be observed
since in shadow (lower shaded areas). On the other
hand, slopes from 20 to 26 degrees will not be observ­
able since the interferometric images are uncorrelated
(5] (this is the region between the two thick lines). Fi­
nally, slopes from 26 to 90 degrees are in layover (upper
gray and shaded area). These simple considerations
can be repeated for every azimuth orientation and for
descending ERS-1 orbits. Then, if both ascending and
descending passes are used, the unrecoverable areas are
represented by the shaded areas only. Those areas af­
fected by foreshortening and layover in one image are
well covered (if not in shadow) in the other image. Fi­
nally, if layover areas could be separated from the rest
of the image (an operation not always possible), the
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irrecoverable slopes are further reduced lo the small
black areas shown in figure .5A.
The results of the rectification process, performed

for the SAR image of the area near the Vesuvius using
both ascending and descending orbit data are shown in
Figure 5.5.
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Figure 5.5: A topographic map of the area of Vesuvius
obtained from the unwrapped and rectified phase using
both ascending and descending orbits.

6. Monitoring terrain changes

If the SAR acquisitions are not simultaneous, the in­
terferogram phases (fringes) are also affected by the
possible terrain changes Two types of temporal terrain
evolution can be identified by means of multitempo­
ral interferometric SAR images: decorrelation changes
and small terrain motions.
Decorrelation changes. A random change of the

position and physical properties of the scatterers within
the resolution cell can be detected as low coherence of
the images and will be dealt with in section 8.
Small terrain motions. Centimetric slant range

relative motions of local areas that occur between two
SAR acquisitions, generate large local phase shifts in
the interferogram. The phase difference ~ef;. gener­
ated by small terrain relative motions is governed by
a mathematical relation completely different from that
of the interferometric fringes (that, in order to avoid
any confusion we shall indicate with fidir) described
by equation 3.3. It is, in fact, proportional to the ratio
between the relative motion tis along the slant range
direction and the transmitted wavelength >.. Thus, if
we have a non simultaneous interferometric SAR pair
with a given baseline Bn and a small terrain relative
motion occurs between the two acquisitions, the follow­
ing expression of the interferometric phase difference
holds:
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. , 4rrEnnp 2.6.s
.6.9 = Llq;y + .6.¢;, = Aro + ->.- (6.1)

From equation 6.1, it is clear that the two terms Ll<?r
and .6.¢;, should be separated in order to recover the
terrain relative motion. The simplest way to estimate
small motions consists of choosing an image pair with
a very small baseline (zero or a few meters would be
sufficient in the case of ERS-1) so that the first term
is much smaller than the second. An interesting ex­
ample of such a solution is shown in figure 6.1. Two
ERS-1 images of the area of Nice on the border be­
tween France and Italy, with a time interval of 9 days
and a baseline En = 6m, have been used to gener­
ate an interferogram. In figure 6.1 the interferometric
fringes are shown. Due to the very small baseline the
fringes do not show rapid variations (even if the topog­
raphy of that area is not flat at all) but for a small
area close to the center of the map. In that area a
very active landslide has being monitored by the group
of the Institute de Physique du Globe (IPG) in Paris.
From the ERS-1 interferometric data, an average land­
slide velocity of about lcm per day has been estimated.
The result is in good agreement with the data provided
by the IPG group. Moreover, the ERS-1 interferomet­
ric SAR image provides a set of measurements of the
landslide relative motion on a very dense grid (4 x 20
meters) at a cost that is much smaller than that of any
other traditional techniques. The accuracy of the mo­
tion measurement offered by such a technique has been
recently tested with an ERS-1 experiment (the "Bonn
experiment"), where elevation change as small as 9 mm
of a few artificial radar targets (corner reflectors) has
been detected with no ambiguity (10, 11, 12].

Figure 6.1: ERS-1 SAR interferometry. Fringes gener­
ated from two images of the area of Nice on the border
between France and Italy, with a time interval of9 days
and a baseline En = 6m.

If a stereo SAR pair with a very small baseline is
not available, the topography contribution to the inter-

ferometric phase (.6.¢r) must be subtracted from the
fringes. It can be accomplished in two different ways.
If a topographic map of the area of interest is available,
it has to be transformed in the azimuth slant range co­
ordinates and scaled proportionally to the baseline of
the interferometric pair in order to have an estimate
of the phase component .6.</;y. Then, it should be sub­
tracted from the fringes (an impressive example of this
technique has been shown at CNES (13]for the Landers
earthquake). As an alternative, an additional SAR im­
age can be exploited in order to have an interferometric
SAR pair with no terrain changes [14]. For the sake of
simplicity, let us label the three SAR images with 1,
2 and 3 with no regard to their time consecution. Let
us also assume that during the first two images no ter­
rain changes occur. Thus, the fringes generated from
the first two images will be proportional to the phase
Ll¢;t to be subtracted from the fringes generated either
from the couple 1 - 3 or 2 - 3. From equation 3.3, it
is clear that the proportionality coefficient is given by
the ratio of the two baselines En12 and En13 (or En23).
However, since the proportionality holds on the phases
and not on their principal values1, the fringes obtained
from the couple 1- 2 must be first unwrapped and then
scaled.

7. Atmospheric effects

In repeated pass SAR interferometry from satellite, dif­
ferent propagation velocities along the scene due to at­
mospheric changes (at the time of the two surveys)
could be responsible of interferometric phase variations
that cannot be related neither to the topography nor
to relative terrain motions. The above said effects can
be clearly seen on the interferometric phase shown in
figure 7.1.
This phase image has been generated from two ERS-

1 images of the black forest near Freiburg (a quite
stable area) taken on August 17 and 20, 1991. The
normal baseline is 9 meters (i.e. a 2rr phase change
corresponds to more than 1000 meters relative eleva­
tion). The phase variations with very low spatial fre­
quency visible in figure cannot be associated either to
the topography or to terrain deformations and might
be generated by evapotranspiration phenomena, atmo­
sphere or soil moisture changes within the two surveys.
These effects appear to be the major limitation to the
use of SAR interferometry as a technique for generat­
ing highly accurate Digital Elevation Models and for
detecting small surface deformations. However some
considerations should be made at this regard showing
that in both applications these parasitic effects can be
strongly reduced if many independent interferograms
are available. Let us first consider the DEM generation
case. The interferometric phase depends on the relative
elevation through a coefficient that is directly propor-

1Apart from the special case of an integer ratio between Bn12

and Bn13 (or Bn23)



Figure 7.1: Phase image generated from two ERS-1
images of the black forest near Freiburg (a quite stable
area) taken on August 17 and 20, 1991 The normal
baseline is 9 meters.

tional to the baseline (s:?e equation 3.3): the higher the
baseline, the higher the phase variation correspondent
to the same topography. On the other hand, the phase
variations due to atmospheric changes are independent
of the baseline. Thus, the higher is the baseline of
the mterferometric pair :he smaller is the topographic
error due to parasitic effects . Moreover, if many inter­
ferometric pairs of the same area are available (as in
the case of ER.S-1/ERS-2 Tandem mission) "outliers"
can be identified and eliminated from the database.
The remaining results can be combined to "filter out"
the effects of atmospheric changes. The availability
of an interferograms database can be also exploited to
improve the measurements accuracy of surface defor­
mations. In this case the interferometric phase varia­
tions due to surface deformation is independent of the
baseline. However. if a model of the deformation de­
velopment with time is available, the interferometric
images can be used to identify the parameters that fit
the model to the time series. Clearly. the larger the
available interferograms time series the more accurate
the parameters estimation. Also in this case outliers
can be identified and eliminated. As a conclusive re­
mark of this section, it should be pointed out that an
attempt of modeling the phase variations due atmo­
spheric changes is being :arried out at C:\'ES [1:3]. A
simplified model has been supposed where the inter­
ferometric phase variar.icn is the sum of two terms:
the phase variation due to the different travel paths
in two atmospheres wit.i a different refraction index
(there assumed to vary linearly with the altitude) and
phase variations due to localized atmospheric changes
(i.e. clouds. fog ... ). Due to the first contribution, a
moderate phase variation among interferograrns (lin­
early dependent Oii the elevation) is generated. This
effect can be strongly reduced if many interferograms
are available. 011 the coir rary. the secor.d contribu-
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tion is unpredictable arid can be so strong to make the
interferometric pair useless. In this case such an inter­
ferometric pair should be eliminated from the database
as an outlier.

8. Coherence

8.1. Generalities

The quality of the interferometric phase depends on the
amount of noise that, in general, comes from distinct
sources [2, 15]: i- system noise; ii- terrain change (non
simultaneous acquisitions); iii- images misregistration;
iv- approximate and unequal focusing of the two passes;
v- decorrelation due to the baseline ("geometric" decor­
relation). It is obvious that there is no way to avoid
the first two sources of noise. On the other hand, as
far as the last three sources are concerned, they can
be taken under control. In other words. since in most
cases the system noise is quite small compared with
the usually sensed signals, and the processor noise is
well under control if it is designed to be phase pre­
serving [2], it will be shown that the fringes quality is
degraded by scattering change in time and volumetric
effects (see section 9.2) only. The coherence I of two
complex SAR images u1 and v2, is defined as follows
[3]:

(8 .1)

where E[.] means the expected value (that in prac­
tice will be approximated with a sampled average) and
• the complex conjugate. The absolute value of -r is a
fundamental information on the exploit ability of SAR
interferograms. The signal (usable fringes) to noise ra­
tio :=: can be usefully expressed as a function of the
coherence:

(8.2)

Thus, it is clear that every effort should be dedi­
cated to avoid coherence loss during the interferograrn
generation process (section 8 .1).

The statistical confidence of the estimated coherence
(sampled coherence) and of the derived measurements,
depends on the number of independent samples (n)
that can be combined for the computation. As a first
approximation, the standard deviation of the estimator
is proportional to 1/ fo.. Tints. whenever uniform ar­
eas (ill the statistical sense) are identified, the sampled
coherence can be computed as:

(8.3)

In fact, since the coherence is estimated from the
combination of the phases of a few pixels at the very
least. the topography effects on the interferometric
phase o proportional to the known terrain changes have
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Figure 8.1: Coherence map ofMt. Vesuvius.

to be removed from the result. Thus, in order to com­
pe.isate this unwanted effect, the vectors at the nu­
merator of equation 8.3 must be deskeuied before sum­
ming. It is also clear that, in order to generate an
interferogram, the pixels of the images gathered in the
two different images must be registered accurately, so
tint the random variates corresponding to the reflec­
tivity are properly aligned. A single pixel shift, if the
focusing processor is a good one, is enough to practi­
cally zero the correlation. In the following we will not
consider the effects due to misregistration and system
ncise, since they can be avoided with a good system
or with a proper processing. The elevation error CTn of
maps generated by means of SAR interferometry will
follow the value of :=: as:

CTn = Aro sing ~
21rns V E

As an example, the coherence map of the area of Mt.
Vesuvius in Italy observed from ERS-1 on August 27th
and September 5th 1991 is shown in figure 8.1 (see
also the fringes obtained with the same passes that are
shown in figure 4.1 ). The sampled coherence has been
computed on small rectangles 16 x 4 (azimuth, slant
range) pixels large (n = 64) that reasonably belong to
uniform areas. The coherence map can be converted
into an elevation error map (apart from systematic er­
rors). As expected, areas covered by thick vegetation
or in foreshortening or layover show an almost zero co­
herence and are not usable for SAR interferometric ap­
plications (e.g. DEM generation and super-resolution).

8.2. Applications to image segmentation

SAR coherence is an additional source of information
with noticeable diagnostic power. In the following we

a b

Figure 8.2: a - Coherence map of the Bonn area. The
Rhein river is clearly visible crossing from left to right
the image. b - ERS-1 detected image of the same area.

shall enumerate some of the most relevant applications.
In [12] it was first observed that forests, that appeared
with variable reflectivity in the ERS - 1 detected im­
ages, appeared almost black in the coherence images:
this effect is due to the scarce penetration of C band
radiation in the vegetated canopy, so that small vari­
ations of the positions of leaves and smaller branches
were enough to change the disposition of the scatter­
ers and therefore practically annihilate coherence; like­
wise happens for water bodies, that appear always with
negligible coherence. In [16, 17, 18] it was also ob­
served that cultivated field changed their coherence af­
ter plowing, harvesting etc., so that it was possible
to detect anthropogenic effects in multitemporal se­
quences of takes of the same area, by looking at sudden
coherence losses. In general, the combination of multi­
temporal observation both of detected images and co­
herence allows a very good segmentation of agricultural
areas; it is thus possible to identify cultures (potatoes
are harvested in that month, whereas corn matures in
that other .. ). The coherence map, achieved from
interferometric quick-look processing, generated from
two ERS-1 images of the Bonn area taken 3 days apart
in time (March 8th and March 11th 1992) is shown in
figure 8.2. Notice the black curve (low coherence) that
corresponds to Rhein river crossing from left to right
figure 8.2. For comparison, also the detected image is
shown in figure 8.2. Other authors [19] observe that
from the phase of the interferometric takes the height
of the trees and therefore t h« biomass can be estimated.



8.2.1. Identification of exposed rocks

The coherence image of Mt. Vesuvius 8.1 shows in­
teresting features that are not visible in the detected
image of the same area. Apart from the already men­
tioned zero-coherence areas, a very bright stripe (high
coherence) is visible on the left hand side of Mt. Vesu­
vius. This area that is not identified on the absolute
value image, has a geological peculiarity: it is an old
lava flow (year 1944). Since exposed rocks are coherent
even after years, such areas can be easily identified by
using SAR coherence.

9. The wavenumber shift approach

The above described monochromatic approximation,
notwithstanding its simplicity, hides an important as­
pect of the interferogram generation mechanism that
will be discussed in this section. Let us consider the
approximated relation between the frequency l and the
ground wavenumber ky (along the range direction y as
shown in figure 9.1). It can be easily derived by pro­
jecting the transmitted wavelength A, measured along
the slant range direction, on the terrain. For sake of
simplicity we shall suppose that the terrain has a con­
stant slope a. Thus, as a first approximation, the wave­
length ,\ projected on the terrain is scaled by the factor
1/sin(l1-a). Then, the factor 2 accounting for the two
ways travel path, the following expression of the ground
wavenumber holds:

47r . 47rl .ky = - srn(l1 - a)= - srn(O - a) (9.1)
,\ c

Thus, in general, a looking angle difference 6.0 gener­
ates a shift and a stretch of the imaged terrain spectra.
However, if the relative system bandwidth is small, the
frequency l in the second term of equation 9.1 can be
substituted with the central frequency lo. The stretch
can be neglected and the following equation holds.

47rlo6.06.ky = cos(O - ex) (9.2)
c

Finally, since the radar is not monochromatic (we
have a bandwidth W centered around the central fre­
quency lo), we can conclude that by changing the look­
ing angle of the SAR acquisition, we get a different
band of the ground reflectivity spectrum. Now, in order
to compare the shift of the ground reflectivity spectrum
with the SAR bandwidth W, it is worth to express the
ground wavenumber shift of equation 9.2 as an equiv­
alent frequency shift 6.f. The following expression of
6.l for an angular separation 6.0 can be obtained by
differentiation of equation 9.1 directly,

6.l = _ lo!::J.()
tan(O _a) (9.3)

We would like to stress again that equation 9.3 does
not state that by changing the looking angle of the SAR
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acquisition the radar bandwidth is shifted by 6.f. It
just says that by changing the SAR looking angle, the
backscattered signal contains different spectral com­
ponents of the ground reflectivity spectrum. In other
words, if we look at the signals received by two SA.Rs
separated by an angle 6.(), equation 9.3 states that the
same spectral components of the first signal are found
in the second spectrum shifted by 6.f. In figure 9.1 the
wavenumber shift principle is sketched.

Figure 9.1: The wavenumber shift principle. By chang­
ing the looking angle of the SAR acquisition we get
different wavenumbers of the ground reflectivity spec­
trum.

Different bands of the ground reflectivity spectrum
(limited by the finite bandwidth of the SAR sys­
tems) observed from slightly different looking angles
are shown. Xotice that whenever the spectral shift 6.l
is smaller than the system bandwidth vV, we have that
only part of the ground reflectivity spectrum is com­
mon to both spectra. In the following, we shall refer to
that as the "common band". In the case of distributed
random scatterers, there can be a correlation of the two
return signals only if there is such a common band; in
such a case, by considering equation 9.3, it is clear that
the spectral shift 6.l between the two images can be
measured and, if we know the geometric parameters
En, () and r0, the local terrain slope ex can be recov­
ered. Then, by integrating the local terrain slope, the
terrain topography can be derived. From equation 9.3,
the expression can be easily derived of the critical base­
line for which the two spectra become totally disjoint,
the correlation of the two return signal goes to zero and
the spectral shift cannot be computed. As an example,
the ERS-1 critical baseline for flat terrain (a = 0) can
be computed is 1100 m.

9.1. Range resolution improvement

The range resolution achievable from a single SAR
complex image is limited by the system bandwidth
[3, 4]:

c
Pr= 2W

However, we will show how the image bandwidth (and
so the resolution) can be enhanced by combining multi­
ple surveys from different view angles. As an example,
in the case of two surveys, the spectral shift caused by
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a change in the view angle of b.O could give a single im­
age with an enhanced bandwidth: We= W +b.w/(211").

w

w

=r
w

Figure 9.2: The wavenumber shift principle is used to
improve slant range resolution.

This is shown in figure 9.2: it can be noted that the
parts not common to the two range spectra, that were
filtered out in the interferometric processing, now rep­
resent the innovation present in one image with respect
to another. It's worth to note that the resulting band
expansion, and hence the improvement of resolution in
slant range is not constant in all the image points, but
it is a function of the baseline and of the local slope an­
gle of the ground a. In the points where a is positive,
the spectrum shift and the obtainable improvement are
maximum. The processing required to get the super­
resolution image, i.e. the coherent superposition of the
surveys, requires the compensation for each scatterer,
of the phase rotation due to the travel path distance
between the scatterer and the couple of interferometric
sensors.

9.2. Volume scattering

Up to now, we have considered only surface scattering,
neglecting the effect of volume scattering. However,
when backscattering comes from targets with different
elevation z within the resolution cell, volume effects
cannot be ignored. Two SAR images from different
angles (() and ()+ b.()) represent different bands of the
complex reflectivity spectrum. From figure 9.1, it is
clear that, in order to observe the same ky from the
two acquisitions (i.e. the condition that allows coher­
ent interferometry in case of surface scattering), the
looking angle change b.() should be compensated by
the already mentioned spectral shift

b.w = -wb.()/ tan(())

that is equivalent to the following kz wavenumber shift

b.kz '.::::'.-2b.w/(c cos())= 2wb.()/(csin 0).

The coherence of interferometric images depends on
the degree of spectral correlation between the measure­
ments in kz and k, + b.k,. If we consider, as a special
case, the flat box (b.z = 0), the signal is impulsive
in the z domain and we have total correlation of the
different spectral components and unitary coherence.
In general, with a finite volume and a non zero value
of b.z, we shall have the following expression of the
spectral correlation function:

sin(b.kzb.z /2)
b.k,b.z/2

So, we can state that whenever I b.z I« 27r/ I s», I,
volumetric effects can be neglected. A useful expression
can be found as a function of transmitted wavelength,
normal baseline and satellite altitude:

If we consider the case of I b.z 12: I b.z0 I, we have spec­
tral decorrelation and low coherence. In the ERS-1 case
with a baseline of 250 meters decorrelation is expected
for I b.z 12: 38meters. From those observations, it is
then possible to derive a LMS estimate of the surface
and the volumetric contribution. These concepts have
been further tested by means of the anechoic chamber
at JRC-EMSL (20].

10. Interferometry from airplanes

Apart from satellites, airplanes are the other source of
interferometric data: in this case, however, the insta­
bility of the platform makes it practically very difficult
to achieve multi pass interferometry; in the single pass
technique, the two antennas are placed on board at
the maximum distance compatible with the airframe
to increase the baseline. The coherence of the inter­
ferometric picture is basically equal to 1, so this is not
a source of information. On the other hand the qual­
ity of the fringes is topmost and therefore the quality
of the DEM that can be generated very high. There
are still problems with layover, but reduced due to the
fact that the off nadir angle can be higher than 45°,
and at times close to 80°. Then shadows become im­
portant: In that case the coherence drops to 0, and
there is no signal. The real problem with airplane data
is again the instability of the platform and the uncer­
tainty of the Doppler centroid and of the actual value
of the baseline, that depends on the airplane position.
The spatial resolution can be as high as 0.5 x 0.5 m (21].
The vertical resolution can be also very good due to the
high quality of the fringes and to the very good signal
to noise ratio. A big difference with the satellite is the
swath, that can never be much beyond a few kilome­
ters. This makes airplane surveys more expensive than
those from satellites. The other application of airplane
interferometry is along track instead of across track;
in that case, the two antennas are displaced along the



flight direction, so that the image taken is the same,
but for the objects that moved in the time interval cor­
respondent to the sensor displacement (say 20 msec ).
Then it is possible to see that movements along range
at the speed of say 1m/ sec correspond to fringes of
about a wavelength in C band and therefore are very
well visible. This leads to another very important ap­
plication of interferometry [22]i.e. the measurement of
sea currents.

11. The complete interferometric chain

In the case of multi pass interferometry a good control
of the platform position and of the central frequency of
the radar is needed to get good pictures; then the data
should be processed with a phase preserving processor,
i.e. without distorting or adding space varying phase
shifts induced by inaccurate processing. Almost all
processors can do as long as they are designed for that;
we remember here thew - k processor [2]but also range
Doppler ones can be made to work [23]. Once the data
are focused, then the two images have to be properly
aligned in space; the precision of the alignment should
be about .1 pixel or better; this is achieved by opti­
mizing the quality of the fringes and using very high
quality interpolators [24]; it is also possible to design
the focusing processor to properly stretch the images
avoiding too many interpolations [25]. The fringes thus
generated have to be unwrapped: the problem can be
solved either with a single very high quality image pair
(the airplane case) or if we have several lower quality
image pairs with different baselines (the satellite case);
a precedent DEM is always useful. Finally the image
has to be geocoded and if possible merged with other
estimates of the DEM; but then this type of processing
is not specific for interferometry anymore.

12. Actual and future rrussroris

Many airborne systems have been designed to meet
interferometric needs (AIRSAR - .JPL; ESAR, DLR;
EMISAR, TUDenmark; CV 580 - CCRS); satellite in­
terferometry was found [1, 12] because the stability of
the orbits and of the clocks were much beyond the
specs. Recently, after many years of positive results
with ERS -1, the first mission is flying that was de­
signed with interferometry as one of the main goals,
namely the tandem mission where ERS - 1 and ERS -
2 satellites of the European Space Agency revisit the
same area after 1 day (revisiting delays of about 30
min. and of 8 days could also be envisaged); the qual­
ity of the images is very good. It is also important
to mention the SIR - C mission, where the final days
were devoted to multifrequency interferometry (L, C,
and X band), with one day revisiting time, with results
similar to that of the Tandem mission, with advantage
of the multifrequency and the disadvantage of a lim­
ited duration of the mission and therefore a limited
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coverage of the globe. More satellite missions are en­
visioned: first ENVISAT, where a SCANSAR system
will be available (the off nadir angle can be changed
during the observation time), but then a mission with
the shuttle where two C band and may be X band re­
ceivers will be available at the ends of a 60 feet boom,
to achieve single pass interferometry from the satellite.
This mission will merge the advantages of airplane and
satellite interferometry, namely wide swath and uni­
tary coherence. Further ahead in time, satellite fleets
are being studied; the concept of the tandem mission
will be exploited, i.e. the cooperation of two or more
satellites to have images at a short time distance; the
satellites may be staggered in frequency to have more
resolution, in space to have the usual interferometry,
in time to have along track interferometry, etc.

13. Conclusions

In this presentation we have tried to summarize the
impact of interferometry on the design of SAR sur­
veys, its possibilities and limits. First, interferometry
is speckle free, since its effect disappears from the dif­
ferential phase; the concept of radiometric resolution
thus loses meaning. Further, we have seen that from
the fringes, given short or zero revisiting times, a very
good DEM is obtainable, with a vertical resolution that
could be in the meter range or even less from airborne
platforms. Millimetric motion of large areas of the ter­
rain or of corner reflectors have been measured with
good reliability and therefore the possibility of using
the system to measure subsidence, landslides, coseismic
motion has been demonstrated. However, several con­
ditions have to be met, the most important being the
maintenance of some coherence of the scatterers during
the entire experience. This is possible in the case of ex­
posed rocks, but in other cases artificial reflectors may
be needed to link together scattering structures that
may change due to vegetation, floods, storms, etc. Co­
herence is an important clue, that combined with the
more usual backscatter amplitude, leads to high qual­
ity images segmentation. The wavenumber shift con­
cept, finally, may lead to a 3 dimensional view of the
terrain. provided that sufficiently low radio frequencies
be used, that penetrate the target's internal structure.
The same principle can be invoked to improve the res­
olution of objects that do not change with time, see­
ing them under different angles and therefore using the
spotlight mode both in range and in azimuth. We have
also presented the state of development of SAR inter­
ferometry. Codes have been developed that carry out
automatic images registration (up to 1/100 of a pixel),
fringe prefiltering and slope driven smoothing. Auto­
matic phase unwrapping is not an easy goal with noisy
or difficult images. However, the high quality of the
tandem mission makes it likely that global DEM might
be available soon in ERS - SAR geometry, so that only
differential interferometry data with small phase devi­
ations should be considered. However, both ascending
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and descending passes are necessary to avoid foreshort­
ening and layover effects. The combination of multiple
images will allow improved resolution.
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Abstract - A real time technique to get strip-map SAR
interferograms and coherence maps with common UNIX
Workstations / PC is presented. For the ERS mission, the
"real time" throughput corresponds to approximately 1/8
of PRF: e.g. approximately 3 min for processing a 100x
100 km image pair. The proposed algorithm computes a
multi-look averaged interferogram +coherence map (at a
resolution 50 x 50 m) in 18 minutes by means of a low
cost PC (Pentium Pro). This goal is achieved, at a price
of some data loss, by exploiting fast techniques for pre­
summing, focusing, image co-registration and coherence
estimate.

INTRODUCTION

With the huge amount of interferometric SARdata that
are now and potentially will be available from satellite
SAR missions (ERS-1, ERS-2, RADARSAT, SIR-C/X­
SAR III) [1],the computing time to obtain interferograms
and coherencemaps in a semi-operative scenario should be
kept as short as possible. Thus, to select SAR pairs that
actually can be exploited for interferometric applications
the generation of fast, low-resolution surveys (e.g. fringes
and coherence maps) should be carried out routinely on
those pairs that show a suitable perpendicular baseline.
A "quick-look"processor is presented in this paper. The

processor computes inter.ferogram and coherence maps in
blocksof 33x 100km, at a geometric resolution 45 x 45 m
on the ground (for flat earth). A good altimetric accuracy
has been achievedby averaging the interferograms of 5 az­
imuth looks. Severaladjacent "blocks" are then mosaicked
to get a continuous azimuth strip.
The processor performs near to real time on common

low-cost machine: approximately 6 min are requested to
compute a singleblock (32 x 100 km, 5 looks averaged) in­
terferogram & coherencemap, by using a PC PENTIUM
PRO 200 running under Unix. Real time processing, i.e.
8 x the survey time (including some margin for data in­
gestion from HDDT), would require a machine 5 times
faster.
Efficiencyhas been obtained, at a cost of some quality

loss, by designing fast techniques for:
• range and azimuth focusing,

• images co-registration,
• estimate of coherencemaps.

PRESUMMING AND FOCUSING

The first processingstep of the proposed algorithm con­
sists of a range and azimuth presumming of the SAR raw
data. The use of presumming allows to achieve the fol­
lowingadvantages:

(a) the data rate is reduced by discarding less correlated
(and noisy) contributions both in azimuth and in
range. For range presumming, the central frequency
is tuned according to the spectral shift predicted by
the baseline [3,4].

(b) 2D wave-number domain focusing can be performed
on smaller kernels and with "approximate" refer­
ences. These kernels fit better in the processor cache.
Moreover the cost of the Fourier Transforms is re­
duced.

(c) The processor can be easily implemented on multi­
processor machines.

The presumming cost is minimizedby means of an inte­
ger implementation (e.g. by storing one complex sample
in one 16 bit word) and by using polyphase filter banks
[3].
The processing time is thus reduced by a factor of 2.2

times due to range presumming (half band is dropped), 2
times due azimuth presumming (3 of the possible 8 looks
are discarded) and 1.3due to approximate focusing. These
improvementsare achievedat the cost of some information
loss: nominally 50% of the signal (for very low baselines)
is lost due to range presumming and almost nothing for
azimuth baseline in the tandem case due to the 300 Hz
Doppler shift.
As an example, for acquisitionswith a baseline of 300m

the range spectral shift is ~5 MHz(for flat earth). A range
presumming of 2 allowsto recover81% of the useful band­
width (e.g. 9 MHz with respect of 11MHz), if the center
frequenciesof the presumming filters are tuned according
to the spectral shift [2,4]: Jo = ±2.5 MHz. Yet, the data
rate is halved with evident computational advantages.
The fivesub-looks created by raw data presumming are

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996 (ESASP-407,March 1997)



28

then range and azimuth focused. For ERS, an efficient
1-D range-Doppler processor has provided enough qual­
ity for the goal. That processor has passed the CEOS
phase-preserving test (e.g. phase errors are one order of
magnitude lower than the requirements).

COHERENCE ESTIMATE

A fast algorithm has been designed to compute coher­
ence maps. The estimator achieves a computational time
gain greater than 100,with respect of the conventional es­
timator, at the cost of a reduced statistical confidence (its
accuracy being 3 to 5 times worse for coherence values >
0.4).
The proposed estimator exploits the images amplitudes,

and it is based upon the relation between the absolute
value of the complex coherence,

(being ¢(x, y) the averaged interferometric phase), and
the normalized cross-correlation r of the detected SAR
images:

E [(lv112) · (lv212)]r = ---F=~==;;:::::::::;===::;;
JE [lv114] E [lv214]

The followingexpression [5]

2
r= 'Y +l

2

can be exploited to compute the complex coherence, given
an estimate of the normalized cross-correlation of the am­
plitude image, r. The amplitude based coherence estima­
tor is more efficient, since it does not require the knowl­
edge of the interferometric phase (or local frequency).
Moreover, it is not affected by possible local frequency
estimation errors being insensitive to the interferometric
phase.
It can be shown that the proposed estimator is strongly

biased by amplitude non stationarities, however this bias
can be effectively reduced by applying a sort of automatic
gain control (AGC) to both detected images before com­
puting the coherence estimate [5].
The proposed estimator can be efficiently implemented

to compute a coherence map by exploiting overlapped
Bartlett or Boxcar windows at a cost of 50 flops for each
image pixel, independently of the window size.

IMAGES CO-REGISTRATION

An efficient image co-registration requires both a fast
estimate of alignment parameters, and a low-cost image

resampling. In the ERS case, the following deformation
model can be assumed between the two images:

[
x" ]
r" [ c~s/3 -sin/3][x1 O][x]+[xo]

sm/3 cos/3 0 r1 r ro

[ x1 -r1/3J[x] r
{3~1 x/3 r2 r + ro

being x", r" the reference coordinate of one image and
x, r those of the other. The images shift (xo, ro). stretch
(x1,ri) and skew (/3) parameters can be estimated by ex­
ploring the relative shift of at least three small-windows,
possibly close the corners of the images. The shifts be­
tween corresponding windows can be found by maximiz­
ing coherence (estimated basing on the images' absolute
values). The accuracy can be« 1/10 of a resolution cell,
that is enough for a medium resolution product, however
the measured coherence should exceed a proper thresh­
old to avoid larger errors. As an example, Fig.I shows
the probability that the estimated cross-correlation has a
maximum for a random position, different from the right
one.

.75

.50

.25

0.1 0.2 0.50.3 0.4
Coherence

Figure 1: Probability of "correct detection" (e.g. the
estimated shift. is within ±1 sample from the correct value)
for different numbers of independent pixels, L.

Once that the parameters for images co-registration are
known, the necessary images resampling can be imple­
mented, together with 1:2 range oversampling by means
of 1-D resampling along azimuth and then along range.
These resampling can be given in the space domain by
exploiting the FIR kernels:

h~(n) h ( ) . sin(7r(n - 6))
lpn 7r(n-6)

exp(-j27r fdc(n - 6)) exp (-j27r ~l 6d)
being 6 the local shift, fde the Doppler centroid, d the
look number (N1 the number of looks), and h1p(n) a proper
smoothing window. The two exponentials in the expres­
sion above are requested to shift the kernel spectrum



around the Doppler centroid (for azimuth resampling) and
to compensate the phase offset due to looks' subsampling.

The size of the kernel, e.g. the extent of the window
htp (n), depends on the level of phase noise that can be
tolerated. For example, it can be shown that a 6 samples
window, gives a decorrelation of 0.1% (SNR=27 dB) for
6 = 0.5 (that is the case of image range oversampling x2).
In general, the optimum window size is a function of the
azimuth power spectrum density and of the displacement
6, therefore a Look-Up-Table of N kernels can be built
by optimizing the kernels for the shifts: 6 = 0 ... 1/N.
The noise due to the quantization of6 can be made neg­
ligible (SNR<32 dB) by assuming N 2: 64. Notice that
the use of small kernels of 6-7 samples makes space do­
main resampling (and oversampling) more efficient than
the frequency domain approach [6].

STRIP-~IAP INTERFEROGRA}.I GENERATION

The generation of an interferogram is accomplished, as
usual, by complex multiplication of two surveys after co­
registration and range oversampling. At this step, it is
possible to add in-phase the contribution of different looks.
Then, the interferogram is flattened, low-pass filtered and
subsampled. A strip-map interferogram is obtained by
mosaicking small azimuth strips, say 32 km wide. In the
ERS case, the variation of Doppler parameters in strips
of that extent causes negligibledefocusing (and phase dis­
tortion) at the edges of the blocks. There is no need of
space registration if the images were registered at zero
Doppler while focusing. The only phase registration nec­
essary could he performed to compensate the variation of
flattening functions in two adjacent blocks. However,that

Processing Step Quick-look Processor Standard !SAR
Processor

(Polimi-ESA)
CPU time Mnps/s CPU time
[min.sec] [rnin:sec]

I-look Slooks single look
from SLC

Doppler Centroid Estimate 0:01 0:01
Baseline Estimation 0:01 0:01
Filtering and Subsampling I: 10 1:10 31
Focusing 0:36 3:00 27
Registration parameters 0:03 0:03 0:30+15:00
estimate
Image #1 Resampling 0:20 1:40 27 0:41
Image #2 Oversampling 0:05 0.25 30 0:11
Interterogram Generation 0:06 0:07 31
TOTAL 2:22 6:27
Coherence Estimate 0: 14 0:30 48:28

Table 1: Computational complexity and computing
time for the quick-look algorithm (30 x 100 km interfer­
ogram).
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COMPUTATIONAL COMPLEXITY

The computing time achieved by the interferometric
quick-look (for a 33 x 100 Km image block) is summa­
rized in table l. CPU time are referred to a current PC
PENTIUM PRO 200, running under UNIX.
The most time-consuming steps have been highlighted

in italics. Note the advantage achievedwith respect to the
standard - public domain interferometric processor, due to
a much more efficientway to compute coherence.
An example of a 5 looks averaged ERS-1/ERS-2 tan­

dem interferogram got by mosaicking two strips of 32 km
(azimuth) x 100 km (range) is given in Fig.2,3.
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Figure 2: Low resolution interferogram from ERS-
1/ERS-2 tandem mission (Jan '96), Greenland. Images'
size is approximately :JOO km (azimuth, vertical) z 100
km (slant range, horizontal). Left: absolute value; cen­
ter: fringes; and right: coherence map.

CONCLUSIONS

An algorithm for generating interferograms & coherence
strips has been presented. It is intended for data screen­
ing and browsing. All the processing steps requested for
generating the interferogram have been revisited - effi­
ciency has been achieved by keeping coherence loss due
to processing less then 5o/c. A "quick-and-dirty", phase­
independent coherence estimator has been introduced. It
requires 14" to compute a 33 x 100 km, 5 looks averaged
coherence map.
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A 5 looks averaged, 33x 100 km ERS interferogram can
be computed in 6' with a 30Mflops/s Workstation. A pro­
totype processor, installed at ESRIN, has produced sev­
eral interferograms and coherence strip-maps thousands
of km long.

Figure 3: Enlargement of the previous image: an area
of approximately 'lx 15 km has been shown. Note the fast
fringes probabily due to the motion of the ice detaching
from the ice-shelf.
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ABSTRACT

This is a complementary job of another rcfired to the
use of SAR images, proceeding of ERS-1 and
Radarsat, that in these years have haven an important
diffusion in those areas where either by cloud cover or
short sunlight hours (tropical or polar zones) isn't
possible to obtain optical data. Also in those regions
with optical images, SAR data arc an useful
complement and in certain studies are being used alone
(e.g. flooding).
In adition, we began to work with the first
RADARSAT images of Argentine (Buenos Aires
Province) and ERS-1 SAR images, in EIU)AS Imagine
8.2, to optimize different treatments and to obtain
more information from original data. these images
were combined with TM images (synergism) and
vectorial maps (realized with ARC/INFO), conforming
the aims of this study.
The results of this work will allow to incorporate SAR
data to studies of flooding, agriculture. land use,
geology. coastal zones. multitemporal studies.etc,

RESUMEN

Este trabajo se complemcnta con uno prcvio referidos
ambos al manejo de las imageries obtenidas a partir de!
radar de abcrtura sintetica, portado por satelites como
RADARSAT, ERS-1 y 2. que en estos ultimos afios
estan cobrando difusion sobre todo en aqucllas areas en
que la cobcrtura nubosa o las escasas horns de luz,
(zonas tropicales o polares, respectivamente), no
permiten Jaobtencion de datos satelitarios provenientes
de sistemas opticos como Landsat y Spot. Asi mismo,
en aquellas rcgiones en quc es posiblc contar con datos
opticos la imagen radar constituye un complemento
importantc y aun para detcrminados cstudios es una
herramienta de suma utilidad en si misma (ej:
inundaciones ).
Estas razones motivaron quc sc comcnzara a trabajar
con las primeras irnagcnes RADARSAT de la
Republica Argentina (Prov. de Buenos Aires) y con
imageries FRS-1, en l·:RDAS Imagine 8.2 y optimizar
diversos tratamientos para extraer mas informacion a
partir de los datos originalcs. Se combinaron, ademas,
con imagcnes opticas, realizando una interpretacion a
priori. mediante el anaisis de color de las diferentes
coberturas. Mapas vectoriales obtcnidos con

ARC/INFO tarnbien se supcrpusieron, tanto sobre la
imagen radar.comosobre el producto del sinergismo.
Constituycndose en los objetivos de! estudio.
Al mismo tiempo se establecio un punto de partida
para cl entrcnamiento de los usuarios c interpretes
referente a este nuevo tipo de imagen y a las
posibilidadcs presentadas en este caso por ERDAS
Imagine 8.2 para analizarlas.
I .os resultados obtenidos a partir de este trabajo
permitiran incorporar los datos SAR a los estudios
aplicados al monitoreo de inundaciones, estimacion de
cultivos, uso del suelo, estudios geologicos y de zonas
costeras, cstudios rnultitemporales, etc.

I. INTRODUCCION

En novicmbre de 1995 foe lanzado exitosamente el
satelite canadiense RADARSAT que lleva a bordo un
sistcma de imagenes de radar de abertura sintetica
(SAR). Micntras que sc cuentan con datos ERS-1 ya
desde cl afio 1991.
El SAR. a diferencia de los sistemas opticos pasivos
que dcpenden de la luz solar, transmitc de manera
activa una serial de microondas que interactua con la
cobertura terrestre y rcgrcsa una sefial al satelite, La
topografia del terrcno, su orientacion y otras
caractcristicas afectan a la sefial de retomo
producicndo cambios en su fase, amplitud y
polarizacion (FAO/ESA. 1993). Mcdiante el
procesamicnto computarizado de estos elcmentos se
obtiene una imagen dcl terreno. Para extraer
informacion de Jamisma se examina el tono, la textura
y la fuerza de la sefial ya que se trata de imagcnes en
hlanco y negro.
Para estc trabajo se conto con imagenes I~RS-Idcl afio
1993 y las primeras imagcncs RADARSAT para la
Republica Argentina de marzo de 1996 (con
caractcristicas similarcs a al imagen ERS-1. en cuanto
a Ja resolucion espaciaJ, cl angulo de incidencia y Un
ancho de franj a de I00 Km).
El objetivo de estudio foe procesar con ERDAS
Imagine 8.2 las imagencs Radar y optimizar diversos
tratamicntos para extraer mucha mas informacion de
los datos originales, combinandolos con imagenes
opticas (Landsat TM) y mapas vectoriales obtcnidos
con ARC/INFO. lniciando asi una nueva etapa en lo
que a tratamicntos c intcrpretacion de imagenes
satelitarias respecta,
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2. MATERIALES Y METODOS

Area de estudio:
Las imagenes ERS-1 pertenecen al Partido de Pehuajo,
provincia de Buenos Aires, Argentina. Es una zona con
relieve piano interrumpido por dunas longitudinales de
direccion NE-SO, entre las cuales se hallan cuerpos de
agua siguiendo esa misma direccion Se practican
actividades agricolas - ganaderas de forma extensiva,
en las areas mas altas.
Las imagenes RADARSAT comprenden un sector del
Delta del Parana, area limitrofe entre las provincias de
Buenos Aires y Entre Rios. Con un paisaje muy
particular en el que ateman zonas con antiguos
depositos marinos, zonas de erosion y deposicion de
sedimentos fluviales, islas con vegetacion natural
sobre los margenes mientras presentan bajos en la
parte central, areas forestadas por el hombre y con
actividades frutihorticolas.

Se emplearon:
- Imagen ERS-1/ SAR.PR! del 30 de noviembre de
1993 centrada en las coordenadas S -35.687 y W
62.563.
- Imagen LANDSAT TM Bandas 3,4,5 del 23 de
diciembre de 1993, Path-Row 227-85.
- Cartas topograficas de IGM (Instituto Geografico
Militar) a escala l :50.000 del area en estudio.
- Imagenes RADARSAT de la provincia de Buenos
Aires, Argentina, del 6 de marzo de 1996.
- Imagen LANDSAT TM, bandas 3,4,5, del 10 de
enero de 1994, path-row 225-84.

El procesamiento de imagenes se llevo a cabo con
ERDAS Imagine 8.2.
Se trabajo sobre dos ventanas tematicamente
diferentes:
a) Delta del Parana.
b) Sector central del partido de Pehuajo

Los tratamientos aplicados fueron en algunos casos
comunes a ambos, mientras que otros fueron
exclusivos para cada uno de ellos.
Antes de poder utilizar la imagen ERS-1 fueron
nccesarios ciertos pasos:
- De formato exabyte se paso a tape de back up.
- La imagen prcsentaba inversion de pares de bytes,
otorgando una imagcn caotica.
-Se le aplic6 un programa (J.J.Vcrgcs) para rcstablccer
cl ordcn corrccto de bytes.
- La imagen obtcnida en cl paso anterior prcscntaba
una rotacion respecto al eje vertical.
- Con ERDAS se lograba invertirla, pcro no fue
posiblc generar un nucvo archivo con la imagcn en la
posicion correcta. Recien se pudo obtencr despues de
la georreferenciacion,
- Los proccsos que se aplicaron sobre la imagen
original de 16 bit, tambien se aplicaron a una de 8 bit.

Para observar si existian diferencias, ya que muchos
procesadores de imagenes , que estan en el mercado,
asociados a sistemas de informacion geografica (Ilwis,
Idrisi) ticnen esta limitacion para generarlas.

La imagen Radarsat resulto mas accesible, en formato
CD, se levanto con un programa especial para cstas
imagenes y se obtuvo la imagen lista para trabajar.

Sc aplicaron difcrcntcs filtros sobre la imagen ERS-1,
como cl de media, Frost, Lee, Map (comparados en
Torrusio ct al, 1996). resultando en este caso mas
favorable cstadisticamete el de Frost.
Sohre la imagcn Radarsat se aplicaron solo cl de Lee
y el de Frost, resultando mejor el primero.

Las imageries SAR fueron, luego del filtrado,
(Dallemand ct al, 1992) georreferenciadas mcdiantc cl
metodo del Vecino mas cercano (nearest neighbor).
En el caso de la RADARSA T a partir de la cartografia
en el Sistema de Proyeccion Gauss Kruger, con un
error mcdio cuadratico (RMS) de 1,6 pixel; mientras
que la imagen ERS-1 fuc ajustada a partir de la imagen
LANDSAT TM, pucs rcsultaba dificil encontrar
buenos puntos de control directamcntc sobre la imagcn
radar (RMS=l,9).
Ambas imagenes LANDSAT fueron gcorrcfercnciadas
(Fig. 1) por cl mismo metodo (nearest neighbor)
alcanzando un RMS mcnor a un pixel y rcmuestrcadas
a 15 m., para luego superponerlas con los datos SAR.
En las dos areas de cstudio SC combinaron (sinergismo)
los datos SAR con las bandas 3 y 4 de! Landsat TM
(Dallemand et al, 1992, Perlant, 1992, Kohl et al,
1994) asignados a los canales azul, verde y rojo de
mancra respectiva. Por mcdio de! analisis de! color
(Lichtenegger et al, 1991) de la imagen rcsultado se
llega a una interpretacion, a priori, del area de estudio.
Fue importado de ARC/INFO un mapa vectorial
(digitalizado a partir de la cartografia de! Instituto
Geografico Militar, relcvada en cl afio 1970)
contcnicndo vias de comunicacion, curso de rios y
contomos de islas que fue supcrpuesto con la ventana
de! Delta de! Parana (Fig); y otro similar de! area de
Pehuajo, a partir de la cartografia IGM de! afio 1956.
En este caso se digitalizaron de pantalla ciertos rasgos
quc dada la antiguedad de la cartografia no figuraban.

3. RESULTADOS Y CONCLUSIONES:

En cuanto a los filtros, resulto mcjor en la zona de
Pehuajo el filtro de Frost, pues manticnc la mayor
cantidad de datos originalcs ysu cstadisticos no son tan
difercntcs al de los otros filtros que ticnen una fuertc
perdida radiometrica; factor a tcner en cuenta cuando
se emplea el analisis digital de la imagen, como por
cjcmplo una clasificaion automatica. Aqui se dcbe
remarcar que esta mcncionada perdida radiometrica
tiene suma importancia al tratarse de imagenes de solo
8 bit.



En la zona de! delta. cl filtro de Lee fue el elegido
desde el punto de vista estadistico y visual. (Fig. 2)

Mediantc la combinacion de los datos SAR y Landsat
TM se obtiene una imagen final.(Fig. 3) para cada
zona, quc cnriqucce el analisis e interpretacion de los
datos originales. Aportando informacion de la
topografia (por ejemplo superficics lisas o rugosas) los
primeros y de! comportamiento espectral de los objetos
los segundos.
Para la interpretacion a priori de las dos ventanas sc
puede cstableccr que los colores rojo a magenta estan
asociados a una cubierta vegetal continua siendo
superficics mas rugosas aqucllas proximas al magenta,
pudiendo diferenciarsc zonas de monte y/o areas
forcstadas (observandosc cl aporte de la banda 4, IRC,
y la rugosidad otorgada por los datos SAR).
Del rojo al amarillo sc rclacionan con la vegetacion
siendo mas baja a medida que se aproxima a este
ultimo color.
Del verde al amarillo y al cian se corresponden con
suelos rccubiertos de una vegetacion rala o suelos
desnudos. A medida quc cl cian se aproxima al azul sc
obscrva cl suelo desnudo en diferentes estados de
preparacion (rugosidad) y con distinto porcentaje de
humedad, resultando diflcil establecer cual de los dos
factores iniluye mas en la retrodifusion.
Tambien cs importantc destacar en la ventana de
Pehuajo que se distinguen diferentes tipos de agua
segun prcsenten alguna clasc de vegetacion en
superficic o sedimentos, analizando la diferente
coloracion '-'11 la imagen final Se destaca ademas en la
misma imagen radar una alta retrodifusion en las
lagunas observandose tonos de gris muy claros. Esto se
ha debido probablemcntc a la presencia de viento en
superficic que convirtio csa superficie plana
originalmcnte, con retrodispersion practicamente nula
y de color negro (como se ve en la mayoria de los
casos) en zonas rugosas, con retrodifusion mas alta y
de grises mas claros.
El sowftare empleado incluye, por medio de dos de sus
aplicacioncs (Blend y Swipe ), la posibilidad de
mezclar en distintos porcentajes ambos tipos de datos
analizando asi cl ajuste y los aportcs para cada
cobertura de ambos sistemas.
De la superposicion de la imagcn SAR y TM con el
mapa vectorial se distingue un buen ajuste. Se observa
en la zona de! Delta el cambio acontecido en el caucc
de algunos cursos de agua al obscrvarsc la diferencia
entre lo digitalizado a partir de la cartografia (1970) y
el curso actual aportado por la imagen. (Fig.3) .
En el area de Pehuajo la superposicion (Fig. 4) SC

realize sin complicaciones, ayudando en cste caso la
disminucion de speckle (mediantc cl filtro de Frost), la
identificacion de nucvos rasgos auscntes en la
cartografia junto a la adquisicion progresiva de
expcriencia por parte de! interprete.
Se establece finalmentc que el sinergismo entre SAR
y TM es favorable para analizar de forma completa la
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variabilidad presente en diferentes ambientes y asi
lograr un mejor monitoreo de estos y de los recursos
que sustentan. Ademas el manejo de estas imagenes y
de archivos ARC/INFO con ERDAS Imagine 8.2
resulta amigable y operativo, una vez que los primcros
tropiezos, sicmpre prcsentes al inicio de una tematica
nueva, son superados.
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Fig. l
Imagen tcncscrt TM
Bandos 3,4.5
(23-12·93] GeorrelerencOOo
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Figura I. Imagen Landsat TM. bandas 3.4.5. Zona de Pehuajo.Georrrcfereuciada.

Figura 2. Comparacion de la imagen Radarsat sin filtrar (izq.) y con filtro de Lee (der.)
Zona delta <leiParana.
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Figura 3. Imagen Landsat TM + LRS-1 +Mapa vectorial /\RC/Info. Iona Delta dcl Parana. Obscrvar la
ditcrcncia en cl curso dcl rio (angulo sup. izq.) con lo digitalizado del afio 1970.

Fig. 4
Imagen ERS-I SAR
Flltrada y georreferenciada con
suoerposiciOn de mapo vectorial

0 I Km

Figura ..i. Imagen FRS-1 SAR. Filtrada. gcorrclcrcnciada y con mapa vectorial /\RC/Info.
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RESUMO
Este trabalho relata as primeiras atividades
desenvolvidas no Projeto ADRO (CCRS/INPE) com
imagens RADARSAT - "fine mode", para aplicacoes
em area florestal. 0 Projeto ADRO tern como
objetivo, a avaliacao da potencialidade das imagens
RADARSAT em diferentes areas, para diferentes
aplicacoes, Para esta aplicacao (estudo de areas
florestais), a area de estudo compreende a Floresta
Nacional do Tapajos, Santarem - PA. Foram
utilizadas duas imagens RADARSAT, SGF- F2, de
20105196 e SGX-F5 de 03/05/96 e uma imagem
TM/Landsat (WRS 227/62) de 07/08/95, bandas 3, 4
e 5. As imagens RADARSAT foram submetidas a
calibracao radiometrica relativa, orto-correcao atraves
de modelagem geometrica, considerando o modelo
digital de elevacao (MNT) do terreno, e integracao
com imagem TM/Landsat utilizando a transformacao
IHS. 0 procedimento metodol6gico e a avaliacao
visual do produto resultante da integracao com
imagem TM/Landsat silo apresentadas quanto a
capacidade de discriminar diferentes coberturas
florestais e disturbios na floresta.

1. INTRODUCAO

0 sensoriamento remoto na regiao de microondas,
coloca a disposicao um valioso conjunto de dados
para areas onde a cobertura de nuvens 6 frequente,
vantagem ate entao nao disponivel quando da
utilizacao de dados provenientes das porcoes visivel e
inftavermelho do espectro eletromagnetico.
Esta caracteristica c um dos fatores que motivam o
desenvolvimento de tecnicas para extracao de
informacocs a partir de imagens de radar para areas
como a Amazonia, onde a dimensao territorial e a
cobertura de nuvens demandam dados com as
caracteristicas descritas para imagens de radar.

Contudo, para que imagens de radar sejam utilizadas,
em projetos operacionais, para monitoramento
ambiental por exemplo, 6 neccssario que a
comunidade de usuarios conheca e domine as tecnicas
de correcoes (pre-processamento) basicas necessarias
e as informacoes provenientes de cada produto
disponivel no mercado.
Este trabalho, insere-se no escopo de atividades
previstas pelo projeto ADRO - INPE/CCRS, de
avaliacao das potcncialidadcs das imagcns
RADARSAT, especificamente para aplicacoes
florestais. 0 objetivo especifico 6 descrever o
processamento digital realizado em imagens
RADARSAT-finemode, para a correcao radiometrica
e gcometrica das imagcns, e posterior integracao com
dados TM/Landsat.

2. AREA DE ESTUDO

A area de estudo constitui-se da porcao norte da
Floresta Nacional (Flona) do Tapajos, no municipio
de Santarem, PA - Brasil. A regiao de interesse
encontra-se entre as coordenadas 55° 03' 23" e 54°
53' 11" de longitude oeste e 02° 52' 40" e 03° 01'
07'' de latitude sul. A Fiona e administrada pelo
lnstituto Brasileiro de Mcio Ambientc e Recursos
Naturais Renovaveis (IBAMA) e e limitada pclo Rio
Tapaj6s a oeste e pela BR-163 a leste (Figura I).
A regiao 6 marcada por estacoes seca (agosto a
novcmbro) c chuvosa (fevereiro a maio) bem definida
com temperaturas variando de 20°C a 35°C, e
minimas ocorrendo durante a estacao chuvosa. E
caractcrizada ainda por duas grandcs unidades
morfoestrutural - o Pianalto Rebaixado da Amazonia
(cotas de IOOm)e o Pianalto Tapaj6s/Xingu (cotas
cntrc 120a 170m).
De acordo com o RADAMBRASIL (1976) a

vegetacao tambem 6 subdividida em duas regioes:
Baixos Plates da Amazonia, quc por sua vez se divide
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em Ecossistemas de Baixos Plates e Ecossistemas de
Baixos Plates Dissecados, e os Altos Plates dos Rios
Xingu e Tapaj6s. Ambas regioes apresentam floresta
tropical densa com especies de alto valor economico,
sendo cstas mais abundantes nos Altos Plates.
A Flona, como unidadc de conservacao pode scr
manejada e provavelmente tera parte de seus recursos
madeirciros explorados, atraves de metodologia de
manejo sustentado desenvolvida pelo lBAMA.

Figura l. Localizacao da Floresta Nacional do
Tapaj6s

Apresenta-se atualmcntc ocupada por muitos colonos
estabelccidos ao longo do Rio Tapaj6s e da estrada
que comunica a BR-163 com o vilarejo de Tauari,
atravessando o povoado de Sao Jorge. Estes colonos
mantem atividades de agricultura e pastagem,
alterando a cobertura florestal original.

3. RADARSAT

RADARSAT e o primeiro satelite canadense de
observacao da Terra desenvolvido para aplicacoes de
manejo e monitoramento dos recursos naturais. 0
sensor de radar a bordo do satelite opera numa unica
frequencia de microondas - banda C, com frequencia
de 5,3 Ghz (5,6 cm de comprimento de onda),

polarizacao HH, e tern a possibilidade de 7 modos de
imageamento de acordo com a faixa imageada e a
resolucao disponivel (modos: "scansar wide",
"scansar narrow", "extended low", "wide",
"standard", "extended high" and "fine")
(RADARSAT, 1995).
Para cada um dos modos de imageamento e possivel
selecionar uma posicao do angulo de incidencia
disponivcl. Por exemplo, para as imagcns "fine
mode", de 10 m de rcsolucao nominal e 50 x 50 km
de faixa imageada, e possivel selecionar 5 posicoes de
angulo de incidencia: de Fl (37 a 40 graus) a F5 (45
a 48 graus).
Para este trabalho foram utilizadas duas imagcns
RADARSAT - "fine mode", cujas caracteristicas silo
apresentadas na Tabela I.

Tabela 1 - Ima~ens RADARSAT utilizadas
FS-SGX F2-SGF

Data 03/05/1996 20/05/1996
Modo F5 - SGX F2 - SGF
Angulo de 45-48 39-42
Incidencia (graus)
Resolucao lOm lOm
Nominal (m) (8,8 a 9,0m) (8,8 a 9,0m)
Tamanho do Pixel 3,125 x 3.125 6,25 x 6.25
(range, azimute)
Latitude central -3,07936 -2,91194
(graus)
Longitude central -54,96849 -43.83519
(graus)
Numero de Pixels 12166 6770
Numero de Linhas 13766 8100
Numero de Looks

As imagens RADARSAT silo disponibilizadas cm
diferentes niveis de processamento. A imagem F2
utilizada neste trabalho 6 uma "path image" - SGF,
ou scja a imagem foi alinhada paralela a orbita do
satelite e teve as coordenadas (latitude e longitude)
iniciais, finais e central adicionadas a cada linha do
dado. A imagem F5 por sua vez e um produto do tipo
"path image plus" - SGX, que difere do anterior
apenas quanto ao procedimento de amostragem
utilizado. Produtos SGX utilizam um tamanho de
pixel menor para manter a resolucao plena.
Quanto a direcao de visada, o saielitc RADARSAT
pode imagear a Terra com a visada para leste quando
a orbita e ascendente (6:00 a.m. horario de
cruzamento do Equador) e para oeste quando a 6rbita
e descendente (6:00 p.m. horario de cruzamento do
Equador). As duas imagens utilizadas foram
adquiridas em orbita descendente.



4. FUNDAMENT A(:AO TEO RICA

Por calibracao radiometrica absoluta de imagens de
radar, cntende-se a extracao dos valorcs de
retroespalhamento (CT0)a partir dos nivcis digitais de
amplitude prcsentes nas imagens. Esta calibracao
possibilita a comprcensao dos proccssos de
retroespalhamento dos alvos c conscqucntemente a
cornparacao entrc imagcns de datas c passagcns
distintas. Contudo, csta calibracao absoluta ainda nao
esta disponivel para as imagens RADARSAT. Apcnas
a calibracao rclativa encontra-sc disponivcl, c
consistc na climinacao de uma "look up table"
(valorcs de ganho c off-set) quc foi aplicada na
imagem no processo de gravacao, c na convcrsao dos
valores digitais de magnitude cm potencia, Esta
calibracao, apresentada sumariamcntc a scguir,
cncontra-sc detalhadamente descrita cm Shepherd ct
al ( 1995).
No "header" da imagcm (campos 12 a 53 l)
cncontram-sc os valorcs de ganho c offset que foram
incorporados e dcsta forma os valorcs de brilho da
imagem podem ser calculados por:

ondc:
W'<R>= brilho do pixel - ground range (R)
DN = numero digital
A0 =offset fixo (look up table)
A<R>=ganho para o pixel "ground range" (R)

Para calcular os valorcs de brilho de toda a imagcm,
devc-sc considerar 0 angulo de incidcncia para cada
coluna da imagem, c o retrocspalhamcnto (CT0)pode
cntao scr obtido corrigindo-se os valores de brilho
para OS angulos de incidencia l(R). ondc I 6 uma
funcao do "range" r:

CT"=W' <R>+I0 * log., (sen I <R>}dB

A partir desta imagcm, os valores de nivcl digital de
potcncia podem scr obtidos a partir de CT0atravcs da
relacao: CT"= I0 log., DN(I'>.
Atencao especial dcvc scr dispensada a imagcns de
6rbita descendente, como as utilizadas ncstc trabalho,
uma vcz quc a "look up table" cstava sendo aplicada
indiscriminadamerue do sentido da 6rbita. Estas
imagcns devcriam ser cspclhadas antes de sc aplicar a
corrccao rclativa e depois novamcntc cspclhadas para
reprcscntarem fidedignamente a supcrficie.

As imagcns RADARSAT - SGF c SGX silo
fomccidas cm "ground range" porcm nccessitam de
correcao geometrica. Esta correcao faz-sc ncccssaria
quando sc dcseja climinar efeitos de rclcvo (lay-over c
sombra) ou mesmo utilizar as imagens para
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integracao com outros tipos de imagens, como no
caso imagens TM/Landsat.
Em substituicao ao tradicional registro polinomial de
imagcm com mapa ou imagem-imagem, aconselha-se
o uso da modelagcm gcometrica unificada c integrada
para a corrccao das imagens (Toutin, 1995). Ao inves
de corrigir localmcntc a imagem ajustando um
modclo polinomial a partir dos pontos de controle, o
modelo gcometrico corrige globalmcnte a imagem
considcrando as distorcoes da plataforma (posicao,
velocidadc e orientacao), do sensor (angulo de
oricntacao c integracao do sinal), da Terra (gc6idc c
elips6idc, incluindo elevacao) e da projccao
cartografica (piano cartografico e clips6ide).
0 procedimcnto de orto-corrccao utilizando o modelo
geomctrico aprescnta-se esqucmatizado na figura 2.

Ima gem

FITA
Coordcnadas
dos pontos de

Controlc
(PCs)

Arquivo
Imagem

Arquivo

Orbit

l PCs

GCP~Vorks

Coordcnadas

+--+ 1 dos PCs

1
Erros

RcsiduoslCoordcnadas

Geograficas

Computadas

Para metros

Gcomctricos

sortho/srortho

l
Orto-Imagcm J

Figura 2. Fluxograma do proccdimento utilizado para
corrccao geometrica das imagens RADARSAT e
TM/Landsat.
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0 procedimento basico consiste inicialmente na
leitura da imagem, onde as informacoes de atitude,
efemeride e geometria de visada sao extraidas, Na
sequencia, um minimo de 12 pontos de controle com
coordenadas X, Y e Z devem ser coletados para a
imagem, e o modelo pode ser computado. Os
parametros orbitais siio usados para inicializar o
modelo e entao um ajuste interativo de minimos
quadrados e utilizado para resolver a equacao com os
pontos de controle (7 pontos sao usados para resolver
a equacao de imagens SAR). Como resultado obtem­
se os parametros do modelo geometrico, os residuos
dos pontos de controle, os erros dos pontos de teste e
as coordenadas geograficas computadas para cada
ponto.
Uma vez gerado o modelo, a imagem pode ser orto­
corrigida para um sistema de projecao geometrica
definido e um Modelo Digital de Elevacao pode ser
utilizado para computar as distorcoes de elevacao
para cada pixel da imagem. Para a reamostragem
final da imagem pode-se selecionar um filtro de
eliminacao de "speckle" substituindo os
interpoladores (vizinho mais pr6ximo, bilinear ou
bicubico ), gerando assim uma imagem orto-corrigida
e com efeito de speckle minimizado, evitando assim
multiplas interpolacoes.

5. METODOLOGIA

Para a integracao com as imagens RADARSAT, foi
utilizada uma imagem TM/Landsat-5, WRS - 227/62,
de 7 de agosto de 1995,bandas 3,4 e 5.
Utilizou-se um modelo numerico de terreno da
altimetria da regiao, para a correcao geometrica.
Foram utilizadas as isolinhas com valores de cota,
digitalizadas no sistema de informacao geografica
SGI pelo projeto Funatura (Hernandez Filho et al,
1993). As isolinhas foram interpoladas no software
Spring atraves de triangulacao para gerar uma grade
regular, com resolucao de 30 m. Esta grade regular
deu origem a uma imagem onde os valores de nivel
digital correspondem aos valores de altimetria, que
foi utilizada na orto-correcao.
Para o processamento de imagens utilizou-se o
software PCI. Inicialmente as imagens RADARSAT
foram lidas com o algoritmo msar. 0 angulo de
incidencia foi calculado para as colunas utilizando o
sarincid, e o retroespalhamento obtido atraves do
sarsigma. Atraves da opcao model, os valores de
retroespalhamento foram convertidos de
retroespalhamento-o" (decibeis) para potencia (nivel
digital), atraves da expressao:
Potencia = 10/\ (Retroespalhamento/ 10).
Para avaliar o efeito da 6rbita descendente com "Look
up table" de imazem ascendente, um teste foi

realizado espelhando-se a imagem original (mirror)
ap6s a leitura da imagem e omesmo procedimento de
calibracao relativa e efetuado.
Para a correcao geometrica, os pontos de controle
(PCs) foram coletados nas cartas topograficas na
escala de 1:100.000. Os algoritmos utilizados para
cada uma das etapas da orto-correcao estao indicados
na figura 2 (em italicoi. 0 modelo foi computado
para cada imagem, e apenas os pontos de controle que
apresentaram erro quadratico medio inferior a tres
vezes o erro quadratico medio total foram utilizados.
As imagens foram reamostradas para pixels de 12,5
m utilizando filtros de eliminacao de speckle e a
imagem de modelo numerico de elevacao.
Para a eliminacao do ruido speckle, os filtros de
mediana, Gama e Lee foram testados sobre as
imagens, utilizando-se janelas de diferentes
tamanhos.
A imagem TM/Landsat tambem foi orto-corrigida
atraves do mesmo procedimento descrito para as
imagens RADARSAT, utilizando interpolacao
bilinear. Para a integracao, esta imagem tambem foi
reamostrada para 12,5m.
Para a integracao de dados RADARSAT e
TM/Landsat procedeu-se a transformacao IHS,
utilizando-se a composicao TM bandas 3, 4 e 5 nos
canais azul, verde e vermelho respectivamente. Para a
conversao IHS-RGB, a banda de intensidade foi
substituida pelas imagens RADARSAT gerando
assim duas novas imagens hfbridas TM-RADARSAT.
Devido a presenca de nuvens na imagem TM, o canal
de matiz (H) niio foi utilizado na transformacao IHS­
RGB, sendo substituido pelo canal de intensidade.

6. RESULTADOS E mscussAo
A imagem resultante da calibracao radiometrica e
apresentada na figura 3. Observa-se o aspecto ruidoso
da imagem, demandando uma filtragem do speckle.
Comparando-se a calibracao radiometrica relativa
realizada sobre a imagem original e sobre a imagem
espelhada, observou-se uma diferenca de 10% entre
os valores de potencia nas margens da imagem, e
difercncas de 5% no regiao central da imagem. Esta
diferenca era esperada uma vez quc a "Look up table"
varia ao longo do imageamento ("range"). Para
aplicacoes como integracao de dados para posterior
classificacao, estas diferencas podem ser
desconsideradas, 0 que nao e valido para aplicacoes
onde os valores de backscatter serao associados as
medidas de campo.



Figura 3 - Imagem potencia SGF-F2 apos calibracao
relativa

0 filtro gama, com uma janela de 9x9 foi o que
apresentou melhor resultado na eliminacao de
speckle, quando visualmcntc comparado com os
outros filtros testados. Contudo pixels saturados ainda
siio observados na imagcm (Figura 4). Estes pixels
corrcspondem a valores de potencia maiores que _, o
que poderia ser atribuido a alguma saturacao no
processo de geracao da imagem e as variacoes do
terreno como "double bounce" e efeitos de relevo,
Esta observacao e confirmada observando-se que
mesmo apos a aplicacao de um filtro mediana, de
janela de 11x11, estes pixels saturados continuam
prcsentes.

Figura 4 - Imagem SGF-F2 apos filtro gama 9x9
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As figuras 5 e 6 apresentam as imagens F2 e FS
respectivamente apos a ortocorrecao, com a utilizacao
do filtro mediana para a interpolacao. Comparando-se
as imagens F2 e FS, observa-se que a rugosidade do
dosscl e 0 efeito de "double-bouncing" e mais
evidente na imagem FS, devido ao maior angulo de
incidencia. Por consequencia, os lirnites entre feicoes
da imagem como floresta e areas desmatadas siio
evidenciados, indicando esta imagem como mais
apropriada para intcrpretacao visual, especialmcntc
para idcntificar areas de alteracoes na cobertura
florestal.

Figura 5- Imagem SGF-F2 apos orto-correcao

Figura 6- Imagem SGX-FS, apos orto-correcao
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A figura 7 apresenta as imagens resultantes da orto­
correcao integradas com a imagem TM/Landsat ap6s
a transformacao IHS. Observa-se que algumas feicoes
niio estao completamente ajustadas, o que se deve ao
carater de correcao global da imagem e nao local. 0
mapa utilizado para a aquisicao de pontos de controle
apresenta uma precisao de 50 m. Os erros quadraticos
dos residuos computados para F2 e F5 foram de 37 m
e 29 m respectivamente, e de 57,5 m para a imagem
TM.

Figura 7 - Imagem SGX-F5 e TM/Landsat ap6s IHS

0 erro de posicionamento observado na imagem 6 de
aproximadamente 2 pixels, ou seja 25 m, inferior a
precisao da carta. Resultado este que supera as
expectativas, considerando a dificuldade de
localizacao de pontos de controle na area e a precisao
da carta utilizada. Para que melhores resultados sejam
obtidos na correcao geometrica. aconselha-se a
utilizacao de pontos de controle colctados com GPS
diferencial no campo.
A informacao tonal {espectral), introduzida com a
imagem TM/Landsat, auxilia a interpretacao das
imagens e identificacao dos alvos, antes apenas
distintos pelos limites associados a variacao de altura
da cobertura vegetal. A identificacao de feicoes nas
imagens RADARSAT, como areas de clareira e
desmatamento, e variacoes das formacoes florestais e
realcada ap6s a integracao com dados TM.

7. CONSIDERA<;:OES FINAIS

0 procedimento de pre-processamento das imagens
RADARSAT, calibracao radiometrica relativa e orto­
correcao geometrica, utilizando a modelagem
geometrica com Modelo Numerico de Terreno foi
apresentada. Este processo, apesar de demandar

tempo de processamento e fundamental para 0 USO

das imagens para qualquer aplicacao.
A integracao com imagem TM/Landsat proporciona
um produto mais apropriado para interpretacao visual
das imagens, facilitando o reconhecimento das
diferentes coberturas.
De modo a otimizar a correcao geometrica,
aumentando a precisao de posicionamento, este
procedimento devera ser repetido utilizando-se pontos
de controle adquiridos no campo, com precisao.
As imagens RADARSAT, pela caracteristica da
banda C, refletem a variacao da estrutura superior da
cobertura, do dossel no caso da cobertura florestal. A
rugosidade do dossel sera avaliada a partir de dados
de campo, onde a variacao da altura das arvores
emergentes sera modelada e comparada com a
resposta obtida nas imagens. Esta analise
proporcionara a avaliacao da textura das coberturas
florestais e orientara a extracao de informacoes
florestais a partir das imagens RADARSAT.
Acredita-se que estas imagens constituam uma
valiosa fonte de dados para identificacao da variacao
de dossel em areas de floresta tropical, para auxiliar
no manejo e/ou preservacao destas areas.
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Abstract

The Digital Elevation Model (DTM) is one of the
products generated by SAR Interferometry. The phase
unwrapping is the processing step which transforms the
wrapped phase (modulo Zn), known as interferogram,
into an absolute phase map, which is related with the
terrain elevation. Noise in the interferogram disturbs
the phase unwrapping process and to overcome this
problem one applies a low pass filter on the complex
interferometric data before relative phase generation.
This paper compares three different non linear
methods, which filter the wrapped phase in order to
improve the phase unwrapping process. The methods
arc the pivoting median filter, mode filter and the
pivoting alternating sequential filter, which is a
modified morphological filter. These modified filters
arc built considering the periodic character of the
wrapped phase function. Results using simulated data
are presented for the three filters and showed that the
proposed filters are very effective in reducing
unwrapping phase errors due to interferometric noise.

1 - Introduction

The phase unwrapping process [ l] is disturbed by
the noise buried in the interferogram, originated from
thermal and speckle noise, processing errors, temporal
and spatial decorrelation, etc. Low pass filter is
commonly applied to the complex interferometric data
[2] to improve the phase unwrapping process. However,
it is not possible to enlarge the box size of the low pass
filter without losing the resolution and even connecting
some fringes presented in the intcrferogram.

In order to improve the phase unwrapping
process, the interferogram is filtered by non linear
filters [3]. These filters arc the pivoting median, mode
and pivoting alternating sequential filter (P-ASF),

developed to take into account the statistical
characteristics of the circular data, such as the
interferogram.

The probability density function (pdf) of the phase
noise has a 2n base interval [4]. If this interval is
chosen around the mean value, the pdf will be
symmetrical and the variance will not depend on the
base interval. These characteristics arc desirable for
low-pass filtering because low-pass filtering should not
move the location of the distribution. So, the key
problem of the phase filtering is to determine the
location of the local noise distribution.

The first step in the phase field processing is the
calculation of the mean value. The natural way of
combining vectors is by vector addition, given what is
known as the mean direction. This processing,
however, involves the computation of the
transcendental functions [5]. More practical
alternatives are the use of the others location measures,
such as the sample median direction or the sample
modal direction. In the filters described in [3], it is was
used the sample modal direction as an estimate of the
mean direction.

The applied filters are defined as shown in the
following. Let us assume E = {(i,j): i,j = l,. ..,N}, the
support of an NxN random phase field f( .) whose range
of the values is (- rt, n), and MP is an LxL mask
centred in P = (i,j) E E. Each filter off(.) over MP,
has been designed to consider the characteristics of the
circular data. An analogous version of the median
filter, called here pivoting median filter (P-Median)
and analogues to the morphological erosion an dilation
filters, called here pivoting erosion (P-Erosion) and
pivoting dilation filter (P-Dilation) are defined by the
following equations:
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Median:

µw(J)(~=(~Mp)+w[(.tie-~Mp)),QEMpnE}) (1)

Erosion:

µER(J)(~=(~Mp)+nin{(.tig-~Mp)),QEMpnE}) (2)

Dilation:

µn(J)(P)=(~Mp)+nm{(.tie-~ Mp)},QE MpnE}) (3)

Where is the modulo 2n operator, defined in the
[- rt, n] range and MD is the median operator.

The mode filter is a filter by its own, that is
substituting the centre pixel of a mask by its mode,
which is also a non linear low pass filter.

2 - Methodology and results

The diagram in Figure 1 depicts the filtering
process for each type of filter, and the P-ASF is shown
in the Figure 2.

Begin

Mask Mp in the
image beginning

Calculate Mode
m Mp

Subtract the Mode
fromf(Q)mMp

Mode Filter Median Filter DilationErosion

1

Move Mp to the
next Position

Figure 1 - Diagram of the filters

~ Erosion ~. Dilation

Opening

Y Dilation ~ Erosion ---..

Closing

Figure 2 - P-ASF filter

The filters are evaluated using simulated
interferogram data, which is corrupted by a noise
whose probability density function (pdf) is described in
[4]. Several levels of noise are selected and added to
the uncorrupted data.

The inversion method [6] was used to generate a
three noise fields with y = 0.9, y = 0.7 and y = 0.5,
where y is the coherence between complex channels [4].
These noise fields are added modulo 2n to the noiseless
interferogram.

Normally, in INSAR processing the interferogram
is first filtered in complex domain. In this case all noisy
interferograms were transformed to complex domain,
box filtered and transformed back to phase domain.

Figure 3 shows the noiseless interferogram
simulating a pyramid with variable slope. Figures 4, 5
and 6 show the noisy interferograms filtered in
complex domain for y = 0.9, y = 0.7 and y = 0.5,
respectively.

Figure 3 - Original Interferogram



Figure 4 - Interferogram with y = 0.9

Figure 6 - Interferogram with y = 0.5
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The three noisy interferograms were filtered using
the Mode filter, P-Median filter and P-ASF. The
absolute phase were calculate for all data, using the
phase unwrapping algorithms described in [l ], the
Green Function Method. Figure 7 shows profiles of the
unwrapped phase corresponding to each one of the
filters used, for y = 0.5.

BO

Ideal unwrapped phase

Without filtering

With mode filter

-.-.-.-.-.-.-.-.- With median filter

With morphological filter

60

20

Figure 7 - Phase unwrapped for y = 0.5

The Table 1 shows the rms. error between the
ideal unwrapped phase and which one of the
unwrapped phase for all cases of the filters and
coherence.

y 0.9 0.7 0.5

Without
Phase 0.21 1.22 3.98
Filter

Mode 0.21 0.92 1.96
Filter

P-Mcdian 0.18 0.88 1.92
Filter

P-ASF 0.25 0.57 1.54
Filter

Table I - Unwrapped phase rms error
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One of these filters, the pivoting median was used
to filter the interferometric data of SIR-C/XSAR
mission over the Etna volcano for X, C and bands with
promising results [7].

4 - Conclusions

Although the results of these filters are dependent
not only on the noise level, but also on other factors
like fringes density, some conclusions can be drawn.

For the low coherence case (y = 0.7, y = 0.5), the
P-Median and Mode filters showed similar results,
being the P-Median filter somewhat better. P-ASF
filter had a better overall performance, probably due to
a large mask support area resulting from the filtering
sequence (ASF). However, in high fringes density its
performance is worse than the former ones, as seen in
the Figure 7.

For the high coherence case (y = 0.9) P-Median
filter had the best performance. The P-ASF filter was
not good in this case because the result is even worse
than the non filtering case.

Given the fact that normally interferograms have
regions with different coherence levels, the use of the
P-Median seems to give better average results.
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ABSTRACT

Technology has recently become available that enables
users to obtain high quality Digital Elevation Models
(DEMs) almost anywhere in the world and with delivery
times that are much shorter than the mapping industry
normally experiences. This new capability is timely be­
cause DEMs are being used increasingly in a host of ap­
plications ranging from GIS-based topographic data bases
to tower-siting in the telecommunications industry. Syn­
thetic Aperture Radar (SAR), because of its cloud-pen­
etrating capability, allows data acquisition in large parts
of the tropics where imaging with conventional optical
systems has previously been problematic and expensive.

In this paper we describe two solutions that arc being
offered by Intermap Technologies Ltd. Using
RADARSAT stereo, DEMs can be created at levels of
detail appropriate to 1:I00,000 or possibly I :50,000 map­
ping scales. This can be done over wide areas, quickly
and at low cost. On the other hand, IFSARE, an inter­
ferometric SAR carried aboard a LearJct, creates DEMs
of much greater detail, with sample spacing of 5 meters
or less and vertical accuracy tested to less than 2 meters.
This is appropriate to mapping scales of 1:10,000 or bet­
ter. The solution selected for any particular application
depends on the scale or level of detail that is needed and
the nature of the application.

A description is given of these two complementary sys­
tems, including specifications, test results and visual ex­
amples. Some comments are included with respect to
cost versus detail of the associated products.

1. INTRODUCTION

Despite broad recognition of the need for creation of spa­
tial data bases in support of resource and infra-structure
development, parts of the world remain poorly mapped
at scales of 1:I00,000 and larger (U .N. Cartographic
Conference, Beijing, 1994). This is particularly the case
in areas of persistent cloud-cover where aerial photogra­
phy becomes prohibitively expensive and the ground is
often obscured to view from optical satellites. Imaging
radar has been used for small scale mapping for several

decades in these areas because of its cloud-penetrating
characteristics. In the first half of the l 990's, the
STARMAP process of Intermap (formerly 'Intera") Tech­
nologies Ltd., using digital stereo imagery from its STAR-
1 airborne SAR system, provided DEMs (Digital Eleva­
tion Models), contour maps, Ortho-Rectified Images
(ORis) and Image Map mosaics in many areas (total area
over 300,000 kmsq) of SE Asia, South America and Cen­
tral Africa (Mercer and Griffiths, 1993).

Intermap has replaced the STARMAP process by two
new, but related, technologies which are both being of­
fered commercially and have just commenced opera­
tions after a period of test and demonstration. The
STARMAP stereo process has been modified and mi­
grated to TOPOSAR™, a stereo-based capability to cre­
ate DEMs from RADARSAT. As will be demonstrated,
this enables DEMs with vertical accuracies in the 10-15
meter (I 0 ) range to he created over large areas rela­
tively inexpensively. At the same time STAR3i is an air­
borne interferometric SAR (developed by ERIM - the
Environmental Research Institute of Michigan - under
the name IFSARE), which provides DEMs and ORis at a
level of detail 5 - 10 times finer than the TOPOSAR™
products, hut at greater cost. The two technologies are
complementary: The RADARSAT I TOPOSAR™ prod­
ucts arc appropriate for large area mapping at scales of
1:100,000 to 1:50,000, while the STAR3i products are
designed for mapping scales of I: I0,000 - 1:25,000.
Because of the near-global coverage of RADARSAT and
the flexibility, responsiveness and range of the LearJet
hosted STAR3i, it is now possible to create spatial data
base products in this desirable range of mapping scales
over most of the planet's terrain, irrespective of cloud­
cover, and with delivery time scales of weeks rather than
years.

It should be noted that at the relatively short wavelengths
of these systems (C-band for RADARSAT and X-band
for STAR3i), the scattering is generally off the top layer
of foliage or other scattering surface that the incident ra­
dar beam might encounter. The derived DEM is there­
fore with respect to this layer and might more accurately
he termed a 'surface model'. In instances of dense forest
canopy, the underlying 'bald earth' elevation model would
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be obtained by removing the tree height through some
procedure.

In sections two and three, some of the specifications of
these two technologies will be summarised and graphi­
cal examples provided. In section four and five, cost vs.
detail issues will be contrasted for these two technolo­
gies in the context of more familiar technologies.

2. DEMs from RADARSAT Stereo Images

2.1 Background: The principles associated with el­
evation derivation from stereo radar images has been
widely reviewed (in particular see Leberl, 1990). A prac­
tical, operational implementation for airborne SAR has
been described in Mercer and Griffiths(l 993). This ap­
proach was modified for satellite SAR and prior to the
RADARSAT launch, tested with stereo pairs combined
from the ERS-1 experimental roll/tilt and normal mode
imagery, the geometry of which approximated a
RADARSAT S l/S4 combination. The resulting DEMs in
two Canadian test situations (Ottawa and Mission, B.C.)
were compared with government DEMs as well as GCPs
(Ground Control Points) extracted from government maps.
Vertical accuracies of 10-15 meters (I o) were obtained
in moderate terrain. In steeper areas, layover became a
problem and it was recognized that it would be necessary
to merge the elevation data from pairs of ascending and
descending satellites (approximately opposite-viewing at
low latitudes) in order to fill in data gaps. More recently
the software and procedures have again been modified to
utilize RADARSAT 'Path Image' pairs.

2.2 TOPOSAR™ Methodology: The current
methodology is based upon a digital stereo-viewing,
UNIX-based workstation; the procedures are partially
automated but allow for operator intervention at key
stages (Mercer et al., 1994). The stereo model is densely
sampled using various point collection strategies (grid,
breakline, random, etc.) in this partly automated, partly
interactive acquisition stage. The resulting aggregate of
points, individually identified by their (line, pixel) coor­
dinates, is then processed in the radargrammetry mod­
ule, using a range-doppler solution, to obtain ground co­
ordinates with respect to the ellipsoid. This process re­
quires calculation of satellite position and velocity (based
upon detailed ephemeris information) , which together
with the point co-ordinates are input into the module.
The resulting irregular grid of ground coordinates, after
some automated editing, is then processed into a regular
DEM in the chosen projection. If dual ascending/descend­
ing pairs of images have been used, the process is per­
formed on each and the resulting points combined at this
stage. The DEM is used to ortho-rectify the input im­
ages, and create elevation contours. The final stage is to
perform QA and editing functions on the DEM. This is

done by overlaying the contours on the ORis and, using
a suite of editing tools, to modify the contours to better
conform to the observed terrain where necessary. The
modified contours are then reflected back into the DEM.
While this description characterizes the current process,
it should be noted that substantial TOPOSAR™ devel­
opment is underway with a view to improving produc­
tion efficiency through increased automation and other
factors in order to reduce processing time and cost.

2.3 Accuracy Issues: The key factors determining
vertical accuracy include (1) viewing angle geometry,
(2) resolution, (3) target matching accuracy, and (4)
instantaneous accuracy of satellite position and veloc­
ity. Because (1) and (3) make opposing demands (Mer­
cer et al., 1994) on the 'intersection angle' (figure 1), it
is usual to use same-side stereo pairs but with as large an
angle as possible depending on the steepness of the ter­
rain. RADARSAT's 'Standard' beam is generally used
in preference to its 'Fine' beam because the geometry
advantage of using Standard beam is greater than the reso­
lution advantage of using Fine beam.

Figure I - RADARS AT Stereo Geometry

2.4 Test Results and Discussion

A number of tests of the vertical and horizontal accura­
cies achievable with various RADARSAT beam geom­
etry and resolution combinations for different terrain
types are planned. The first results available include the
Ottawa site using an Sl/S7 beam combination.



Table 1.

SJ Mode S7 ModeParameter

Dec. 13/95
45.3 N, 75.4W
23 deg.
12.5m x 12.5m
25m x 28m
Descending

Feb. 10/96
45.2 N, 75.6W
47 deg.
l2.5m x l2.5m
25m x 28m

Acquisition Date
Scene Centre
Inc. Angle
Pix. Spacing (Rg.xAz.)
Pix. Res. (nom)
Orbit

Table 2.

Test #1: Comparison With Government DTMs
(ie "Truth")

L1 L1
Source Area RMS Mean

Fed DTED (80km x 80km) 14.9m 36.lm
OBM (5 sites @ 6km x 6km) l4.3m 38.0m

Notes:

1. L'> = (Radarsat - "truth");
2. No GCPs used
3. OBM =Ontario Base Map (1:10,000)
4. Min, Max "' 30

Table 3.

Test #2: Comparison With Check Points (ie "Truth")

f,E f,N L'>H
RMS Mean RMS Mean RMS Mean

32.4 -18.0 15.7 -JO.I 13.0 35.3 m

Notes:

I. L'> = (Radarsat - "truth")
2. 28 points taken from I :50,000 scale NTS map

Details of the test are shown in Table l and results of two
types of test arc summarised in Tables 2 and 3. The former
used federal and provincial government DEMs for com­
parison and described the difference in terms of mean
and standard deviation. The latter compared target coor­
dinates on the associated ORI with those on l :50,000
government topo maps in order to determine horizontal
accuracies in particular. In both of these, the govern­
ment reference will contribute a portion of the observed
difference statistics. For example, due to generalization
alone, the horizontal coordinates or the test points digi­
tized from the topo map are expected to be uncertain to
about 10-15 meters RMS. These statistics therefore over-
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state the uncertainty of coordinates derived by
TOPOSAR™.

It should be noted that the two images were unfortunately
acquired two months apart during a wet-snow winter. This
meant that image matching was difficult in some areas
due to change in scene content and that above normal
noise would therefore have contributed to the 14 meter
vertical uncertainty. By comparison the above-mentioned
ERS-1 test in an adjacent area got better results despite
poorer geometry. It is planned to reproduce this test us­
ing a shorter intervening time gap which would be the
normal operating mode in changing conditions.

Moreover, the results were obtained without the use of
ground control. The control points were used only as
test points and did not appear in the radargrammetric so-
1ution. The mean offsets are believed to represent mainly
the uncertainty of the satellite along-track position de­
rived from the ephemeris data. This suggests that in ar­
eas where ground control cannot be acquired easily, it
will still be possible to obtain reasonable DEMs with off­
sets in the 30-40 meter range; these offsets can be largely
removed when control does become available.

Support for this approach has come from a second test in
Papua New Guinea (PNG) in which independent data sets
from ascending and descending stereo pairs were com­
pared. In the valley areas where data coverage was com­
plete from both sets, the difference in the vertical was
about 10 meters (I CT), with about 30 meters mean verti­
cal difference and about 60 meters horizontal (mainly
along-track) mean difference suggesting a persistent 30
meter 'lag' in the satellite orbital positioning. There was
no ground truth available for comparison. A wire mesh
perspective view of the PNG DEM is shown in figure 2.
The image is shown draped upon the DEM in figure 3
colored according to elevation (in the original).

Figure 2 - TOPOSAR/RADARSAT wire mesh view of
DEM in Western Papua New Guinea.
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Figure 3 - Perspective view of image draped over DEM
in Western Papua New Guinea.

In summary, t.ie test results to date indicate a 10-15meter
uncertainty at the 1 o level with mean offsets in vertical
and along-track directions of about 30 meters. The off­
sets can be largely removed through use of ground con­
trol.

3. DEMs from Airborne Interferometric SAR

3.1 Background: The interferometric process has
been widely discussed in the literature, particularly for
the case of repeat pass interferometry (e.g. Zebkor and
Villesenor (1]92), Goldstein (et al., 1988). Some of the
general issues associated with airborne interferometry
have been discussed, for example, in Gray and Farris­
Manning (1993).

The principle, depicted in figure 4, is based upon mea­
surement of the phase difference between the
backscattered wave fronts from a common target pixel,
arriving at two spatially separated antennas. The phase
difference is determined by the path difference between
these wave fronts. Calculating the path difference from
the observed phase difference, and with knowledge of
the antenna separation or baseline, its orientation with
respect to nadir, and the height of the platform above the
reference geoid, it is then possible from simple geometry
to calculate the height of the target pixel (in principle, at
least). In practice, the phase is determined from an 'in­
terferogram', which is mathematically the complex prod­
uct of the complex images received from each of the
two antennas. Because the phase difference can only be
measured between 0 and 21t(modulo 21t),there is an ab­
solute phase ambiguity which is normally resolved with
the aid of ground control and a 'phase unwrapping' tech­
nique (e.g. Goldstein et al, 1988). Thus the extraction of
elevation is performed on the 'unwrapped' phase.

radar en_largelllen~·
radar antenn!rs'

a

terrain

Figure 4 - Interferometric Airborne SAR Geometry

In the airborne case, both antennas are located on the
same platform. The prime advantage of this configura­
tion is that it is a single-pass system. Thus the target is
viewed by both antennas simultaneously. (This is in con­
trast to the situation for repeat-pass interferometry for
which scene and atmospheric changes between satellite
passes can limit the practical application for DEM pro­
duction over many of the geographical areas of interest).

3.2 STAR3i: Intermap Technologies, through
agreements with ERIM and DARPA(Defense Advanced
Projects Agency), have obtained exclusive rights to mar­
ket and operate the IFSARE airborne SAR system devel­
oped by ERIM. The system has been re-named STAR3i.
Over a two year test and operational validation period,
the system has been flown by ERIM over a dozen sites
and mapped well over a hundred thousand kmsq in the
US and abroad. The IFSARE system was described by
Sos, et al. (1994), and is briefly summarised from an
operational point of view in the following paragraphs.
The first commercial operations of STAR3i are to com­
mence in December, 1996.

The radar, an X-band interferometric SAR, is carried in a
LearJet 36 and is capable, under ideal circumstances, of
imaging 30,000 kmsq in a single operational day. Posi­
tioning and motion compensation are achieved through
use of a laser inertial reference platform and GPS which
is differentially post-processed. Its normal operational
mission mode would be performed at 40,000' (12.2 km)
ASL and in this mode would collect 2.5 meter pixels
across a 10 km ground swath. The DEM created from
the interferometric data is post-processed, and an ortho­
rectified image is simultaneously produced. Typically the
DEM is produced at 5 meter postings. In a rigorous test
performed by the US Government in the Chalome Hills
of California, the IFSARE DEM was compared with a



large area (1Okm x I5km), photogrammetrically derived
DEM. Statistically, the vertical difference was about 1.6
meters ( 1c) with mean vertical offset of about 1.4 meters
(Carlisle, 1996). These test results were created without
the use of in-scene ground control. Vegetation (6% of
the total area) was masked out of the results to ensure
bald earth comparison. With this performance the sys­
tem can create standard mapping products at 1:10,000
scale or smaller. Flying at a lower altitude (20,000' ASL),
the system has demonstrated the ability to derive a DEM
with significantly lower relative vertical uncertainty be­
cause of the improved signal-to-noise ratio. Of course
this is achieved at the cost of a narrower swath.

Because of its altitude capability, it is able to operate
over mountainous terrain. The moderate viewing geom­
etry (approximately 45 °) reduces the problems of lay­
over, although not eliminating it in steep mountain re­
gimes. Because of the 400 knot cruising speed, and 5
hour flying range, the LearJet can be rapidly deployed
world-wide.

Examples of the imagery and DEM created in the
Chalome Hills tests are displayed in figures 5 and 6.

Figure 5: STAR3i Ortho-Rectified Image of Avenal Area
of Chalome Hills, California
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Figure 6: STAR3i - Perspective View of Image Draped
Over DEM of Avenal Area of Chalome Hills, California
(original color-coded for elevation)

4. Cost I Performance Issues and Tradeoffs

Normally the user is forced to make choices among vari­
ous factors which affect his or her spatial data base ap­
plication. One of the major factors is cost and another is
level of detail. Level of detail can often be quantified
according to mapping scale, resolution, accuracy or simi­
lar parameters. In figure 7 we show a plot which graphi­
cally portrays the relationship between detail, as quanti­
fied by DEM accuracy (at the 1 o level), and unit price.
This figure shows the relationship not only of the
RADARSAT/TOPOSAR™ and STAR3i products but
where they stand in relationship to other technologies such
as SPOT and aerial photogrammetry. The numbers are
not exact, of course, owing to the project-specific nature
of most costs.

$1,000

Aerial Photography
(Tropical)

$100 f------+-------1
Airborne

Stereo SAR•Unit Price
(us$/ km2)

Airborne
Interferometric

SAR.
Aerial
Photo­
graphy

(Temperate)
$10

SPOTSatellite

$1
100 10

Vertical Accuracy (m) RMS
Increasing Detail_____..

Figure 7 - DEMs - price vs. detail
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Another factor for many users is delivery schedule or turn­
around time. Mapping institutes have often been work­
ing on time scales of years owing to technology limita­
tions and other disincentives, but recent advances in in­
formation technology, highly competitive industries, na­
tional prerogatives and other factors have created demand
for much faster response to stated needs. For example
the telecommunications industry may require response
times of only a few weeks for delivery of DEM and other
spatial data products. Thus the ability to respond on these
time periods is an important pre-requisite for successful
commercial operation of the RADARSAT /TOPOSAR™
and STAR3i systems. For both of these technologies,
turnaround time in cloud-covered areas is significantly
less than for competing technologies. In spite of this,
efforts are underway to further reduce turn-around time
to days/weeks from what is now weeks/months depend­
ing on project size.

5. Availability

DEMs, ORis, Image maps and related products from
STAR3i and RADARSAT/TOPOSAR™ are both being
currently offered as commercial services. Additionally,
the TOPOSAR™ software will be offered as a stand­
alone or bundled package in 1997.

6. Conclusions

Two new, commercially operational technologies for cre­
ation of DEMs and ORis from radar have been described.
They allow rapid acquisition over most of the world of
the information needed for spatial data bases at the map­
ping scales of 1:10,000 to 1:100,000 (or smaller). Tests
have demonstrated DEM accuracies (at the 1 CT confi­
dence level) of Jess than 2m for the STAR3i interfero­
metric airborne SAR and 10-15meters (in moderate ter­
rain) for RADARSAT stereo pairs processed by
TOPOSAR™. These complementary technologies allow
cost I accuracy tradeoffs for large area topographic map­
ping projects. Level of detail and cost differ by a factor
of about ten between the two solutions. Both are being
currently offered commercially as services by Intermap,
and the TOPOSAR™ software will be made available
shortly.
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ABSTRACT

The objctive of the project "ERS-1/2 Agricultural
Monitoring Experiment in Entre Rios, Argentina", is
to obtain accurate and updated information on
agricultural production, to be able to take decisions in
the different policies of the agricultural
administration, deveioping these appiications with
radar images. The project is divided in three areas:
remote sensing, in charge of the AGFtDLR, GIS in
charge of CONAE and field work. carried out by the
UNbR. The information is very efficiently exchanged
via Internet. with CONAE as the concentration and
distribution node for aii the messages and data
interchange.

ERS-i (SLC and PRi) and RADARSAT images have
been used in this paper, to use the information given
by each one as they have different incidence angies
and polarization. Data integration and comparison
were made in a test zone aided by fieid data. After
testing different types of filters, the MAP (Maximum
A Posteriori) fiiter was chosen to reduce image
speckle. This filter is a variation of the Lee-Sigma
filter, for a non-correiated noise, as its appiication
reduces very well the speckle without losing much
information. The objective of working with these
filters is to achieve homogeneous fields with the least
content of noise, preserving details such as routes and
roads for later classification and multitemporal
studies.
The spatial resolution of the data from ERS-1 and
RADARSAT is here compared with the different
incidence angles over an inhabited zone and over
cultivated areas comparing each one's advantages for
each sector and the type of structures able to be
verified with each satellite in these areas.

I. INTRODUCTION

lne Province of Entre Rios is pan of a nationai
agroproductive area participating with important
volumes of animal and vegetable production mainiy
destined to satisfy the feeding needs of the region and
other markets. Wheat, corn, soya beans, rice, are some

crops with economical relevance. The information
about agricultural production is not available at the
time of taking decisions and executing programmes:
this situation happens in state and private areas. There
are no doubts about the need of having accurate and
reliable statistics. The conventionai methods used to
obtain these statistics are expensive, slow. inaccurate
and not suitable for production estimations and follow­
up. Satellite data, with a good coverage frequency and
field data, obtained simuitaneousiy on the ground,
shall be used to monitor and update agricultural
stansucs. These data shall be integrated in a
Geographical Information System oriented towards
agricultural resources to fuifiii the information
demands.

i ne objectives of the project are iinked with the
methodologic development and test of an agricultural
GIS. Simultaneously, the plan is to have a GIS able to
obtain temporal and spatial information to carry out an
adequate diagnosis of the District·s agricuiturai
situation. Due to serious problems with the image
receptions, intermediate goals have to be changed for
the time being. The request comprised ERS-1 images
every 35 days, starting June i994, and from Juiy
1995, images from ERS-2 (tandem mission). But the
ESA oniy confirmed i6 images through their descview
software and by fax: from these 16 images only 3
images from ERS- l were received and none from
ERS-2, with an average delay of 14 months due to the
probiems with the antenna in Cuiaba, Brazii.
Obviously, this situation completely stopped the work
with interferometry, as the minimum difference
between two scenes is 35 days; this implies too many
changes to be able to obtain a coherent image with
scientifically credible results. It was neither possible to
carry out a proper muititemporai study. On the other
hand a Radarsat image was received in time. The
image was type F3 and work started with this image,
discovering a structural problem which is being
studied by the Canadian Space Agency expens. No
logical explanation has been achieved up to this
moment. As it is very well known, due to technical
problems in the satellite, Radarsat images cannot be
received for the time being.

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996 (ESASP-407,March 1997)
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image available (the others are SLC) and the Radarsat
image, to see the differences between both satellites. It
was a visual comparison, as these images have a
difference of two years and it is not possible to make a
mathematical comparison with a sound scientific
support.

2. WORKING AREA

It was chosen the district of Chilcas, in the province of
Entre Rfos, south of the provincial capital city, with
coordinates 32° 13' and 32° 21 'SL and between 60°
20' and 60° 08'WL. The district comprises an area of 20
Km x 20 Km; 11 zones were defined, from Zone A to
Zone K.

Study Zone
CHILCASProv. of Entre Rfos

Graph 1:Study Zone

3. GEOGRAPHIC INFORMATION SYSTEM
(GIS)

The current status of the project presents 3 out of 11
zones already digitized, with their corresponding
codifications. A group of agricultural variables has
been defined and is currently under study. This study
shall be done for a limited number of plots in which
each zone is divided, and that are the result of a typical
sampling to be applied upon all the zones during the
future development of the project. Another alternative
to be studied in the future is that these plots are
geographically fixed, being representative in the
statistical sense of the agricultural activity of the district
of Chilcas. Each variable constitutes a field of each
record of the Data Base associated to the above
mentioned GIS coverage. For each field campaign a
new Data Base is defined and identified with the date
of the field campaign. This method produces a
continuous updating of the parameters that govern the
project and simplifies the interrogation of the different
variables.

4. FIELD WORK

Field work implies periodic visits to the chosen plots in
Chilcas. It is foreseen to take three groups of 30 plots
(conglomerates) to be visited every 15 days -if
necessary- observing crops, soil and other features as
indicated below. Place and seasonal representative
crops, as well as phenological and general condition of
the ground, shall be photographed. The parameters to
be studied are:

- Type of crop: to know the relation between the crop
and the response of the radar wave.
- Estimation of the sown area: to improve the

estimations complementing the information with the
data from Landsat and Spot satellites. Accuracy shall
be examined, using ERS-1/2 and Radarsat data.
- Condition of the crop and yield: to study the

capacity of providing information on the condition of
the crops and probable yields (based on multitemporal
and phenologic data plus other field observations).
- Soil changes and morphology: Combining data

from Landsat TM -for pedologic units- and ERS-1/2
and Radarsat -for morphology and soil physical
properties dynamics- the interest is to study soil aspect
and drainage patterns, erosion, seasonal changes of soil
humidity, roughness effect and incidence angle of
radar waves.

5. REMOTE SENSING

With these few data, intensive work was done, testing
filters and radiometric correction algorithms, obtaining
a multitemporal image for visual interpretation to
integrate with the GIS; to achieve this it was necessary
to develop a special method to work with SLC images
as PRI. The images received up to this date are the ones
showed in table 1. As it can be observed, between SLC
images from 1994 and 1995 there is a difference of one
year; therefore, the phase information cannot be used,
and the images from 1995have a difference of 35 days:
this makes the interferometry work practically
impossible (PRATI, 1990); neither a multitemporal
study with investigation purposes can be done. The
track shows a difference not noticed at the time of
ordering the image (only the Frame was checked) and
consequently, the image of 1994 belongs to the second
quadrant of the descending path image and the image of
1995 belongs to the first quadrant. This effect is
reflected in the incidence angle in the centre of the
image and partially explains the contrast difference in
the cities, the effect of "dark cities" observed in the
images of 1995.
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Date 07.24.94 05.13.95 06.17.95 04.23.96
Type SLC I PRI SLC SLC SGX,F3 (Radarsat)
Frame 4257 4257 4257 2441
Track 842 482 482
Resolution 23 m I 12,5 m 23 m 23 m 4m x4m
Incidence Anale 25,003 21,579 21,579 42,978
Variation coefficient 0, 185448/0,217036 0,182006 0,183047 0,2140354

Table I: Images received.

This situation is being studied by ESA's D-PAF in
Oberpfaffenhofen, based on the raw data received from
Brazil to see if there is an recording error or is an
antenna effect. (Graph 2). The two cities that can be
observed in the working area, Aranguren and Villa
General Ramirez, have wide streets. Aranguren has dirt
streets, while General Ramirez has paved streets, with
trees, ground-floor houses, one-slope flat roofs, made
of roof slabs or sheet zinc. The "dark cities" effect
observed in the images from 1995 (Graph 2), apart
from the probable processing error, can be the result of

PRI Image (City)

Graph 2: Comparison of images

Radarsat Image (City)

As there were no PRI images available to obtain a
multitemporal image, it was used the intensity and
phase information from the SLC images to generate
PRI images of 5 looks, with the following method:

- The images were imported to Erdas Imagine
considering that the data are of 16 bits signed;
therefore, the number of columns in the Headers file
must be divided by 4, deducting 12 bytes by line as
these are not part of the image. In this way, an image of
2 bands of 16 bits each is created (BIP format), (ESA,
1995).

- Depending on the platform used, the image must be
reduced to 8 bits, as many filters only function with that
resolution and if possible, it is desirable to work with
16 bits as this provides much more information.

a smaller incidence angle producing a higher Bragg
resonance effect (RADARSAT 1992) in the dirt streets
in one case, and, combined with the volume speckle of
the trees in the other, reduces the contrast of the city. A
very similar effect can be observed in the Radarsat
image from 1996, with an incidence angle of 43 °. Note
that no reflective cones can be observed in these two
images, but this does happen and very clearly in the
image from 1994.

Image from 1995 (Dark city)

- The transformation to PRI consists in taking the
square root of the square of the amplitude and phase
components. In other words, consists in taking the
absolute value of a complex image.

- For the correction in Azimuth a 5 x I low pass filter
was applied and then reduced in azimuth 5 times,
obtaining a new image where each row is the average
of the previous 5 rows.

- Radiometric calibration of the data was then made
using the formulas provided by ESA in the correction
of the PRI data, that, in this case and specially for the
scene from 1994, is relatively very important. The
formula is the following: ESA, 1996, S. Lehner 1996):
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< I> sin(a) Image Replica Power
<Jo=

K sin (a...r) Reference Replica Power
Power Loss

< I > = Square amplitude
sin (a)= Incidence angle, in the centre of the image (between 19.5y 26.6 °)
sin (CX,..r) =Reference angle (23°)
K = Calibration constant, is different according to the data and processing centre, e.g. DPAF is
666110 for ERS-1 and 944064 for ERS-2.
Image Replica Power = It is an internal correction factor showed in the image header file.
Reference Replica Power= It is a constant equal to 205229 for ERS-1 and 156000for ERS-2.
Power Loss = For each pixel it is determined by a look up table that relates the intensity value with
the correction value. (Instantaneous antenna illumination area).

In the study zone the difference of angles between near
and far range is 6° 22", considering that in a flat zone
the radiometric correction is +-1.2 db in the ends. The
corrections are based in alinealities in the ADC and
variations in the Replica pulse power, as well as
inaccurate application of the elevation antenna pattern
in the PAF (Processing and Archiving Facilities). The
pixel intensity value is proportional to the radar
luminosity (~) in the illuminated scene. This value is a
= ~ . sin (a) where a is the incidence angle for a flat
surface (as in the zone under study). The power loss
occurs when the input signal to the AD converter is
very high, this is then saturated (codifies in 5 bits = 32
levels) and the output value is lower than the input: this
is a power loss. If the input signal is very low, a
quantization noise occurs, this is a case of gain of
power, as the output is higher than the input. The
correction is provided by a look up table. The power
loss value was reduced for the ERS-2 images from 13
July 1995, due to the corrections made in the ADC.
(ESA, 1996).

- Always with the aim of obtaining homogeneous fields
for a future multitemporal classification, and after some
150 tests with different filters such as the Kuan, Lee,
Lee-2, Frost, Lee-Sigma, adaptive filters developed in
the AGF, texture filters like the ones for typical
deflection, variation coefficient, kurtosis, contrast,
correlation, second angular moment, entropy and
different types of convoluting filters, the MAP filter
was chosen. After working with different window sizes
(7x7, 5x5 and 3x3) the 3x3 size was chosen. The MAP
filter is based on the Lee-Sigma filter (LEE, 1981), for
that reason it also uses the variation coefficient showed
in table 1 and is very near the theoretical value of an
image of 6 looks, considering that, in this case, it is an
image of 5 looks. Lee-Sigma and Lee filters use the DN
statistical distribution within the moving window to
determine the interested pixel value. These filters
assume that the media and variance of the interested
pixel are equal to the variance within the moving
window. Noise is considered to have the multiplying

model with mean equal to 1, therefore it should be
given a value of a, the variation coefficient within the
interested scene. The variation coefficient varies from
.52 for images of 1 look to .18 for images of 8 looks,
this based on the Rayleigh's distribution.

...J Variance
Coef. of <Jo=---- Deflection variation

Media standart

The filter maximizes a posteriori the function of density
of probability. This filter was chosen because it gave
the best results when working with images of 16 bits,
reducing noise without losing details and, as it is a
standard filter already incorporated to the software, is
ideal for team work via internet, as used in this project.
Due to the kind of images available, the use of chain
filters is not convenient due to loss of resolution.

- The image was then reversed 180° and geocodified
using ground control points, 40 for each image,
identified in the image and in IGM charts with 1:50.000
scale and in IGM charts made with Landsat cloud free
images from 1995. It is important to use the nearest
neighbor method at the time of making the
geocodification, so that the pixels from the corrected
image keep the original value. The parameters used for
the codification belonged to the Gauss-Kruger
projection. The corrections were systematized so that
when there is data available, the images register
between themselves at pixel level, with only 4 control
points.

By processing the three images with this method it was
possible to obtain a multitemporal image. Aided by
field data of the pilot zone, designated as zone D,
within the Chilcas district, the digitized plots were
identified, specially the change in using the ground in
some plots (plots with corn changed to alfalfa).



PRI (Rivers from N to S)

Graph 3: River courses.
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Radarsat (Rivers from N to S)

As it can be observed very clearly in the zone around
the Doll creek, the ground has a completely different
texture than the zone towards the north of the creek,
where the ground shows more clay and the field's
structure is different. (Graph 4). The city of Aranguren
can be observed very clearly as well as the paved route
36, same as the provincial route 11, to the south of the
image; both routes are very distinctive in the image.
The multitemporal image is at 1:50.000 scale with band
composition of 07.21.94 in red, 06.17.95 in green and
05.13.95 in blue. Spatial resolution is approximately 23
metres. In the Radarsat image, an F3 type, SGX
product, which means fine resolution with an angle
between 41 and 44 ° and a standard resolution of 10 m
x 10 m, (effective of 4 m x 4 m in this case), with a
coverage area of 50 km x 50 km (RADARSAT, I995).
Comparing the PRI image from 1994 with the Radarsat
image from 1996, some features should be mentioned:

- Water courses running from east to west can be
observed very clearly, in perpendicular direction to the
satellite path, but the ones running parallel to the
satellite path are not so clear. This case is opposite to
the ERS-1 case, where the water courses running in the
N/S direction can be observed much better. (Graph 3).

- Due to the spatial resolution, there are more details,
roads and fields' limits that can be observed much
better but there is less contrast than in the ERS-1
image. Therefore, for a general view, the ERS images
present more contrast.

- Lagoons and stemmed waters can hardly be seen in
RADARS AT images while in ERS-1 's these appear
very clear. (Graph 3).

- Radarsat images have an excellent definition in
cities (4 metres); streets can be observed very clearly
but the contrast with the contour is very low, while in
the ERS images this contour is clearer and the detail
degree is less (12,5 metres); there are also reflective
cones, this phenomenon does not happen in any city in
the Radarsat image. (Graph 2).

- With such temporal difference (2 years), different
times of the year, different humidity conditions (it
rained two days before the image of 1994 was
obtained), different sensors, different polarization and
different incidence angle, it is not possible to achieve
any scientific deduction applied to agriculture, but it is
useful to observe the basic differences between sensors.

- While processing the Radarsat image, a completely
unusual structure was found when observed with a 1 to
1 zoom; the structure looks like snakes or curls. After
consulting the Canadian Space Agency, their experts
recognized the strange structure but they are still unable
to find a solution to this problem. When some work
was done directly on the image, the result was a
disaster; therefore, it became necessary to filter the
image with lowpass filters before carrying out any other
operation.
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6. CONCLUSIONS

Due to the serious problems with the reception of
images, intermediate goals of the project have to be
changed for the time being. The request comprised
ERS-1 images every 35 days from June 1994, and from
July 1995, images from the ERS-2 (tandem mission).
But the ESA only confirmed 16 images through their
descview software and by fax; from these 16 images,
only 3 images from ERS-1 were received and none
from ERS-2, with an average delay of 14 months due to
the problems with the antenna in Brazil. Obviously, this
situation completely stopped the work with
interferometry, as the minimum difference between two
scenes is 35 days; this implies too many changes to be
able to obtain a coherent image with scientifically
credible results. It was neither possible to carry out a
proper multitemporal study. On the other hand, a
Radarsat image was received in time. The image was
type F3 and work started with this image, discovering a
structural problem which is being studied by the
Canadian Space Agency experts. No logical
explanation has been achieved up to this moment. As it
is very well known, due to technical problems in the
satellite, Radarsat images cannot be received for the
time being.

Anyhow, with these few data, and with the field
information and after an intense work testing filters and
radiometric correction algorithms, it was possible to
obtain a multitemporal image for visual interpretation.
Comparisons were also made between the only PRI

Graph 4: Multitemporal Image
image available (the others are SLC) and the Radarsat
image, to see the differences between both satellites. It
was a visual comparison, as these images have a
difference of two years and it is not possible to make a
mathematical comparison with a sound scientific
support.

When the relevant data are available, it is foreseen to
work with the interferometry and differential
interferometry technics and with multitemporal
classifications using data from the optical sensors and
from the Radarsat using fuzzy logic technics and
ancillary data. Otherwise, work will continue
systematizing the generation of maps, with the digital
processing and the systematizing of filtering and
corrections. Combination with other sensors may offer
interesting possibilities in the planning of resources,
agricultural and ecological environmental monitoring
as well as a good visual interpretation and digital
classification. The aim is to obtain better image
combinations, updated thematic maps, to improve
image processing methodologies and environmental
monitoring. The development of the project shall be to
obtain the structure and support of a geographic
information system to be used by institutions, private
companies, technicians or producers with minimum
requirements and low costs. The aim is to work with
Radarsat and ERS multitemporal data and establish
their advantages and to work with images from both
satellites with very little temporal difference using the
information provided by each one.
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Indeed, as this activity started very recently, there is no
intention at the present time to reach analysis tools and
obtain conclusions; anyhow, it is very important to
show the integration of the Data Base (with the
currently existing variables) through the
georeferentiation and registration with a radar image to
visualize the ground.
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ABSTRACT

In this paper a review of the multiplicative model and
its associated distributions is made for SAR image
analysis. The class of g distributions is introduced
for the return, using the Generalized Inverse Gaus­
sian distribution for the intensity backscatter. Sev­
eral particular cases of special interest are derived,
such as K and go distributions. Relationships among
these and other distributions are presented, along
with estimators for their parameters. Applications
to the assessment of target homogeneity through pa­
rameter estimation are shown.
Keywords: multiplicative model; SAR; statistical
modelling.

1. INTRODUCCION

Es bien sabido que la gran mayoria de los datos prove­
nientes de imageries de radar de apertura sintetica
(Synthetic Aperture Radar - SAR) no obedece la dis-
tribuci6n Gaussiana. Esto se debe a que la ilumi­
naci6n que se utiliza para formar tales imagenes es
del tipo coherente, en el que aparecen fen6menos de
interferencia constructiva y destructiva de la sefial
devuelta al sensor [Goodman 1982; Tur et al. 1982].

El modelo multiplicativo para la sefial de retorno ha
probado ser muy exitoso para datos SAR. De el de-

vienen, entre otras, las distribuciones Rayleigh, Rafz
de Gamma, Exponencial, Gamma, y la clase de las
distribuciones K. Estas distribuciones han recibido
mucha atenci6n en la literatura especializada (ver,
por ejemplo, [Leeet al. 1994; Oliver 1991]). Recien­
temente fue propuesta una extension para las dis­
tribuciones asociadas al modelo multiplicativo, que
lleva a la clase de distribuciones g y a la subclase
de distribuciones go' titiles para el modelado de una
gran variedad de blancos:

En este trabajo presentamos las distribuciones que
devienen del modelo multiplicativo para los tres prin­
cipales formatos de imageries SAR multilook: com­
plejo, intensidad (detecci6n cuadratica) y amplitud
(detecci6n lineal). Se hace enfasis en las relaciones
que vinculan estas distribuciones entre sf, lo que posi­
bilita analizar la rugosidad de muestras atraves de la
estimaci6n de pararnetros.

La importancia de caracterizar estadfsticamente una
muestra, sea dentro o fuera del modelo multiplicativo,
nose reduce a la posibilidad de clasificarla. Tai carac­
terizaci6n tambien puede redundar en la propuesta de
tecnicas novedosas (y mejores) para la reducci6n del
ruido speckle, para la detecci6n de alteraciones tem­
porales, y para la extracci6n de parametros biofisicos
de datos SAR.

Conjeturada una distribuci6n para una colecci6n de
datos, la estimaci6n de parametros es el paso que
permite tanto verificar la hip6tesis de trabajo como
cuantificar la heterogeneidad del area observada. En
este trabajo damos estimadores para los parametros

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires. Argentina.
2-4 December 1996 (ESA SP-407, March 1997)
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de las distribuciones que mas aparecen en la practica.

2. MODELO MULTIPLICATIVO Y RUIDO
SPECKLE

El modelo multiplicativo es una de las herramien­
tas mas frecuentemente usadas en el modelado es­
tadistico de datos obtenidos con radiacion coherente,
tal como es el caso de imageries SAR. Este modelo
supone que el valor observado en cada coordenada
de la imagen es el resultado de observar la variable
aleatoria Z que, a su vez, es el producto de otras dos
variables aleatorias independientes, X e Y. La varia­
ble aleatoria X modela el backscatter del terreno (can­
tidad vinculada a la constante dielectrica del mismo,
que relaciona el pulso de energia incidente con la
sefial devuelta al sensor), mientras que la variable
aleatoria Y modela el ruido speckle caracteristico de
estas imagenes. Asi siendo, el retorno es dado por
observaciones de la variable aleatoria Z = X ·Y. En
este trabajo los vectores seran denotados en negrito,
las variables aleatorias en mayiisculas y sus eventos
en mimisculas.

Pueden hacerse varias hip6tesis para las distribu­
ciones de x y de Y, y dependiendo de estas sera
mas 0 menos tratable y mas 0 menos adecuada la
distribuci6n de Z para los datos que estan siendo ana­
lizados. Tambien puede suponerse una estructura de
correlaci6n espacial para el proceso (Xs)sES, donde S
denota el conjunto de coordenadas sobre el que esta
definida la imagen (el soporte de la imagen). Aunque
esta es un area de investigaci6n importante, en este
trabajo no abordaremos el modelado de la correlaci6n
espacial de los datos (es cormin suponer que el speckle
puede ser considerado como formado por variables
aleatorias independientes ente sf e independientes del
backscatter).

La literatura ofrece una gran variedad de trabajos
sobre las propiedades estadisticas del ruido speckle
[Frery et al. 1996; Frery et al. 1995a; Frery et al.
1995b; Goodman 1982]. Se suele suponer que este
ruido, en formato complejo (estamos tratando sefiales
electromagneticas, por naturaleza caracterizadas por
dos componentes: una electrica y una magnetica),
tiene distribuci6n normal bivariada de componentes
independientes e identicamente distribuidas de va­
rianza 1/2. Denotaremos en este trabajo esta situa­
cion como Yc = (YR,Y~) "'N2(0, 1/2). Para evi­
tar confusiones utilizaremos los subindices "C", "I"
y "A" para los formatos complejo, de intensidad y de
amplitud respectivamente.

El speckle multilook de intensidad aparece tomando la
media de n observaciones independientes del modulo
cuadrado del speckle complejo Yc. Asi siendo, la va­
riable aleatoria resultante Y1 = n-1 2:7=1 llYc(i)ll2
tendra distribuci6n Gamma con densidad

jy,(y) = r~:)yn-l exp(-ny), y,n > 0,

denotada aqui Y1 "' f(n, n). Un caso particular de
interes es cuando n = 1, para el cual Y1 tiene dis­
tri bucion exponencial de media unitaria.

El speckle multilook de amplitud aparece tomando la
raiz cuadrada del respectivo speckle multilook de in-
tensidad, esto es YA = Yj!2. La distribuci6n re­
sultante, denotada YA "' r1l2(n, n), se conoce como
"raiz cuadrada de Gamma" y es caracterizada por la
densidad

f ( ) 2nn 2n-l 2
YA Y = r(n) Y exp(-ny ), y, n > 0. (1)

Para caracterizar esta manera de generar imageries
multilook podriamos utilizar la siguiente forma

(2)

donde zi es el retorno de intensidad de un look.

Este modelo de generaci6n de datos multilook de am­
plitud no es el unico posible. Algunas imageries de
amplitud son formadas tomando el promedio de n
datos de amplitud de un look cada uno [Grover and
Quegan 1993]. Usando una representaci6n analoga a
la utilizada en la ecuaci'on (2) tenemos que, segiin
este metodo,

(3)

donde Z; es el retorno de intensidad de un look, pero
este modelo presenta un problema te6rico.

La raiz cuadrada de una variable aleatoria con
distribuci6n exponencial obedece una ley Rayleigh.
Para esta distribuci6n solo se conoce una expresion
cerrada para la densidad de convoluciones cuando
n = 2 [Yanasse et al. 1995]. Aun en el caso n ~ 3,
la distribuci6n dada por la densidad (1) puede usar­
se como una buena aproximaci6n para la densidad
de la variable aleatoria definida en la ecuaci6n (3),
resolviendo parcialmente asi este problema.

Aunque el mimero de looks n deberia, en principio,
ser un entero raramente se observa esto al estimar
esta cantidad a partir de datos reales. Una de las
razones para ello es que los datos que se promedian
para formar la imagen multilook no son independien­
tes debido, entre otros factores, a las caracteristicas
no ideales del sensor. En [Vieira 1996; Yanasse et al.
1993] se muestra como estimar n, llamado de ahora
en mas "mimero equivalente de looks", a partir de
imageries SAR reales.

Es importante destacar que la manera presentada
para obtener el modelo multiplicativo no es la iinica
posible. Otro abordaje consiste en construir la varia­
ble aleatoria del retorno en amplitud ZA atraves de
un paseo aleatorio multidimensional, observando la
distancia del proceso al origen cuando el ruimero de



pasos crece indefinidamente. Esta derivaci6n se basa
en el modelado de! numero medio de reflectores ele­
mentales que constituyen cada celula de resoluci6n.

3. BACKSCATTER DE AMPLITUD

En la literatura se encuentran dos modelos para
el backscatter de amplitud: una constante, asociada
a areas hornogeneas y que lleva a un retorno dis­
tribuido segiin una ley raiz cuadrada de Gamma, y
una distribuci6n raiz de Gamma, asociada a areas
heterogeneas y que lleva a un modelo KA para el re­
torno. En varios trabajos [Lopes et al. 1990; Ulaby
et al. 1986] se verific6 que la heterogeneidad expre­
sable por este ultimo modelo no es suficiente para
algunas areas y sensores, llevando a la necesidad de
extenderlo.

El modelo multiplicativo mas general que los au­
tores conocen es el que se obtiene al utilizar la dis­
tribuci6n raiz de Gaussiana inversa generalizada para
el backscatter de amplitud (propuesta en [Frery et al.
1996]). Se dice que la variable aleatoria XA obedece
la distribuci6n raiz de Gaussiana inversa generalizada
con parametros a, "(y >. si su densidad es dada por

(>.ht'12 2a-1----'---'----'----x .
Ka (2~)
·exp (- ;2 - >.x2) , x > 0, (4)

donde Ka denota la funci6n de Bessel modificada de
tercer tipo y orden a. El espacio de variaci6n de los
parametros es el conjunto definido por

{
"(> 0,
"(> 0,
"(:::::0,

si a< 0,
si a= 0,
si a> 0.

(5)

Esta situaci6n sera denotada XA,..., N-1/2(a,1,>.).
Los momentos de orden r de esta variable aleatoria
son dados por

Si XA,..., N-1/2(a,1,>.) entonces se dice que X1
X1 sigue una distribuci6n Gaussiana inversa ge­
neralizada. Varias propiedades y aplicaciones de
esta ultirna pueden verse en [Barndorff-Nielsen and
Blzesild 1981; Jergenson 1982].

Algunas de las ventajas de usar para XA la dis­
tribuci6n caracterizada por la densidad dada en (4)
son las siguientes:

• la densidad que caracteriza la distribuci6n resul­
tante de multiplicar XA por una variable con
distribuci6n r1/2 (n, n) (que, como ya vimos, es
un modelo interesante para el speckle multilook de
amplitud) puede obtenerse analiticamente;
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• la distribuci6n raiz cuadrada de Gaussiana in­
versa generalizada se reduce a los siguientes casos
particulares

a una distribuci6n raiz cuadrada de Gam­
ma, llevando a un retorno con distribuci6n
KA;
a la distribuci6n de la reciproca de una va­
riable aleatoria distribuida como una raiz
cuadrada de Gamma, llevando a un retorno
con distribuci6n 9~, cuya definici6n e im­
portancia seran vistas en las pr6ximas sec­
ciones;
a una constante, que redunda en speckle
puro, esto es, a retorno distribuido segun
una raiz cuadrada de Gamma.

Estas relaciones y casos particulares se resumen en
la Figura 1, donde "~" y "~" denotan conver­
gencia en distribuci6n y en probabilidad, respectiva­
mente. Es importante notar que estas propiedades
permiten, por lo menos en tesis, realizar el modelado
de! backscatter de cualquier tipo de area (suponiendo
datos de amplitud bajo el modelo multiplicativo) con
la distribuci6n N-1/2 (a,"(,>.), escogiendo convenien­
temente sus pararnetros

La distribuci6n r-1/2 esta asociada al backscatter de
areas extremamente heterogeneas dado que las mo­
delan muy exitosamente [Frery et al. 1996]. De he­
cho, fue la biisqueda de modelos para areas urbanas,
dentro de! referencial multiplicativo, que llev6 a pro­
poner el uso de la distribuci6n N-1/2, y como caso
particular de la r-1/2' para el backscatter de este tipo
de areas.

4. RETORNO DE AMPLITUD

Puede probarse [Frery et al. 1996] que si XA ,...,
N-1/2(a,1,>.) y si YA,...,r112(n,n) son independien­
tes, entonces ZA = XA ·YA obedece una distribuci6n
denominada G-Amplitud con parametros a,"(,>., n,
denotada por 9A (a,"(,>., n), cuya densidad es dada
por:

fz(x) 2nn (>.ht'12 2n-1-----x
r(n)K, (2~)

· Ka-n (2J>. ("(+ nx2)) , x E IR, (6)

y con el espacio de parametros dado en (5).

Sus momentos de orden r son dados por:

E(zr) = (n~Jr/4 Ka+r/2 (:v',X) ,r(n+ r/2).
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Figura 1: Resumen de las relaciones entre las distribuciones para el backscatter en formato de amplitud asociadas
al modelo multiplicativo.

Tal como anteriormente mencionado, la distribuci6n
QA posee como casos especiales las seguintes distri­
buciones:

l. la distribuci6n KA(o:,-\,n), cuando /-+ 0 con
o:,,\ > 0, cuya densidad es dada por:

f ( ) = 4-\nx (' 2)(a+n)/2-l.
z x f(o:)f(n) ,,.nx

· Ka-n (2x~) , o:, A,n, x > O; (7)

2. la distribuci6n Q~(o:,1,n), cuando A -+ 0 com
-o:, / > 0, cuya densidad es dada por:

2nnf(n - o:)r-°'x2n-l
f(n)f(-o:)('Y + nx2)n-a'

-o:, /, n, x > 0. (8)

3. la distribuci6n r1/2' que tanto puede venir de (7),
cuando o:,,\ -+ oo, con a] ,\ -+ {31,como de (8),
cuando -o:, /-+ oo, con -0:/1-+ f32.

Estas relaciones estan resumidas en la Figura 2,
donde "-.E.+"y "~" denotan convergencia en dis­
tribuci6n y en probabilidad, respectivamente. Es im­
portante notar que estas propiedades permiten, por
lo menos en tesis, reducir qualquier estimaci6n de
pararnetros (suponiendo datos de amplitud bajo el
modelo multiplicativo) a la estimaci6n de o:, / y
,\ (supodremos n conocido o previamente estimado)
para la distribuci6n QA. Realizada esta estimaci6n,
el area bajo estudio es clasificada segun los valores
observados. Las funciones de distribuci6n acumu­
ladas de las distribuciones KA y Q~ pueden consul­
tarse en [Frery et al. 1996;Yanasse et al. 1995]. En
esta ultima referenda se discuten con detalle los pro­
blemas numericos asociados al uso de la distribuci6n
KA.

La distribuci6n Q~ esta asociada a areas extrema­
mente heterogeneas por los mismos argumentos ex­
puestos al final de la secci6n 3.

En particular, dado que en [Frery et al. 1996] se
verific6que es suficiente utilizar los modelos K y go,
basta observar el valor estimado del parametro o para
tener una idea de la homogeneidad del area bajo es­
tudio: valores estimados "cercanos" a cero indican
un area heterogenea, mientras que valores absolutos
"grandes" indican un area homogenea. Mas adelante
seran vistos algunos de estos valores estimados con
datos reales.

En la Fig. 3 se muestran algunas densidades Q~ de
un look, con media unitaria. La distribuci6n r1/2 se
muestra como caso lfmite de la 9_1, segun se ve en
las propiedades mostradas en la Fig. 2. El uso de
escala doblemente logaritmica para la comparaci6n
de densidades puede verse en [Barndorff-Nielsenand
Bleesild 1981]. De estas figuras puede verse que a
medida que o: -+ 0 las modas se acercan al origen y,
simultanearnente, el decrecimiento asint6tico de las
densidades se vuelve mas lento. Las consecuencias
de este comportamiento quedan en evidencia al veri­
ficar que solo se tienen momentos de orden r para la
distribuci6n Q~ si r < -2o:.

La fuerte influencia que el mimero equivalente de
looks tiene en esta distribuci6n se ilustra en la
Fig. 4, donde se dibujaron varias densidades de la
distribuci6n Q~ de media unitaria con o = -1 y var­
ios valores de n. De esta figura queda en evidencia
que cuanto mayor n mas simetrica es esta densidad,
pareciendose cada vezmas a una normal. Asi siendo,
se verificaque cuanto menor n mas critico es el desvio
de la hip6tesis Gaussiana.

Las distribuciones en formato de intensidad, tanto
para el backscatter como para el retorno, surgen
facilmente de aplicar la transformaci6n de densidades
dada por [x, (x) = [x ; (y'x)/(2y'x) a las respectivas
densidades en formato de amplitud.
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Figura 2: Resumen de las relaciones entre las distribuciones asociadas al modelo multiplicativo para datos en
formato de amplitud.

Figura 3: Densidades, en escalas lineal y doble­
logaritmica, de las distribuciones 9~(-1, 4/7r2, 1)
(Iinea continua), 9~(-2, 1.621, 1) (guiones largos),
9~(-20,24.512,1) (guiones) y r1!2(1,7r/4) (guion­
punto-punto-punto).

5. FORMATO COMPLEJO

Aunque en la mayoria de las aplicaciones de imagenes
de radar a percepcion remota raramente se utilizan
datos en este formato, tales imageries tienen interes
practice pues, entre otras cosas, permiten verificar
el funcionamiento del sistema sensor [Yanasse 1991].
Asi siendo, a seguir se presentan las densidades que
caracterizan las distribuciones asociadas al retorno
complejo resultantes de los backscatters caracterizados
en la Figura 1.

Las distribuciones denotadas 9c, 9~ y Kc en la
Figura 5 estan caracterizadas, respectivamente, por
las siguientes densidades:

·~ \1J! \ .;

~
., \1ii

Figura 4: Densidades, en escalas lineal y doble­
logaritmica, de las distribuciones 9~(-1,4/7r2, 1)
(linea continua), 9~(~1,0.360, 2) (guiones largos)
and 9~(-1,0.328,8) (guiones).

fzJx)

donde x E IR y los pararnetros o:, / y ,\ pertenecen al
conjunto especificado en (5). Est as distribuciones son
las marginales de los datos en formato complejo, y Z0

denota tanto la componente real como la imaginaria.

La distribucion 9~ esta asociada a areas extrema­
mente heterogeneas por los mismos argumentos ex­
puestos al final de la seccion 3.
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Figura 5: Resumen de las relaciones entre las distribuciones asociadas al modelo multiplicativo para datos en
formato de complejo.

6. ESTIMACION PARA EL FORMATO DE
AMPLITUD

El problema de estimacion de los parametros de las
distribuciones asociadas al modelo multiplicativo no
esta ni satisfactoria ni totalmente resuelto en la lite­
ratura. Los problemas encontrados son varios, siendo
uno de los principales la notable dificultad [Joughin
et al. 1993] (o, en la mayoria de los casos, imposi­
bilidad) de encontrarse formas computacionalmente
tratables para los estimadores de maxima verosimili­
tud.

Por estos motivos suele usarse el rnetodo de los mo­
mentos como alternativa para estimacion de parame­
tros. Queda por resolver el problema de cmiles mo­
mentos involucrar en la estirnacion, pero este es otro
de los muchos problemas en abierto.

Suponiendo conocido el numero equivalente de looks
n, algunos estimadores para los pararnetros de las
distribuciones f112(n, n/ (3), KA (a, A, n) y 9~(a,/, n)
basados en este metodo son, respectivamente, las
soluciones de los siguientes sistemas de ecuaciones:

73=mz;

{

r(n)r(n+l/2)rq)r(;:;+1f2l _ m12 = O
(r(n+l/4)r(a+l/4)) m1;2~ )2~= (r(n+l/2)rja_ti/2) l

r(n)r(a)m1 n

donde fii:j denota el momento muestral de orden j
d d - - '\'N ja o por mj - ui=l zi .

7. APLICACION A UNA IMAGEN REAL

El ejemplo de aplicacion que se vera a seguir fue
mostrado en [Frery et al. 1996]. Los datos provienen
de! sensor JERS-1, y corresponden a una region de!
Amazonas brasilefioconocido comoReserva Florestal
de Tapajos, estado de Para. En la Fig. 6 se observan
tres clases vegetales: selva virgen con relieve ondu­
lado, selva virgen con relieve plano y uan region que
sufrio desflorestamiento.

A cada uno de esos conjuntos de datos se le estimo
los parametros de las distribuciones r1/2' KA y 9~'
ademas de! coeficientede variacion. Los valores esti­
mados se muestran en la Tabla 1. La ultima columna
de esta tabla muestra los p-valores resultantes de
aplicar el test x2 a los tres ajustes mencionados.

De la Table 1 y de los ajustes mostrados en la
Fig. 7 puede concluirse que el pararnetro a de la dis­
tribucion 9~ esta fuertemente relacionado al grado
de homogeneidad de los datos, y que es menor para
areas mas homogeneas. El pararnetro alpha de la dis­
tribucion KA tambien mide la homogeneidad de las
areas, siendo mayor para aquellas mas homogeneas.
Como previsto por el modelo, la distribucion r1/2
solo se ajusta bien a datos de alta heterogeneidad.

El ajuste por la distribucion 9~ siempre es posible,
mientras que no ocurre lo mismo con la distribucion
KA. Esta adaptabilidad (aun mas notable en el
analisis de areas urbanas presentado en [Frery et al.
1996]),sumada a las ventajas analiticas de la primera
distribucion en relacion a la segunda, hacen que la
distribucion 9~ sea una seria candidata a reemplazar
a la distribucion KA en varias aplicaciones.

8. EXTENSIONES

Se desconocen tecnicas de estimacion computacional­
mente viables para los parametros a,/, A de la dis-
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Tabla 1: Parametros estimados en las regiones vegetales de Tapaj6s- -

Area Cv (3 (ii, 5:) (ii, ::Y) Px2
r112 KA g~

Relieve ondulado 0.463 1361240 (2.254, 1.877. 10-0) (-3.040, 2819050) 0.00 0.01 0.04
Relieve piano 0.335 1303020 (13.652, 1.048. 10-5) (-14.290, 17314500) 5. 10-4 0.78 0.81

Deflorestamiento 0.318 684111 (21.157, 3.083. 10-5) (-21.657, 14180400) 0.69 0.84 0.48

tribuciones g, ni se dispone de ningiin resultado que
permita llegar a estas distribuciones para el retorno
atraves de los paseos aleatorios mencionados al final
de la secci6n 2. de este trabajo. Las propiedades de
varias alternativas de estimaci6n de los parametros
de las distribuciones KA, g~ y 97 estan siendo es­
tudiadas. Los autores no conocen ningun trabajo
que aborde las distribuciones g multidimensionales
ni tampoco variables aleatorias correlacionadas con
estas distribuciones.
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Figura 6: Areas vegetales de selva con relieve ondu­
lado, selva con relieve plano y region desflorestada.
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Figura 'l: Ajustes por tres densidades a los datos de
las areas vegetales: r1/2 (guiones), KA (guiones lar­
gos) and 9~ (linea continua).
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ABSTRACT

Synthetic Aperture Radar Images are corrupted by
a signal-dependent noise called speckle, that
decreases the potentiality of these images for
human or automatic interpretation. This
degradation is due to the coherent nature of the
radiation that is used and its interaction with the
roughness of the terrain. In this paper,a survey of
the techniques that have been proposed for
reducing speckle noise in a SAR image is
presented. First, a statistical model for the the
speckle noise is presented. This model,
multiplicative in its nature, leads to the majority of
the algorithms for speckle noise reduction. We
describe the Lee, Kuan, Frost and adaptive
versions of the last three filters, which are the
most well known algorithms, as well as the MAP
filter and some heuristic filters. We also briefly
present new algorithms based on the theories of
Markov Random Fields and Robust Estimation ..
Finally, we describe techniques for the evaluation
of speckle reduction filters.

1. INTRODUCTION

Speckle noise corrupts images that are obtained by
coherent radiation, like SAR, ultrasound,
laser,sonar, etc.The presence of this type of noise
decreases the usefulness of these images for both
human and automatic interpretation. In this paper
we review the main algorithms that have been
proposed for speckle noise reduction. We shall
concentrate our review on single band images, ie,
filters for multipolarizarion or multifrequency
images will not be covered. Previous reviews of
this subject were published by Durand et al [Ref
l], Sadjadi [Ref 2], Dewaele et al [Ref 3] and Lee
et al [Ref 4].

2. A Statistical Model for Speckle

The statistical model for speckle noise is usually
based on the assumption that the resolution cell
contains a large number of scatterers of radiation
with a wavelenght that is comparable to the
roughness of the terrain. In this case, the returned
wave is the result of the superposition of all these
reflected components. If we represent each of these
reflected waves by a phasor, we have the following
diagram that is a realization of a random walk
process in the plane:

Figure 1- Phasor diagram showing the addition of
the contributions of different scatteres.

The signal due to the ith scatterer can be expressed
by:

(1)

where Vi is the magnitude and <Pi is the
instantaneous phase.The return from N scatteres
results in a instantaneous voltage given by:

N

v=I~:exp(f</J,)
i=l

(2)

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina.
2-4 December 1996 (ESA SP-407, March 1997)
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We can express V in the following polar form:

(3)

V can be decomposed in the two cartesian
components Vx and Vy. For a large value ofN, it
is possible to apply the Central Limit Theorem and
these components will have a Gaussian
distribution. It is easily seen that Vx and Vy have
zero means and are non-correlated. As a
consequence, the joint probability density function
of Vx and Vywill be given by:

1 r: +v}
j(Vx ,Vy)= -2 2 exp(- 2 ' ) (4)

sto CY

There are two kinds of detection systems employed
in SAR. In the first one, called linear detection,
the envelope voltage Ve determines the brightness
of the pixel in the image. In the second detection
system, called quadratic detection, the square of
Ve is used for this purpose.
In the first case, it is possible to derive the joint
probability density function of Ve and <j> and to
conclude that they are independent random
variables, Ve being Rayleigh distributed and <j>

being uniformly distributed between 0 and 27t. In
the second case, Ve2 has an exponential
distribution.
Under the linear detection, the ratio of the
standard deviation to the expected value over
homogeneous areas (no signal variation) is
constant and equal to .5227, with one look. Under
quadratic detection, this ratio is equal to one. In
any case, the standard deviation is proportional to
the expected value, and this fact is the basis for the
multiplicative model of the speckle noise. At the
same time, it also implies that speckle is a signal­
dependent noise.
It is possible to reduce the standard deviation of
the speckle by dividing the synthetic aperture into
N parts, generating N images of the same scene
with independent noise and obtaining the mean of
these images. The reduction of the standard
deviation is by a factor of N112.The price being
paid is a reduction by a factor of N of the
resolution in the azimuth direction. Better results
are obtained by using the information content of
the image on the speckle reduction process, as it
happens with several of the filters that will be
described in this article.

3. Heuristic Filters

It is possible to devise heuristic schemes to reduce
the speckle, without taking into consideration any
statistical criterion.
A simple moving average (eg, 3x3, 5x5 window)
over the image tends to reduce the speckle, due to
the fact that there is a tendency for a moderately
low correlation between adjacent speckle samples,
if the point spread function of the sensor is not too
wide. However, this low-pass filter tends to
indiscriminately blur the image The geometrical
filter [Ref. 5] or the analogous morphological
filter [Ref. 6] have also been proposed for speckle
reduction. Like the moving average filter, they are
efficient over homogeneous areas. However,
although they tend to preserve edges well, these
two filters erase point target responses, thin
curvilinear structures and high frequency texture
variations [Ref. 7]. Median filters have also been
proposed on a heuristic basis, but, as will be
described later in this paper, they can be
introduced through the formal framework of
robust estimation theory.
The most effective filters for speckle reduction are
adaptive and based on appropriate models for the
backscatter and the speckle statistical properties.

4. The Multiplicative Model

The fact that, over homogeneous areas, the
standard deviation is proportional to the mean
suggests a multiplicative model for the speckle
that has been widely used for deriving speckle
reduction schemes. It has been expressed as:

(5)

The subscripts i and j represent the spatial position
of the pixel over the image; z represents the noisy
observed value of the pixel, x is the original signal
(backscatter) and n is the speckle noise,, with
unitary mean and described by a probability
density function that depends on the type of
detection and the number of looks. The random
variables x and n are independent.
The multiplicative model suggests that a posssible
method for filtering the speckle would be based on
homomorphic techniques. It is based on taking the
logarithm to transform the multiplicative noise
into an additive one. Ommiting the subscrits for
simplicity, one obtains the following relation:

log z = log x + log n (6)



Once the additive model is obtained, there is a
large number of techniques that could be used to
derive noise reducing filters. At the final stage, an
exponential operation is performed to obtain an
estimate of the original image. Homomorphic
filters have been used for speckle removal with
some success by Jain and Christensen [Ref. 8],
Lim and Nawab [Ref. 9] , Arsenault and Denis
[Ref. I OJ, Arsenault and Levesque [Ref. 11],
Harvey and April [Ref. 12] and Franceschetti et al
[Ref. 13].. It should be noted that , when the
image intensity is integrated with a finite aperture
and logarithmically transformed, the speckle noise
is approximately Gaussian additive noise and it
tends to a normal distribution much faster than the
intensity distribution. This fact was used by Guo et
al [Ref. 14] in their wavelet-based method for
speckle reduction.

5. Lee's Filter

Lee [Ref. 15] developed a widely used local
statistics filter for speckle noise reduction. A
pointwise linear filter minimizing the mean square
error has the form:

(7)

where

b= var(x)/var(z) (8)

and xm and var(x) ( a priori mean and variance of
the original signal) can be estimated through
measurements of the sample mean and sample
variance of the noisy image and knowledge of the
type of detection and number of looks by the
expressions:

(9)

and

var(x) = var(z)- z2 er2
er2 lm n,,+

(10)

In the derivation of Lee's filter a first order Taylor
expansion for the multiplicative model (eq. 5) is
performed around the mean value. In this case,
the b term of eq. (7) has the form:

(11)
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In order to apply the filter, one has to check if the
value of var(x) given by eq. (10) is negative. In
this case, we have a very homogeneous area,
var(x) shoud be set to zero and the estimate x is
given by the local mean Zm. On the other hand, if
the numerator of eq. (10) is very large, this
indicates a very high contrast region ( or an edge
presence) and x · = z. These extreme cases are in
accordance with the bayesian approach that is
adopted in this linear minimum mean square error
filter.

6. Kuan's Filter

Kuan et al [Ref. 16] and Nathan and Kurlander
[Ref 17] also developed a local linear minimum
mean square error filter under multiplicative
noise. The difference with respect to Lee's filter is
that there is no approximation involved. The
multiplicative model is exactly transformed into
an additive model with uncorrelated signal and
noise and the pointwise Wiener filter is derived.
The local statistics are computed by the same
expressions as with Lee's filter (eqs. 9 and 10) and
the b term in the filter expression (eq. 7) has the
exact expression:

(12)

The same observations that were made for the
limit cases in the bayesian estimation procedure
for the Lee's filter are valid for Kuan' s filter. In
practice, it has been observed that Lee's and
Kuans filters display a very similar performance.

7. Adaptation Procedures

Several adaptation procedures were proposed to
cope with space varying statistics and the presence
of features like edges. Li [Ref. 18] introduced the
variance ratio given by R = crx21crz2 as a means of
controlling the size of the window for computing
the statistics given by eqs. (9) and ( 10). Under the
multiplicative model, this ratio is given by:

J-(-rr/ 2R= -,,,'-',, er=)
!+er;,

(13)

This ratio varies from zero (very homogeneous
areas) to one (strong contrast areas) and
determines the size of the used window. Small
(large) values of R indicate the use of large (small)
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windows. The problem with this technique is the
empirical choice of the thresholds on R to
determine the window sizes.
Lopes et al [Ref. 19) proposed a modification on
Lee's filter to include a lower limit (equivalent to
the estimated var(x) being greater or equal to zero
in eq. (10)) and an upper limit on scene
homogeneity, measured by the coefficient of
variation crz/zm . This upper limit is set
experimentally or theoretically, based on several
factors, like the number of looks, spatial
resolution, scene properties, etc [Ref. 4). Lopes et
al [Ref. 7) introduced the use of edge detectors like
the ratio detector ofTouzi et al [Ref. 20) to be used
in conjunction with that upper limit in order to
define the shape and size of the window.
The same philosophy of limiting the size of the
window was adopted by Lee [Ref. 21) in his
Refined Local Statistics Filter, through the use of
edge detection or by Wu and Maitre [Ref. 22) by
determining the window size as a function of the
maximum homogeneous region.
Lee [Ref. 23) introduced the idea of limiting the
size of the averaging window to filter the speckle,
by assuming a gaussian distribution and only
averaging over those pixels that lie in the range of
two standard deviations of the center pixel within
a scanning window (that includes 95.5% of the
distribution). Under the multiplicative model, this
range is given by (z - 2crnz, z + 2crnz), by
assuming that z is the mean of the distribution.

8. Frost's Filter

A linear minimum mean square error
convolutional filter for multiplicative norse
reduction was proposed by Frost et al [Ref. 24].
The observed process is assumed to be further
convoluted by a point spread function h(t),
although this blurring is ignored in the derivation
of the filter, which has the form:

x(t) = z(t)* m(t) (14)

where m(t) is an isotropic impulse response of the
spatial filter given by an exponential expression:

m(t) = Kiaexp(-altl) (15)

K1 is a normalizing constant that guarantees the
preservation of the mean value and a is given by:

a2 = (2alcrn2)[var(x)/(var(x) + xm2)] +a (16)

where Xmand var(x) are evaluated by eqs. (9) and
(10), respectively, over a 5x5 window and exp(-a)
is the correlation coefficient between adjacent
pixels of the original image x(t). By assuming an
autorregressive model for the original non-noisy
backscatter image, Quelle and Boucher [Ref. 25]
proposed an implementation of Frost's filter
including an estimation of that correlation
coefficient.
Although Frost's filter was shown to be not
optimal [Ref. 26), it has been widely used for
speckle noise reduction.

9. The PointwiseMAP Filter

An adaptive non-linear pointwise filter that
satisfies the criterion of maximum a posteriori was
proposed by Kuan et al [Ref. 27). The authors
assumed the multiplicative model for the speckle,
one look and quadratic detection, which implies
that the conditional probability density function
f(z/x) is exponential, with parameter x. The a
priori probability density function for the signal x
was supposed to be gaussian, with mean xm and
variance var(x). Under these conditions, the
estimate for x (x) must maximize the a posteriori
probability density function f(x/z), which is
obtained by the Bayes rule. The estimate x is a
solution of the following third order equation:

x·3-xmx·2+var(x)x'-var(x)z=O (17)

The estimates for x111 and var(x) are obtained by
eqs. (9) and (10), respectively. Out of the three
roots of the equation, x is selected as the real,
positive value that lies between Xm and z. This is
in accordance with the bayesian approach of the
MAP criterion, which gives a balance between the
observation and the a priori mean..
The gaussian a priori density function is not a very
appropriate model for describing the backscatter,
which is necessarily a non-negative quantity.
Therefore, Lopes et al [Ref. 28] proposed MAP
estimates with densities defined on the non­
negative real line, like the beta and gamma
densities. The latter one has been proposed by
several authors to describe the backscatter and, in
the quadratic detection situation, it implies a K­
distribution for the noisy signal [Refs. 29-31].

10.The ICM Filter

The natural extension of the pointwise MAP filter
is to develop block filtering, taking into



consideration the correlation properties of the
backscatter and/or the speckle. This possibility
faces numerical difficulties due to the non­
linearity of the system of equations and it was
examined by Luttrell [Ref 32].
Another possibility comes from the theory of
Markov Random Fields. In this case, a bayesian
framework is also adopted and the a priori global
distribution of the backscatter is chosen as a Gibbs
distribution. By choosing the MAP criterion, the
direct solution involves a very large number of
variables and the technique of simulating
annealing associated with the Gibbs Sampler of
Geman and Geman [Ref 33] could be used, but
with a very high computational load.
A method that provides a local optimum is the
ICM ( Iterated Conditional Modes), originally
proposed by Besag [Ref 34]. This method was
ued by Frery and Mascarenhas [Ref. 35) for the
binary segmentation of SAR images and later, by
increasing the number of levels of the a priori
model (Multilevel Logistic or the Potts-Strauss
model), by Mascarenhas and Frery [Ref 36] for
speckle filtering.
The ICM algorithm uses both the conditional
probability density of the noisy observation, given
the backscatter (given by the Rayleigh distribution
in the case of one look and linear detection) and
the conditional probability of the backscatter x at a
certain pixel, given the values of the backscatter
values over the neighborhood (ox) of this pixel
This last expression has the form

Prt x/Sx) =exp ([3.#(t s Sx : x = xt) (18)

Therefore, the expression to be maximized by the
choice of x at each pixel in the iterative procedure
is given by:

The 4-neigl1borhood was chosen and the
parameter f3 was estimated at each cycle of the
iteration by the maximum pseudolikelihood
estimation procedure[Ref 37] .The iteration
process was started by the pointwise maximum
likelihood classification of the pixels in one of the
selected number of backscatter values (from 16 to
256 ), using the Rayleigh probability density
function.
An airborne SAR-580, L-Band, HH polarization,
one-look, linear detected image over Freiburg,
Germany, was used to test the ICM algorithm.
Figure 2 shows the original I28x 128 image and
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the result of applying the Nagao Matsuyama filter
[Ref 38], for comparison. Figure 3 displays the
results of the ICM with 16 and 32 levels and
Figure 4 with 256 levels. There is an effective
noise reduction with the ICM, as compared to the
original image. It is also noticeable the effect of
blocking, i.e., the noise reduction is performed by
the grouping of observations with similar grey
levels. The blocking effect is more pronounced
with the Nagao-Matsuyama filter, yelding a
visually less natural solution.

Figure 2- Original Image (I), 256 levels, and the
result of applying the Nagao-Matsuyama filter (r).

Figure 3- Filtered image with the ICM algorithm:
16 and 32 levels.

Figure 4- Filtered image with the ICM algorithm:
256 levels.
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11. The Robust Filters

In general, the proposed filters for speckle noise
reduction assume that all the samples come from
the same distribution (eg, the Rayleigh distribution
over homogeneous areas, with linear detection and
one look) and are independent, given the
backscatter. These assumptions may be violated,
for example , over edges between different regions,
by mixture of distributions, or by correlation
between speckle values, due to the point spread
function of the sensor. In these cases, it may be
useful to derive estimators that are robust to the
contamination of the samples.
Frery and Sant' Anna [Ref. 39] proposed speckle
reduction filters based on the theory of robust
estimation [Ref. 40]. Two kinds of robust
estimators were considered: two based upon the
idea of trimming extremal observations and three
based on order statistics, including the median
filter.
Figure 5 displays the histogram of the original
image over the same area of Figure 2. It can be
seen that, even though there are two distinct
backscatter areas, the speckle noise completely
masks the valley of the histogram. Figure 6 shows
the image obtained with one of the robust filters,
the trimmed maximum likelihhod filter, while
Figure 7 displays the corresponding histogram.
The reduction of the speckle noise is quite clear,
by observing the valley in the histogram.

_...::::
.··":

I
I '

Figure 5- Histogram of the original image

Figure 6- Trimmed maximum likelihood filtered
image

OOQ','. ..,..~.
~ »;

Figure 7- Histogram of the trimmed maximum
likelihood filtered image

12. Filter Evaluation

The evaluation of a filter performance should
consider several factors [Ref. 4]: retention of mean
value over homogeneous areas, (unbiasedness),
speckle reduction capability, edge sharpness and
thin features preservation, point target
preservation, texture preservation, computational
efficiency and implementation complexity.
The speckle reduction capability is usually
measured by the equivalent number of looks
(ENL). For the linear detection, this quantity is
evaluated over homogeneous areas by the
expression:

ENL = 0.2732 ( zm2; var(z)) (20)

For the quadratic detection the expression is:



(21)

where p= z2.
An experiment was performed [Ref. 41] using the
SAR-580 image, part of which is displayed if
Figure 2. The image was filtered using the mean,
the median, Lee, Kuan and Frost filters with a 5x5
window, as well as the filters by Lee and Kuan by
incorporating Li's adaptation procedure. The
number of looks was measured over homogeneous
areas, where the fit of the histogram to the
Rayleigh distribution was quite good. The results
are summarized in Table 1below.

Image
Original
Mean
Median
Lee
Lee - Adapt. Wind.
Kuan
Kuan - Adapt. Wind.
Frost - p = 0.6
Frost - p = 0.8

ENL
1.0
5.5
4.3
5.1
8.2
5.1
8.6
3.8
4.4

Table 1 - Equivalent number of looks for several
filters, over homogeneous areas.

Edge sharpness was measured by Lee et al [Ref. 4]
by using three pixel wide strips on both sides of
the edge, taking the sample means and variances
over these strips and the absolute difference in the
means as the measure of edge sharpness. The
square root of the sum of the two variances is a
measure of the speckle noise level along both sides
of the edge. Sant' Anna and Mascarenhas [Refs.
42, 43] used two edge detectors: a) the coefficient
of variation over a 3x3 window, thesholded to the
average of the three-pixel wide strip around the
edge of the non-noisy image on the simulation and
b) the parametric edge detector proposed by Bovik
and Munson [Ref. 44]. In the first case, the figure
of merit of Abdou and Pratt [Ref. 45] was used and
in the second case a measure depending on the
percentage of correctly and incorrectly detected as
well as the percentage of non-detected edge pixels
was computed.
The evaluation of one pixel wide line targets by
Lee et al [Ref. 4] was made by estimating the
contrast between the line and its background by
using the line pixels and two one-pixel wide strips
on both sides of the line The difference between
twice of the man value of the line pixels and the
mean value of the background pixels is the
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measure of line preservation. A similar measure
was adopted for point target preservation.
Sant'Anna and Mascarenhas [Ref. 40] measured
the widening of the point spread of an airborne
radar to evaluate the point target preservation of
different speckle reduction filters.
Retention of texture information is difficult to
quantify, so the judgement is usually performed by
visual inspection. In general, filters using small
windows (3x3 or 5x5) have a better performance
in this respect.

13. Concluding Remarks

In this paper, a brief overview of several speckle
reducing filters was presented. It is very difficult
to make a statement about which filter is the best.
The ideal filter should perform well with respect to
all items of last section.
Lee et al [Ref. 4] consider the Refined Lee Filter
very adequate for visual interpretation, due to
preservation of edges, linear features, point targets
and texture information. For segmentation, the
Geometrical Filter and most of the adaptive filters,
iteratively applied, are adequate, due to their very
good speckle smoothing capability.
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Abstract

Multiplicative models are widely used to model statis­
tical variations in SAR images. In this work we will
study some distributions that work satisfactorily in ad­
justing SAR images. It is however important to point
out that these models are based on assumptions that arc
not always met. In almost any conceivable image there
arc pixels where the value docs not meet the proposed
distribution. Due to this fact the usual estimators and
the filters based on these models do not always perform
as expected. It is therefore necessary to build models
that account for this contamination. We shall see three
classes of such contamination models that seem to be
adequate for many practical situations.

1 Statistics and Robust Inference
According to Cramer (CRAMER [I]) the main objective
of Statistics is to draw valid inferences from a data set.
To do this in a systematic way we must propose a math­
ematical model. In order to do this assumptions must to
be made. Since we can never be sure that these assump­
tions arc completely satisfied, it is natural looking for
techniques that withstand deviations from the hypothe­
sis. In recent years such tcchnics have been referred to
as robust.
It can be said (MOSTELLER and HJKEY [2]) that the
history of statistical inference is a blend of optimism
and skepticism about the hypothesis that the observa­
tions follow a particular distribution. A central role has
been played by the normal (or Gaussian) distribution.
This distribution was introduced by C. F. Gauss, who
used it to adjust data involved in the determination of
celestial bodies orbits. He chose the normal distribu­
tion to privilege the statistical technique that he con­
sidered most appropriate to deal with the data he was
handling: the sample mean. Since then this distribution
was used rather indiscriminately by the scientists. In
manv cases, observations that did not fit this distribution

were considered spurious and therefore discarded. Early
efforts made to remedy this situation were hindered by
the fact that the implementation of alternative technics
lead to cumbersome computations. The historic aspects
of the early period of robust estimation can be found
in STIGLER [4], HUBER [6], HAMPEL [7], etc.. The
articles written by HARTER ([5]). arc also of interest.
The spread of electronic computers and the development
of non-parametric technics (in the late 50's) triggered a
change of attitude towards these robustness.
Nowadays it is widely recognized the need of robust
techniques inmost branches of statistical inference. Some
difficulties in the application of robust tcchnics are: com­
plexity of both, theoretical foundations and algorithms
that arc used to implement the techniques; lack of thor­
ough validation of data and models, and the fact that
these tcchnics are not yet known outside the community
of statisticians.
The goal of this article is to contribute to the applications
of these technics in the area of analysis and processing
of SAR images.
It is sometimes suggested (see HOGG [10]) that the fol­
lowing steps should be followed whenever a statistical
analysis is carried out:
I) Use classic tcchnics, for instance maximum likelihood
estimation, moments estimation, least squares mean, max­
imum likelihood ratio test, etc.
2) Choose and apply a robust technique, based on a
careful study of the models being applied.
3) If the results obtained using the robust technique do
not agree with those obtained when using the standard
methods, then a complete revision of both, model and
data, is in order. After a careful analysis an alternative
classical method can be proposed. Also a new robust
technique can be set. It is important to notice that the
robust method must yield results consistent with both
models: the original and the alternative.
The goal is not to decide if the original model is bet­
ter than the alternative one, but to cast doubts on both
models, and on the data.
The best known model is the so called "measurement
model". Although this model is too simple and of rather
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limited applicability, it is inspiring and can suggest ro­
bust technics to be applied to more complex situations.
See ANDREWS et al. [11], HUBER [12], [6], HAM­
PEL et al. [13], ROUSSEEUW and LEROY [9], etc ..
The advantage of using a robust technique is illustrated
in RELLES and ROGERS [14].
Deviations from the assumptions made a priori are more
common than it is usually believed. The effects of such
deviations are sometimes so severe that they can invali­
date the conclusions obtained by using standard technics
(see for instance HAMPEL [7] and [15]).
Deviations are introduced by the following causes: 1)
discretization; 2) coarse errors like data misreading; 3)
deviations from the proposed distribution; 4) prelimi­
nary condition of the model; the model is just a first
approximation to the real problem.
It is interesting to mention that according to Hampel (op.
cit.), data in engineering applications usually have 10 %
of coarse errors. In industry related data these values
may vary from 1% to 10%, and in some cases may
even reach 20%. Data obtained from carefully controlled
measurements in physics and astronomy are not free of
such errors (from 5% to 10%). It seems that it has been a
frequent practice in geodesy and astronomy to force data
to fit a normal distribution. In Hampel's book we read:
"normality is a myth, there has never been a normal
distribution (of observations)" (GEARY [16]).

2 The Multiplicative Model

2.1 1-look Images
The multiplicative model is very successful to deal with
SAR images. The basic idea is to represent each pixel
by a random variable Z. If we denote the variable of
interest by X the relationship between these two vari­
ables is expressed by the equation Z = X.Y, where Y
represents the noise speckle. X is a real non-negative
random variable and Y is a complex random variable.
RY and IY denote the real and imaginary parts of Y
respectively. What is known is not usually Z, but
Z1 =I Z 12 or ZA = IZI (= ,/Zi). The following
notation is standard: I Z1 I is the intensity image, I ZA I
is the amplitude image, Y1 is the speckle intensity and
YA is the speckle amplitude. We then have Z1 = X2Y1
and ZA =XYA.
In figure 1 we see an example of a SAR image.

-..·,..,,.;£~~~··--.c•·-·~·"·.••.-·_..........-..,,.--.·.
Figure 1. SAR original image

There are three types of SAR images: homogeneous,
heterogeneous and very heterogeneous. Each of these
type of images corresponds to a different kind of area
on the earth surface. An urban area for instance yields
a very heterogeneous SAR image.
The correspondences between the type of image and the
variable X that are most often assumed follow. Com­
pletely homogeneous areas are represented by a con­
stant X, let's say ViJ; in other words, X has mass 1
on ViJ, f3 > 0. Heterogeneous areas are represented by
X with distributionJr( a,.\), where a and .\ are posi­
tive. For very heterogeneous areas the X has distribu­
tion N- ~(a, 'Y,.\) (square root of an inverse Gaussian
distribution).
Moments and other properties of these variables can be
found in FRERY et al. [18].
It is reasonable to postulate that RY and IY are non­
correlated Gaussian distributed, with zero mean and vari­
ance 1/2. From here we can conclude that Y1 has distri­
bution E(l) (exponential with parameter 1). YA is R(l)
(Rayleigh with parameter 1) distributed. In Section 2.2
we will obtain from this the distributions of the variables
Z1 and ZA. Figure 2 shows the effect of the speckle on
borders between homogeneous areas.

[e] (b)
Figure 2. (a] "Orlqlnal" image composed by four homogeneous field .
(bl Speckled simulated SAR irnaqe of (al

In Figure 3 we can see the effect of the speckle on sharp
edges and on point targets.



Figure 3. Original images of lines end point targets

This Figure is based on an idea found in LEE et. al.
119]. It consists of seven lines and some dots on a dark
background (50.0 bytes). The lines arc I, 3, 5, 7, 9, 11
and 13 pixels wide respectively. In the bottom of the
figure there arc point targets of 3x3 and 5x5 pixels. In
Figure 4 we see the same image with speckle.

Figure 4. Speckled simulated SAR imaqe of l iqure J.

In statistical modelling the errors arc usually consid­
ered to be additive. Therefore it is natural to look for a
transformation that changes our model into an additive
one. This can be done by taking logarithms: Z = X Y
is transformed into log(Z) = log(X) + log(Y). Both
images, the original corresponding to Z, and the trans­
formed one (that corresponds to log(Z) arc shown in
Figure 5).

(•)
Figure 5. [a] SAR image of Figure 1. (b) Image of log( a).

It is clearly seen in this example that some resolution is
lost when the transformation is applied. At this moment
it is interesting to call the attention to LEE ct. al. 1191:
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"Arsenault ct al. ([20]) applied a logarithmic transfor­
mation to convert the multiplicative noise model ... to
the additive noise model ... The main drawback is that
the dynamic range of the original image has been loga­
rithmically compressed. The strong signals are severely
suppressed relative to the weak signals."

2.2 N-look images.
An usual technique used to reduce the speckle noise is
to take the average of several independent looks of the
image.
In Figure 6 we can see the result of I-look speckle and
4-look when applied to images of very heterogeneous
areas.

(•) (b)
Figure 6. [a] Spe ckled I-lnnk simulated SAR irnaqe. (hi Sper.kled
4-look simulated SAR trnaqe.

In Figure 7 the original, the original with I-look speckle
and the original with 4-look speckle are superimposed
(the image that is being processed is the upper left quad­
rant of Figure 6). It is clear that the distribution of the
original with 4-look speckle is a better approximation to
the original than the original with I-look speckle.

+ Original

• Original +speckle •Hook!

x Original +speckle Hook

D 50 100 150 20C 250 300
Figure 7. Cnmpericons of histograms.

A common practice is to obtain N independent images
of the same scene (N-look) using some kind of diversity
in the process of echo generation (details can be found
in FERNANDES 121]). Each pixel of the intensity im­
age of the scene is the average of the N independent
intensity images (intensity look) of the same scene.
Taking into account that the backscatter function docs
not depend on any particular look we have: Z r,N =
X2Yr,N, where Zr,N is the N-look intensity speckle.
The N-look amplitude speckle can be defined in two dif­
ferent ways: I) as the average of N independent ampIi-
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tude speckle images. 2) as the square root of the N-look
intensity speckle image. Accordingly there are two dif­
ferent ways of obtaining the N-look amplitude image.
In the first case the distnbution of the N-look ampli­
tude speckle image is the convolution of Rayleigh dis­
tributions, and consequently we cannot put it in a closed
form, it is therefore more convenient to adopt the second
definition: ZAN = XYA N = rz;-;; = JX2Y1 N,' ' y LJJ,N '
where ZA,N is the N-look amplitude image and Y1,N is
the N-look amplitude speckle.
In LEE et al. [19] it is pointed out that we would not
obtain a reduction of the speckle if we sum the complex
images. The reason for this is that the process would be
equivalent to the sum of the total number of elemental
sources of dispersion of the N images.
The N-look speckle intensity image is the mean of the
N independent 1-look intensity images. Then the dis­
tribution of Y1,N is r(N, N). On the other hand, and
according to the definition of N-look amplitude speckle
image adopted in this work, we have that YA,N has dis­
tribution ./!3(N,N). For the intensity image we have:
completely homogeneous areas: If X has mass 1 on ../73,
then Z1,N has distribution r(N,N/ (3). Heterogeneous
areas: If X2 has distnbution I'(o, -\)then Z1,N has dis­
tribution K1(a, -\,N). Extremely heterogeneous areas:
If X has distribution N-1/2(a, "f, -\)then Zi,N has dis­
tribution G1(a, "(,-\,N) (definitions and properties of
the last two distributions can be found in FRERY et al.
[18)). Regarding the amplitude image, for completely
homogeneous areas, if X has mass 1 on V/3, then ZA,N
has distribution Jf(N, N/ (3). For heterogeneous areas,
if X2 has distribution vT(a, ,\)then ZA,N has distribu­
tion KA (a,-\,N). And for extremely heterogeneous ar­
eas, if X has distribution N-112(a, "f, -\)then ZA,N has
distribution GA (a,"(,\ N) (see FRERY et al. [18]).
Empirical evidence supports the fact that X is
N-112(a, "f, 0) distributed, with a< Oand 'Y > 0.
The following result is often used in theoretical devel­
opments and in simulation as well: If Y is a random
variable with distribution vT(7J,"f) (17 and 'Y positive),
then X = 1/Y has distribution N-112(-17,"f,O).
According to FRERY et al. [18], if ja1 I is strictly less
than I n2 j, then the distributionN-112(a1,"(,0) corresponds
to an area that is more heterogeneous than the area mod­
eled by N-112(a2, "f, 0).

3 Contamination Models
Many problems may affect SAR images data and its
hypothetical distributions. For instance the number of
variability sources in a cell could be too small. Besides,
different variability sources could contribute differently
to global dispersion of the terrain backscatter.

A rather detailed exposition about this topic could be
found in YANASSE (22]. In JAKEMAN and PUSEY
[24] a Poisson model is proposed for SAR images. In
JAKEMAN (25] it is proposed a negative binomial dis­
tribution to account for the effect of variability sources.
References JAKEMAN and PUSEY (26] and OLIVER
[27] consider alternatives to the multiplicative model de­
fined and analyzed in the previous section. A model
for the N-look intensity speckle for SAR multilook is
proposed in APRIL and HARVEY [30]. This model
is based in experimental measurements of signal-noise
rate and empirical distribution of data regarding inten­
sity images. It takes in to look account the correlation
among different underlying looks. In YANASSE [22] it
is shown that many faults can be traced to a malfunction
of the remote perception system used to obtain the im­
ages globally. Data coming from wide homogeneous ar­
eas could be of help to detect the mentioned malfunction
and to calibrate the system as well. Among the different
classes of perturbations, those with non-zero mean in the
complex images are relevant. As it was seen in Section
1, in the case of homogeneous areas, it is assumed that
the observed complex image, Z =RZ + i I Z, satisfies
that RZ and IZ are independent and identically dis­
tributed with distribution N(O, (3/2). In the case of the
mentioned perturbation it is possible that E( RZ) #- 0,
and/or E(I Z) -/:-0 due to noise in the perception sys­
tem. In that case, YANASSE (22] shows that the param­
eters estimated by both, the Maximum Likelihood and
the Moments methods, have large variances. Therefore
it will not be always possible to determine if E(RZ),
and/or E( I Z) are different from zero.
A problem closely related to parameter estimation is Im­
age Filtering. This problem could be assimilated as a
parameter estimation problem in a moving window of
just a few pixels wide.
Independence and equal distribution of observation are
not fulfilled in practice. For instance in filtering win­
dows some processed pixels could come from a region
where the reigning underlying distribution varies. In this
case, classical filters will just blur the borders of the
fields. A reason for non independence could be correla­
tion among the observations due to globally considered
perception system. In this work we will consider only
the first problem. We will follow FRERY et al. (23].
Finally we present the s-contamlnation model. Usually
the hypothesis of normality is derived from the Central
Limit Theorem applied to many small perturbations. But
in practice the empirical distributions have heavier tails
than the Gaussian one.
The three types of "contaminated" models we will see
in this review are alternative models to the standard one
seen in Section 2. The standard model only allows for
the possibility that the underlying distribution is not the



proposed one but some other distribution to it. It still
needs the unrealistic hypothesis that pixels arc indepen­
dent. To achieve something closer to pixel independence
it is a common practice to subsample the original images,
lowering the correlation but leaving aside information.
It is worth mentioning what LEE et al. 1191 and UI ,ABY
[31] say: If the distance among pixels exceed the spatial
resolution, then the correlation among neighboring pix­
els is negligible. And it continues: ... if such distance
is between r /2 and r -where r is the spatial resolution­
then there will be correlation among immediate neigh­
boring pixels, but such correlation will again be neg­
ligible for pixels which are distant more than a pixel
distance.
Besides the mentioned bibliography, for more informa­
tion sec RANEY and WESSELS [321 and GOLDFIN­
GER [331.

3.1 Complex image with non zero mean
In the case of E(RY) f 0, and/or E(/Y) f 0, density
function of intensity image and speckle amplitude arc
difficult to obtain.
Let us suppose that RZ has a distribution N(µ,,, IT~)
and IZ has a distribution N(µb,IT~) with IT~= IT;=
1T2. In this framework the analysis becomes simpler (sec
YANASSE [221).
Below we can see the picture of the superimposed his­
tograms of the lower left (dark area) and upper left (clear
area) quadrants of the homogeneous area images. The
contamination for this picture was given by a distribu­
tion with µa = 100, µb = 0 and IT~= IT; = 1.

···..-----1
B001 i
3001i\
•001! \

±

-t dark: area "nurma]"

X light area "normal"

. "cuutaminated" ~•t~5

Figure 8. Comparioons of histograms of ~-look speckled SAR images.

It is remarkable the effect of this contamination in the
amplitude image of edges and point targets.
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(•]

(b)
Figure 9. (a) "normal" image. [b) "contaminated"' image

Our example fully agrees with the thorough analysis
carried out by YANASSE 122] about the difficulty for
distinguishing contaminated images with contaminated
noise speckle.
Regarding distributions, under the previous hypothesis,
Yr and YA have respectively Riccan and Ricean modi­
fied distributions with parameters 11and IT.

3.2 Model with non identically distributed
random variables
In FRERY ct al. [23] it is analyzed the behavior of some
filters and estimators for the case of I-look amplitude
images for homogeneous areas. It is assumed that the
variables in the filter window follow a Rayleigh distri­
bution, though not necessarily with same parameters.
Let us suppose that ZA, i, .., ZA,n arc random variables
that represent the amplitude image inn pixels. The usual
mode -let us say pure- considers that they are i.i.d.
with Rayleigh distribution of parameter ~- The alter­
native model -contaminated- is defined as follows: Let
a> 0, {j > 0, witha+{i < 1/2and0 < fo < ~< 6. It
is assumed that ZA,1, ...ZA,[un] arc i.i.d. with Rayleigh
distribution of parameter fo. ZA,[un]+1, ... ZA,n-[f3n] are
i.i.d. as well, with Rayleigh distribution of parameter
~- Finally, ZA,n-[f3n]+1, .. ., ZA,n are assumed to have
Rayleigh distribution with parameter fr

3.3 z-contamination Model
The importance of the s-contamination models has been
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legitimated by mnnerous publications about applied works
in the area of image processing and image analysis. See
for instance KASHYAP and EOM [28] and COYLE et
al. [29].
Let us see a basic example of this model. We will
suppose that RY and IY are independent and identi­
cally distributed with distribution NC(µ1, ai, µ2,a~, s ).
We will refer to this distribution as the contaminated
normal and its density will be given by f (t) = (1-
s)cp(t;µ1,ai) + scp(t;µ2,a~) where cp(t;µ,a2) is the
density of normal distribution with mean µ and vari­
ance a2. Therefore an observation will be generated by
the distribution N(µ1, ai) with probability 1- e, and
by the distribution N(µ2,aD with probability e.
A more general contamination model is obtained by
assuming that the observations Zr,N -in the N-look
case- is not the theoretical one (r(N, N //3) for ho­
mogeneous areas, Kr(a, A, N) for heterogeneous areas
and Gr(a, "f, A, N) for very heterogeneous areas) but it
is of the form G = (1 - s)F + eH, where F repre­
sents the distribution of the theoretical model and H the
distribution of a "contaminant" variable.
The pictures below are similar to those presented above
but with an e-contamination defined by µ1 = µ2 = 0,
ai = 0.5, a~= 2.5 ands = 0.1.

111 Dark area normal speckled

121 Light area normal speckled

131 Area of 111 E-contaminated speckle

(4)Area of 121 e-conatrninated speckle

0 50 1(}0150200 250 300

Figure 10. Comparisons of histograms.

It is worth pointing out that in this graphic, dark areas
are more affected than clear areas by the contamination
effects.
The e-contamination does not affect E(Zr,N) but it in­
creases Var(Zr,N ). Therefore the efficiency of the
Maximum Likelihood and Moments estimators will be
decreased.
Regarding images with "edges" and ''point targets" we
can see the Figure 11.

4000

3000

2000

0 50 100 150200250 300

Figure 11. Comparisons of histograms from speckled
images of Figure 3. (+)normal speckle.
(x] e-contaminated speckle.

In the working paper LUCINI [34] the distributions and
moments of Yr and YA are computed under c-contamination
model.

4 "Classic" and robust filters and
estimates

Wewill begin this section with the basics of Parametric
Inference.
Suppose we have n observations (Z1, ..., Zn) from the
random variable Z with density fz. We suppose that
Z1, ..., Zn are i.i.d. and distributed as Z.
Let e be a subset Rk (k;::: 1) -8 is called the param­
eter space- and f :RxG ---> [O, -l-oo) a function such
that for each B E 8, f(., B) is a density. Besides, let
f (.,.) satisfy the following condition: if B and B' are
two different points of e, then the probabilities induced
by f(., B) and f(., B') are different. As we see, the ba­
sic assumption of parametric statistics is to assume that
there is a unique Bo such that f z is f (., Bo).
Moment Method.
Let g : R ---+ R. be a real function. Suppose that
mg(B) = J g(x)f(x,B)dx exists and it is well defined
for each B E e. We say that 8 = B(Z1, ... ,Zn) is an
estimator of Bo based on the moment of order 1 of g if
mg(B) = ~ L:7=1 g(Zi)·
As a rule, if 8 is an open set of Rk, k functions gi, .. ., gk
will be needed. In this case we say that B = B(Z 1, .. ., Zn)
is an estimator of Bo based on the moments of order 1
of g1, ..., gk if mg; (B) = ~L:7=1 g1(Zi), j = 1, ...,k.
In the case of g(t) =tr for r ;:::1integer, it is customary
to write m; instead of mg.
Maximum Likelihood Method.
Let L : Rn x 8 ---> [O,-l-oo] the function defined by
L((z1,. ..,zn),B) = f}7=1f(zi,B). We say that B* =
B*(Z1,... ,Zn) is a maximum likelihood estimator of
Bo if L((Z1,. .., Zn), B*) 2 L((Z1,. .., Zn), B) for all B
in e. If it exists I c R an open interval such that
f (z, B) > 0 for all B E 8 and z E I; and f (z, B) = 0
for all z ~ I, then B* could be equivalently defined



by l((Z1, ... ,Zn),8*) 2 l((Z1, ... ,Zn),8), for all e E
8, where l((z1, ... ,zn),8) = log(L((z1, ...,zn),8)) =
2:7=1 -p(zi,e), con p(z,e) = -log(f(z,8)). In the
case of "regularity" -meaning that f(z, .) is differen­
tiable in 8 (open set in Rk)- for all z E I, 8* is de­
t~rmined by ~:1 7/J(Zi, 8*) = 0. Where 7/J(z, 8) =
89p(z,e) = 89f(z,8)/f(z,e) for all e E 8 and z EI.
Robust Methods: L- and M- estimators.
Without loss of generality we can suppose that Zi -I Zj
with probability 1 for 1 :S i -:f j :S n -Z has a
density-. By (Z(l)' ... , Z(n)) let us denote the sorted
observations (Z1, ...,Zn) in such a way that Z(l) <
... < Z(n)· Let a1, ... ,an be real numbers such that
?=7=1__9-i= 1. We say that
L = L((Z1, ... ,Zn); (a1, ... ,an)) = 2:7=1 aiZ(i) is the
L-statistics of (Z1, ... ,Zn) (or L-estimator) based on
(a1, ... ,an).
The rationale beyond this method is that choosing an ad­
equate vector (a1, ...,an) we can selectively weight each
observation. Many classical estimators are just a partic­
ular case of L-estimators. For instance if (a1 , ... , an) =
(l/n, ... , l/n) then L = ~I::1Zi, what is just the
sample mean. The median is an L-estimator as well.
If a is a number between 0 and 1/2, we obtain the a­
trirnmcd estimator by taking (a1, ...,an) in such a way
th L- _ 1 °""n-[no] Z
at - n-2[na] L..i=[na]+l ai (i)·

The A/-estimators are an extension of the Maximum
Likelihood Method. Let succinctly describe its rationale.
It is easy to verify that if f(z, 8) = vk exp (-(z - 8)2 /2)
with e E R (density of a normal distribution with mean
e and variance 1), then 8* is defined by:

n n

LP(Zi,e*) < LP(zi,e),
i=l i=l

whercp(z,8) = (z-8)2. Which rendcrs e" = ~2:7=1 Zi.
(Zi - 8*). It is clear that those Z, with large (Zi - 8*)2
-Z; far away from the Z1, ...,Zn sample mean-, will
have excessive weight in the determination of the Max­
imum I.ikelihood Estimator. Taking this into account
we will consider estimators of 80 that minimize e >------+I::1p(Zi,8) but with a more adequate p -instead of
p = - log(f(z, 8)-. After this motivation we can state
the definition of an Al-estimator.
Let p : Rx(-) -> [O,-l-oo] be a real function. We say that
eM = eM(Z1' ... ,Zn) is an Al-estimator of ea defined
by p if L7=1 p(Zi, BM) :S 2:7=1 p(Z;, fJ), for all 8 E C:.).
In the case that p(z, .) is differentiable en f), BM is
equivalently defined by L7= 1 7/J(Zi, 8M) = 0, where
7/J(z,8) = f0p(z,8) for all 8 E 8 and z ER.
The choice of p depends on the underlying model. For
instance in the case k = 1 and f(z, 8) = fo(z - 8)
where Jo is a symmetric density function, it is conve­
nient to choose p(z, 8) = po(z - 8), with Po convex,
symmetric, such that po(ltl) -> -l-oo when ltl -> -l-oo.
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If Po is differentiable, it follows that 8M is defined by
L7=l 7/Jo(Zi - BM) = 0, where 7/Jo is the derivative of
p0. Notice that in the case of7/J0(t) = t -p0(t) = t2-,
eM is the sample mean of (Z1, ... ,Zn), while in the case
ofpo(t) = ltl,BM is thc sample median of'{Zj , ... ,Zn)·
Is then clear the reason why it is possible to choose
more efficient estimators than the sample median as an
alternative to the sample mean by the choosing of an
adequate 7jJ0. Examples of such 7/Jo's follow. With the
choice of 7/Jo(t) = rnin(ltl, c).sign(t), it is defined the
M-estimator with 7/Jof Huber, which will be denoted by

2
eMH· With the choice 7/Jo(t)= t (1- (~)2) if ltl < c,
and 0 if ltl ;::: c, it is defined the M-cstimator with
bisquarc 7/J. It will be denoted by 8MB. In this last
examples, c is a calibration constant chosen to ensure
that the obtained M-estimator does not have poor effi­
ciency under both, the "pure" and the "contaminated"
models.
Regarding estimation applied to SAR, the moments esti­
mators of the parameters of Zr,N and ZA,N with known
N (remember N is the number of looks) are discussed
in FRERY et al. [181. Here the estimation is analyzed
for the three types of areas above mentioned. In the case
of unknown N, VANASSEet al. [35] analyzes the case
when Zr,N is distributed as r(N, N//J) for homoge­
neous areas and as Kr (a, .\ N) for heterogeneous areas.
The Maximum Likelihood Estimators for KA(a, x, 1)
are computed in FRERY [361 and for KA (a, >., N) with
known N in JOUGIIIN et al. [37].
It is worth pointing out that the main goal of image fil­
tering is the reduction of the speckle but without losing
information. The "ideal" filter should smooth the noise
in an adaptive way and preserve area borders and edges
information. It should preserve as well distinguishable -
though perhaps subtle- details. Filters based in mean and
median estimators applied in a window that sweeps the
image have proved not to be very useful in SAR image
processing. A possible cause of this shortcoming could
be the multiplicative nature of the noise. In LEE ct al.
[19] there is an extensive reference list regarding mul­
tiplicative models. FRERY et al. [231 deals with filters
based on I.-estimators. Unfortunately, no references are
known by the author of this review about M-cstimators
applied to SAR images.
As an illustration we show below the output of the ap­
plication of filters based on the M-estimator eM B to the
"edge" and "point targets" images with superimposed
4-look speckles.
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The eMH based filter was applied as well but with no
major differences with the eMB output. The rather non
satisfactory preliminary results could be attributed to the
disregard of the multiplicative nature of the speckle.
To overcome this deficiency and to make the Maxi­
mum Likelihood Estimator in SAR images more ro­
bust, it is worth implementing the use of M-estimators
for the gamma distribution as proposed and analyzed in
MARAZZI and RUFFIEUX [38].
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ABSTRACT

Synthetic Aperture Radar (SAR) systems can provide
high-resolution, microwave brightness images of the
earth's surface, typically in the IGHz- IOGHz frequency
( lcm-60cm wavelength) range. These images are
sensitive to the roughness, geometry and dielectric
properties of targets, and thus provide geophysical
measurements of the surface which are complementary
to the spectral measurements captured by optical
sensors, and to other sources of data such as
geochemistry or rasterized colour maps. The fusion of
SAR with other data sets is recognized as a useful
approach for maximizing information extraction from
remotely sensed data. This paper summarizes the
rationale for SAR data fusion and will review image
processing techniques to accomplish it. The advantages
and limitations of techniques such as band
combinations, band ratioing, statistical transforms and
colour space transforms are discussed.

I. INTRODUCTION

Synthetic Aperture Radar (SAR) imagery such as that
from ERS-1 /2, RADARSA T, and aircraft provide
images of radar brightness which are sensitive to the
surface topography, small-scale roughness and
dielectric properties of targets. Other remote sensing
instruments, such as optical, thermal, and geophysical
sensors measure targets in different regions of the
electromagnetic spectrum or through other physical
processes (e.g., gravity, magnetism). These sensors are
sensitive to different target properties than the SAR, and
thus provide information which is complementary and

may be usefully combined with SAR. The
combination, or fusion, of these complementary data
sources can result in a more complete characterization
of the target than that accomplished by a single data
source. This paper will identify the objectives of SAR
data fusion and review common image processing
techniques used to achieve it.

2. OBJECTIVES OF SAR DAT A FUSION

The goal of SAR data fusion is to exploit the different
information content about a target captured by SAR and
other sensors in order to improve the recognition and
discrimination of features in the scene. This is often
accomplished by enhancing the visual interpretability of
features, or through improved class separability in
numeric classifications. The end-product of fusion
through enhancement is typically a colour image in
which the SAR and other data have been combined into
an attractive, interpretable scene. The fusion of SAR
for classification should result in improved
classification accuracies for the classes of interest.

3. CONTRIBUTIONS FROM SAR DATA

The contributions from SAR to data fusion include
target texture and landform structure, indicators of the
dielectric properties of targets, and a high temporal
reliability because of its all-weather imaging
capabilities. In areas of moderate-to-high topographic
relief, the dominant information content of SAR
imagery is landform topography and geomorphology
which provide useful terrain and structural information
when combined with other data. In scenes of low
topographic relief, SAR imagery provides good surface
roughness and textural information about targets such as
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variations in rock surface weathering, vegetation
canopy structure and ocean surface features. The
sensitivity of SAR to the dielectric properties of targets
is usefully exploited for soil moisture determination in
agricultural and rangeland areas, for wet snow detection
in glacier mass-balance and hydrologic modelling
applications, and for multi-year sea ice discrimination.

The temporal advantages of SAR over other sensors lie
in the early detection of certain phenomena (e.g. early
emergence of broadleaf crops versus grains [Brisco and
Brown, 1995], detection of snow wetness, and the
ability to image time-critical events under all weather
conditions. Examples of the latter include fast-response
imaging of transient phenomena such as oil spills and
floods, and imaging during critical phenological
windows for vegetation discrimination. Data fusion
may also be applied in instances where optical imagery
is unsuitable because of partial cloud cover. In this case
information under the cloud may be retreivable from
SAR data.

4. CONTRIBUTIONS FROM OTHER SOURCES

The information contributions from other data sources
include the spectral properties of targets from optical
data, thermal signatures from thermal infrared sensors,
and geophysical data such as gravity and magnetics.
From spectral properties general land cover classes may
be derived, as well as assessments of vegetation type
and condition. Thermal signatures may be used to
derive sea surface temperature and ice thickness
information, and may be usefully combined with SAR
data to enhance ocean circulation features and sea ice
structures. Thematic maps of soil or geologic units in a
colour format are also common sources of detailed
geophysical data that can be combined with SAR
imagery. A further contribution from other data sources
when fused with SAR is improved resolution. Often,
optical data can provide a 'sharpening' effect because
of the strong tonal contrasts between some classes in
optical data when compared with SAR.

5. KEYS TO SUCCESS

There are a number of factors which significantly affect
the success of data fusion. Harris et al. [1994] provide
the following guidance:

• the integration strategy (i.e., the choice of data to
combine and its presentation) must be driven by the
detection or discrimination problem at hand. This
requires that the key information content of the

different data sources be identified, and that they be
preserved and enhanced in the fusion process. The
identification of the key information content is
entirely dependent on the data sources and the
targets of interest.

• there should be a broad range of colours in an
enhancement product in order to ease visual
interpretability.

• the colours resulting from the data fusion should be
interpretable and linked to the geophysical
properties of the target of interest.

• the effectiveness of the integration relies on spatial
and spectral combinations appropriate to the
problem at hand.

6. PRE-PROCESSING

A common environment in which to perform SAR data
fusion is within raster-based image analysis systems
because SAR (and most other sources of data)
originates in image format, and because the tools are
available in most off-the-shelf software packages.
Some ancillary data sources may originate in vector
(e.g., thematic maps) or point (e.g., geochemical)
format, for which conversion to raster is normally a
required pre-processing step.

The data sets to be fused are required to be spatially
registered, either through simple image-to-image co­
registration, or more typically through geocoding to a
map projection. Most software packages require that
the data be resampled to a common pixel size. Data
from SAR sensors should not be simply sub-sampled in
order to increase the pixel spacing because this
preserves speckle while reducing the useful signal in the
imagery. A more appropriate procedure is to block­
average the input pixels, or to Gaussian filter then sub­
sample the input scene in order to increase the pixel
spacing.

Filtering of SAR imagery for speckle reduction is a
common pre-processing step. The choice of filters
available is very large and dependent on the application.
Typically, a simple median filter or statistically adaptive
filter sensitive to SAR speckle distributions (e.g., Lee,
Kuan, MAP) are used. Simple block averaging is also
an effective speckle reduction technique if decreases in



resolution in the SAR data are acceptable for the
application (e.g., small scale land use mapping, sea ice).

7. IMAGE PROCESSING TECHNIQUES

Image processing techniques for data fusion include
[Harris et al., 1994]:

• band combinations
• arithmetic combinations
• statistical transforms

colour space transforms.•
More recently the use of the wavelet transform for data
fusion has been discussed because of is multi-resolution
capabilities, but this is still considered experimental and
will not be discussed in this paper. In addition, fusion
may be achieved through the inclusion of SAR imagery
in multi-channel classifications where the SAR (or
multi-date SAR images) are treated as additional
features. Also, where partial cloud affects the results of
classifying an optical image, the results of a SAR-only
classification may be logically combined with the
incomplete optical classification in order to improve
overall classification accuracy [Brisco and Brown,
1995].

Band Combinations

Band combination refers to the simple assignment of
different channels of data to the Red, Green, and Blue
(RGB) channels of the display device. For example:

SAR
TM4
TM3

Red
Green
Blue

The fusion of the SAR data is achieved through simple
visualization of the radar in combination with other data
sets. The advantages of this technique is that it is fast,
simple, easily changed and experimented with. The
principle disadvantages of the technique are that only
three channels of data may be combined, and that the
combination may result in an unconventional and
poorly-interpretable colours scheme.

Arithmetic Combinations

Arithmetic combinations
combination of multiple

of data involve the
data channels through
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arithmetic operations such as differences, ratios, and
normalized differences. Common arithmetic
combinations include the Normalized Difference
Vegetation Index (NDVI) and the radar co-polarization
ratio among many. In most cases of SAR data fusion,
the SAR data is not arithmetically combined directly
with optical data, but rather combinations of SAR and
other data are combined then displayed in colour band
combinations. An example of such a combination is:

SAR (HH/VV)
TM4
TM5 -TM3

~ Red
~ Green
~ Blue

The advantages of arithmetic combinations is that they
are computationally fast and simple, and they permit the
integration of more than three channels. The
disadvantage of this approach, like simple band
combinations, is the interpretability of the
unconventional colour scheme that may result from the
process.

Statistical Transforms

Statistical transforms involve the transformation of
original channels of data to new measurement axes in
order to (typically) maximize the variance inherent in
the data into the fewest possible uncorrelated channels.
The most common statistical transform is Principal
Component (PC) analysis. When employed for SAR
data fusion, it is typically optical data that is
transformed in order to reduce the number of
uncorrelated features, then combined with SAR in a
color band combination, such as:

TM!
TM2
TM3
TM4
TM5
TM7

SAR~ Red
PC!
PC2
PC3
PC4

~ Green
~ Blue=>

+
Principal Component

Transform

In this case, six optical bands from Landsat TM are
reduced to four components, of which the first two are
used in a band combination with SAR data. In many
scenes, the first two components may account for 60%-
80% of the variance within the scene, and thus
represents a significant process of data reduction.
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Less common is the inclusion of SAR data (or multiple
SAR images) in a statistical transform with optical data
as illustrated below.

SAR
TM2 PC! ~ Red
TM3 => PC2 ~ Green
TM4 PC3 ~ Blue
TM5 PC4
TM7

+
Principal Component

Transform

The advantages of statistical transforms is that they
permit the integration of many channels of data and
they reduce the information content of the original data
into a small number of channels for display or
classification. The disadvantages of this approach
include the unconventional colours that may result in
the display and the difficulty in relating these to the
geophysical parameters measured in the original data
set. In addition, statistical transformations are normally
based on scene statistics and are therefore difficult to
reproduce with different input scenes.

Colour Space Transforms

The use of colour space transforms for SAR data fusion
takes advantage of the fact that single-channel SAR
imagery is achromatic (i.e., without colour
information), while the contribution from other sources
of data is typically spectral or thematic information
displayed in colour (e.g., multi-spectral imagery or
colour thematic maps). Colour space transforms project
the colour information represented in the Red-Green­
Blue (RGB) colour space into a different set of
measurement axes to describe the range of possible
variations in colour tones. The most common of these
alternate colour systems is the Intensity, Hue, Saturation
(!HS) colour space which describes tones in terms of
brightness (intensity), wavelength (hue), and the purity
of the colour (saturation) [Harris et al., 1990, Chave: et
al.. 1991].. Figure I illustrates the relationship between
the RGB and !HS colour spaces.

One result of the transformation of imagery to the !HS
colour space is that all brightness information is isolated
in the achromatic intensity axis. Virtually all the colour
information of the original scene is captured in the hue
and saturation axes. The most common technique for
using the IHS transform for SAR integration involves
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substituting the SAR data for the 'intensity' information
from the original scene, and then applying the reverse
transform to return the data to RGB representation. The
technique is thus a two stage process as follows:

substitute
,J,

TM3 I SAR R~ Red
TM4 => H ~ H => G ~ Green
TM5 s ~ s B ~Blue

t t
RGB to !HS IHS to RGB
Transform Transform

In this process, an original band combination that has a
desirable colour presentation is transformed from RGB
to IHS colour representation. The intensity channel is
substituted with SAR imagery, and the data are
transformed back to three conventional RGB channels
for display. By this method the SAR imagery is
imbedded in the resulting RGB channels while retaining
the colours of the original band combination. Plate 1
illustrates an example of SAR fusion using the !HS
transform.

Harris et al. [1994] describe a number of distortions and
loss of information that may result from the substitution
process. The principal effect that can be encountered is
the loss of significant information about targets that are
highly correlated in all three channels of the original
band combination. These features appear achromatic
(grey tones without colour) in the original image and
are thus captured in the achromatic (intensity) channel
in !HS colour space. When replaced by the SAR
imagery, the information in the calculated intensity
channel is discarded. Information about the correlated
targets (which is likely to be significant) is also lost in
this process. Mechanisms to overcome this inadvertent
loss of information include the arithmetic combination
of the calculated intensity channel with the SAR
imagery (i.e., a 'blending' of the two sources [Harris et
al, 1994 ]), or substitution of a different IHS channel
with the SAR. For instance, when substituted for Hue,
the magnitude of the SAR backscatter determines the
colour component of the output scene while the
brightness (achromatic intensity) of the original data is
retained [Kux et al., 1995].

The main advantage of colour space transforms over
other fusion techniques is its ability to imbed SAR
information into a product while preserving the colours
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of the original RGB band combination. This permits
easier interpretation because of familiarity with the
colours and their relationship to the geophysical
properties of the target. Another attractive feature of the
IHS transform is the control the user has over the degree
of visibility of the SAR in the fused product through
manipulation of the Saturation parameter [Harris et al.,
1994].

The disadvantages of colour space transforms for data
fusion is their computational and conceptual
complexity, the possible loss of information through
substitution or distortion of hues, and that the process of
achieving an attractive, satisfactory product is often one
of trial-and-error. In general, there are not interactive
software tools for experimenting with different
transformation parameters so the process can be quite
time consuming.

8. CONCLUSION

There is a large volume of literature which demonstrates
the synergistic information content of SAR and other
data sources, including optical imagery, geophysical
and geochemical data, and thematic maps. This paper
has described a number of the basic image processing
techniques that may be used to fuse SAR with other
data in order to fully exploit their combined information
content. These techniques include visual enhancement,
transformations and multi-dimensional classification,
and all rely on a logical combination of the available
data sources. All are commonly available in most off­
the-shelf image processing systems. However, the
creation of attractive fused products which preserve and
enhance the information content of the input data
sources remains a mix of art and science. Improved
interactivity of the fusion tools and a more mature
understanding of the synergistic information content of
SAR and other data will be required to advance the state
of the art in this area.

9. REFERENCES

Chavez, P., S. Sides, and J. Anderson 1991.
Comparison of Three Different Methods to Merge
Multi-resolution and Multi-Spectral data: Landsat TM
and Spot Panchromatic, Photogrammetric Engineering
and Remote Sensing, 57-3, pp 295-303.

Kux, H., F. Ahem, and R. Peitsch 1995. Evaluation of
Radar Remote Sensing for Natural Resource
Management in the Tropical Rainforests of Acre State,

Brazil, Canadian Journal of Remote Sensing, 21-4, pp
430-440.

Brisco, B. and R. Brown 1995.Multidate SAR/TM
Synergismfor Crop Classification in WesternCanada,
Photogrammetric Engineering and Remote Sensing, 61-
8, pp 1009-1014.

Harris, J., R. Murray, and T. Hirose 1990. !HS
Transformfor the Integration of Radar Imagery and
Other Remotely Sensed Data, Photogrammetric
Engineering and Remote Sensing, 56-12, pp 1631-1641.

Harris, J., C. Bowie, A. Rencz, and D. Graham 1994.
Computer-Enhancement Techniquesfor the Integration
of Remotely Sensed, Geophysical, and Thematic Data
for the Geosciences, Canadian Journal of Remote
Sensing, 20-3, pp 210-221.

INTENSITY

White

I
I
I
I
I
I
I
I
I
I
I

Cyan1
SATURATION

Magenta

Figure 1:Relationship of RGB and IHS Colour Spaces
[from Harris et al., 1990]



97

MAXIMUM LIKELIHOOD FITTING OF EXTREMELY HETEROGENEOUS RADAR CLUTTER

Klaus Vasconcellos]
Alejandro C. Frery:j:

Universidade Federal de Pernambuco

tDepartamento de Estatistica
50740-540 Recife, PE, Brazil

:j:Departamento de Informatica
CP 7851

50732-970 Recife, PE, Brasil

ABSTRACT

The precise knowledge of the statistical properties of
SAR data is widely recognized in the literature as
a powerful tool for image analysis. However, little
progress has been made beyond moment estimates
usage for the multiplicative model. This can be ex­
plained by the difficulty of dealing with the class of
K distributions, which arise in this framework. A re­
cent proposal, the family of 9 distributions, allows
the modelling of a very wide class of clutter het­
erogeneity. These new distributions also belong to
the multiplicative model, and are characterized by
as many parameters as their K counterparts. A re­
markable property of a particular subclass of these
distributions, namely the 9J distributions for inten­
sity multilook images, is that the maximum likeli­
hood estimator of the shape parameter is attainable,
given the number of looks and scaled data. This pa­
per presents the derivation of this estimator, along
with some theoretical and computational considera­
tions about it. The second order bias of this esti­
mator is established, therefore, yielding to an esti­
mator which presents good sampling properties. A
simulation study is conducted in order to verify that
K1 data designed to model extremely heterogeneous
clutter can be well fitted by the 9Y distribution.

1. INTRODUCTION

The precise knowledge of the statistical properties of
SAR data plays a central role in image processing
and understanding. These properties can be used to
discriminate types of land use and to develop special-

ized filters for speckle noise reduction, among other
applications.

The multiplicative model has been widely used in the
modelling, processing and analysis of synthetic aper­
ture radar images. This model states that, under cer­
tain conditions [Tur et al. 1982], the response results
from the product of the speckle noise by the terrain
backscatter. Several distributions could be used for
the backscatter, aiming at modelling different types
of classes and their characteristic degrees of homo­
geneity. For instance, for some sensor parameters
(wavelength, angle of incidence, polarization, etc.),
a pasture area is more homogeneous than a forest,
which, in turn, is more homogeneous than urban ar­
eas.

A succesfull statistical model for heterogeneous ar­
eas is derived multiplying two Gamma-distributed
random variables, which leads to the K distribution
for the intensity data. Though this distribution has
proved being very useful, it has two major disad­
vantages: using it involves calculating the cumber­
some modified Bessel function of the third kind, and
the maximum likelihood estimators for its parame­
ters cannot be obtained in a tractable form.

Many alternatives have been proposed in the litera­
ture, but most of them consist of abandoning the mul­
tiplicative model. This is not completely satisfactory,
since the parameters of the distributions associated
to the multiplicative model are fully interpretable in
physical terms.

In this paper it is shown that a recent generalization
of those distributions associated to the multiplicative
model yields to a model with many advantages. It al­
lows the modelling of extremely heterogeneous data
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beyond what K distributions could do, and it is also
flexible enough to fit data with an underlying inten­
sity K law. It is also easy to obtain the maximum
likelihood estimator of the heterogeneity parameter
of this distribution, and to correct its bias up to the
second order.

This paper is organized in the following manner: next
section presents the multiplicative model and the dis­
tributions that arise under this assumption; section 3.
presents the maximum likelihood estimator of the
heterogeneity parameter of the 9J distribution and
the second order correction of its bias is obtained; in
section 4. the flexibility of this distribution is shown
fitting it to K1 data. Finally, section 5. presents the
conclusions and possible extensions of this work.

2. MULTIPLICATIVE MODEL, SPECKLE
NOISE AND INTENSITY RETURN

This section is based on [Frery et al. 1996; Frery et
al. 1995a; Frery et al. 1995b; Yanasse et al. 1995].
The speckle noise is always associated to coherent­
illuminated scenes, such as those obtained by mi­
crowaves, laser, ultrasonography, etc. This kind of
noise appears due to interference phenomena between
the incident and reflected signals.

The multiplicative model is a common framework
used to explain the stochastic behavior of data ob­
tained with coherent illumination. It assumes that
the observations within this kind of images are the
outcome of the product of two independent random
variables X and Y, representing the terrain backscat­
ter and the speckle noise, respectively. The former
is frequently considered real and positive, while the
latter can be complex (if the considered image is in
complex format) or positive real (intensity format).
In order to make a clear distinction between these
formats, the subscripts "C" and "I" will be used for
the complex and intensity cases, respectively. Vec­
tors will be explicitly denoted in boldface.

Complex speckle, Yc, is usually assumed to have a
bivariate normal distribution, with independent iden­
tically distributed components having zero mean and
variance 1/2. Multilook intensity speckle appears by
taking the average over n independent samples of
Y1 = [Y c 112, leading, thus, to a Gamma distribu­
tion denoted here as Y1 ~ I'(n, n) and characterized
by the density

fy1(y) = r~:)yn-lexp(-ny), y,n > 0.

A recent proposal for the intensity backscatter X1
[Frery et al. 1996; Frery et al. 1995a; Frery et al.
1995b] consists of using the generalized inverse Gaus­
sian distribution. This distribution is characterized

by the density

(A/ r"'Y a-1~,_=-X .
2Ka (2/x::y)
·exp ( - ~ - AX) , x > 0, (1)

where K v denotes the modified Bessel function of the
third kind and order u, with the domain of variation
of the parameters given by

{
'Y > 0,
'Y > 0,
'Y 2: 0,

if a< 0
if a= 0
if a> 0.

(2)

The distribution defined above is denoted here as
X1 ~ N-1(a,"(, A). Its r-th order moments are given
by

E(XJ) = (2:) r/2 Ka+r (2~)
A Ka (2~) .

This distribution can be reduced to several particular
cases, but the following two are of special interest in
our study:

l. the Gamma distribution, when 'Y = 0, denoted
here as I'(o, A);

2. the distribution of the reciprocal of a Gamma dis­
tributed random variable, when A = 0, denoted
here as r-1(a,"().

The first special case leads to an intensity K distri­
bution for the response, when the speckle is Gamma
distributed [Yanasse et al. 1995]. The second yields
to the model that will be discussed here. For detailed
properties and applications of the X 1 ~ N-1(a, 'Y, A)
distribution, the reader is referred to [Barndorff­
Nielsen and Blresild 1981; Jorgensen 1982].

If X1 ~ N-1(a,"f,A) and Y1 ~ f(n,n), then, the
product Z1 = X1 ·Y1 has a distribution which we call
the intensity G distribution. This distribution will be
denoted here by 91(a, "(,A, n). It can be character­
ized by the density

nn (A/'Yt/2 n-1-~,-----,=-x .
f(n)Ka (2/x::y)

. ( 'Y +Anx) ";n

· Ka-n (2JA('Y+nx)) ,x > 0,

with n > 0 and (a,"(, A) as in (2).

This distribution for the intensity response is quite
general. On the other hand, its estimators are very
hard to obtain by maximum likelihood. In [Frery et



al. 1996], it was shown that the particular case when
X1 ~ r-1(0:,1) leads to a special distribution for
Z1, denoted the 9J(a,1,n) distribution. This distri­
bution has the following nice properties:

1. its density only involves simple functions, since
it is given by

with -a,,.,,, n, x > 0.

2. it allows the modelling of homogeneous, hetero­
geneous and very heterogeneous clutter; specifi­
cally, data from deforested areas, from primary
forest and from urban areas are very well fitted
by this distribution;

3. its cumulative distribution function is easily ob­
tained, since the 97 distribution is readily seen
to be proportional to the well-known Snedecor F
distribution, in the sense that

a o- -91 (a,,.,,,n) ~ F (2n, -2a).
'"Y

As the F distribution arises in many important
statistical problems, its cumulative distribution
function is obtainable in a wide variety of statis­
tical systems. We have, then, an easy form of ob­
taining the cumulative distribution function for
the 97 distribution, by using standard statistical
routines for the F distribution.

The relationships between the aforementioned distri­
butions for intensity backscatter are summarized in
Fig. 1, where "~" denotes convergence in distribu­
tion.

The parameter a is of particular interest in this study,
since it is directly related to the roughness of the
target. It is easy to check that if the outcomes of N
independent 97(a, '"Y,n)-distributed random variables
are multiplied by the factor

(n - 2)E(Z/2)
2E(Z/1) n

then, the scaled observations are the outcomes of
N independent 97(a, 1,n)-distributed random vari­
ables. Since the number of looks n is known (and
can be assumed integer) and the kth-order moments
of the sample can be easily obtained, it is enough
to study the inference of the parameter a for the
97(a, 1,n) distribution. It must be stressed here that
this procedure only works if n > 2, which guarantees
that the moments in the above equation will be finite.

This scaling technique could also be performed with
the aid of positive moments of Z1, typically the first
and the second ones. However this leads to restric­
tions on the values of a, which in practice becomes a
serious problem since the true value of a is unknown.
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3. MAXIMUM LIKELIHOOD ESTIMATOR

Maximum likelihood estimation for the aforemen­
tioned distributions is, in general, a difficult task. In
particular, the K distribution was treated in [Joughin
et al. 1993; Lombardo and Oliver 1994; Raghavan
1991]. In this section it will be shown that it is pos­
sible to derive the maximum likelihood estimator for
the parameter a of the 97(a, 1,n) distribution, pro­
vided n is integer and known. Also, the second-order
bias of this estimator is derived and, thus, a corrected
version with better sampling properties is obtained.

Assume z = (z1, ... , z N) are the outcomes of N in­
dependent identically distributed 97 (a, 1,n) random
variables where n is a known natural number.

From eq. (3), denoting 7) = -a and uu = ln(l + nzi),
it is immediate that the reduced log-likelihood of the
sample is

N

( r(n+ 7/)) '"""'fi(w,T))=Nln f(T)) -T)~Wi. (4)

From eq. (4) it is possible to derive the maximum
likelihood estimator of 7), which is given by the solu­
tion ij of the equation:

n-1 1 _
'"""' -wLij+p- .
p=O

(5)

Since

n-1 1 0
82fi(w, 7/) =-NL (T/ + p)2 < '

87)2 p=O

the reduced log-likelihood is concave. This shows
there is only one solution for eq. (5) in (0, oo); there­
fore, if satisfying this equation is the global maxi­
mum. It is also worthy noting that solving eq. (5) is
a very easy numerical task.

Also note that E (-82 fi (w, 7))/ 87)2) gives the total
Fisher information of the unknown parameter 7). It
can be readily seen that this information increases
with n, the number of looks; this is consistent with
the fact that the bigger the number of looks the bet­
ter the signal-to-noise ratio in the image.

Cox and Snell [Cox and Snell 1968] provide the fol­
lowing formula for the second-order correction of the
bias

of the estimator TfN, based on N observations:
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Figure 1: Limiting properties of intensity return distributions, and associated targets.

where

E (EJ2£(w,11))
8112 ,

E (83£(w, 11))
8113 ,

E (82£(w, 11)8£(w, 11)) .
8112 811

For the considered case, the second-order correction
is given by

(6)

Therefore, for one look data where n = 1, this cor­
rection reduces to B1 (11,N) = 11·

4. SIMULATION RESULTS

We have performed two simulation studies in order to
assess the adequacy of the 9J distribution in fitting
K1 distributed data for a very heterogeneous param­
eters space.

In both simulations the equivalent number of looks
was set to n = 4 and the scale parameters ,\ and 'Y
were fixed in 1. For the first simulation we used the
homogeneity parameter a = 1/2, and for the second,
a = 1 was chosen. Notice that, as presented in Fig. 1,
these two situations are far from being homogeneous.
Samples sizes of N = 10000 were used in both cases.

The methodology employed is as follows for each
value of a= 1/2, 1:

1. Generate z = (z1, ... , zN), independent observa­
tions of the random variable Z1 ~ K1(a, 1, 4).

2. Calculate a= a(z),maximum likelihood estima­
tor of the parameter a of the 9J(a, 1, 4) fitted
distribution with eq. (5).

3. Draw in the same plot the densities of the true
K1(a, 1, 4) and the estimated 9J(a, 1, 4) distri­
butions.

Figs. 2 and 3 show the results of the aforementioned
experiences, corresponding to a = 1/2 and a = 1,
respectively. In both of these graphs the true den­
sity has zero mode. It can be seen from both graphs
that for these small values of a, corresponding to ex­
tremely heterogeneous radar clutter models, the pro­
posed technique seems to work very well in fitting the
true K1 distribution by the estimated 9J one.

2.0

1.5

1.0

0.5

o.oL~~~~~_L__c~~======:::c~~=s=s~~
0

Figure 2: True K1(1/2, 1, 4) and estimated 9J(a, 1, 4)
densities.

5. CONCLUSIONS

A recent proposal for the intensity backscatter is the
use of the generalized inverse Gaussian distribution.



1.4

0.4

0.2

o.o~~~~~~~~~~~~~~ ~~~~~~~~~~~
0

Figure 3: True K1(l, 1,4) and estimated 97(&, 1, 4)
densities.

This yields to a general distribution for the response,
called Intensity 9 distribution. We have discussed the
particular case when the intensity backscatter can be
modelled by an inverse Gamma distribution, leading
to a special case of the Intensity 9 which is the 97
distribution.

This 97 distribution has some nice properties, as be­
ing proportional to the classical Snedecor F distribu­
tion. We have derived the maximum likelihood esti­
mator for a scaled version of the 97 distribution, and
shown that this estimator can be easily obtainable as
the the only positive real root of a polynomial.

The second order bias correction for this estimator is
also derived, and it is shown to be easily computed.
This correction is important when the number of ob­
servations or the total information is relatively small.

Finally, we present some simulation results concern­
ing the adaptability of the 97 distribution. In this
study K1 data with high heterogeneity is simulated
and fitted by 97 distribution with success.

This work will proceed extending the presented re­
sults to the more general 91 model and, if possible,
for the amplitude and complex formats.
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ABSTRACT

This paper presents a noise reduction proposal based on
the application of binary morphologycal operation to
bitslices of images.The technique is applied to real and
simulated synthetic aperture radar images, and it is eva­
luated with a methodology based on statistical measu­
res.This nonlinear one step procedure is shown to
reduce the high grey level noise.

1. INTRODUCTION

It is well known that synthetic aperture radar (SAR)
images arc corrupted by a signal dependent noise called
speckle. Many filtering techniques have been proposed
in literature (see, for instance, IRef. 4 J), and most of
these filters arc based on some statistical properties of
the data. A complete account of the statistical proper­
ties of amplitude SAR data can be seen in IRef. 2 J.

Mathematical Morphology is a non linear approach to
signal processing, which proved its usefulness in image
information extraction and in noisy data filtering. It is
based on mappings between complete lattices in terms
of some families of simple (elementurr) transforma­
tions: dilations, erosions, anti-dilations, anti-ero­
sions.Those mappings arc built by comhining these ele­
mentary transformations through the union.
intersection and composition operations IRef. 1 J.

Mathematical Morphology was initiated by Ci.
Mathcron and J. Serra at the t''.colc Jes Mines de Paris.
It is called "Morphology" since it aims at analysing the
shape of objects. It is "Mathematical" in the sense that
this analysis is based on set theory, topology, lattices,
etc. This theory ranges from binary (where the linear
image processing approach was not efficient) to grey
scale image analysis.

In this paper, binary morphologycal operations arc
applied to bitslices of images, aiming at reducing
speckle noise. Instead of making a statistical approach
to the observed grey levels, it is assumed that the noise
creates small black (white resp.) spots over white
(black resp.) fields, and binary operations are applied
in order to reduce the extent and intensity of these spots
before reconstructing the image.
There is a connection between this method and the sta­
tistical modelling of the data. It arises assuming that
every bitslice is the outcome of a binary Markov ran­
dom field (possibly an Ising model with a convenient
neighbourhood structure) corrupted by hinary noise.
The "filter" is constructed looking for uncorrupted
versions (estimators) of every bitslicc. Though this
approach will not be followed in this paper, it is interest­
ing to hear in mind this connection.

2. DEFINITIONS AND NOTATION
Consider a finite rectangular lattice of the form
1:; = {O, ... , m - l ] X {O, ... , 11 - l ]. In every
.1 E l: a grey level v(s) E K = {0.... , k - I l is
observed. Therefore, an image y = (r( s)),'=1 can be
seen as a function y : 1,· --+ Kor an clement of KE. Con­
sider I. s. I; generic clements of K1•

Assuming that every observed value is a byte, it can be
rcprcsentcd ax y(v) = lh7(s), ... , b''(s)J,thchits(from
most to least significative) forming the byte observed
ins. Other usual image formats (k = 211' for instance)
also lead to this representation.

The hits/ice decomposition of the byte image y consists
of the eight hinary images b" : /:' --+ {0, I l, with
7 ~ 11 ~ 0, given by the observed hits in every coordi­
nate, denoted hy y = Jb7, ••• , h11J, where
bl' = (bl'(s)),EI.

Efficient algorithms for this hit image extraction arc
available in most programming languages, and an
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arithmetic approach can be seen in [3]. Conversely, it
is clear that restoring a grey level image from its bits­
lices is an easy task. This one-bit plane representation
can be also used for image compression.

Figure I presents a grey scale image and its eight slices,
ordered from most (h7) to least (h0) significative (bear­
ing most to least information, respcctively).The reader
may notice that there is evident information up to the
fourth bitslicc, and with some effort some structure can
be seen in the fifth.

Fig. 1 - Grcyscale image and its eight bitslices (left
to right, top to bottom most to least

significative bit plane).

The methodology here proposed for noise reduction
consists of restoring the bitslices using mathematical
morphology binary transformations, and then recon­
structing the "filtered" image by stacking the hit
planes.

Denote the set of integers as Z, and let B be a subset of
Z2 called structural element. The translation of B by
any vector h E Z2 is denoted by B; and given by
B,, = !s + h E Z2: .1· EB}. The transpose of B is
denoted by B1 and defined by
B1 = ! - s E Z2 : s E B}.

The dilation off by Bis the function 08(j) E KE, given
by, for any s E E by

08(j) = max lf(s): s E B\ n £}.
The erosion off by Bis the function E8(j) EKE, given
by, for any s E E by

EH(j) = min lf(s): s EB, n £}.

In these definitions the conventions max(0) = 0 and
min(0) = k were used.

The transformations y 8 and <P 8 from KE to KE, given by
the following compositions

YB= 0#8, and

arc called respectively, morphological opening and
closing with respect to B. More details about these
transformations can be seen in [Ref. I J.

An opening (closing, resp.) transformation removes
small spurius regions of white (black, rcsp.) pixels in
regions smaller than the size of B. These transforma­
tions arc called morphological filters [Ref. 51, and this
class of filters is very important because its members
exhibit one-step convergence (they arc idempotent
operators).

3.METHODOLOGY

Let f = [h7, r.«, r.«, bi.b', h0] be the original
image and its bitslice decomposition. Assume that it is
desirable to reduce the noise present in f , and that
morphologycal binary operations will be used to filter
[b7, ••• , b0J. Amongst the many ways to tackle this task,
two specifications have to be made:

1. Which bitsliccs will be filtered?

2. Which operations will he applied in order to filter
the chosen bitsliccs?

The theoretical answer for both questions is beyond the
scope of this work, and unknown to the authors.

The spurius noise in a slice is represented by small areas
with black and white spots. Closing and opening trans­
formations reduce small spurius regions of white and
black pixels, so they arc well adapted to solve this kind
of problem. Remains open the question of the structur­
ing element to be used.

Regarding which bitsliccs wil be subjected to the filter­
ing, it is intuitive that the more hitplancs filtered the
smoother should be the final image, and that the com­
putational effort is proportional to the number of fil­
tered slices.Also, since most of the information lies in
the most significant bitslices those are the natural can­
didates to he filtered. Figure 2 shows the general meth­
odology representation.

An empirical approach is here proposed, based on the
use of a simulated image. A true image (phantom)
exhibiting two homogeneous areas, one dark one
bright, is corrupted by one look amplitude speckle
noise in a multiplicative manner [Ref. 2. 6J. The origi­
nal and corrupted images arc shown in Figure 3. The
phantom here considered allows the simultaneous eval­
uation of noise reduction (over homogeneous areas)
and the preservation of fine details (points and lines).
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Fig. 2 - Representation of proposed methodology.
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Fig. 3 - Phantom and one look amplitude
corrupted phantom

It was decided to evaluate the hitslicc image recon­
struction provided hy a opening closing filtering opera­
tion given by:

F = Y1fP11, B [ I I I]I I. I .
I I I

where "."indicates where is the origin of structural cle­
ment.

The "most filtered" image is that obtained by recon­
structing (stacking) the eight filtered hitsliccs (i.c ..
IF(b7), ... , F(b0)], denoted here as j'K). The "second
most filtered" image is that obtained hy reconstructing
the seven most significant filtered hitsliccs with the
least significativc left unaltered (i.c.,
IF(b7), ... , F(b1), b0i, denoted here as I7l. Proceed­
ing in this way, the sequence of filtered images /1,, f,,
L. f1, I, and I1 = IF(b7),b1', ... ,b01 can he
constructed, where the subscript denotes the number of
filtered bitsliccs used in the reconstruction and where
f1 denotes the "least filtered" image. Figure 4 shows
each hits Iice of phantom and Figure 5 shows these hits­
lice filtered. Figure 6 shows one look amplitude corrup­
ted phanton and result of three most significativc hit
plane biislicc filtered images.

As a measure of noise reduction the equivalent number
of looks of the filtered images over both areas was cal­
culated. Table 1 shows the equivalent number of looks
(ENL) estimated over several filtered versions of cor­
rupted phanton which, hy construction, has one look
noise. From this table the following conclusions can he
draw:

a) the quality of reconstruction increases, when mea­
sured hy the equivalent numbers of looks, with the
depth of the filtering.

h) this growth is non-linear, and seems to he ncgligihlc
after b' has been processed.

c) the noise reduction is different for the dark and bright
areas, being stronger for the latter.

Axidc effect of this technique is an increase in the mean
of the areas. due to the fact that the transformation F
starts with a closing transformation.

Table I - Equivalent number of looks of filtered
images.

ENL

rcconstruc- Dark Bright
tion

Ii 0.99 4.42

I: 2.97 9.91

f3 5.31 14.56

I4 6.68 16.60

Is 7.34 17.50

Io 7.68 17.85

h 7.82 18.01

Ix 7.89 18.07
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Fig. 4 - Bitsliccs [b7, .•.• b01 from one look corrupted phanton.

..·,. ·, .

. .· ... ·

Fig. 5 - Filtered hits Iices [F(b 7),
•.. , F(b0)] from one look amplitude corrupted phanton.

Fig. 6 - One look amplitude corrupted phanton and
result of its filtering three most

signi ficati vc hits Iices.

4.RESULTS

The technique that consists of filtering the bitslices ver­
sion off = [b7,

... , b01 was applied to two SAR images,
one obtained hy the SAR580 sensor over Freiburg, Ger­
many (image g), and the other obtained hy the JERS- I
sensor over Tapaj6s, Brazil (image h ).

Figure 7 shows the original g image of Tapaj6s witn
approximately four looks and its hitslices. g is one byte
amplitude. Figure 8 shows the most significative hits-

liccs of g after filtering. Figure 9 shows the original
image and the filtered version
g = [F(b7), F(b6), F(b5), b' , b1, b', b'; b0]

images.

Fig. 7 - JERS-1 image over tapaj6s, and its filtered
version.
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Fig. 8 - Three most significativc bitsliccs of Tapajos
image after filtering.

Fig. 9 -Original JERS I image over Tapajos and its
filtered version.

Figure I0 shows the grcyscalc g image and its three
most significantc hit planes on the left side, top to bot­
tom and their filtered versions arc shown lo the right.
Figure 11 shows the original Frciburg image with
approximately one look and the filtered result using the
three most significantc hit planes.

Fig. IO Bitsliccs lb7, b6, b',b4, s: b=, b1, b01
SAR-580 image over Frciburg.
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Fig. 11 - Original SAR-580 image over Frei burg and
its filtered version.

5. CONCLUSIONS

Synthetic aperture radar (SAR) images are corrupted by
speckle and many filtering techniques have been pro­
posed in the literature. This paper presented a noise
reduction based on binary morphologic application to
bitsliccs of images.

Table I showed that the cquivalcnte number of looks of
morphological filtered image increases with the depth
of the filtering and this increase is non--linear.

This methodology increases the mean and generates
more homogeneous images (sec Figure 6, Figure 9 and
Figure 11).

The mean increases is due lo the fact that the trans­
formation F (morphological filter) starts with a closing
transformation.

Some questions like which bitslicc will he filtered and
which operations will he applied arc beyond the scope
of this work and arc not quite solved by the authors.
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ABSTRACT

When a surface is iluminated with coherent light and
its image is obtained by an optical system, it appears
corrupted by speckle noise, that responds to a
multiplicative noise model (for homogeneous regions in
the image exists a linear relation between the standard
deviation and the average value of intensity). A simple
algorithm is presented to eliminate the speckle noise in
SAR images. It is a modified version of a previous filter
that had been used to eliminate additive gaussian
noise. A minimum speckle index neighborhood area is
selected around each pixel, and the average intensity
level of the selected one replaces the corresponding
pixel. The filter is compared with other ones such as
the adaptive mean Lee's two sigma filter, the median
and the Nagao & Matsuyama's filter. The parameters
we used to compare the speckle reduction were the
speckle index and the global entropy, and we used edge
detectors to evaluate the edge preservation. Finally. it is
observed that the presented filter al lows a better
separation of classes in the histogram of the images.

1. ORIGINAL FILTER PROPOSED BY NAGAO &
MATSUYAMA

This filter was designed to remove additive
gaussian noise without blurring edges and details in
digitized images 1• It looks for the most homogeneous
neighborhood arround each point in a picture and then
replaces each point by the average gray value of the
selected neighborhood area. Noise is removed by the
repeated usage of this method, while edges remain
sharp. Nagao & Matsuyama improved a previous
algorithm presented by Tsuji et al, redefining the size
and geometry of the neighborhood areas, originally
squares -figure 1 and 2-. Their improvement allowed
the preservation of complex shaped edges.

The procedure of their edge preserving smoothing
algorithm is as follows:

I. Define neighborhood areas arround a pixel (i.j).
2. Detect the area for which the variance of the gray

level is minimum.
3. Asign the average gray level of the selected area to

the point (i.j).
4. Apply 2 &3 for every pixel in the image.
5. Iterate the above process until the gray levels of

almost all the pixels in the image do not change.

•••••Figure I. Tsuji ct al.' s areas around the central pixel.

••••••••
Figure 2. Nagao-Matsuyarnas areas around the central
pixel

In order to remove noise without blurring sharp edges
averaging must not be applied to an area wich contains
an edge because it makes the edge blurred. That is why
the most homogeneous area is to be found arround the
point to be smoothed.

Proceedings of the First Letino-Amercen Seminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996 (ESA SP-407, March 1997)
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The variance is used as the homogeneity measure of the
gray level. When an edge is filtered, the variance
value depends on the contrast of the bright and dark
regions that defines the edge, being smaller the lower
the contrast.
Let's suppose that a picture has two regions RI & R2
with different means and variances defining an edge -
see figure 3-. Let a point (x.y) belong to RI, and be far
away from the edge.

Figure 3. An edge defined by two regions. Near the
edge, a neigborhood area totally included in RI will be
selected.

After some iterations of the filter its gray level will be
blurred approaching the average level of RI. This also
occurs if the point is in R2, far from the edge. But if
(i,j) is just on the edge or very close to it, there are
neighbour areas partially masking RI and R2 while
others are completely included in RI. For additive noise
2 2

CTI :::::cr2,

and it is reasonable to assume that the variance cr2 of
the shared area is bigger than cr/. That is cr2 >cr12 so
the correct neighborhood is selected.
In order to reduce strongly the noise fluctuations the
areas for averaging should be large, but this smooths
out small details of the picture, and a blurred image is
obtained.
Small neighborhoods of 5*5 pixels are defined arround
each pixel and also seven pixels areas inside it to look
for the minimun variance one.
We applied this filter to speckled images (SAR images
& laboratory made ones illuminating flat objects with
He-Ne laser light) and we found that the first iteration
removed isolated speckles and preserved edges and
details, appearing some kind of "tile" effect (little
areas of homogeneous gray level).
Homogeneous regions of the image originally corrupted
with speckle spot-noise are smoothed and high contrast
edges are well preserved, but not low contrast ones.
Nagao & Matsuyama suggested five iterations but

details 2 or 3 pixels wide are blurred out. This is due to
the size defined for the neighborhood areas.

2. SPECKLE rNDEXAS HOMOGENEITY
MEASURE

We said that usually a12 ::::: ai, but this is not the case
when noise is multiplicative, as in speckle. In
homogeneous areas, multiplicative noise has a linear
relation between a, and z (the local standard
deviation and the local average gray level).
In a SAR image, Nagao &Matsuyama's filter gives
high variance in high average gray level areas, and the
minimum variance algorithm chooses the minimum
average gray level area. Thus, dark areas become
wider as the iteration goes on and tend to connect with
each other.
Evidently, the cause of this effect is that the variance is
not the right homogeneity measure for speckle noise.
An indicator that considers both the noise fluctuations
and the average level is the speckle index (or
noise/signal ratio for speckle patterns) defined for a
pixel (i,j) neigborhood as

O'"
SI=_!,!_

Z"IJ
where 0-jj and Zij are the standard deviation and the

average intensity value of the {i,j) pixel neighborhood
respectively. This is a very useful measure to
characterize speckle noise fluctuations.We improved
Nagao &Matsuyama's filter by minimizing the speckle
index instead of the variance and we used a procedure
like the one described above.
We applied the filter obtained to some images and a
better performance was obtained. It removed the noise
better, blurring speckle fluctuations and preserving
edges and lines of 2 or 3 pixels wide. Furthermore, no
more connected dark areas appeared.
Figure 4 shows a SAR image a) Original, b) Median
filtered, c) Adaptive mean Lee's two sigma filter d)
Nagao & Matsuyama filtered and -) Improved method
filtered.

It is noticed that high contrast edges are better
preserved when the latter filter is used, but not the low
contrast ones. The regions inside the white boxes in
figure 5 were chosen to compare the different filters
performances. Those are high contrast areas, to which
we recorded the histograms -figure 6 -. It is easy to
recognize in figure 6 the performance of the filter for
resolving the different modes or classes. The original
speckled image has a very broad histogram, while the
filtered ones tend to separate two different
distributions, one corresponding to the bright areas and
the other to the dark ones.
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Figure 4b

Figure 4d
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Figure 6. Corresponding histograms, from top to
bottom: original image, median filtered (5*5 nucleus),
adaptive mean Lee's two sigma filtered (5*5 nucleus)',
Nagao & Matsuyamas filter of minimum variance
neigborhood areas', improved version of minimum
homogeneous areas.

In order to compare the performance of the filter we
evaluated the speckle index defined as

SI = _1_ f ± ~ij,
KL. . Zj"I=I J=I J

using 5*5 nuclea in a K*L image region, and the global
entropy given by

256
H = - I p(x) ·log2 p(x)

x=l

where x refers to the gray levels in the histogram and
p(x) to their probabilities. Both parameters measure the
homogeneity or noise reduction in the filtered images,
and the results are shown in Table I.

Table I

image I filter S.I. H

original 0.4754 7.896

median 0.1918 7.258

Lee's adaptive 0.2358 7.238
mean (Zsigrna)

Nagao& 0.1923 7.206
Matsuyama
Improved 0.1327 6.781

In order to evaluate edge preservation we applied
Robert's cross operator and Sobels operator to the
images in figure 5. The images obtained are shown in
figure 7. The edges are better defined in the image
filtered with the minimum speckle neigborhood areas
algorithm.
The algorithm is computationally efficient when no
more than two iterations are required.

We tested also another method, which consists m
minimizing the speckle index in the same way
described above but considering diferent neigborhood
areas. Figure 8 shows the mask of 3 pixels area that we
rotated over eight different positions. We considered
the fractions of the masked pixels to calculate the
speckle index. This algorithm resulted to be a low
converging one because of the small number of pixels
involved in each neigborhood area. It showed an effect
like the "tiles" described in the Nagao & Matsuyamas
filter but in this case they are bars one pixel wide and
three or four pixels long. The filtered image remained
noisy while fine details one pixel wide were well
preserved in the four directions defined for the
neigborhood areas (verticals, horizontals, and
diagonals).
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Figure 7. Robert's Cross operator and Sobel operator

Figure 8. The mask where the speckle index is
minimized
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Abstract

In several brazilian areas, mainly in some rain
forest regions, where have cloud coverage trouble, all
year long, the sistematic mapping is delay in time, In
some those areas there aren't any cartographic
document, in sistcmatic scales (1:500,000, 1:250.000,
1:100.000, 1:50.000 and 1:25.000) be able to represent
them planialtimctricly, Those facts arc due mainly by
the following reasons: a) The absent of aerial
photographies, because the wheather conditions, all
year long, doesn't permit to take them; b) By the same
reason, the analysis and interpretation of the satellites
images, like LANDSAT-TM or SPOT, can not be
performed for natural and artificial targets
identification, on the surface of the Earth, to possibility
the manufacturing the images-charts inside the visible
spectrum; c) The only use of SAR images can not
identify all the targets, cartographicly representable, on
a image-chart, even though such SAR images have no
inconvenient of cloud coverage.

The aim of this work is show what the digital
images processing can efficiently do, thru Main
Components proceedings, filtering, IHS Compositions,
Resamplc of SAR data over TM data and visualization
in RGB space to better geometric identification of
targets, be able to build a image chart without clouds
coverage, which one was removed by these digital
operations, if the a specific algorithim was follow, like
will be describe in this paper. In work by Sanabria
(1995) before it, make the data integration with the
same purpose using multispectrals SAR data by ERS-
1. In this work, using the analog methodology, varying
the type of data, sequence of procedures, type and
sequence of filtering and incorporating a classification
of the hibrid final product, was used SAR-images, in I.
band, polarization HII from JERS-1 Satellite. The
choice for JERS-1 SAR-images in L band, against the
SAR-images from ERS-1 in C band, was made by the
higher penetration of the I, band inside the canoppy of
the rain forests, permiting the better analysis of the
geomorfology of the ground, in regions where cloud

coverage, all year long, doesn't permit the conventional
cartographic methods.

The computational environment was made over
the ID!, and ENVI softwares, using graphical
workstations. in all digital operations, since colect data
from the tape devices, until creating the plotting files,
as a final product, resulted of mixing TM data with
SAR data, in all graphical formats, be able to build the
base for production in large scale of images-charts,
neither TM, nor SAR, but a composition of these data,
removing the clouds effects from the TM data. These
products can be used for paper image-chart or even for
use like a data base for Geographical System
Information, in geoproccssing analysis.

1 - Introdueao

Em regioes caracteristicamente problematicas
quanto a cobertura de nuvens no Brasil, o mapeamento
sistematico cncontra-se defasado no tempo. Em
algumas dcstas rcgiocs inexiste qualqucr documcnto
cartografico cm cscalas sistematicas (1:500.000,
1:250.000, 1:100.000, 1:50.000, 1:25.000) capazes de
representa-las planialtimctricamente. Este fato se deve,
principalmente, as seguintes raz6es: a) A ausencia de
acrofotos, por condicocs atmosfericas desfavoraveis o
ano intciro, impcdindo um mapeamento convcncional
por restituicao acrofotogrametrica convencional; b) A
exccssiva cobcrtura de nuvens (mcsmo em series
temporais de imagcns) impossibilitando a identificacao
planimctrica dos diversos acidentes terrestrcs,
impcdindo a confcccao de cartas imagem TM, ou
outros scnsorcs passivos do espectro 6ptico; c) 0 uso
apcnas de imagens SAR nao permite uma perfeita
idcntificacao planimctrica dos divcrsos acidcntcs
naturais c artificiais sobre a superficic da Terra para
fins cartograficos. Apesar de nao apresentar a
incovcnicncia da influencia de condicoes atmosfericas
adversas, como no caso das imagens TM, devido a
naturcza de obtencao destas imagens e de um forte
ruido chamado speckle, fornece como principal
elemcnto classificador a textura da imagem, ou o cfcito

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
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coletivo dos pixels, dependendo da escala de
observacao,

0 presente trabalho tern por objetivo mostrar a
eficiencia de ferramentas de processamento digital de
imagens, atraves das tecnicas de Principais
Componentes, Filtragens, Composicbes IHS,
Reamostragens de imagens sabre outras imagens com
tamanhos de pixels diferentes (representados no
terreno) e jinalmente 0 retorno as composicoes
coloridas RGB, para melhor visualizacao dos produtos
do processamento digital, permitindo uma melhor
definicao geometrica de alvos sobre a superficie
terrestre, notadamente para fins cartograficos.

Em trabalho anterior, Sanabria (1995) realizou a
integracao de dados multiespectrais com dados
SAR/ERS-1. No presente trabalho, partindo-se de uma
metodologia analoga, realizou-se um estudo com
imagens multiespectrais LANDSAT-5 TM e imagens
SAR JERS-1, estas ultimas obtidas na polarizacao HH e
na banda RADAR L.

A utilizacao de imagens SAR JERS-1 e justificada
pelo fato da banda L, por ter comprimento de onda
maior que a banda C (ERS-1), ter maior penetracao em
dosseis florestais, fomecendo maiores informacoes
sobre a geomorfologia do relevo sub-florestal.
Finalmente tentou-se uma classificacao do produto
hibrido TM-SAR, comparando-o com a classificacao de
uma imagem LANDSAT-5 TM pura, para avaliacao
dos resultados obtidos.

0 ambiente computacional utilizado como base de
desenvolvirnento da pesquisa foi o software ENVI e sua
linguagem IDL associada, em workstations graficas,
Neste ambiente realizaram-se os tratamentos digitais
acima citados e a geracao do produto final hibrido TM­
SAR, em diversos formatos digitais. Estes estao numa
estrutura que os faz passiveis de serem utilizados para a
confeccao de fotolitos off-set, destinados a impressao de
cartas-imagens em grandes quantidades, ou mesmo
dados digitais para fins de base geografica de dados
aplicados a Sistemas de Informacoes Geograficas, em
geoprocessamento.

Em imagens LANDSAT-5 TM, situadas na faixa
do espectro 6ptico de 300 a 2500 nm, existem
basicamente duas fontes de desinformacao: a cobertura
de nuvens, e as sombras causadas por estas nuvens. A
desinformacao e causada pelo angulo de iluminacao
solar, na hora da passagem do Satelite LANDSAT-5.

A sombra nao consiste, de fato, uma fonte
absoluta de desinformacao. Ela, apesar de nao refletir
diretamente a luz solar, e composta por uma
reflectancia difusa, capaz de ser parcialmente
recuperada, nas operacoes de Principais Componentes,
como sera descrito a seguir.

No entanto a cobertura de nuvens reflete
completamente a luz solar, apresentando uma cor
branca, em composicoesRGB com bandas TM 5, 4 e 3,
respectivamente.

No caso de imagens de RADAR as nuvens,
dependendo da sua espessura, sao praticamente

transparentes ao sinal retroespalhado. desta forma,
atraves de fusao de dados, pode-se utilizar estas
imagens para tentar retirar parcialmente o efeito desta
opacidade de nuvens dos acidentes sobre a superficie
terrestre.

Existem outras tecnicas para a reducao do efeito
de nuvens em imagens multiespectrais. Em
Krug(l 992), por exemplo, a radiometria dos pixels sob
as nuvens foi estimada atraves de modelos de series
temporais, a partir de composicoes de series de imagens
multitemporais.

Contudo existem certas regi5es no Brasil e no
mundo, em que a cobertura de nuvens e quase
permanente durante todo o ano, especialmente nos
horarios de passagem do Satelite LANDSAT. Uma
coleta de dados temporais, poderia levar anos, ate que
por processos auto-regressivos demorados, se
conseguisse resgatar tanto as informacoes
planimetricas, quanto radiometricas, destas areas em
questao, 0 processo seria demorado e excessivamente
caro, para a confeccao de uma carta-imagem, capaz de
representar com relativa fidelidade uma regiao de
cobertura quase permanente de nuvens, como e o caso
de certas regi6es brasileiras tais como o litoral
nordestino, na altura de Sergipe e Alagoas e os Estados
como o Acre, Roraima, Amazonas, Amapa, Para, ditos
pertencentes a Amazonia Fisica, cuja nebulosidade
impede tanto a cartografia convencional por
aerofotogrametria quanto a confeccao de cartas­
imagens 6pticas, pelo mesmo motivo.

Mas este fato e bastante comum no globo terrestre
em todas as chamadas rain forest, como tambem em
regioes de grandes altitudes como a Cordilheira dos
Andes, por exemplo. Nesses casos, esta tentativa de
fusao de dados multiespectrais, com imagens SAR,
ganha importancia, pois pode proporcionar uma
relativa interpretabilidade destas regi6es.

Neste estudo, nao se pretendeu criar um software
de integracao de dados multiespectrais com dados SAR,
mas sim, de posse de todas as ferramentas digitais, ja
desenvolvidas, num encadeanmento 16gico, gerar um
fluxograma de aplicacao destas ferramentas,
otimizando sua utilizacao, para a geracao de um
produto hibrido, capaz de representar
cartograficamente uma regiao, antes impossivel por
processos convencionais.

2 - Dados Utilizados

A area selecionada para o estudo foi a
denominada FLONA (Floresta Nacional do Tapaj6s),
situada ao sul de Santarem, no Estado do Para, numa
area abrangida pelas latitudes S02° 56' e 38" e S03°
23'e 28" e longitudes variando de W54° 49'36" e W55°
0I' e 45", conforme mostrado na Figura 0I.
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Figura 0 I - Rcgiao de cstudo

Esta rcgiao csta situada ao longo da Rodovia
Santarem-Cuiaba, tcndo a Ocstc a Florcsta Nacional do
lapajos c a I.cste, travcssoes de assen tam en to rural do
Incra, ao Sul pcla Rodovia Transamazonica c ao Norte
pclo Rio Amazonas. Esta regiao c caractcrizada pcla
cxploracao de madciras nobres como o Mogno, Agclim
c outros. Partc da regiao, antcriormente utilizada para
pastos e agricultura, foram abandonados dando inicio a
um proccsso de rcgcneracao da florcsta primaria.
l.xistcm ainda, algumas areas com solo exposto,
prcparados para cultura de Pimenta do Reino, ou novas
tormacoes de pasto para gado bovino.

Para fins de cstudo na classificacao digital foram
cscolhidas trcs classes distintas, Florcsta primaria, nao­
floresta ou rebrota ou cultura, c solo cxposto. Foram
ainda colctadas amostras de nuvcns c sombras para
cvidcnciar a Ialta de informacao quando das opcracocs
digitais de classifificacao pclo classificador de maxima
vcrossimilhanca (Likelihood).

Desta area utlizaram-sc as scguintcs imagens:
I) Imagcm LANDSAT-5 TM, nas bandas I, 2, 3,

4. 5 c 7 corrcspondendo respectivarncntc aos scguintcs
comprimcntos de ondas medics: banda I (A.m=0.48
urn), corrcspondendo a cor azul; banda 2 (A.m=0.56
urn), corrcspondcndo a cor vcrdc; banda 3 (A.m=0,0.66
urn), corrcspondcndo a cor vcrmclha; banda 4
(A.m=0,83 urn), corrcspondendo ao infravermclho
proximo ou reflctido: banda 5 (A.m=1,65 µm ),
corrcspondcndo ao infravcrmclho medic, banda 7
(A.m=2.l 3 urn), corrcspondcndo ao infravcrmclho
distante. A banda 6 (A.m=l 1,5 µm) nao foi utilizada
por correspondcr ao infravermclho tcrmal, altamentc
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susccptivcl a absorcao pcla agua da troposfera. Assim
essa Banda introduz ruidos indcsejaveis. Esta imagcm e
datada de 29 de Maio de 1993, com pixels de 30 metros
de resolucao geometrica, no tcrreno. Uma composicao
colorida RGB utilizando a banda 5 no canal R, a banda
4 no canal G c a banda 3 no canal B, pode ser vista na
Figura 02.

2) lmagem SAR JERS-1 com orbita ponto
405/306, cm amplitude, com um numero de visadas ou
looks igual a 3, de 16 bits, cada pixel com espacamento
gcometrico de 12,5 metros. Esta imagcm e da banda
RADAR I, (A.variando de 19 a 23 cm e frequencias de
I a 3 Gllz) na polarizacao IIll. A imagcm SAR JERS-
1, da mcsma regiao, ja filtrado o speckle, pelo filtro de
Frost e ja registrada sobre a imagem LANDSAT TM,
pode ser vista na Figura 03 .

Figura 02 - Composicao RGB da imagem LANDSAT
TM com as bandas 5, 4 c 3 , respcctivamcntc.

Na imagcm LANDSAT TM (Figura 02), podc-sc
notar areas cobenas com nuvcns c suas rcspcctivas
sombras, scndo cstas as fontcs de desinformacao que o
algoritmo proposto tcnta minimizar para construcao de
cartas-imagcns hibridas TM-SAR. Ernbora exista uma
grandc partc da imagcm dcscobcrta, a area foi
cscolhida para tcstc de classificacao cntrc a imagcm
hibrida ca imagcm I.ANDSAT TM original.

Nao sc trata, aqui, da rccuperacao da radiomctria
original das areas cncobcrtas por nuvcns c sombras, e
sim a gcracao de uma imagcm de atributos, cuja
classificacao especiral asscmclhc-se a classificacao de
uma imagcm com a radiomctria original. Entcndc-se
aqui radiometria, como sendo a rcsposta cm nivcis de
cinza de um dctcrminadao alvo.

Em consequcncia, dcvido a alteracao da
radiomctria, indices antes validos para imagcns
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multiespectrais como, por exemplo, o NDVI (Indice
Normalizado de Vegetacao), por combinacao linear
entre as bandas 3 e 4 do sensor TM, naturalmente nao
sao aplicaveis a imagem hibrida.

Figura 03 - Imagen SAR JERS-1, filtrada e registrada
sobre a imagem LANDSAT TM.

Na imagem SAR JERS-1 (Figura 03) os acidentes
planimetricos tipicos de representacao cartografica nao
estao perfeitamente definidos. A falta de cores impede
uma analise visual correta para a devida colocacao das
toponimias e simbologias cartograficas adequadas as
escalas sistematicas, relativas a vegetacao, estradas,
floresta primaria, areas de nao-floresta, etc. Devido a
natureza da imagem, a textura se torna o principal
elemento pelo qual se poderia tentar uma classificacao
cartograficamente representavel, apesar de nao conter a
indesejavel cobertura de nuvens e suas sombras, como
fontes de desinformacao.

3 -Metodologia

Como mencionado na Introducao deste trabalho,
nao trata-se aqui de desenvolvimento de um software
especifico para a geracao da fusao de dados
multiespectrais com imagens RADAR Versa sobre a
correta utilizacao de ferramentas computacionais para
tratamentos digitais de imagens, em diversos
programas comerciais, numa ordem 16gica, obtendo
como resultado um produto capaz de ser utilizadao para

a confeccao de cartas-imagens, fugindo ao conceito
tradicional da cartografia, qual seja a
aerofotogrametria.

3.1 - Pre-processamento da imagem
LANDSAT TM

Serao apresentados os procedimentos de pre­
processamento da imagem LANDSAT TM, assim como
os passos a serem seguidos, explicando-os quando nao
forem 6bvios.

3. l.l - Selecao da regiao com problemas
meteorologicamente constatados por imagens
temporais, nao sendo passiveis de serem utilizados
como cartas-imagens 6pticas (TM ou SPOT, por
exemplo), dentro do enquadramento do mapeamento
sistematico, na escala escolhida.

3.1.2 - Execucao do procedimento estatistico
conhecido comoPrincipais Componentes.

Principais Componentes:

Uma grande correlacao inter-bandas em imagens
multiespectrais e um problema frequentemente
encontrado quando da analise destas imagens. A causa
disto e que uma imagem obtida em diversos
comprimentos de ondas do espectro eletromagnetico
(faixa conhecida como espectro optico), muitas vezes
torna um determinado alvo reduntante em termos
espectrais. A tecnica de Principais Componentes, tern
como objetivo estratificar estas informacoes
redundantes em novas bandas espectrais, em ordem
decrescente de quantidade de informacoes, reduzindo a
dimensionalidade, dos dados. Desta forma, em uma
imagem com n bandas espectrais, suas primeiras (I, 2,
3, dependendendo da quantidade de Bandas), conterao
a grande maioria das informacoes, sendo as ultimas
componentes consideradas residuos ou percepcao de
radiacao difusa. Em termos geometricos trata-se de
uma rotacao e translacao de eixos espectrais de modo a
orientar os novos eixos principais nas direcoes de
maxima informacao.

No caso em estudo, a imagem LANDSAT-5 TM
possuia as bandas 1, 2, 3, 4, 5 e 7. Aplicando as
operacoes estatisticas de Principais Componentes,
foram geradas as seguintes novas bandas espectrais:
PCl, PC2, PC3, PC4, PC5 e PC6.

Verificou-se que a PCl continha mais de 90% da
informacao espectral das imagens. A fun de se avaliar
quais das Principais Componentes apresentava o maior
grau de informacao da reflectancia difusa (sombra das
nuvens), foram feitas todas as combinacoes RGB
possiveis com as Principais Componentes, fixando-se
canal G (verde) sempre a PCl.



Analisando cada uma destas composicoes
coloridas vcrificou-se que a composicao RGB PC5-
PC l-PC6, aprcsentava a maior quantidade de
informacoes da reflectancia difusa provocada pelas
sombras das nuvens.

A fixacao da PCI no canal G (verde) deve-se ao
fato desta componente traduzir mais de 90% do Albedo,
o quc corrcsponde a rcsposta da vegetacao verde sadia
(Florcsta Amazonica), Assim para se tentar preservar
um aspecto mais parecido com a realidadc, fixou-se a
Principal Componente PCI no canal G nas
combinacoes das composicoes RGB.

Analogamente foi feita a operacao de Principais
Componentes com as bandas TM 3, 4 e 5, obtendo-se as
bandas PaCI, PaC2 c PaC3. A componente PaCI,
continha mais de 90% das informacoes entre as Bandas
espectrais 3, 4 e 5. Nesta Principal Componente, isenta
dos residuos difusos das sombras e contendo a maior
resposta da vegetacao sera mais tardc util na
transformacao inversa da composicao IHS para RGB,
para a tentativa de restauracao dos atributos de niveis
de cinza, correspondentes a radiometria original da
cena TM.

3.1.3 - Transformacao IHS da composicao
colorida RGB, eleita como a melhor represcntativa das
informacocs da reflectancia difusa das sombras das
nuvcns.

Uma forma alternativa de dcscrevcr as cores das
imagens e no espaco IHS (Intensity OU Intensidade,
Hue OU Matiz e Saturation OU Saturacao), () Matiz ea
medida do comprimento de onda medio da cncrgia
eletromagnetica que elc reflete, o que detcrmina a sua
cor. A Intcnsidade e a quantidade de cnergia total
reflctida cm todos os comprimentos de onda, o quc
define o brilho do alvo. A Saturacao cxprcssa o
intervalo de comprimcntos de onda ao redor do
comprimento de onda medio, no qua! a energia c
reflctida c correspondc a purcza da cor. Objetos com
altos valorcs de saturacao sao vistos em cores
espcctralmcnte puras, cnquanto quc objetos com baixos
valores de saturacao sao vistos cm tons pasteis.

A transformacao do espaco RGB para o IHS podc
permitir maior controle sobre o realce das cores. Esta
transformacao e feita em varias etapas. Em primeiro
termo escolhe-se um grupo de tres bandas espcctrais,
calcula-se o matiz, intcnsidadc e saturacao para elas
atraves de algoritmos que relacionam ambos espacos de
cores. Como resultado obtem-se tres novas imagcns,
cada uma das quais rcpresentam I, H e S. A seguir sc
efetua um aumento de contraste das imagens I e S.
Finalmente se realiza a transformacao inversa
IHS=>RGB. Isto fornece como consequencia
composicoes coloridas com reduzida correlacao cntre as
bandas e, consequentemcnte, uma melhor utilizacao do
espaco de cores.

Neste trabalho as bandas espectrais escolhidas
para a transformacao RGB=>IHS, foram as formadoras
da composicao RGB PC5-PC1-PC6 da imagem
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LANDSAT-5 TM computando-se as bandas obtidas
atraves das Principais Companies, a partir das bantas
TM originais 1,2,3,4,5 c 7. Esta composicao como
dcscrito, rcprcsentava a imagem que mclhor realcava a
refectancia difusa das sombras das nuvcns..

Esta composicao IHS, recem criada foi a chave
para a introducao de uma banda RADAR na
transformacao invcrsa para o espaco RGB, como sera
dcscrito.

3.2 - Pre-processamento da imagem SAR
JERS-1

A imagem SAR JERS-1 nao e, a principio,
compativel com a imagem TM, nem em numero de
bits, rcprescntativos dos niveis de cinza de cada pixel,
nL'111na resolucao gcometrica do pixel no terreno, 12,5
metros (radar) contra 30 metros (TM). F: uma imagem
monobanda, obtida em visada lateral, difercnte da
imagem LANDSAT TM, quc e conica em visada
nadir.

Portanto e de se esperar grandes distorcoes no
registro SAR JERS-1 sobre a LANDSAT TM, se uma
rcgiao de dimensocs compativcis nao for previamente
sclecionada.

3.2. I - Filtragem do Speckle

Um ruido, caracteristico de imagcns SAR,
chamado speckle, introduz uma textura adicional a
tcxtura original da imagem SAR, criando uma
pigmentacao, 0 efcito coletivo de uma imagem SAR e a
tcxtura da ccna imageada misturada com a textura
speckle (Ahren, 1994). lsto dificulta sobremancira a
interpretacao, analise e classificacao digital de uma
imagem SAR.

Existem varies tipos de filtros de speckle,
implemcntados L'111softwares comcrciais. Neste
trabalho optou-se pelo filtro de Frost, pela mclhor
definicao das bordas da imagem filtrada, conforme
demonstrou Sant'Anna (1995)

0 filtro proposto por Frost ct al. (1982) e
convolucional linear, derivado da minimizacao do erro
quadratico medio (criterio MMSE - Minimum Mean
Square Error) sobre o modclo multiplicativo, que
represcnta o ruido speckle. Este filtro incorpora a
dependencia estatistica do sinal original, ja que
considera uma funcao de correlacao exponencial cntre
pixels vizinhos. E um filtro adaptativo que preserva a
estrutura de bordas c e geral, nao obstante seja baseado
na detcccao quadratica.

De posse da imagem SAR, descrita no item 2, foi
cxecutada a filtragem de toda a imagem, antes da
reamostragem/registro dcsta sobre a imagem
LANDSAT TM. Tambem nao foi reduzido o numero
de bits de cada pixel de 16 para 8 bits, ou seja de inteiro
para byte. Esta reducao foi feita automaticamente
executada, quando do registro da imagem SAR sobre a
imagem TM.
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3.2.2 - Registro da imagem SAR JERS-1 sobre a
imagem LANDSAT TM, selecionada e ja cortada para

a regiao de interesse.

Este registro e concomitantemente a
reamostragem da imagem SAR JERS-1 sobre a imagem
LANDSAT TM, foi feita de modo linear, utlizando-se
polinomios do primeiro grau e com interpolacao pelo
criterio dospixels vizinhos mais proximos,

Notou-se que a imagem inteira SAR JERS-1
mostrou-se consistentemente coincidente com a
imagem LANDSAT TM na regiao de interesse, isto e,
regiao em que foram coletados os pontos de controle,
apresentando distorcoes nas bordas. Este fato era
esperado, uma vez que os pontos de controle, coletados
em ambas as imagens situavam-se na imagem
LANDSAT TM cortada para a regiao de interesse.

Uma vez registrada e reamostrada a imagem SAR
JERS-1 sobre a imagem LANDSAT TM, foi feito o
corte da mesma, coincidindo pixel a pixel uma imagem
sobre a outra, ajustando-se a representatividade do
tamanho geometrico do pixel no terreno em ambas as
imagens, bem como sendo a banda SAR representada
no formato ponto flutuante (jloat).

Por nescessidade do software utilizado (ENVI),
tanto a imagem SAR JERS-l como as PCl e PaCl,
foram transformadas no formato ponto flutuante num
range variando entre zero e um ( 0.0 e 1.0), para a
reversao da composicao IHS para RGB (retomo).

3.3 - Fusio de dados SAR-TM

Conta-se agora com uma composicao IHS
formada pela transformacao das Principais
Componentes PC5-PC1-PC6 obtidas da imagem
LANDSAT TM, nas 6 bandas disponiveis (1,2,3,4,5 e
7).

A transformacao inversa desta composicao IHS
para o espaco RGB foi feita da seguinte forma:

a) Na componente I foi inserida a banda SAR
float, num range de 0.0 a 1.0, a qua! foi associada ao
canal R, na transformacao inversa IHS~RGB,
representando a regiao sem o efeito das nuvens.
Portanto era de se esperar que no lugar das nuvens uma
textura amarelo-avermelhada aparecesse na composicao
RG B, produto final hibrido;

b) Na componente H foi inserida a banda
espectral PaCl, obtida na operacao de Principais
Componentes entre as bandas TM 3, 4 e 5, associando­
a ao canal G (verde) por representar o Albedo da
regiao, cor dominante da regiao (Floresta Amazonica);

c) Na componente S foi inscrida a PC!, obtida nas
operacoes de Principais Componentes com todas as
handas TM. portanto contendo informacoes sobre a

reflectancia difusa, associando-a ao canal B (azul) da
composicao RGB de retorno, esperando-se que as
sombras aparecessem com cores azul-avermelhadas
(magenta).

Com efeito, apos a reversao da composicao IHS
original para o espaco RGB, obteve-se a composicao
colorida vista na Figura 04. Nesta imagem foram
usados filtros lineares, gaussianos, quadraticos e
manipulacao manual nos histogramas RGB, para o
produto final considerado aceitavel,

Figura 04 - Produto hibrido LANDSAT TM/SAR
JERS-1

Nesta imagem, em comparacao com a imagem
contida na Figura 02, pode-se notar que a
desinformacao provocada pelas nuvens e sombras foi
reposta pela textura SAR, em cores amarelo-vermelho­
esverdeado. Contudo foi restaurada a informacao
planimetrica capaz de representar a regiao numa carta­
imagem, em cores (radiometria ou atributos de cores)
bem proximos da composicao RG B original das bandas
TM 5, 4 e 3, da Figura 02.

3.4 - Classificacao Digital de Maxima
Verossimilhanca

Para que a imagem hibrida, possa finalmente ser
usada como produto tipo carta-imagem, se faz
nescessaria uma interpretacao visual, entre as imagens
originais SAR JERS-1 e LANDSAT TM, bcm como
uma classificacao digital, que possa ser usada como
template, para a colocacao da toponimia e simbologia
adequadas aos diversos acidentes naturais e artificiais,



sobre a supcrficie terrestre, de acordo com a escala de
representacao sistematica.

Foi cscolhido o classificador de Maxima
Verossimilhanca pontual, pelo fato da imagem hibrida
ter sido gerada com mais de 50% de informacoes da
imagens LANOSA T TM.

Analogamente foi feita a mesma classificacao
sobre a imagem LANDSAT TM original comparando
as classificacoes para a deteccao de distorcoes
aberrantes, porventura existentes.

Para estas classificacoes supervisonadas, foram
coletadas amostras de treinamento para determinacao
dos parametros pelo classificador escolhido conformc
mostrado na Figura 05.

Figura 05 - Amostras coletadas para o trcinamento do
classificador de Maxima Verossimilhanca

Pode-se notar atravcs das regioes cscolhidas como
amostras que foram escolhidas 4 classes:

a) Na cor preta: Amostras de nuvens e sombras;

b) Na cor verde escuro: Amostras de floresta
primaria:

c) Na cor verde claro: Amostras de nao-florcsta,
incluindo, pastos sujos OU limpos, areas de rebrota,
areas de uulizacoes agricolas.

d) Na cor coral: Areas de solo exposto.

Embora as nuvens tenham rcflectividade branca e
as sombras tenham cor ncgra, na composicao RGB da
Figura 02, para fins de classificacao foi escolhida a
mesma eor preta, tanto para nuvens, quanta para
sombras, com a finalidade de simbolizar o atributo de
DESINFORMA<;:Ao na imagern da composicao
colorida RGB 543 - TM.
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Estas amostras, portanto, nflo tern carater
classificat6rio, tern apenas a finalidade de indicar as
regiocs onde nao se pode determinar o que existe nas
ditas rcgiocs.

Os resultados dcstas classificacoes podem ser
visualizadas nas imagens contidas nas Figuras 06 e 07.

Figura 06 - lmagem da composicao RGB 543 - TM
classificada.

Figura 07 - lmagem LANDSAT TM classificada,
filtrada pclo filtro da moda de dimensao 5X5 pixels.

Nestas duas imagens, pode-se notar as manchas
negras, rcgiocs nao classificadas, por opacidade ou
sombras rclativas as nuvens. A cor verde claro
predomina sobre a cor coral, significando que foi
considerado maior area de nao floresta do que solo
exposto.
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Foram desconsideradas nessas irnagens
classificadas, o atributo bordas, por causa do tamanho
da janela utilizada para a filtragem da moda.

Nas Figuras 08 e 09 a mesma classificacao
MAXVER na irnagem hibrida,

Figura 08 - Imagem hibrida TM/SAR classificada.

9 - Imagem hibrida classificada, flitrada com filtro da
moda de dimensao 5X5pixels.

E possivel perceber que nas regioes onde a
classicacao da irnagem LANDSAT TM havia areas de
desinformacao, nas irnagens classificadas do produto
hibrido aparecem classificadas, embora com areas de
erro, onde nuvens foram tomadas como nao floresta.
Porem, apesar da radiometria original da irnagem
LANDSAT TM ter sido perdida tanto pelas operacoes
de principais componentes, transformacoes IHS e
inclusao de uma banda RADAR a classificacao da

irnagem hibrida e bem pr6xirna da original, tendo a
vantagem de nao haver areas nao classificadas. 0
fluxograma completo de toda a metodologia utilizada
esta descrito na Figura 10.
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pontualde Maxiama de Maxima
Verossimilhanca Verossimilhanca

Figura 10 - Fluxograma da Metodologia da lntegracao
de Dados TM/SAR



4 - Conclusao

0 produto final hibrido mostrou-se satisfat6rio
para a confeccao de carta-imagem. Nao obstante tcr
havido perda da radiometria da imagem LANDSAT
TM (com todo o processamento efetuado), o resultado
da classificacao da imagem hibrida apresentou-se bem
coerente com a verdade terrestre. Esta classificacao
servira apenas como template, em combinacao com a
imagem SAR JERS-1 original, para quantificar e
qualificar os acidentes naturais ou artificiais, passiveis
de serem representados em uma carta-imagem.
Possibilitando desta forma, a um custo muitissimo
menor quando comparada com a tecnica de colcta
multitemporal de dados de um mesmo sensor, na
tentativa de compor uma imagem isenta de nuvens e
sombras.

Tern, a vantagem ainda, de em regi5es de parcial
cobertura permanente de nuvens o ano inteiro, a
confeccao de cartas-imagens ou geracao de produtos
coloridos, pr6ximos de uma composicao colorida
original, servir de base de dados para Sistemas de
Informacoes Geograficas, em geoprocessamento.
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RESUMO

Dados SAR-C HH aero-transportado foram adquiridos
em diferentes angulos de incidencia ( 43°, 66°, 76°) e
direcoes de visada. Os dados foram integrados com o
objetivo de estudar o efeito do angulo de incidencia da
radiacao de microondas na separabilidade de diferentes
grupos de plantas aquaticas, floresta e agua, no
reservat6rio de Tucurui, Amazonia.
As imagens digitais foram inicialmente calibradas
radiometricamente e filtradas com filtro de media 3x3,
objetivando um balance entre a reducao do speckle, a
preservacao das bordas e a resolucao do pixel. A
correcao geometrica foi realizada de acordo com o
modelo de orto-retificacao que considera a geometria
de visada do sensor, as caracterfsticas da Terra e a
projecao cartografica. Mapas topograficos (1:100.000)
e imagem TM/Landsat foram utilizados como base
cartografica, Fotografias aereas (1:10.000) foram
utilizadas para auxiliar no mapeamento dos temas de
interesse. A Distancia de Bhattacharya foi utilizada
para determinar uma medida de separabilidade entre as
diferentes classes, para OS diferentes angulos de
incidencia e cornbinacao destes. Os resultados
mostraram uma baixa separabilidade entre as classes
quando se utilizou apenas um dado angulo de
incidencia. Dados integrados com diferentes angulos de
incidencia demonstraram um melhor Indice de
separabilidade entre as classes.

I. INTRODU~AO

0 entendimento e monitoramento de alteracoes
ambientais em reservat6rios da Amazonia nao e uma
tarefa facil, principalmente devido a grande extensao
destas areas e a dificuldade de acesso para coleta de
dados. Tecnicas de sensoriamento remoto podem ser
utilizadas nestas regioes pois permitem uma visao
sin6ptica. Sistema 6ticos foram utilizados por algum
tempo para estudo de monitoramento de plantas
aquaticas (Abdon e Meyer, 1990) e qualidade da agua
(Braga, 1990; Pereira Filho, 1990; Steffen et al., 1993).
Contudo, a cobertura de nuvens, praticamente
constante na regiao, limita o uso de sistemas 6pticos.
Imagens de radar vem se mostrando muito uteis para
estudos de reservat6rios na Amazonia, devido a sua

independencia em relacao a cobertura de nuvens e a
capacidade de deteccao de areas inundadas sob uma
cobertura vegetal.

Uma serie de trabalhos tern mostrado a importante
utilizacao de dados de radar para estudos de
monitoramento de vegetacao, quando o substrata e solo
ou agua. Outros trabalhos mostram o estudo de plantas
aquaticas atraves de dados de radar. Para estudo da
interacao da radiacao de microondas com a vegetacao a
geornetria, o volume e o conteiido de umidade da
vegetacao sao os fatores que mais influenciam na
profundidade de penetracao da radiacao, em uma certa
frequencia, Sabe-se que um aumento no conteiido de
umidade da planta, acarreta uma dirninuicao na
profundidade de penetracao da radiacao no meio e,
consequenternente, aumenta o retroespalhamento da
radiacao, Trabalhos experimentais tambem tern
demonstrado que o tipo e intensidade da resposta
polarizada varia de acordo com a estrutura da
vegetacao, Por exemplo, para ondas incidentes
polarizadas verticalmente, estruturas verticais tendem a
exibir uma maior atenuacao para polarizacao V do que
para polarizacao H (NASA/JPL, 1986).

0 angulo de incidencia da radiacao tambem
desempenha um papel importante no comportamento
do restroespalhamento da radiacao, Isto e
particularmente verdade quando se considera o
substrata em que esta a vegetacao, como por exemplo
solo OU agua, OS quais primariamente produzem
espalhamento de superffcie. Porem, quando a interacao
e do tipo espalhamento de volume o retroespalhamento
diminui muito lentamente com o aumento do angulo de
incidencia. Ulaby et al. (1986) mostram que o
retroespalhamento do substrata (solo) e mais
importante para angulos de incidencia pr6ximo do
nadir (para menores frequencias), enquanto que para
angulos de incidencia maiores, 0 espalhamento de
volume da vegetacao e 0 mais importante.

Varies autores tern mostrado que M um aumento do
retroespalhamento da vegetacao quando o substrata e a
agua (Richards et al., 1982; Ford e Casey, 1988; Hess
et al., 1990, entre outros). Hess et al., (1990)
discutiram a influencia do angulo de incidencia,
polarizacao e frequencia no coeficiente de
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retroespalhamento de vegetacao inundada. De acordo
com os autores existem varies dados controversos,
principalmente devido as diferencas nas estruturas da
vegetacao e a falta de dados calibrados. Contudo, os
autores tambern mostram que o retroespalhamento da
vegetacao em pantanos e maior para angulos de
incidencia menores. Ford e Casey (1988) explicaram
que o retroespalhamento para regioes de pantanos com
arvores e resultante de uma componente adicional da
energia de microondas que penetra na vegetacao,
interage com a agua/tronco, e retorna por reflexao por
um efeito denominado "double-bounce". Os autores
tambem observam uma diminuicao do
retroespalhamento com o aumento do angulo de
incidencia da radiacao, para areas de pantano. Uma
provavel explicacao seria: com o aumento do angulo de
incidencia ha um aumento nos 2 caminhos que a
radiacao percorre (incidencia e retroespalhamento)
sendo a radiacao atenuada exponencialmente na
vegetacao, resultando em uma reducao da componente
de "double-bounce". Alguns trabalhos analisados por
Hess et al., (1990) utilizando dados na banda L
demonstraram que o contraste entre vegetacao de
pantano e vegetacao de terra-firrne e maior em
polarizacao paralela (HH e VV) do que em polarizacao
cruzada (HV e VH), e que a razao entre polarizacoes
pode fornecer resultados interessantes.

Hess et al., (1995) apresentaram alguns dados do
experimento SIR-C realizado na Amazonia. De acordo
com os autores o efeito "double-bounce" e observado
para plantas aquaticas para bandas C e L, e a banda C­
HH nae permite a discriminacao entre plantas aquaticas
e floresta inundada. Os autores tambern enfatizam que
dados de multipolarizacao e multifrequencia permitem
a discriminacao entre plantas aquaticas, floresta,
floresta inundada, pasto e agua na area de estudo da
Amazonia. Novo et al., (1995) analisando imagens
SAR-C aerotransportado de polarizacao cruzada e
polarizacao paralela da Amazonia mostram que plantas
aquaticas podem ser separadas em pelo menos dois
grandes grupos: as com forma de capim e as com folha
espalmada. As analises destes mesmos dados tambem
mostraram que 0 espalhamento de volume e 0

mecanismo primario de espalhamento para plantas
aquaticas na banda C, durante a estacao de cheia. Os
mesmos dados mostraram que a cornposicao de
mutipolarizacoes permite uma melhor separabilidade
entre classes de plantas aquaticas (Costa, 1995; Costa
et al., 1996). Imagem do satelite JERS-1 da mesma
area mostrou uma melhor discriminacao entre terra e
agua, e uma pior separabilidade entre plantas aquaticas,
quando comparado com dados SAR-C HH
aerotransportado (Novo e Costa, 1996).

Como varios autores citados anteriormente tern
demonstrado, a utilizacao de dados de radar com multi­
polarizacao, multi-freequencia ou multi-angulo de

incidencia e de grande irnportancia para melhor
caracterizacao dos alvos, devido a interacao
diferenciada destes com a radiacao de microondas.
Atualmente a disponibilidade de varies satelites (ERS,
JERS1 e RADARSAT) com sensores operando na
faixa de microondas permite o aproveitamento destas
multi-caracterfsticas. Especificamente, o satelite
RADARSAT com a possibilidade de aquisicao de
dados em diferentes angulos de incidencia vem a ser
uma ferramenta importante no estudo e monitoramento
de recursos terrestres. Porern, a integracao de dados
com multi-angulo de incidencia, e diferentes resolucoes
requer um pre-processamento dos dados considerando
o rnetodo de filtragem e o algoritmo de retificacao
geometrica (Toutin, 1995;Crevier et al., 1996).

Dentro deste contexto, este trabalho apresenta uma
breve discricao da integracao de dados de radar
aerotransportados adquiridos em diferentes angulos de
incidencia e direcoes de visada, com o objetivo de
estudar o efeito do angulo de incidencia da radiacao de
microondas na separabilidade de diferentes grupos de
plantas aquaticas, floresta e agua, no reservat6rio de
Tucuruf,Amazonia,

2. AREA DE ESTUDO

A inundacao de grandes areas de florestas para a
construcao de reservat6rios pode resultar em uma serie
de alteracoes ambientais, com por exemplo: alteracao
na qualidade da agua; infestacao por plantas aquaticas:
alteracao do ciclo de emissao de gases para a
atmosfera; aumento de doencas tropicais; entre outras.

A hidroeletrica de Tucuruf (2°00'S/46°00'W e
l8°00'S/55°00'W) na bacia dos rios
Araguaia/Tocantins, e a quarta maior hidroeletrica do
mundo, com uma atual capacidade de geracao de
energia de 4MW e com fututra expansao de 8MW
(Forattini et al., 1990).

Inundando uma area de aproximadamente 2430km2,
com profundidade media de 19m, uma serie de
alteracoes ambientais vem ocorrendo desde o
enchimento do reservat6rio. 0 reservat6rio de Tucuruf
e objeto de estudo para desenvolvimento de
metodologia objetivando o monitoramento destas
regioes com auxflio de dados de sensoriamento remoto.

0 reservat6rio apresenta uma forma dendrftica e um
tempo de residencia da agua entre 20 a 500 dias
(Pereira Filho, 1990). A variacao do fluxo sazonal, as
caracterfsticas do reservat6rio e o tempo de retencao
induz a infestacao por macr6fitas e a diminuicao da
qualidade da agua,

De acordo com um levantamento realizado por Abdon
e Meyer (1990), usando dados TM/Landsat, a area



coberta por plantas aquaticas tern diminufdo desde o
infcio das operacoes do reservat6rio, e durante a
estacao seca a area coberta pelas macr6fitas representa
20% da superffcie do reservat6rio. A cobertura de
macr6fitas durante a estacao de cheia e desconhecida
devido ao problema de nuvens.

As principais especies de plantas aquaticas encontradas
no reservat6rio sao: Eichhornia crassipes, Salvinia
auriculata, Pistia stratiotes, Typha sp, Aninga e
Scirpus sp. Algumas caracterfsticas destas especies sao
descritas por Novo et. al. (1995).

3. METODOLOGIA

3.1. Dados utilizados.

Os dados SAR utilizados (bra33HH - Fig. 1, bra34HH -
Fig. 2, bra43HH - Fig. 3) neste estudo estao descritos
na Tabela 1. Foram tambem utilizadas fotografia aereas
(1:10.000) e imagens TM/Landsat. A fotografias aereas
e imagens SAR foram adquiridas durante a mesma
semana, em abril de 1992, sobre o canal do
Pucuruizinho, como parte do projeto SAREX. A
imagens Landsat foi adquirida em junho do mesmo
ano, o que possibilitou a sua utilizacao para auxiliar a
correcao geornetrica das imagens SAR.

Tabela 1. Descricao dos dados SAR.

c c c
55x18 350x60 55x10)

direcao de visada direita esquerda esquerda
iingulo de inciden.cia -43° -66° -76°
tamanho do pixel (m) 4x4.31 4x4.31) 15x6.9
resolucao (m) 6x6 6x6 20x10
looks 7 7 7

3.2. Pre-processamento para integracao dos dados.

Para integracao dos dados SAR podemos separar o pre­
processamento nas seguintes etapas: calibracao
radiornetrica, filtragem para reducao do "speckel" e
correcao geometrica.

A calibracao geometrica e uma etapa necessaria para
correcao do efeito de padrao de antena das imagens
SAR. As imagens foram calibradas de acordo com os
parametros de calibracao sugeridos por Hawkins e
Teany (1992).

Foi aplicado um filtro de media 3x3 considerando a
reducao do rufdo multiplicativo "speckel", a garantia
do mesmo processamento em toda a imagem, a
resolucao dos dados e a preservacao das bordas.
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Ap6s a filtragem das imagens SAR, procedeu-se a
correcao geornetrica da imagem TM/Landsat, das
fotografias aereas no formato digital e das imagens
SAR para a projecao cartografica UTM. A imagens
TM/Landsat e SAR foram orto-retificadas de acordo
com o metodo de modelagem maternatica desenvolvido
por Toutin (1994, 1995). Este metodo pode ser
utilizado para correcao geornetrica de imagens de
sensores 6pticos ou microondas, tanto aero­
tranportados como de satelites, utilizando dados de
elevacao do terreno. 0 modelo integra a geometria de
visada, o que inclui a posicao e a velocidade da
plataforma, os parametros do sensor, as caracterfsticas
da Terra e da projecao cartografica. Um valor de
altitude medio de 75m representativo da area foi
utilizado gerando imagens orto-retificadas. A precisao
media do modelo e da restituicao para as imagens SAR
foi de 16,5 e 30,1 metros, respectivamente.
Considerando a precisao do modelo e a resolucao dos
dados originais foram geradas imagens com tamanho
de pixel de 15x15 metros, utilizando-se o interpolador
por convolucao ctibica.

3.3. Deterrninacao da separabilidade entre as classes.

3.3.1. Aquisicao de amostras e deterrninacao dos
valores de retroespalhamento.

Para o teste de separabilidade espectral foram
determinadas as seguintes classes: Eichhornia (ech),
Pistia (pst), Scirpus (scp), Salvinia (slv), Aninga (ani)
(grupos de plantas aquaticas), heterogenea (htr)
(diferente grupos de plantas aquaticas), "paliteiro" (pit)
(tronco de arvores na agua), agua (agu) e floresta (flt).
As amostras para deterrninacao das classes foram
identificadas nas imagens SAR com o auxflio do
mosaico digital das fotografias aereas.

Um mimero mfnimo de 30 pixels para cada amostra foi
considerado. Este valor corresponde a um mimero
maior de amostra independente de "multi-look" do que
o mfnimo requerido (Laur et al., 1987; Touzi, 1995), e
de acordo com os testes de homogeneidade realizados.
Foram determinadas as medias de todas as classes para
cada polarizacao e calculados os valores de
retroespalhamento (rs) correspondentes de acordo com
a seguinte equacao de calibracao:

rs= 10 x log10DN + (Fca1)

onde: DN e o valor digital medic para uma classe
rs e o valor de retroespalhamento medio para uma

classe
Fca1e o fator de calibracao medic fornecidos pelo

CCRS.
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3.3.2. Calculo do fndice de separabilidade entre as
classes.

0 metodo de Distancia de Bhattacharya (DB) foi
adotado para calcular a separabilidade entre as classes
para um iinico dado com determinado angulo de
incidencia e a combinacao de dados com diferentes
angulos de incidencia, Esta separabilidade matematica
e calculada atraves das medias e matrizes de
covariancia das classes, resultando em uma distancia
que varia de 0 a 2 com os seguintes intervalos:

0 - 1.0 - separabilidade muito baixa
l - 1.9 - separabilidade baixa
1.9 - 2.0 - boa separabilidade.

4. ANALISE DOS DADOS.

4.1. Analise dos valores de retorespalhamento.

A Tabela 2 apresenta os valores de retroespalhamento
calculados para cada classe de interesse.

Tabela 2 - Coeficiente de retroespalhamento (CR)

¢tiiM~. $$liRM$U •.U3Aali(9§f) • 4:~aammm<
ech -15.38 -7.75 -10.34
pst -13.72 -11.31 -13.26
scp -10.96 -8.4 -11.13
agu -28.37 -28.88 -25.66
het -11.94 -9.31 -12.76
flt -11.8 -10.07 -12.67
slv -15.50 -15.01 -14.53
ani -14.97 -10.93 -9.47
plt -16.24 -13.81 -15.59

Em geral, variacoes no angulo de incidencia da
radiacao de microondas afeta a capacidade de
penetracao da radiacao em alvos terrestres. Grandes
angulos de incidencia resultam em longo trajeto para a
radiacao incidente atravessar um alvo denso, resultando
em uma maior atenuacao da radiacao de microondas
pelos constituintes do alvo. Para superffcies
consideradas muito rugosas em relacao ao
comprimento de onda, os valores de retroespalhamento
nao sao afetados seriamente com a variacao do angulo
de incidencia da radiacao (Ulaby et al., 1986). De
acordo com o criterio de rugosidade de Fraunhofer, o
comprimento de onda e o angulo de incidencia da
radiacao, as classes de vegetacao em estudo sao
consideradas superffcies rugosas. Portanto, nao sao
observados efeitos de "double-bounce" nem uma
componente especular, o que pode indicar a
predorninancia de interacao do tipo espalhamento de
volume para as classes de vegetacao em estudo.

Os valores de retroespalhamento para classe agua (agu)
Sao tipicamente baixos para todos OS angulos de

incidencia devido a reflexao especular. A classe
"paliteiro" (plt) e representada por agua e troncos de
arvores resultando em uma aumento do
retroespalhamento, quando comparado com a classe
agua, devido ao efeito de "double-bounce" entre 0

tronco e a agua.

A classe floresta (flt) apresenta valores de
retroespalhamneto dentro do esperado (Ulaby e
Dadson, 1989) resultante da componente de
espalhamento dos galhos das arvores.

A analise da Tabela 2 mostra que existe uma diferenca
nos valores de retroespalhamento das diferentes classes
de plantas aquaticas devido a variacao nas estruturas e
na distribuicao espacial dos grupos, entre outros
fatores.

As classes Salvinia e Pistia mostram valores de
retroespalhamento baixos para todos OS angulos de
incidencia. Estes grupos podem ser considerados
superffcies ligeiramente lisas e com alta constante
dieletrica devido a proximidade da agua, resultando em
uma reflexao quase-especular. A classe Scirpus
apresenta alto retroespalhamento devido a estrutura
densa vertical deste grupo produzindo um alto efeito de
espalhamento de volume. 0 mesmo pode ser
considerado para classe heterogenea, composta
basicamente de vegetacao com a mesma estrutura do
Scirpus. A classe Eichhornia e Aninga apresentam
estruturas densas com folhas orientadas aleatoriamente
sugerindo um efeito de volume de espalhamento,
principalmente para OS maiores angulos de incidencia,
onde sao observado altos valores de retroespalhamento
quando comparado com a imagem 33HH (43°).

4.2. Analise dos fndices de separabilidade entre as
classes.

A Tabela 3 apresenta o resultado do fndice de
separabilidade entre as classes para cada angulo de
incidencia e para a combinacao dos 3 diferentes
angulos de incidencia.

Para o calculo do grau de separabilidade total (GST)
para cada dado adotou-se o seguinte procedimento: 1)
sornou-se os Indices de separabilidade entre o conjunto
de classes para cada dado, resultando em 3 grupos de
separabilidade: muito baixa, baixa, boa; 2) aplicou-se
um peso a cada grupo de separabilidade e a soma
destes resultou no grau de separabilidade total (GST)
para um determinado dado. Os pesos aplicados a cada
grupo de separabilidade obedeceram o seguinte
criterio:

muito baixa: peso 0
baixa: peso 1
boa: peso 2



Comparando o GST para os diferentes angulos de
incidencia, observa-se que a imagem 43HH apresenta o
mais baixo valor. As provaveis razoes para este baixo
valor sao: a pior resolucao (10x20m) e o mais alto
angulo de incidencia (77°), diminuindo a
separabilidade entre as classes. As imagens 33HH e
34HH apresentaram graus de separabilidade
sernelhantes, indicando que nao existem diferencas na
separabilidade entre as classes para angulos de
incidencia de 43° e 66°.

Tabela 3. Separabilidade entre as classes de acordo
com aDistancia de Bhattacharya.

33HH (43°) I 22 11 3 17
34HH (66°) I 22 3 1711
43HH (76°) I28 0 88

17 8 3333HH/34HH/43HH I 11

A cornposicao de multi-angulo de incidencia
apresentou o mais alto GS total, indicando que para
separabilidade dos alvos em estudo a possibilidade de
utilizacao de dados adquiridos com angulos de
incidencia diferentes vem a ser uma ferramenta
importante.

5. CONCLUSAO

Em preparacao para utilizacao dos dados do satelite
RADARSAT adquiridos com diferentes angulos de
incidencia, o presente estudo sugere que:

1. A metodologia de pre-processamento para
integracao de dados SAR e satisfat6ria e importante.
2. 0 mecanismo de "double-bounce" ocorre
provavelmente somente entre os paliteiros e a agua,
Um espalhamento quase-especular e observado para as
classes de plantas aquaticas com tamanho inferior a
5cm.0 espalhamento de volume deve ser o mecanismo
primario de espalhamento para as demais classes. Para
melhor compreensao dos mecanismos de espalhamento
seriam necessarias mais inforrnacoes sabre a estrutura
das plantas, biomassa e conteudo de agua.
3. De acordo com a distancia de Bhattacharya, a
separabilidade entre classes e baixa para imagens
individuais, e aumenta para a cornposicao de diferentes
angulos de incidencia. A mais baixa separabilidade
entre as classes e observada para angulos de incidencia
altos (77°). Este resultado parece indicar que para
estudos com as mesmas caracterfsticas de alvos deste
trabalho, os dados do satelite RADARSAT standard 6
(41-46° - Figura 5) ou cornbinacao de diferentes modos
de aquisicao devem fornecer uma boa separabilidade
entre alvos.
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Figura 1. Imagem bra33HH - 43° angulo de
incidencia.

Figura 2. bra34HH - 66° angulo de incidencia



Figura 3. bra43hh - 76° angulo de incidencia.

Figura 4. Composicao colorida - 43°(R), 66°(G), 76°(8)
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Figura 5. Imagem RADARSAT - Standard 6,
ascendente, 27 de Maio de 1996.
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RESUMEN

El siguiente trabajo expone la evaluacion cualitativa en
la interpretacion visual del uso de la tierra y cobertura
vegetal de la imagen combinada Landsat 4 TM I SAR
ERS-1, comparandola con la realizada con el uso de la
tradicional TM 4,5,3 en RGB del Landsat 4. La fusion
se realizo con las bandas TM 4, TM 5 y SAR-C, en
combinacion RGB y composicion IHS, con PCI. La
interpretacion se logro a traves de un Procom-2, dando
como resultado que las combinaciones obtenidas
discriminaron el color, tono, textura y los hordes de los
poligonos de la variable, mejor que con la combinacion
tradicional.

1.- INTRODUCCION

La combinacion de imagenes de diferentes sensores se
ha venido desarrollando desde el final de la decada de
los ochenta, alcanzado su mayor progreso en los afios
noventa, el objetivo propuesto en esas investigaciones,
es el de complementar las resoluciones espectrales y
espaciales de las imageries resultantes. En particular,
los sensores generalmente son complementarios, en
cuanto al tamafio del pixel, region del espectro
electrornagnetico donde trabajan, geometria en la
obtencion de la imagen, polarizacion y otros. El uso
integrado de imagenes puede mejorar los estudios de
temporalidad, para ello se combinan imagenes
proveniente de sensores distintos en tomas de fechas
diferentes.

Son muchos los trabajos desarrollados uniendo dos o
mas tipos de sensores y multiples SUS USOS cientificos,
sin embargo en estos ultimos afios la union de imagenes
de Radares de Apertura Sintetica (SAR) con sensores de
tipo opticos, ambos a bordo de satelites espaciales, han
logrado la complementaridad de los datos, que en
general, proporcionan optimos resultado en cuanto a la
interpretacion,

La Combinacion de! sensor activo SAR con TM mejora
la resolucion espectral de la imagen resultante, las
imagenes TM muestran informacion planimetrica
multiespectral que discrimina muy bien la vegetacion,
el radar proporciona informacion del relieve como su
orientacion, discontinuidades y rugosidad, dada por su
diferente condicion de iluminacion, (Rheault, M., et. al.

1991), la union de muchas de estas caracteristicas
arrojan como resultado, que este tipo de combinacion
haya sido usado con multiples fines cartograficos, en
estudios de geologia estructural, fisica, exploratoria, y
en oceanografia, entre otros.

En cuanto a la interpretacion del uso de la tierra,
mediante este tipo combinacion, son pocos los estudios
realizados, aun cuando, en algunos de los trabajos
hechos con otros fines, destacan algunas bondades de
estas imagenes, para el levantamiento de la actividad
antropica en el medio terrestre. La combinacion por lo
general realza la red de drenaje, agricultura (Yesou, H,
et. al. 1993), diferencias entre cultivos, bosques,
carreteras, ciudades, lugares de explotacion minera y en
fin, uso de la tierra (Rheault, M, op. cit.).

Para lograr la combinacion de dos bases de datos
provenientes de sensores de distinta naturaleza y con
caracteristicas contrastantes, se han utilizado varias
tecnicas, de las cuales las mas usadas son la
convencional cornbinacion rojo-verde-azul (red-green­
blue) RGB, las funciones aritrneticas, el analisis por
componentes principales (CPA) y la mas utilizada en la
actualidad la composicion por intensidad, color o tono
(Hue) y saturacion (IHS).

La simple combinacion RGB, generalmente tiende ha
comprimir la saturacion de colores (Gillespie, et. al.
1986), esta no se basa en la definicion de atributos de!
color si no en su variacion, obteniendose un numero de
deficiencias implicitas en el procedimiento, aun
cuando, producen buenos resultados manipulando
correctamente los histogramas (Harris, J.R., et. al.
1990).

Las funciones aritmeticas y el analisis por componentes
principales, proporcionan a menudo informacion
cualitativa y cuantitativa dificil de interpretar, asi como
manipulan las propiedades estadisticas de la imagen
resultante, esto ocurre con mayor frecuencia en las
irnagenes obtenidas por componentes principales.

La composicion IHS proporciona una conversion
mecanica para exponer dos 0 tres base de datos
independientes en una misma imagen (Daly, M., 1993),
es una tecnica que realza los atributos de! color que
estan relacionados con la percepcion del ojo humano
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tales como, la intensidad que se refiere al brillo total
del color, el tono o matiz referido al promedio de
longitudes de ondas de luz constituyentes de un color y
la saturaci6n que es la pureza de un color relativa al
gris (Harris, J. R., et. al., op. cit.).

Tanto la combinaci6n RGB como la IHS ban sido
usadas como metodos para integrar inforrnaci6n de
diferentes sensores 6pticos, activos-opticos e incluso
t'.tltimarnentecon rnapas digitales (Harris, J. R., et. al.,
ident). Cuando se aplica cornposici6n IHS como tecnica
para la uni6n de SAR con TM se obtiene en un 80%
excelente caracteristicas planimetricas para mapas
1:100.000 y escalas mas pequenas (Welch, R. et. al.,
1988).

El objetivo general del presente trabajo fue el de
obtener fusiones Landsat-TM y ERS-1 por medio de la
combinaci6n RGB y por composicion IHS, para realizar
interpretaciones del uso de la tierra, que perrnitieran
comparar cualitativarnente, los resultados del
levantamiento de la inforrnaci6n en forrna tradicional
(TM453) vs. el nuevo producto, con el fin de evaluar
los aportes de este Ultimo en cuanto a informacion
visual, en el area de estudio ya escala 1:100.000.

2.- DELIMITACION Y DESCRIPCION DEL AREA
DEESTUDIO.

El area de estudio esta representada por la region
comprendida entre los 8°32'00" y 8°47'14,ll" Norte,
los 70°04'06,3" y los 70°23'22" Oeste, encontrandose
en el territorio del estado Barinas en el occidente de la
republica de Venezuela, conforrnando un area de 1008
Km2, estando politicarnente forrnado por los municipios
Barinas y Obispos del estado Barinas.

Figura N° l: Situacion relativa nacional del area de
estudio.

Esta posee dos tipos de regiones caracteristicas, el
piedemonte andino y la planicie llanera.

El piedemonte andino posee un bioclima de bosque
seco tropical de temperaturas medias de 25,5°C,
precipitaciones anuales entre 1139 a 1822 mm.
Litol6gicarnente se constituye de roca Guanapa y la

Yuca del Pleistoceno, geomorfol6gicarnente son medios
deposicionales de piedemonte que forrnan terrazas,
abanicos y glacis, con pendientes no mayores a el 8%.
Los suelos son principalmente Haplustalfs y
Tropaqualfs, estos constituyen las cuencas de los rios
Santo Domingo, Caldera, La Yuca y Masparro.

La vegetaci6n es en su gran mayoria bosque siernpre
verde y serni-deciduo con sabana tropical y sus
asociaciones, el uso de la tierra que en el se desarrolla,
es generalmente ganaderia serni-intensiva, extensiva y
agricultura de subsistencia.

La planicie llanera, posee un bioclima de bosque
humedo tropical, con temperaturas medias de 26°C y
precipitaciones entre los 1850 a 3400 mm.

Figura N° 2: Situaci6n relativa regional del area de
estudio.

Litol6gicarnente son aluviones cuatemarios cuyo
relieve es piano, que no sobrepasan los 250 m.s.n.m.
con pendientes promedios de 4%, son medios
deposicionales en donde se explayan los rios antes
mencionados. Los suelos son Entisoles, lnceptisoles y
Alfisoles, sobre los cuales se desarrolla una vegetaci6n
de sabana con sus asociaciones con matas, chaparros y
arnbas, bosque sernideciduo y de galeria asociado a los
cursos de agua.

El uso caracteristico de la planicie es la ganaderia
extensiva y la agricultura anual mecanizada, en esta
region tiene asiento la ciudad de Barinas capital del
estado del cual forrna parte el area de estudio.

3.- MATERIALES Y METODOS

3.1.- Materiales.

Para realizar el presente trabajo se utilizo:

Las imagenes Landsat-4 TM 006-054 del dia 28 de
enero de 1984 bandas 3, 4, 5 y ERS-1 SAR banda C
del dia 16 de julio de 1992, las cartas topograficas
1:100.000 de la Direcci6n de Cartografia Nacional, N°
6141 "Barinas" y N° 6142 "Barinitas", que cubren el
area de estudio. El procesarniento digital se logr6 con el



programa canadiense PCI, version 5.2 de octubre de
1993, que corre bajo ambiente SOLARIS en un Spar IO
SUN. La interpretacion se efectuo con el uso de un
Procom-Z.

3.2.- Metodo

3.2.1.- Procesamiento digital de las Imagenes.

Debido a el recurso que posee el PCI para poder
correlacionar una imagen corregida con otra no
corregistradas, se escogio la banda TM4 para la
georeferenciacion y con ella se correlacionaron las
bandas TM-5 y SAR-C.

Se tom6 la banda SAR-C y se realizaron ajustcs
necesarios para su integracion, de esta forma se aplico
un filtro tipo "Median Filter" para elirninar el ruido de
la imagen (speckle), se llcvo el tamano del pixel a 25 x
25 metros de manera de hacerlo coincidir con el tamano
del pixel TM y por Ultimo se le aplico una cornpresion
de 16 a 8 bit con el fin de igualar su exposicion en cl
rango de 0 a 256 niveles de gris, tal como en las bandas
delTM.

Terminada la homogeneizaci6n del formato de las bases
de datos, se procedio a rcalizar las composiciones RGB
colocando las distintas bandas en divcrsos canalcs y
mejorando el contraste a traves de la manipulaci6n de
los histogramas, despues de varias prucbas sc
escogicron las mejores combinaciones.

Con las bandas originalcs, cs decir sin manipulacion de
los histogramas, se procedio a realizar la cornposicion
IHS, siguicndo la metodologia propucsta por J. R.
Harris y R. Murray, (Harris, J. R., ct. al., op.cit.) en
cuanto al uso de la IHS para integracion de imagenes de
radar con otros datos de sensorcs remotos y por R.
Welch y M. Echlers, para unir la multiresolucion dcl
SPOT, HRS y datos dcl Landsat TM, (Welch, R., et. al.,
op. cit.).

De esa forma se colocaron las bandas TM en cl
siguiente ordcn TM-4 en cl canal de intensidad, TM-5
en color-tono y nuevamcntc TM-5 en la saturacion para
correr cl proccso IHS. Lucgo se reemplazo la saturacion
por la banda SAR-C y se aplico la transformacion RGB,
obteniendo como rcsultado la cornbinacion de bandas
IHS transformadas en RGB, o sea SAR!fM.

3.2.2.- Interpretacion visual de las Imagenes para la
obtencion de la variable uso de la tierra y

cobertura vegetal.

Con los positivos resultantcs de la impresion fotografica
de las imagenes se realize la intcrpretacion por medio
de! Procorn-Z, en primer lugar se interpreto el TM 4, 5,
3 y lucgo las combinaciones escogidas. Para dicha
interpretacion se utilize una leyenda, establecida por cl
conocimiento previo de! area de cstudio.

Esta dcstaca las siguicntcs formacioncs vegetales y
usos:
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Las formaciones arboreas, representadas por los
bosques siempre verde, sernideciduo, y de galeria; la
formacion arbustiva representada por el espinal y el
matorral; la formacion herbacea como los herbazales, la
sabana abierta y por Ultimo las formaciones rnixtas es
decir, sabana con matas, chaparros y ambas.

Los usos son el agropecuario representado por la
ganaderia intensiva, semi-intensiva y extensiva, el uso
agricola dado por la agricultura anual mecanizada y la
agricultura de subsistencia. El uso urbano fue dividido
en residencial y agroindustrial.

4.- RESULTADOS.

Con la imagen TM 4, 5, 3, se realize la primera
interpretacion visual del area de estudio con la cual se

Figura N° 3: Muestra el resultado de combinar las
bandas en RGB.

Figura N° 4: Muestra el resultado de combinar las
bandas con IHS convertidas luego en RGB.
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establecio un punto de partida en cuanto a la
complejidad de la interpretacion visual de la siguientes
combinaciones:

Luego de la revision de todas las posibles
combinaciones RGB que se generaron, se escogio para
ser interpretadas la combinacion uno: banda TM-4 en el
canal rojo (R) banda TM-5 en el canal verde (G) y
banda SAR-C en el canal azul (B); la combinacion dos:
resulto de colocar en el canal rojo la banda TM-5, en el
canal verde la banda TM-4 yen el canal azul continue
la banda SAR-C.

El resultado de la interpretacion de ambas
combinaciones fue comparado con el de la combinacion
TM 4, 5, 3, con el objeto de discriminar las bondades
de cada una de ellas.

Luego, con la combinacion resultante de las bandas IHS
trasformadas en RGB, tal como se explico en el
capitulo de metodologia, se genero la interpretacion de
la variable estableciendose conclusiones sobre el
levantamiento tematico con ese producto.

5.- CONCLUSIONES.

Realizada la interpretacion visual de cada uno de los
productos y comparando estos con la interpretacion a
traves de las bandas TM 4, 5, 3, se puede llegar a la
conclusion de que las imagenes resultantes del uso
combinado de estos dos sensores mejora
cualitativamente las interpretacion visual del uso de la
tierra, para el area de estudio ya escala 1:100.000.

Considerando el hecho que las imageries combinadas
son de diferentes fechas y que por tanto esta implicita
una componente temporal (cambios en el tipo de
cultivos, el regimen de humedad, etapa de crecimiento
de las plantas, cambios en el uso etc., las cuales deben
ser cuidadosamente tratadas), estas discriminan mucho
mas las texturas, tonos, color y limites de las diferentes
clases interpretadas.

En el caso de la combinacion uno, los bosques naturales
resultaron resaltados con un fuerte color magenta,
debido a la combinacion del rojo dado por la banda TM
4 y el azul de la banda SAR-I ya que la Banda TM 5 no
aporta verde, debido a la absorcion que estos hacen, en
esta region del espectro, por el contrario, las actividades
antropicas son bien resaltadas por tonalidades verdosas
claras por aporte de las bandas TM, en estas regiones el
radar discrimino mas las texturas.

Las herbaceas aparecen con un fuerte tono azulado,
debido a la mayor dispersion de! radar en esa formacion
vegetal y por el hecho de ser oscuras en una de las
bandas de! TM.

En cuanto al uso urbano, Ia combinacion permite una
buena discriminacion de la red de comunicacion, un
notable destaque en el area urbana, permitiendo la
observacion de! areas densamente pobladas y SUS

diferencias con aquellas donde solamente se realizan
actividades agro-industriales.

Los mismos efectos se repitieron en la combinacion
dos, solo que el cambio de la banda TM 5 al rojo
genero tonos de cyan en los bosques naturales, mas el
grado de discriminacion siguio siendo tan optimo como
en la anterior combinacion. La diferencia fundamental
entre esta y la uno radica, por una parte, que la
actividad antropica aparece en una gran gama de tonos
rojos, por tanto es mas facil de ser observada por el
interprete, por otra, la red de vias de comunicacion y el
uso urbano fue bien destacado en la segunda
combinacion en comparacion a las otras, incluyendo la
cornbinacion TM 4, 5, 3.

Las combinacion resultante de las bandas IHS
trasformadas en RGB, demostro ser excelente
discriminatoria de los bosques naturales y de galeria,
pudiendose observar mejor el grado de intervencion que
estos han tenido, se interpreta muy bien el patron
urbano asi como, la red de comunicacion.

Sin embargo en este tipo de combinacion utilizada, los
limites de las clases de uso no son bien destacados, al
contrario del resultado de las combinaciones RGB de
las bandas sin tratamiento IHS. Este tipo de
combinacion destaca las formas del relieve, lo que
justifica su uso para levantamientos geologicos y
geornorfologicos, como ya ha sido mencionado en
varias oportunidades.

Debe destacarse que la red de drenaje es bien realzada
en todas las combinaciones realizada y en comparacion
con la imagen TM 4, 5, 3. En todas las combinaciones
se pudo obscrvar la mancha de quemas.

6.- RECOMENDACIONES.

El presente estudio se realize para medir
cualitativamente el aporte en la interpretacion visual de
las imagenes resultantes de la combinacion de bandas
TM 4,5 y SAR-C para el uso de la tierra y cobertura
vegetal, la conclusiones exponen el optimo resultado
que estas proporcionan, sin embargo, se recomienda
realizar estudios de clasificacion supervisada con estas
imagenes, a fin de demostrar cuantitativamente la
discriminacion que estas aportan en el levantamiento de
dicha variable.

El uso de sensores de naturaleza distinta, es en realidad
un complemento de sus resoluciones, con los cuales se
generan productos optimos para la interpretacion de!
uso de la tierra, no obstante se debe combinar imageries
de fechas proximas, para evitar el analisis temporal que
ello implica.

Se recomienda utilizar estas bandas para levantar la
variable uso de la tierra, aun cuando, al ser este un
ambito de investigacion realmente novedoso, se deben
realizar estudios con las restantes bandas del TM, de
manera de observar su comportamiento en la
discriminacion de dicha variable.
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A pesar de los resultados obtenidos, en el presente
trabajo en cuanto a la respuesta de la combinaciones de
las bandas IHS trasformadas en RGB, con fines de
levantamiento de uso de la tierra, se debe dejar claro,
que esta fue el resultado de un tipo de combinaci6n
colocando la banda SAR-C en la saturaci6n al realizar
la transformacion RGB, por tanto se recomienda
realizar estudios del comportamiento de ese metodo, en
otras combinaciones, tanto como en la posici6n del
SAR como en cuanto a las bandas TM a utilizar.

El uso de PCI permitio de una manera rapida el
combinar la imagen de radar con las bandas TM. en
composici6n RGB, al igual que en IHS. demostrando
ser un excelente programa para la realizaci6n de
estudios como el presente.
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ABSTRACT

The need for segmentation as an image analysis tool for
agriculture and forestry is demonstrated and related to
classification strategies. Methods to compare
segmentation algorithms are described and shown to
suggest that segmentation based on global maximum a
posteriori (MAP) recruitment provides the best
approach currently.

Segmentation of multi-channel imagery as a single
entity is shown to confer advantages over combined
single channel methods. Attempts to classify and
segment tropical forest regions for forest discrimination
are seen to be closely related to methods for change
detection. The MAP classifier for multi-channel data is
displayed: currently this does not yield good results,
and more ad hoc methods appear superior, perhaps due
to inadequate descriptions of the class identifier.

1. INTRODUCTION

When human beings see an image, they automatically
see structure, recognising regions, lines and edges.
Segmentation is the process by which we try to derive
and store such structure when handling images by
computer. It consists of a labelling of pixels meeting
two conditions

• pixels with the same label form a connected region
(segment):

• label changes occur at a discontinuity in one or more
measured parameters (an edge).

A third condition which may be applied is that
segments should be internally homogeneous. The
weakness in this condition is that regions with gradual
changes may be perceived by a human being as forming
a single segment but will fail the homogeneity test.
Nonetheless, some condition regarding the integrity of
a region (for example, no internal edges) needs to be
enforced to ensure conformity with our intuition. In

fact, the whole question of how we represent (or
transcend) human perception in machine segmentation
is unresolved.

Segmentation provides the computer with a means to
handle objects in the image as single entities It is not
an a priori classification, simply a recognition of image
structure. However, the two processes are closely
linked. The existence of segments allows regions to be
classified making use of the whole population of pixels
within the segment. This is particularly important for
SAR, where speckle causes great variability in single
pixel measurements. Also, pixel classification
(normally after filtering) provides a possible method to
recognise similar pixels and regions within the image,
and hence can lead to a segmentation. An example of
this approach will be illustrated in Section 5.

This paper will discuss the connections between
segmentation and classification in the context of
agriculture and forestry. In Section 2 we survey the
empirical data, which strongly suggests that
segmentation is critical to monitoring agriculture
(particularly 111 temperate climates). Section 3
addresses the important question of how we can
compare segmentation schemes: are there objective
tests which allow us to select the best from the range of
possible approaches? Global statistical tests which
provide a limited answer to this question are given and
shown to provide clear guidance when comparing two
current segmentation methods, for single channel,
single date images. The extension of existing methods
to multiple channels (polarimetric or multi-temporal) is
discussed in Section 4. Both the value of the multi­
channel approach and weaknesses in current methods
are displayed. Comparison of methods in the context of
forest discrimination forms the topic of Section 5. In
Section 6 the maximum a posteriori (MAP) classifier
for multi-channel SAR data is derived. While making
the need for segmentation even clearer, problems which
arise in using MAP classification are identified We
conclude in Section 7 with a summary of the current
status of methods.

Proceedings of the First Latino-American Seminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996 (ESASP-407,March 1997)
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2. SEGtv:IENTATION AND CLASSIFICATION IN
AGRICULTURAL MONITORING

The major needs in agricultural monitoring are
mapping of crop area, identification of crop state,
integration with other information (such as farmers'
crop declarations within the EU) and yield forecasting.
SAR has a role to play in the first two of these (the
second two serve to remind us that it should be viewed
as only part of an information handling system). At
present, the most influential data in this context are
from the ERS satellites, because of their high
calibration accuracy and the existence of long multi­
temporal sequences of measurements. Several studies
[see Ref. 1 and References therein] have demonstrated
that for these data the important information is carried
by the temporal behaviour of o", averaged over fields.
The use of per field averaging is important because
there is much scatter at a given time, due to natural
variation. Enough samples must be averaged to reduce
further uncertainty due to speckle, and to preserve the
shape of temporal curves. The field is the preferred
object on which to base pixel averaging since this is
how crops are organised (at least in temperate
climates). Pixel-based methods would require very good
speckle reduction which preserves cr0 if temporal curves
are to be tracked. Even then, the computational burden
would be very high and is much reduced by treating
whole fields as single entities for tracking.

Three situations arise when using a field-based
approach:

(a) Field boundaries are known, based on maps, GIS,
visual inspection or comparison with, for
example, optical data.

(b) Boundaries are imperfectly known; for example,
last year's field map may be available, but will not
contain information on changes in field structure,
farming practice, etc.

(c) There is no a priori data on field boundaries, just
the image itself.

In practice, almost all studies up to the present have
used manual segmentation of images to define field
boundaries. This is slow, subjective, dependent on the
image display and may not be able to cope with high
dimensional data (see Section 4). The use of imperfect
data is a current research area which can make
extensive use of tools developed to tackle problem (c),
which we will Refer to as blind segmentation. This has
attracted most attention [Ref. 2-5] and there has been a
steady development of improved algorithms, to the
extent that their use in applications is now becoming

viable. However, any application should be based on
the best available methods and means to identify such
methods are therefore needed.

3. QUANTITATIVE COMPARISON OF
SEGtv:IENTATION ALGORITHMS

An extended treatment of the theory on which this
section is based is given in [Ref. 6]; only a summary of
the principles and conclusions is given here. It is based
on a 'cartoon' model for the image, in which the
underlying scene consists of regions of constant cr0 with
abrupt edges. Each such region comprises a uniform
extended target, in which the pixel intensities, I, will
obey a gamma distribution, with probability density
function

p(I) (I)

Here L is the number of looks and µ is the mean
intensity in the region. For a calibrated system, µ is
proportional to cr0.

For an image represented correctly by the cartoon
model, a perfect segmentation would locate all the
edges in the right place and would assign the correct
value of µ to each segment. The ratio of the original
image arid this perfect segmentation would consist of
pure speckle of mean 1. Assume, then, that we have
performed a segmentation. Since we can ensure that
adjacent segments are statistically different by merging
[Ref. 6], we need to test that segments are
homogeneous. This can be achieved by using the
squared coefficient of variation within segment k,
defined by

(2)

where nk is the number of pixels in segment k, lk
denotes the intensity of a pixel in segment k and
denotes an average of the quantity over segment k.
Exact expressions for the mean and variance of mk are
known [Ref. 6], hence the deviation of any given
segment from homogeneity can be tested.

This single segment measure can be related to a global
measure of homogeneity through the ratio image, r. To
form r we assign to each pixel the mean value of the
segment within which it lies and divide the original by
this segmented image. The sample variance of the ratio
image is then defined by
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Segmentation (Pm) Real image Simulations (10 images)

mean SD normalised difference
Original - 0.1988 0.00217 -
ANNEAL (2 x 10-2) 0.2231 0.2259 0.01095 2.37
RWSEG (2 x 10-2) 0.3239 0.2420 0.01298 3.24
ANNEAL (10-4) 0.2376 0.2307 0.01047 2.93
RWSEG (I 0-4) 0.3484 0.2476 0.01304 3.65

Table 1. Measured values of s~, the sample variance of the ratio image.

s2
r

n (- -2) M n -I-- r2 - r = L:-k-mk. (3)
11- l k=l n- I

Here n denotes the total number of pixels in the image,
there are M segments and - denotes an average over
the whole ratio image. The mean and variance of s~
are known, providing a means of testing the
homogeneity of the whole image. Analogous measures
based on maximum likelihood can also be derived and
again depend on properties of the ratio image [Ref. 6].

These measures have been applied to both simulated
and real images. Figure 1 shows an example of (a) an
ERS-1 PRl image; (b) a simulated image formed by
segmenting Figure Ira) and assigning the appropriate
mean value to each segment (c) the edge map
corresponding to Figure ltb): (d) a simulated image
formed by multiplying each pixel of Figure l(b) by an
independent speckle realisation from 5-look unit mean
speckle (i.e Equation (I) with L = 5, ~1= 1). Here 5-
look speckle is used because the original ERS-1 data is
first 2 x 2 averaged to reduce spatial correlation. This
leads to data which is close to 5-look. The simulated
images produced in this way have a range of segment
shapes and brightness differences similar to the real
image.

The advantage of simulated images is that we know
they obey the data model. Hence marked failure of a
segmentation on such data would indicate an algorithm
of little value. Tests of a large number of algorithms are
under way, but we here present results from just two
algorithms, ANNEAL and RWSEG. ANNEAL uses
simulated annealing techniques to locate the global
maximum a posteriori reconstrnction of the image.
RWSEG is an iterative edge detection and segment
growing algorithm which progressively 'learns' the
image Detailed descriptions of these algorithms are
given in [Refs 2-4 and 6].

Table 1 summarises our findings. ANNEAL and
RWSEG both depend on a merging parameter Pm,
which controls average segment size.
With p,,, = 2 x 10-2 , the mean segment size for the
simulated data is about 145 pixels for both algorithms,
growing to 200 pixels when p,,, = l0-4 . On real data
the corresponding mean segment size is reduced by
approximately 50% in both cases. The values given for
simulation are the average values over 10 simulated
images; there is, of course, only a single real image.
The first row in the Table indicates results from an
ideal segmentation imposed using the edge map given
as Figure l(c). In this case the theoretical values for the
mean value and standard deviation of s~ are 0.1988
and 0.0024, which are very close to those observed.

Performance clearly deteriorates when blind
segmentation is used, with significantly increased

2values of the mean value of s,.. (The average departure
from the expected value in units of one standard
deviation is given in the last column as 'normalised
difference ). The most important conclusions to extract
from Table 1are:

1. ANNEAL performs a little better than RWSEG on
simulated data, but markedly better on real data.

2. The performance of ANNEAL is comparable on
real and simulated data, but RWSEG degrades
drastically on real data.

3 Despite segments being ~30% bigger, ANNEAL
with Pm = Io' gives better performance than
RWSEG with p111 = 2 x 10-2. Hence ANNEAL finds
larger homogeneous regions than RWSEG, which is
a very desirable property of the algorithm.

The overall conclusion is that global MAP estimation
provides the better of the two approaches. Current work
comparing a number of algorithms reinforces the
conclusion that ANNEAL is the best of the currently
available methods.
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(a)

(c)

(b)

(d)

Figure 1: (a) ERS-1 PRI image of Feltwell, UK; (b) simulated RCS: (c) edge map corresponding
to (b); (d ) simulated 5-look image. The images are 128x128 pixels in size and are displayed in
amplitude.



Note that the statistical approach to comparing
segmentations described above can only recognise
departures from homogeneity in the segments. Other
relevant concerns are segment shape and
oversegmentation Measures of shape have been
developed and are in process of being tested on a range
of segmentation algorithms Detection of
oversegmentation is more problematical. A possible
approach is to use merging to relax an over-detailed
segmentation to the point where there is a clear
departure from homogeneity within segments, but little
work has been done on this as yet.

4. MULTI-CHANNEL SEGMENTATION

The previous section has demonstrated methods for
comparing segmentations of single images of single
channel data. However, as argued in Section 2, the
more important problem is segmentation of a sequence
of images. This is particularly so since true scene
structure often only emerges over time [Ref 7]. The
problem of segmenting a multi-temporal sequence of
images can be generalised to include any multi-channel
collection of images of a given scene, provided the
geometry of the different channels is identical. We will
consider this more general case, which allows us to
adopt a unified approach to multi-temporal data and the
multi-frequency polarimetric data provided by the new
generation of airborne SAR sensors and tile SIR-C
mission.

The most general case is well exemplified by single
channel polarimetric data, in which we need to
consider not only the channel powers but also
quantities formed by combinations of channels. For
calibrated data from natural targets, the measurements
from a polarimetric SAR can be described by the
complex 3-vector

s = v;»;». )'= (S1,S2,SJ (4)

where h and F refer to horizontal and vertical
polarisations. This is known as scattering matrix data,
although other forms are possible [Ref. 8]. For
distributed targets, the random vector S in many cases
obeys a Gaussian distribution,

p(S) = 1 I ( \ exp(-stc-1s) (5)" detC
where (' is the co-variance matrix of S,

(6)
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t denotes conjugate transpose, ( . ) denotes expectation
and * denotes conjugate. (This data model has
limitations, especially at high resolutions and long
wavelengths [Ref. 9 and Refs. therein] but we will
ignore these complications here.) From (5), it is clear
that all the information about a distributed target is
contained in the covariance matrix, C, which can be
written

c
JCJ1CI3P1.1JJCJ 2CI 3P21 (7)

CJ3

JCJ1CJ 2P12
CJ 2

JCJ 2CJ3p;3

Here CJ, = (IS, 12 ), I < i ~ 3, is the mean intensity

of channel i and

(sis;)
~CJ ;CI i

(8)

is the complex correlation coefficient of channels i and
j.

In principle, there are therefore 9 real parameters
available from a distributed target (3 channel intensities
and the 3 phases and amplitudes of the complex
correlation coefficients). However, target symmetries
can significantly reduce these degrees of freedom: for
example, for an azimuthally symmetric target the like
and cross-polarised channels are uncorrelated, so that
P12 = P23 = 0 and only 5 parameters are
available to carry information about the target.

The availability of several information-bearing
parameters suggests that a segmentation should try to
detect changes in any one of them in order to locate
edges. In practice, this creates difficulties, largely
because of the sampling properties of the terms arising
from the correlation coefficients. The maximum
likelihood estimators of all the terms in the covariance
matrix are well-known, but only the estimates of the er,
have an easily manipulable form, viz. the well-known
gamma distribution given as Eq. (I). Also, the images
of the amplitude and phase of the correlation
coefficients tend to be quite noisy for natural scenes,
requiring considerable amounts of averaging to achieve
reasonable estimates. Hence they do not readily fit into
the local methods preferred for image segmentation. As
a result, the most useful approach to multi-channel
segmentation uses only the channel powers, CJ; . This
being the case, multi-temporal, multi-frequency and
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polarimetric images can all be handled in the same
way.

Given a set of intensity images of the same scene
provided by different channels, there are two
approaches to using the dataset to recover structural
information. We could segment each channel separately
and combine the segmentations by preserving all edges
found in any of the separate segmentations. This
approach is illustrated by Figure 2(a)-(g). Figures 2(a),
(c) and (e) are 16-look HH, HY and VY AirSAR L­
band images of an agricultural area near Feltwell, UK.
The corresponding edge maps produced by single
channel segmentation using RWSEG are shown as
Figure 2(b), (d) and (f), while Figure 2(g) shows the
HH image overlaid with these edges, combined using a
logical OR operation. Very obvious is the thickening
and excessive complexity of edges caused by the fact
that edges found in each channel are subject to a
speckle induced 'jitter'.

The second approach is to treat the set of images as a
single multi-dimensional entity and to segment the
combined data. In Figure 2(h) we show the result of
this approach using multi-dimensional RWSEG, in
which the edge-detection, segment growing and
convergence criterion for halting iteration all make use
of a least squares approach combining information
from all channels. This obviously produces a 'cleaner'
segmentation, without edge-thickening and apparently
producing a good representation of image structure.
Note, however, limitations in this approach. By design,
it will lose weak edges found in only a single channel
(necessary to remove the 'jitter' effect). The least
squares criterion for combining information is arbitrary
and other criteria may be more appropriate. Perhaps
most telling is that at present the only useful multi­
dimensional segmentation algorithm uses RWSEG,
while in Section 3 we have indicated the likely
superiority of methods based on ANNEAL. These are
currently being developed. What is not clear for either
algorithm is how to account rigorously for the inter­
channel correlation which will be present in
polarimetric data. This will not be an issue for multi­
frequency or multi-temporal data (unless the time
separation in the latter case is short enough to allow
significant inter-channel correlation, as would be
exploited by interferometry).

As well as providing an improved field boundary map,
multi-channel segmentation has two obvious uses.
Firstly, it provides a means to compare information
present in different channels. From the edge map of
Figure 2(h), we can establish whether there is evidence
for a given edge in each of the separate channels. This
then provides information on the relative values of the
different channels for extracting scene structure.

Secondly, once the field boundaries are determined,
field averaging provides a method to 'sharpen up' the
noisy information carried by the correlation coefficients
in polarimetric data. In the case of the data displayed in
Figure 2, this helps to establish a number of regions
where the correlation of the like and cross-polarised
channels is significant at L band. For C band data, only
the correlation of the like polarised channels is useful.

Although the example in Figure 2 is from single
frequency polarimetric data, the same methods have
been successfully applied to multi-frequency and multi­
temporal images. However, neither a large scale
application of these methods nor a demonstration that
they permit tracking of the multi-temporal behaviour of
regions with sufficient accuracy for crop identification
(see Section 2) has yet been performed.

Finally, note that the requirements for tropical
agriculture with very diverse field structures and no
annual crop calendar may require different methods.
For example, change detection has been demonstrated
as a potentially important technique for measuring
acreage of wetland rice [Ref. 1O]. We explore its
relevance in forestry in the next section.

5. FOREST CLASSIFICATION AND
SEGMENTATION USING CHANGEDETECTION

As in agriculture, mapping of forest areas and
discrimination of forest types are important aims for
remote sensing, although radar also offers numerous
other possibilities, such as estimation of tree density,
gappiness, tree height and above ground biomass. A
potentially very important use of radar is in mapping
forest cover in tropical forests, which are frequently
cloud-covered and inaccessible to optical sensing. Here
we illustrate the use of the ERS-1 C band SAR for this
purpose, but in the context of comparing approaches to
classification and segmentation, rather than as the
preferred sensor. This is because longer wavelengths
are better for forest sensing, as discussed in [Ref. 11].

An extensive set of SAR, optical and ground data has
been assembled for the Tapajos National Forest in
Brazilian Amazonia; here we make use of three ERS-1
PRI images acquired on 22 May, 31 July and 18
December 1992, together with a cloud-free TM image
obtained on 29 July 1992. A fuller description of the
dataset and the methods involved is available in [Ref
12].

An obvious feature of the imagery is that the apparent
structure changes markedly with time. Very little detail
can be seen in the May and July images, but the
December image shows regions related to roads and
associated agricultural activity (Figure 3). Modelling
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Fig11n' "2: Scgnwntation results. Iroru lb-look .\irS.\H data of an area nr-a r Feltwdl. 1·1-.:. (a) 1111
power i1t1agc: (b) as:.;(wiatcd edge 111ap proclu.x-d by single ch auucl scg11wntat.ion. (,.) and (d) arc
the corrcspondiug, i111ages for t l«- llV channel: (<')and(!') an· the corresponding i111agcs for the VV
«hanncl: (g) edge 111ap pnYluci·d hy nirnhining single d1an1wl segrnentat.irn1,.;. i.r-. an Oil operation
applied to (b). (d) and (f): (h) <'dg·· 111ap prod11('(·d by mult irha n nr-l scg11wntatio11.
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(a)

(b)

Figure 3: ERS-1 PRI images of an area bordering the Tapajos Natural
Forest. Images were acquired on (a) :H .July 1992 (b) 18 December] 992.



and ground survey suggests that the changes are caused
by soil moisture effects. These have little effect on the
backscattering coefficient of the forest canopy but
marked effects in bare soil or areas of low vegetation.
Although the ensuing differences between areas in the
December image could be used as a forest discriminant,
methods based on image ratios (and hence changes in
backscattering coefficient) are more attractive because
they remove topographic and calibration effects. This
makes the analysis more general since in many regions
of the world (though not Tapajos) tropical forest is
found in hilly areas.

A simple ratio of the December and July images is of
little value for forest discrimination because of speckle,
and some pre-processing of the images is required.
Four methods were considered, based on block
averaging [Ref 13], local (gamma MAP) filtering [Ref
14], global MAP [Ref. 4] and segmentation (see Section
4) In the first three cases, single images were pre­
processed before forming the ratio: in the last case,
two-dimensional segmentation was carried out using
the July and December images. After pre-processing
and ratioing the resulting images were thresholded,
giving rise to the one-bit images shown as Figure 4(a)­
(d), where the white areas indicate a decrease
exceeding 1.5 dB from July to December. For
comparison, the ratio of the two original PR! images is
shown as Figure 4(e) and a threshold applied to band 5
of the TM data as Figure 4(f): the latter provides a
reasonable estimate of the true forest cover. While all
techniques pick out the main features (a large area of
pasture with enclosed woodland at the bottom centre,
forest disturbance along the road running down the
image and two parallel side roads) there are clear
differences between them. The large window ( 18 x 18)
needed to produce good discrimination using averaging
causes loss of detail and small areas (Figure 4(a)). In
Figure 4(b) we see that GMAP produces a noisy image
with many small non-forest detections in the forest
areas, unlike the other methods. ANNEAL and
RWSEG lead to Figures 4(c) and 4(d), which both
preserve edge structure well, ANNEAL doing slightly
better.

A more quantitative analysis based on comparison of
the radar results with the forest map inferred from the
TM data supports the conclusion that ANNEAL is the
most accurate method of those compared. (However,
the results do not support the value of ERS-1 as a forest
discrimination tool, with less than 50% of the non­
forest regions being detected. This is almost certainly
due to low vegetation cover being enough to mask the
soil moisture signal driving the change in
backscattering coefficient [Ref 12]. Better results are
possible at the L band wavelength used by JERS-1 (Ref
13]). We note that ANNEAL again provides the most
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accurate means of image analysis, the conclusion this
time being based on experimental rather than
theoretical grounds. Notice that in this case a
forest/non-forest classification also provides a
segmentation even in those cases not explicitly using
RWSEG.

6. MAXIMUM A POSTERIORI CLASSIFICATION

Based on the approach in [Ref 15], it can be readily
shown that if we have L independent observations from
N-channel data obeying the Gaussian model described
by Equation (5), the maximum likelihood estimator of
the covariance matrix C is given by the single
covariance matrix

[,

A =- (1/L )'Ls(k) s(k)·
k~l

(9)

Here the superscript k denotes the A.1h observation.
Although Equation (8) refers to single look
polarimetric data, it is readily generalised to include
multi-frequency and multi-temporal data. Hence our
use here of the general case of N channels.

Since (' carries all the information about the region, . I
is a key quantity. It has a related vector

A =

(A11, ... Av.\, Re A12, Im A12, •• Re A\-i.s, Im A,\-1.A'r
(I 0)

which is equivalent to the Hermitian matrix A. The
probability density function of A is given by

p(AIC)
(det A)i.-N exp{-Lrr(c-1 A)}

K(L, N)( det C)/,
(I I l

where K(L, N) "" ;r'('-1l 2f(L- N + l)L-\1
and Tr denotes trace.

Given Q classes each with covariance matrix (1 and

observed covariance data A, it is readily shown using
Bayes rule

(12)

that the maximum a posteriori classifier minimises

dq = - ln p(Alq} - In p(q) ( 11)



150

(a)

(c)

(e)

(b)

(d)

(f)

Figure ,1: (a) - (e) ratio images thresholded at 1.5 dB: (a) Smoothed over 18 by 18 pixel window:
(b) GMAP filtered over a 15 by 15 pixel window; (c) Annealed: (d) Segmented: (e) Unprocessed
ERS-1 data: (f)Landsat Thematic Map per (Band 5).



leading, for multi-channel SAR data, to

dq = -lnp(q) + L{Tr(c;'A) +In[det(cq)]}
(14)

A key point here is that the prior probabilityp( q)
(normally poorly known) becomes less important as L
increases. Hence, it is advantageous to average over as
many samples as possible from the same population in
carrying out the classification. Hence as large as
possible homogeneous segments provide the best route
to accurate classification.

Despite this analysis, our current evaluation of the
classifier given by (14) has given poor results over
agricultural areas. This is still being evaluated, but a
problem may lie in the assumption of a single
representative covariance matrix for each class. In fact,
these covanance matrices show considerable
variability, increasing with wavelength [Ref 9].

7. SUMMARY

Segmentation is essential to carrying out agricultural
and forestry applications of SAR. At present, single
channel methods based on global MAP using annealing
appear on objective and empirical grounds to give the
best results, although they need to be extended to
operate on multi-dimensional data.

MAP classification indicates the advantage of taking a
segment based approach, although current tests do not
yield good results over agricultural regions, possibly
because of large variability of covariance behaviour
within classes. More ad hoc methods based, for
example, on change detection appear at present to
deliver superior performance.
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ABSTRACT

Synthetic Aperture Radar (SAR) images present a great
geomorphological information content. Due to the
particular operation of this sensor the geomorphologic
features of the earth surface are enhanced, hence
providing valuable detail related to texture of terrain.

In this work, speckle reduction in SEASAT/SAR images
is considered first by applying selected filters to the
original image. The goodness of the filtering was
qualitatively evaluated for the whole image, and
quantitatively estimated on selected smooth and rough
texture areas. The quantitative evaluation was done by
calculation of image parameters such as contrast, edge
sharpening and speckle reduction. This analysis
indicated that the geometric filter perform the best for
SEASAT images. The filtered image was input into an
automated region growing algorithm that produced
segmented texture objects. The texture model and the
parameters of the algorithm are based upon the co­
occurrence matrix. From this, a new texture distance is
introduced. This distance is used to quantify the optimal
parameters of the automated algorithm and to determine
the goodness of the segmentation.

Once the image is segmented the morphology of texture
regions is obtained, this comprises the following
parameters: area, perimeter, and fractal dimension. A
texture distance between regions is calculated as well in
order to estimate the texture separation of these regions.
A series of examples is provided to illustrate the
methodology proposed in this research.

1.- Introduction

Work supported by project IN101994 of DGAPA-UNAM

The concept of texture is a subjective and qualitative
idea developed by the psicovision in human beings.
This concept is structured with limited capacity in the
psicovision since textures differing farther than the
second statistical moment are not distinguished (Gotlieb
and Kreyszig, 1990) by a human. In a digital image,
texture manifests itself as an organized spatial
phenomenon. Therefore, before attempting a detection
of texture objects the construction of a texture model is
required that quantifies and delimits the idea stored in
the psicovision. To detect an object a texture model is
needed, and to quantify the goodness of the
segmentation, a texture distance is required to measure
the separation among the various objects recognized in
this detection process.

On the other hand, the coherent interaction of the
phased electromagnetic pulses with the surface under
study gives rise to a granularity aspect in the image
known as speckle noise (Lee, 1986). The reduction of
this noise by digital techniques is required before a
texture analysis is carried on the radar image.

The texture models reported in the literature (Reed and
du Buf, 1993) may be classified in three broad
categories: structured-based, feature-based and model­
based. In the first category the existence of detectable
primitive elements is assumed; a condition not generally
fulfilled by radar images of natural scenes. In the
feature-based methods regions of constant and
predetermined texture characteristics arc sought, while
in a model-based technique the textures arc conceived as
the result of an underlying stochastic process. When
model parameters arc employed as texture features, the
model-based techniques may be considered as a
subcategoryof the feature-based methods. In the present
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work a model-based texture approach was selected,
utilizing the entropy descriptor for the co-occurrence
matrix that is evaluated on a window in the image. The
segmentation of a specific texture object is carried out by
means of an automated region growing algorithm.

The nature of a region growing algorithm (Zucker,
1976; Morel and Solimini, 1995) is appropriate for
detection (segmentation) of texture objects. A number of
results have been reported in the literature. Raafat and
Wong (1988) constructed a texture model and a texture
distance based on the gradient magnitude and gradient
directionality. In this work the region initiation is
achieved through the use of resolution dependent texture
information measures. The region growing process is
then directed by the texture distances between image
texture blocks; a good but a rather coarse segmentation
is obtained with this procedure. Considering a region
growing scheme, Kay and Muller (1991) segmented
multispectral satellite imagery generating thematic maps
of unidentified spectral features. The growing of the
regions was conducted using a local absolute brightness
difference as a threshold provided by the user in
combination with edge information derived from the
image itself. This proved to be useful in segmenting low
contrast satellite data.

In this paper, a model-based texture approach was
selected. The results of this research on segmentation of
texture objects and a new texture distance by means of a
region growing algorithm are presented. The
parameters involved in this algorithm, i.e., the window
size and the threshold are optimized according to the
texture model and to the texture distance in order to
obtain the best separation among the segmented objects.
Once an optimum segmentation is achieved the
morphology of each segmented region is evaluated so the
spatial structure of texture objects may be estimated.
Hence the objective of this work is twofold: a).- To
design and construct an automated region growing
algorithm, and b).- To measure the spatial structure of
specific segmented texture objects. In the following
sections details about speckle reduction, the texture
model, the texture distance, and the region growing
algorithm are provided.

2.- Speckle Reduction in SAR Images

The antenna of a SAR system produces a wavetrain of
coherent phased electromagnetic pulses that interact
with the Earth surface. In the instantaneous field of
view irradiated by these pulses, there is a certain set of
objects that perform as scatterers when their size is

comparable to the wavelength of the radar. Those
objects backscatter the incoming radiation in different
directions and phases generating a constructive and
destructive ondulatory phenomenon. This interference
phenomenon is known as speckle coherence effect,
visually appearing in the image as a random granularity
formed by pixels of various brigthness. In this sense the
speckle noise appears with a well defined structure: very
narrow spikes with positive and negative intensities
superimposed to the general profile of the image.
Hence, from the family of speckle filters (Nagao and
Matsuyama, 1980; Kuan et al., 1985; Frost et al., 1982),
it is considered that the noise structure is adequate for
the application of a geometric filter (Crimmins, 1985)
based on a Hit or Miss (Pratt, 1991) morphological
transformation. Thus, this filter was applied to the SAR
image and compared to the Median and the Lee
Multiplicative filters (Lee et al., 1994). The comparison
included the change in contrast (cf), retention of mean
value (u), change of standard deviation (0), and a
speckle factor given by 0/µ. A qualitative comparison
was done as well. This included the modification of a
selected profile, preservation of edges and texture
details, overall sharpness, and general image quality.
The modification of these parameters (quantitative and
qualitative) through several iterations of the filters was
observed. This permits to conclude that the geometric
filter applied with one iteration is the most suitable
speckle reduction procedure for SEASAT/SAR images.

3.- Texture Model and Texture Distance

The texture image and the speckle noise are assumed to
be the result of a stochastic process, resulting in two
hierarchical random fields (Nguyen and Cohen, 1993),
at the higher level is the texture image and at the lower
level is the speckle process. The speckle process is
assumed stationary with a Rayleigh density function
resulting from the average of independent realizations
(Derin et al., 1990) of single-look intensity observations.
Four looks intensity images were regularly produced by
the SEASAT SAR system. A Rayleigh density function
was experimentally observed for the images analyzed in
the present work: both original speckled and filtered.
Therefore, let z = {z(i,j)} defined over the domain D =
{(i,j), 1 ~ i ~ N, 1 ~ j s M}, be a specific speckled
textural image. The image z is a realization of a
bidimensional random field Z = {Z(i,j)}, hierarchically
defined in terms of an underlying random field X =
{X(ij)} characterizing the partition of the domain D
into regions of different texture type. The random
variable X(ij) may take value in one of a set of labels



representing a set of texture regions. In each of these
regions a texture object is assumed to be the result of a
homogeneous random field. Then, the region growing
based segmentation may be stated as follows: given the
speckled textural image z = {z(ij)}, estimate the
partition i = {x(i, j)} that best correspond to a
similarity criterion applied to z. This criterion is derived
from the texture model itself.

The texture model is based on the co-occurrence matrix
defined as follows: let 8 be a compact and convex set
established in the image space as and odd sized
rectangular window and let J3 be a vector position
operator relating the relative spatial location of a pair of
pixels in the window. The co-occurrence matrix C is the
estimated probability of having a pair of pixel values
(Ap,Aq)in the relative position given by J3;the elements
of this matrix are then given by

c(A.,A.•,J3,8) tr){~r,r+J3Eo(8),g(r)=A.,g(r+J3)-A.}
tr){~r+J3E0}

where g(r) is the radar image, a(8) is a translation
isometry over the window, © is the order of the set, and r
= (i,j) is the vector position of a pixel in the image. The
dimension of the co-occurrence matrix is equal to the
allowable pixel values: 256 for most radar images. The
influence of this quantization level on texture evaluation
has been studied (Marceau et al., 1990) on multispectral
satellite images. Considering this work, the
quantization level was reduced to 64 since no significant
loss of information is observed, resulting in a
manageable co-occurrence matrix with less
computational load. In addition to this, since the
correlation between neighboring pixels falls off rapidly
(Li, 1988) the magnitude of J3was taken to consider only
8-connected pixels.

To characterize the texture information content of the
co-occurrence matrix the entropy criterion (Haralick,
1979; Gotlieb and Kreyszig, 1990; Reed and du Buf,
1993) was utilized

63 63

2=- LL CpqlogCpq
p =0 q = 0

where Cpqare the elements of the co-occurrence matrix
for a given J3and 8. Four directions of J3were selected:
0°, 45°, 90° and 135°, an average value is obtained over
these directions.
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3.1.- Automated region growing algorithm

(1)

The region growing algorithm requires two parameters
to initiate a segmentation: a window size and a
threshold. A window is associated to each seeded pixel
where initial texture values are estimated. It is assumed
that an optimum size window exists that differentiates
the most the texture values related to each seeded pixel
windows. To decide if a pixel is aggregated to a region
a texture difference between the tested pixel window and
the initial one is obtained; if this value does not exceed a
certain threshold the tested pixel is incorporated into the
region. It is assumed as well that an optimum threshold
exists that differentiate the best the different texture
regions signaled by the seeded pixels. To optimize the
above parameters a texture distance is required. This
distance is constructed on the grounds of the texture
model, for this, a joint entropy for pairs of windows is
now introduced. Let consider two texture classes t and s,
for which a window of size n x n is associated to each
seeded pixel. First, a joint co-occurrence matrix for
pairs of pixels (A. 'r , A.'q) that occur in the same relative
position in each window is obtained. If two equally
smooth (or rough) textures are present in the two
windows, the resulting matrix shall have a single
element, and the joint entropy

s~'= - Ii Ii (3)

will be zero, i.e., the texture distance is null, and reaches
a maximum when the textures s and t are totally
different. From equation (3) a texture distance matrix
for pairs of classes is obtained. The optimum window
size is estimated when the average value

is maximum, where Ne is the number of considered
classes. Where 8~'=8~',ift 7:- s, and g~'= o, ift = s. It
is worth while to mention that a texture object defines a
patch of a class and a region in the image.

(2)
It is assumed that there is an optimum threshold value
for the growing of each region class. The estimation of
this threshold is based upon the texture distance among
classes and the texture distribution of the window's
pixels that compose the initial window class. Let
consider the group of n x n windows centered on each of
the pixels of the initial window's classes. For each pixel



156

member of this collection of window's classes a set of n
x n entropy values is obtained

Ea - {n I n 2 r, nxn }a
n= 0n,tn,···0n

where a represents the set of defined texture classes.
Each set of distribution entropy values E ~ has
associated a standard deviation a ~. The texture
distance between these distributions is given by 8 ~·, V s
=1=t. The average distance (Gong and Howarth, 1992)
between two entropy distributions is defined by

dst= _l_f IE: (i) - E~(i)I
nxn _ o ' +o ' , \fs=1=t

t-1 n n

This expression measures the average similarity or
dissimilarity of two texture objects. Once the optimum
window is established, the mean (µ~) and standard

deviation (cr~) of each of them is calculated. Hence a
pixel is aggregated into a region if its entropy related
value (8p) does not differ from this mean by a certain
percentage. Therefore an optimum threshold is fixed as
follows

Expression (7) measures the existence of a textural
border for a given class a, and indicates the percentage
of variation with respect to the mean. A tested pixel p is
then agregated into class t if its associated entropy value
8p is close enough to the entropy mean of the initial
window for this class, thus

Two objects may be physically or texturally close,
expressions (4) and (7) are employed to minimize a
possible overlap, and expression (6) is used to measure
the texture distance between them. In brief, equations 4
- 7 are used to grow a region as much as needed but
maintaining a possible overlap as minimum as possible.

4.- Results and Discussion

A portion of a SEASAT image (fig. 2) was selected to
apply the methods proposed in this work. This radar
image covers the eastern portion of the Obayos anticline,
about 100 km to the North of the city of Monclova in
northern Mexico. The dimension of this subimage is

(5)

998 pixels by 998 lines. The original SEASAT/SAR
image was registered in 1978, it is the result of a 4-look
process with a pixel depth of 8-bits, and a pixel size of
25 x 25 m2 for nominal ground resolution both in range
and azimuth. This subimage (fig. 1) was selected due to
the richness content in different textural features.

(6)

Firstly, the mentioned subimage was filtered to
minimize the effect of speckle. A set of selected filters
was applied to the data and a qualitative and quantitative
evaluation was performed to identify the best filter. The
tested filters were: Median, Lee multiplicative and
geometric (Lee et al., 1994); for each of them, a set of
parameters (table 1) was estimated and a visual
inspection on the image was carried out. The Median
and Lee multiplicative were applied using a 3x3
window, the later with an experimental standard
deviation of noise of 0.26. For the set of filters three
iterations were performed. The quantified parameters
were: a contrast factor (cf = [Pmax-Pmm]/[Pmax+pmmD
averaged over a set of 3x3 windows, the mean (u), the
standard deviation (c), and a speckle factor (o/u), all of
them evaluated for areas where smooth and rough
textures are present. The qualitative inspection
included: the analysis of the modification of a selected
image profile (fig. 2), preservation of edges and texture
details, overall sharpness and contrast, and general
image quality, both for original and filtered images. As
explained in section 2, on the grounds of a global
evaluation of the above, the filter that best reduces the
speckle, preserving texture details, is the geometric filter
with one iteration. The aim of this filtering is to prepare
the image for an optimum texture segmentation task.

(7)

(8)

A series of digital experiments was worked out on the
filtered image (fig. 3) with the aim to evaluate the
morphology of selected texture objects employing an
automated region growing algorithm as described
earlier. Three texture objects were visually identified in
the radar image: smooth (upper part of image), medium
(center of image), and rough (bottom of image). From
suitable pixels belonging to these objects, a region
growing process was initiated with optimized window
and threshold (table 2) according to the method already
described and stated in expressions 4 - 7. In this process
three texture objects were segmented, the result of which
is depicted in figure 4. The morphology of these texture
objects is given in table 3, where the optimum window
(n x n), the optimum threshold (E), the mean of entropy
values for initial window (µ~), the standard deviation of

entropy values for initial window (cr~1), the average
entropy of the region (µ8), the area of the region (A), the



perimeter of the region (P), and the fractal dimension of
the region (D) are provided.

A texture map was generated (fig. 5) to compare with
the segmentation achieved in the region growing
process. This map was prepared as follows: an entropy
value was associated to each pixel of the filtered image.
This value was obtained by calculating the co-occurrence
matrix in a pixel centered window with the same size as
that used in the region growing algorithm. This process
generated an entropy image whose values were clustered
in six classes by employing a k-means clustering
algorithm. Three patches out of these six classes
compare favorably (table 4) with the texture objects
segmented in the region growing algorithm. A texture
class may manifest itself in several patches but a texture
object in only one patch.

5.- Conclusions

An automated region growing algorithm working with
optimized parameters is presented in this work. The
optimization of these parameters is done by means of a
new texture distance defined through a joint class co­
occurrence matrix. With this algorithm an optimum
segmentation of selected texture objects is achieved.
Based on these results a characterization of the
morphology of the objects is possible. The morphology
is characterized by evaluating the area, the perimeter,
the fractal dimension, and the number of pixels of each
texture object. A texture map is prepared by clustering
the entropy values associated to each pixel of the radar
image. Three patches of three classes of this map
compare favorably, both visually and morphologically, to
the texture objects identified by the region growing
algorithm. The texture classes obtained in this way may
be used as a reference to seed pixels in suitable positions
for texture object segmentation.
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Tables

Table la.- Evaluation parameters related to a smooth texture area.

Filter \Parameter cf u a cr/u
Original 245 23.187 7.884 0.340

Median 198 22.862 4.841 0.212

Lee Multiplicative 203 23.183 4.999 0.215

Geometric 180 24.229 4.061 0.167

Table lb.- Evaluation parameters related to a rough texture area.

Filter \Parameter cf u a cr/u
Original 247 34.860 20.325 0.583

Median 230 33.909 15.829 0.467

Lee Multiplicative 231 34.784 16.812 0.483

Geometric 223 35.597 17.049 0.479

Table 2.- Average of joint entropy for a series of window sizes.

Window size Average entropy Window size Average entropy
23 x23 4.1404 43x43 4.1966
25 x25 4.1774 45 x 45 4.1950
27 x 27 4.1671 47 x 47 4.1838
29 x 29 4.1567 49 x49 4.1684
31x31 4.1431 51 x 51 4.1518
33 x 33 4.1375 53 x 53 4.1414
35 x 35 4.1433 55 x 55 4.1347
37 x 37 4.1614 57 x 57 4.1345
39 x 39 4.1725 59 x 59 4.1418
41x41 4.1893 61x61 4.1414

Table 3.- Morphological parameters of texture class objects segmented by region growing.

Class (t) nxn E µt O"~ µs A p Dn

Smooth 43 x43 27 1.64 0.22 1.78 73,324 3,612 1.215
Medium 43 x 43 8 3.14 0.13 3.11 67, 177 8,634 1.381
Rough 43 x 43 10 4.42 0.22 4.29 16,958 1,586 1.229
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Fig. 1.- Original SEASAT subimage.
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Fig. 2.- Selected image line profile (row 260) of: a) original subimage, b) geometric filter, c) median filter and d)
Lee multiplicative filter.
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Fig. 3.- Filtered subimage with the geometric filter, one iteration.
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Fig. 4.- Segmentation of three texture objects.



163

Fig. 5.- Texture map indicating various texture classes.
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ABSTRACT

This paper investigates the use of polarimetric
information extracted from SIR-C/X-SAR complex
polarimetric images for crop discrimination in
Bebedouro region, Pernambuco state, Brasil. In
addition to widely used modulus of complex channels
(amplitude) another two channels, modulus and phase
from complex correlation coeficient between HH and
VV complex channels were also used. The phase of
correlation coeficient is a smoothed version of phase
difference information between HH and VV, and was
used in lieu of it. Five classes; corn, soya beans,
stubble, bare soil and "caatinga'were defined. To
assess the discrimination power of the extracted
features confusion matrix of maximum likelyhood per
point classification and Jeffreys-Matusita distance
were calculated for there classes. Results showed that
phase information can greatly improve the
classification accuracy and the modulus of correlation
coeficient carries also discrimination power.

1. Introducao

Sistemas polarimetricos de radar
multifrequencia representam uma nova geracao de
scnsores de microondas ainda em avaliacao para
aplicacao sistematica em scnsoriamento rcmoto. As
caracteristicas de multifrcquencia c polarimetria
destes sensores tornam possivel nao s6 a aquisicao de
informacao sobre a superficie dos objetos, mas
tambem sobrc as caractcristicas cstruturais, dieletricas
e volumetricas dos mesmos. 0 potencial na aplicacao
destes dados, particularmcnte na banda L, tern
aumentado o interesse pelo seu uso em problemas de
discriminacao de culturas e florestas, avaliacao de
dcsflorestamento c detccao de mudancas,

Neste trabalho pretende-se investigar o uso das
imagens de radar polarimetricas, obtidas pcla missao
SIR-C em abril de 1994 (esta missao foi repetida cm

outubro de 1994), na classificacao de diferentcs tipos
de cobcrtura atraves da cxtracao de atributos dessas
imagcns e utilizando-as em combinacao com os dados
polarimetricos originais.

2. Dado polarimetrico e definlcfies

A informacao polarimetrica pode ser obtida
atraves da dccomposicao do sinal do radar em dois
sinais ortogonais, um horizontal c outro vertical, quc
sao rccebidos e proccssados cm canais separados
indcpcndcntemente. A informacao de polarizacao
complcta para cada pixel da cena imageada e descrita
pela matriz de espalhamcnto [S], definida por

(I)

ondc os subscritos h c v correspondem aos
componentes do campo eletrico de transmissao c
recepcao polarizados na horizontal e na vertical,
respectivamcnte. Cada elcmento da matriz de
espalhamento e uma funcao da frequencia e dos
angulos de espalhamento e iluminacao.

0 dado polarimetrico tambcm pode ser expresso
em tcnnos da matriz de Stokes [M]. Esta
representacao consiste de combinacoes lineares dos
produtos cruzados dos 4 elemcntos da matriz de
espalhamento [I].

( * * * * I
I shhs1h ShvShv shhshv ShvS1h I* *

[M] =I SvhS~h SvvSvv SvhSvv SvvSvh (2)* * *I shhsvh ShvSvv ShhSvv ShvS~hj
lsvhshh * *SvvShv Svhshv SvvShh

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996 (ESASP-407,March 1997)
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3. Procedimentos para extracao de atributos

Este trabalho usa como base a matriz de Stokes
para definicao dos atributos discriminantes, atraves
da combinacao dos seus elementos. Nesta secao seriio
introduzidos os seguintes procedimentos de extracao
de atributos : diferenca de fase e coeficiente de
correlacao complexa. Outros procedimentos, tais
como razoes normalizadas entre canais,
autocorrelacao "lag l" e coeficiente de variacao.entre
outros, serao objetos de estudo futuro.

3.1 Diferenca de fase

A diferenca de fase entre canais com ondas co­
polarizadas (hh - vv) e definida por

(3)

onde 3 e 9{ representam as partes real e
imaginaria, respectivamente. Diferencas de fase
tambem podem ser calculadas entre canais com
polarizacao cruzada.

3.2 Coeficiente de correlacao complexa

0 coeficiente de correlacao complexa entre os
elementos co-polarizados da matriz de Stokes e
dcfinido por

(4)

de onde se obtem o modulo e a fase. Tal definicao
tambem pode ser estendida para canais com
polarizacao cruzada.

4. Regiiio de estudo e obtencao das imagens

A area de estudo (figura I) compreende o
Projeto de Irrigacao de Bcbedouro (PIB) localizado na
rcgiiio do Sub-medio Silo Francisco (9°07'S,
40°18'WGr), a aproximadamente 40 km a nordeste
do municipio de Petrolina, estado de Pernambuco [2].

4.1 Descricao da regtao

0 PIB esta dividido em 2 partes , denominadas
PIB I e PIB II, com area total aproximada de 3500 ha
e 2000 ha, rcspectivamente. 0 PIB I e formado por

pequenas propriedades de 5 a 12 ha, areas maiores
destinadas a pequenas empresas privadas, areas de
reserva de vegetacao natural e pcquenos nucleos
habitacionais. 0 PIB II possui uma area destinada a
empresas privadas e outra destinada ao Service de
Producao de Sementes Basicas (SPSB) da
EMBRAPA.

Foi analisada a regiao do PIB II,
especificamente a regiao composta por 4 pivos com
classes de milho, soja, restolho e solo preparado,
pertencente ao Service de Producao de Sementes
Basicas da Embrapa, alem da classe caatinga, (ver
figura 1).

Esta regiao foi visitada por ocasiao da colcta de
imagens e os dados referentes ao plantio das divcrsas
culturas foram anotados.
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Figura 1 - Descricao da regiao estudada

4.2 Parametros das imagens utilizadas

As imagens foram adquiridas atraves da missiio
space shuttle SIR-C/X-SAR em abril de 94. A tabela 1
mostra os principais parametros dcstas imagens.

Tabela I - P '
Frequencia L(l ,254 Ghz) C(S,304 Ghz)
Polarizacao IIII, HV, VV, VH
Angulo de incidencia 37,97°
Altitude da plataforrna 219,38 Km
Direcao da orbita descendente
Tipo do produto Matriz de Stokes - 16 looks
Representacao geometrica Ground range
Espacamento pixel rgn 12,5m I az 12,5m



5. Metodologia

0 objetivo principal deste trabalho e avaliar 0

desempenho do uso da informacao polarirnetrica, com
a utilizacao dos canais originais em combinacao ou
nao com os canais transforrnados, na discrirninacao
de culturas. Aqui foram usadas apenas imagens da
banda L, em 3 polarizacoes (HH, HY, VY),
totalizando 3 imagens originais na forma complexa.
A figura 2 mostra uma imagem com polarizacao HH
da regiao estudada e as classes de interesse. A tabela
II apresenta os tipos de classes utilizadas e os
respectivos numero de amostras e numero de pixels.

Figura 2 - Banda L, polarizacao HH, classes de
interesse 1 - milho, 2 - soja, 3 - restolho, 4 - solo
preparado, 5 - caatinga

Tabela II - Classes estudadas
Classes Numero Numero total

de amostras de pixels
milho 2 6245
SOJa 2 6635
restolho I 1498
solo preparado I 5592
caatinga 4 5245

As combinacoes utilizadas para mensuracao do
poder discriminatorio dos atributos, considerando-se
as classes ja definidas foram :

• 3 bandas originais em amplitude HH, HY e VY
(aqui nae existe a informacao de fase dos atributos
complexos).
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• 2 bandas extraidas da correlacao cornplexa, a
saber : modulo e angulo. A banda angulo do
coeficiente de correlacao complexa e basicamente
a informacao diferenca de fase da equacao (3),
filtrada quanto ao efeito do ruido "speckle" sobre
a fase, por causa da operacao media necessaria
para 0 calculo da equacao (4) em janelas 5x5 em
torno de cada pixel da imagem. Aqui nao existe a
informacao relativa a HY.

• o conjunto das 5 bandas acima.

Considera-se que os atributos em questao
seguem uma distribuicao gaussiana conjunta por
causa do alto numero de "looks" dos canais originais
e adicionalmente do efeito de media no calculo do
modulo do coeficiente de correlacao complexa. A fase
para valores relativamente altos do coeficiente de
correlacao complexa tambem possucm distribuicao
semelhante a gaussiana [3].

A avaliacao das contribuicoes dessas
cornbinacoes de canais na discriminacao das culturas
e feita de duas forrnas :

I. comparando-se os resultados dos indices de
desempenho medio (DM) e confusao media (CM),
calculados sobre matrizes de classificacao de areas
de treinarnento e para as tres combinacoes.
Classificador utilizado : maxima verossimilhanca
pontual (sccao 5.1).

2. atraves da cornparacao entre distancias estatisticas
entre distribuicoes (secao 5.2) avaliadas para as
classes em estudo e para as tres combinacoes de
canais assinalados.
Esse rnetodo tern a vantagem de ser independente
do algoritrno de classificacao a ser utilizado.

5.1. Classificador pontual de maxima verossimilhanca

0 ja bem conhecido classificador pontual de
maxima verossirnilhanca [4], [5], e usado para
classificar as areas de treinarnento das classes
envolvidas.

Levanta-sc urna rnatriz de classificacao para
cada combinacao de canais. 0 desernpenho medic
(DM) e calculado pela media da percentagem de
classificacao correta para cada classe ponderada pelo
numero de pontos de cada classe. A abstencao media
(AM) e calculada pela media das percentagens de
pontos nae classificados por classe ponderada pelo
numero de partes de cada classe. A confusao media
(CM) e calculada como CM = I - (DM + AM).
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5.2. Distancia J-M

A distancia de Jeffries-Matusita entrc duas
distribuicoes e definida por

(5)

onde p( xlw;) e p( xlw j) sao OS valores da
distribuicao da i-esima e j-esima classe. No caso de
distribuicoes gaussianas a equacao (5) assume a
forma

(6)

A distancia JM pode ser usada para medir a
separabilidade em conjuntos fixos de canais ou dado
um conjunto de atributos, possibilita escolher um
subconjunto deles, com certo numero de canais, de tal
forma que se maximize a distancia JM media entre
todos os pares de classes ou que se escolha o
subconjunto de canais que maximize a menor
distancia JM entre pares de classes.

6. Resultados

6.1. Classiflcacao pontual

As 3 bandas correspondentes as polarizacoes
HH, HV e VV em amplitude chamaremos de canais
originais. Na classificacao usando estes dados obteve­
se um desempenho media (DM) de 61,4%, (ver
Tabela III), e uma confusao media de 38,6%. A
abstencao media (AM) nesta e nas tabelas seguintes
foi nula porque o limiar de classificacao foi ajustado
para classificar todos os pontos. Considerando-se as
classes individualmente nota-se que a classe de solo
preparado teve um resultado bem acima da media, de
89,21%, enquanto a classe soja comportou-sc de
maneira oposta, tendo um resultado abaixo da media,
de 34,05%, confundindo-se quase que na mesma
proporcao entre as classes de restolho e de caatinga.
Este comportamento deve-se ao fato das medias
destas classes estarem bem proximas como pode ser
observado atraves da Tabela IV. As demais classes
tiveram um resultado proximo ao desempenho medio.

Tabela III - Matriz de classificacao
Atributos :Amolitude HH. HV e VV

\areas milho soja ~estolho solo caatinga
classes\ preparado
milho

65,56 % 8,12 % 14,46% 1.32% 10,52%
soja

6,86% 34,05 % 29,14 % 9,60% 20,32 %
estolho

5,80% 8,41 % 65,02 % 19,75% 1,00%
solo
preparado 1,00% 0,59 % 9,17% 89,21 % 0,01 %
caatinga

9,28% 25,07% 6,93 % 0,57% 58,13 %
Desempenho medio (DM): 61,4 %
Confusao media (CM) : 38,6 %

Tabela IV- Media e desvio padrao
Atributos Amolitude - Banda L

milho soja restolho solo caatinga
preparado

HH µ 0,3453 0,2514 0,2104 0,1363 0,2864
a 0,1129 0,1012 0,0718 0,0539 0,0832

HV u 0,1116 0,1022 0,0642 0,0336 0,1449
a 0,0328 0,0425 0,0212 0,0133 0,0440

vv u 0,4074 0,2207 0,2078 0,1524 0,2598
a 0,1422 0,0809 0,0924 0,0606 0,0783

A Tabela V mostra o resultado da classificacao
quando sao usados o modulo e o angulo do coeficiente
de correlacao complexa. 0 desempenho medio
melhora em relacao a classificacao anterior de 61,4%
para 69,1%. As classes de milho e soja tambem
tiveram uma melhora significativa, de 65,5% para
87% e de 34% para 45,8%, respectivamente. 0 fator
preponderante na melhoria da separabilidade da
classe milho e a informacao de fase que registra 0

valor de~ -( ~) entre HH e VV (ver Tabela VI).

Tabela V - Matriz de classificacao
Atributos : Modulo e angulo do

ficiente de correlacao comol
vareas milho soja restolho solo caatinga

lasses\ preparado
milho

87,00 % 9,37% 0,19 % 0,00% 3,42%
soja

2,76% 45,89 % 6,61 % 0,22% 34,50 %
~estolho

0,06% 0,00% 60,08 % 29,17% 10,68%
solo
nreoarado 0,00% 0,00% 12,41% 87,41 % 0,17%
K;aatinga

3,20% 22,36 % 17,21% 0,01 % 57,19%
Desempenho medic (DM): 69,1 %
Confusao media (CM) : 30,9 %

0 modulo de correlacao e tambem bem distinto
nesse caso. No caso da soja, diminuiu a confusao com



a classe restolho, mas amnentou em relacao a classe
caatinga. Este rcsultado podc scr cxplicado pelas
medias dessas classes em se tratando do atributo
modulo do cocficiente de correlacao complexa (ver
Tabela VI), neste caso as medias da classc soja
(µ=0,2556) e da classe restolho (µ=0,6239)
diferenciaram-sc bem, ao contrario do caso anterior.
A classe restolho diminuiu o desempcnho em 5% e
aumentou a confusao com a classe solo preparado em
I0%. A classe caatinga manteve o mesmo indice de
dcsempenho, melhorou a confusao com a classe milho
e piorou em relacao a classe rcstolho. Apesar de
alguns resultados isolados nao serem satisfatorios, o
uso da combinacao do dado polarimetrico nestc caso,
mclhorou a classificacao de uma maneira geral, scm o
uso do canal HV.

Tabela VI- Media e dcsvio padrao
Atributos Modulo e angulo do

ficiente de correlacao comol-- ..- -- - - - --- - -----
milho soja restolho solo caatinga

[preparado
Modulo u 0,4590 0,2556 0,6239 0,7897 0,3126

a 0.1397 0,1313 0,1359 0,0823 0,1431
Angulo u -1.6939 -0,4557 0,1430 0,1608 -.0074

a 0.5418 1,3094 0,2523 0,1351 0,8240

0 uso conjunto das bandas usadas nas duas
classificacoes mencionadas anteriormente, mclhora o
dcsempcnho da classificacao, para todas as classes,
como pode ser visto na Tabela VII. A melhora c de
18,I'%em relacao a primeira classificacao c de I0,4%
em relacao a segunda.

Tabela VII - Matriz de classificacao
Atributos :Amplitude HH, HV, VV +
Modulo e angulo do coeficicntc de
correlacao complexa

\areas jmilho ~oja
lclasses', preparado

lrestolho lsolo lcaatinga

milho
87.15% 110,09% I0,46% 10.00% 2,27%

7,59% 166,19% 15,66% 10.11 % 20,43 %
estolho

0,20% 12,46% 183,51 % 112,28% ll,53%
olo
r arado 0,05 % 0,00 % 7,42 % 92,47 % 0,05 %

lcaatmga
2,32 % I22,45 % I4,38 % Io.oo % 70,82%

Dcsempcnho medio : 79,5 %
Confusao media: 20,5 %

0 desempenho individual da classe milho
mantcvc o mesmo indice da segunda classificacao,
cnquanto as classes de soja e restolho mclhoraram cm
torno de 20% e as classes solo preparado c caatinga
cm 5% c 13% respcctivamente. A confusao da classc
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soja com a classe caatinga manteve o mesmo indice
obscrvado na primeira classificacao,

6.2 Distancias entre distribuiefies

No caso da comparacao das distancias entre
distribuicoes foi analisado cada procedimento
realizado nas classificacoes anteriores. A Tabela VIII
mostra as distancias JM minima e media da analise
de cada procedimento em scparado. Os resultados
desta analise confinnam os resultados obtidos
antcriormentc.

Tabela VIII - Distancia JM minima e media
Amplitude Modulo e Amplitude
HH, HY, angulo coef HH,HV,VV
VY cor. comp! Modulo e angulo do

coef.correl.comp!
!JMmin 0,364460 0,568256 0,673633
!JMmed 0,895871 1,06852 1,31420

Como forma adicional de medir a importancia
dos diversos atributos aqui usados, usou-se a distancia
JM para escolher 3 canais cntre 5 do conjunto
completo. A Tabela IX apresenta todas as
combinacoes possiveis de 3 canais considerando-se
todas as classes dcfinidas.

Tabela IX - Distancia JM minima e media das 5
bandas cm combinacoes 3 a 3

JM min JMmed
l Bl/B2/B3 0,60 l,12
2 Bl/B2/B4 0,57 1,16
3 Bl/B2/B5 0,57 1,13
4 Bl/B3/B4 0,63 1,18
5 Bl/B3/B5 0,59 1,20
6 Bl/B4/B5 0,57 1,19
7 B2/B3/B4 0,33 0,74
8 B2/B3/B5 0,24 0,75
9 B2/B4/B5 0,17 0,79
10 B3/B4/B5 0,36 0,89
BI - Angulo do cocficiente de correlacao complexa
B2 - Modulo do coeficiente de correlacao complexa
83 - Amplitude HH
B4 - Amplitude HY
BS - Amplitude VV

Os mclhores descmpenhos siio das combinacoes
do angulo do cocficientc de correlacao complexa com
pares de amplitude HH e HV, HH e VV e HV c VV
(selecoes 4, 5 e 6). Foram realizadas classificacoes
usando csses tres conjuntos de atributos e os
resultados sao mostrados na Tabela X, assim como os
resultados das classificacoes realizadas anteriormentc.
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Tabela X-D nh 'dio das classifi------.- ----- ----

Atributos Desempenho
medio

Amplitude HI-I,HV, VV 61,4%
Modulo e angulo do coeficiente
de correlacao complexa 69,1 %
Amplitude HI-I,HV, VV +
Modulo e angulo do coeficiente 79,5 %
de correlacao complexa
Angulo do coeficiente
de correlacao complexa 67,6 %
Amplitude HI-I,VV
Angulo do coeficiente
de correlacao complexa 71,l %
Amplitude HI-I,HV
Angulo do coeficiente
de correlacao complexa 73,7 %
Amplitude HV, VV

7. Cenclusoes

A principal conclusao que se pode derivar destes
resultados e que a informacao de fase (entre HI-I e
VV) e importante e nao deve ser descartada em
classificacoes utilizando-se dados polarimetricos
complexos. Esta conclusao e reforcada ao se verificar
que na tabela X todas as combinacoes com fase
mostraram JM medias consistentemente maior que as
sem fase.

0 canal correlacao tambem pode fornecer
separabilidade para diversos casos, basta observar o
que foi explicado na secao 6.1 com respeito as classes
soja e restolho.

0 presente trabalho vai continuar testando
outros atributos e procurando estabelecer necessarias
ligacoes com as propriedades estruturais das diversas
classes de vegetacao ou culturas.
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RESUMO

A textura e uma importante caractcristica utilizada na
interpretacao visual de imagens. Dcssa forma, sua
utilizacao pode mclhorar o dcsempcnho de
classificadorcs digitais, principalmcntc em imagcns
com alta resolucao espacial. Muitas medidas de textura
podem ser encontradas na literatura mas, no entanto,
nao ha um consenso na dcfinicao dcste tcrmo, ncm
tampouco uma formulacao matematica (mica e prccisa.
A escolha das medidas de textura a serem utilizadas
numa determinada analise c feita quase sempre de
forma empirica. Este trabalho vem aprcscntar uma
metodologia de selecao de mcdidas de tcxtura bascada
na maximizacao da discriminacao de classes de uso em
imagens SAR. Foram utilizadas imagcns provenicntcs
da missao SIR-C/X-SAR, bandas L c C, polarizacoes
HH, HY e VV, de abril de 1994 sobrc o Pcrimctro
Irrigado de Bebedouro, Pctrolina - PE, Brasil. Foram
analisadas um total de H mcdidas de tcxtura de
primcira e segunda ordcm. Os resultados mostraram
que classificacoes bascadas apenas na media tonal
obtivcram valores de kappa pouco acima de 0,50. 0 uso
de medidas de textura resultaram numa melhoria da
classificacao, obtendo-sc valores de kappa superiorcs a
0,90 quando 15 mcdidas foram utilizadas
simultaneamente, considerando uma analise conjunta
de todas as bandas e polarizacoes. Mesmo quando
apcnas uma imagem (uma banda, uma polarizacao) foi
utilizada, conseguiu-sc. cm geral, valores de kappa
superiorcs a 0,85 com a utilizacao de mais de 20
medidas de tcxtura. Os rcsultados comprovaram quc a
inforrnacao textural prcscntc em imagcns de radar
podem ajudar na discriminacao de classes de uso de
solo.

1.INTRODU(:AO

A textura e uma importante caractcristica utilizada na
interprctacao visual de imagens e por csta razao, o uso
de medidas de tcxtura pode aumentar o desempenho de
classificadores digitais, principalmcnte em imagcns
com alta resolucao cspacial. No entanto, a tcxtura de
uma imagem c muito dificil de ser quantificada. uma

vez que nao ha um conscnso na definicao deste termo,
nem tampouco uma formulacao matematica precisa. Ao
contrario da informacao espectral, que descreve a
variacao do nivel de cinza de um pixel, a textura
contem informacoes sobrc a distribuicao espacial dos
niveis de cinza de uma regiao da imagcm (Ulaby et al.,
1986; Marceau et al., 1989).

Muitos autorcs tern tentado quantificar a textura.
Metodos de analise de tcxtura tern sido desenvolvidos
usando-se padroes de frcquencia (Chen, 1990),
estatisticas de primcira ordem (Hsu, 1978; Irons e
Petersen, 1981) e cstatisticas de segunda ordcm
(Haralick et al., 1973; Welch ct al., 1990).

0 objctivo gcral destc trabalho e avaliar 0 dcsempcnho
de mcdidas de tcxtura na discriminacao de alvos
agricolas utilizando-sc imagcns de radar. Para tanto,
serao utilizados dois metodos de selecao que
maximizam a discriminacao obtidas a partir da missao
SIR-C/X-SAR.

2. MEDIDAS DE TEXTURA

Entre as medidas mais utilizadas, dcstacam-se aquclas
baseadas na matriz de co-ocorrencia (Haralick et al.,
1973). Cada elemcnto P(i ,Jh~.Ay da matriz de co-

ocorrcncia rcpresenta a frequencia com quc dois pixels
vizinhos (separados por uma distancia de fu- colunas e
fly linhas) ocorrem na imagem, um com o nivel de
cinza i c o outro com o nivcl de cinza j. A principal
desvantagem no uso de mcdidas tcxturais bascadas na
matriz de co-ocorrcncia c a grandc cxigencia cm
memoria e tempo computacional. Como alternativa,
podc-sc trabalhar com vctores soma e diferenca de
nivcis de cinza (Wcszka ct al., 1976; Unser, 1986;
Welch ct al., 1990). Neste trabalho estao scndo
avaliadas as seguintes mcdidas de Haralick:
uniformidadc (encrgia), entropia, contraste,
homogcneidade, corrclacao, chi-quadrado, media do
velor soma, variancia do vctor soma, uniformidadc do
vetor soma, entropia do velor soma, media do vctor
difercnca, variancia do velor diferenca, uniformidadc
do velor difercnca e cntropia do vctor difercnca.
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Alem das medidas baseadas na matriz de co-ocorrencia,
outra medida de segunda ordem que reflete, de certo
modo, a textura de uma imagem, e a autocorrelacao
espacial que indica a relacao espacial existente entre os
pixels desta imagem. Neste trabalho, estao sendo
testadas as autocorrelacoes de lag (0,1), (1,Q) e (1,1).

Outros metodos utilizados para caracterizar a textura de
imagens baseiam-se em parametros estatisticos de
primeira ordem, ou seja, que nao Ievam em
consideracao a distribuicao espacial dos niveis de cinza
de uma regiao da imagem. As medidas de primeira
ordem analisadas neste estudo sao: variancia,
coeficiente de variacao, assimetria, assimetria da media
em relacao a mediana e curtose.

Estas medidas de textura, assim como as baseadas em
estatisticas de segunda ordem, nao sao especificas para
imagens de radar, uma vez que nao consideram
nenhum modelo matematico que explique a variacao
encontrada na imagem. Yanasse et al. (1993 ),
estudando as propriedades estatisticas de imagens SAR,
testaram diversas distribuicoes (K amplitude multilook,
gamma, raiz da gamma, log-normal, entre outras) para
determinar aquelas para as quais seus dados mostraram
melhor ajuste. Analisando as estimativas dos
parametros de algumas distribuicoes, concluiram que
estas poderiam ser utilizadas para discriminar areas de
floresta e nao floresta. Particularmente, o parametro a
da distribuicao K amplitude multilook parece expressar
a variacao de textura entre estas duas classes e desta
forma pode tambem ser usado como uma medida de
textura. Altos valores de a sao indicativos de
homogeneidade. Duas
avaliadas, uma baseada
multilook e outra na
multilook.

estimativas estao sendo
na distribuicao K amplitude
distribuicao K intensidade

3. MATERIAL E METODOS

A area de estudo compreende o Projeto de Irrigacao de
Bebedouro (PIB) localizado na regiao do Sub-medio
Sao Francisco (9°07'S, 40°18'WGr), Petrolina,
Pernambuco, Brasil. 0 PIB constitui um mosaico de
culturas anuais e perenes com propriedades de 5 a 12
ha (Soares et al., 1988).

Neste trabalho, foram analisadas as imagens referentes
a 2 passagens do SIR-C obtidas durante o primeiro
experimento (abril de 1994). A Tabela 1 resume as
principais caracteristicas destas imagens. GRl e GR2
sao imagens ground range e SR slant range.

Inicialmente, as imagens SR sofreram um
processamento multilook a fim de reduzir o speckle e
obter elementos de resolucao correspondentes a cada
pixel da imagem mais ou menos quadrados (12,57 x
13,32 m). Cada conjunto e composto por 6 imagens

amplitude discretizadas em 256 niveis de cinza (bandas
Le C, polarizacoes HH, HY e VY).

Tabela 1 - Caracteristicas das imagens SAR

GRl GR2 SR
Data 09/04/94 13/04/94 13/04/94
Bandas LeC LeC LeC
Polarizacoes HH, HVe HH, HVe HH, HVe

VY VY VY
Projecao Ground Ground Slant

Range Range Range
Ang. de incid. 47,77° 37,97° 37,97°
Esp. na linha 12,5 m 12,5 Ill 4,19 m
Esp. na coluna 12,5 111 12,5 m 13,32 m
Altitude 220,37 km 219,38 km 219,38 km

Simultaneamente ao imageamento feito pelo SIR-C/X­
SAR, foi realizado o trabalho de campo visando o
levantamento do uso da terra, utilizado como verdade
terrestre. Uma legenda foi definida levando-se em
consideracao a area, a distribuicao e a importancia de
cada classe de uso. Dessa forma, foram definidas 7
classes de uso: uva, melao/melancia, tomate, solo
preparado, pasto limpo, pasto sujo/pousio e manga.

Para cada propriedade, foi obtido um overlay (tendo o
mapa topografico do PIB como base), que
posteriormente, foi digitalizado e registrado as
imagens. Este procedimento garantiu que nenhuma
distorcao nos niveis de cinza fosse gerada, conservando
as imagens em seu formato original.

Em seguida, para cada amostra de cada imagem foram
determinadas 25 medidas (14 medidas de Haralick; 3
autocorrelacoes espaciais; 5 medidas baseadas em
estatisticas de primeira ordem; 2 estimadores de a; e a
media), totalizando 150 medidas para cada conjunto de
imagens analisadas. A Tabela 2 apresenta a relacao de
todas as medidas testadas, assim como a abreviatura
adotada para cada uma destas medidas.

A utilizacao de todas as medidas texturais na
caracterizacao de um alvo c impraticavel e
desnecessaria uma vez que a demanda computacional
para a extracao destas informacoes seria extremamente
elevada.

0 desempenho de um conjunto de variaveis pode ser
avaliado, por exemplo, atraves da classificacao de
amostras. Um conjunto otirno de variaveis seria aquele
que classificasse todas as amostras corretamente.
Comumente empregam-se medidas de divergencia
(distancias) ou de similaridade no processo de
classificacao.

Entre as diversas medidas de distancia encontradas na
literatura, a de uso mais geral (por nao considerar
qualquer forma especifica para a distribuicao das
variaveis) ea distancia euclidiana.



Quando as variaveis sao normalmente distribuidas,
pode-se utilizar a distancia de Mahalanobis ao inves da
euclidiana. 0 uso da distancia de Mahalanobis na
classificacao normalmente traz melhores resultados
pois esta avalia nao somente a media, mas tambem a
variancia e a covariancia entre as variaveis envolvidas.

Tabela 2 - Variaveis analisadas

Abreviatura Nome da variavel
con
cor
chi
ent
hom
uni

contraste
correlacao
chiquadrado
entropia
homogeneidade
uniformidade
media do vetor soma
variancia do vetor soma
uniformidade do vetor soma
entropia do vetor soma
media do vetor diferenca
variancia do vetor diferenca
uniformidade do vetor diferenca
entropia do vetor diferenca
autocorrelacao espacial lag 0, I
autocorrelacao espacial lag l,O
autocorrelacao espacial lag l, 1
variancia
coeficiente de variacao
assimetria

lllVS

VVS

uni vs
entvs
mvd
vvd
univd
entvd
autOJ
autJO
autl 1
v
CV

ass
assm assimetria da media em relacao a

mediana
cur curtose
a/faa a estimado pela K amplitude multi look
a/fai a estimado pela K intensidade multi look
m media

Caso se conheca a verdadeira classe a que pertence
cada amostra, pode-se construir uma matriz que
relaciona as classes as quais foram atribuidas as
amostras com a verdadeira classe a que pertence cada
amostra. Esta matriz e conhecida como matriz de
confusao ou matriz de erro. Os elemcntos da diagonal
desta matriz representam as amostras corretamente
classificadas.

Usualmente, uma classificacao e avaliada pela
proporcao de amostras corretamente classificadas,
denominada precisao total, que corresponde a razao
entre a soma da diagonal da matriz de confusao
(amostras corretamente classificadas) e a soma de todos
os elementos desta matriz (numero de amostras
classificadas). Como alternativa, pode-se avaliar uma
classificacao atraves do coeficiente kappa (Rosenfield e
Fitzpatrick-Lins, 1986; Hudson e Ramm, 1987; Foody,
1992). Este coeficiente tem a vantagem de levar em
consideracao todos os elementos da matriz de confusao
e nao somente os elementos da diagonal.
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0 kappa assume valores menores ou iguais a 1,
podendo inclusive assumir valores negativos. Quando
todas as amostras sac corretamente classificadas, o
coeficiente kappa possui valor 1. Valores de kappa
pequenos indicam que a classificacao nao obteve bans
resultados (Landis e Koch, 1977).

Devido as imagens GRl, GR2 e SR nao serem co­
registradas, fez-se uma analise e selecao de medidas
para cada conjunto de imagens separadamente. Dessa
forma, o procedimento e descrito apenas uma vez, mas
e valido para qualquer um dos 3 produtos utilizados.

Cada conjunto e composto por 6 imagens: 2 bandas e 3
polarizacoes. Para cada imagem, foram determinadas
25 medidas (14 medidas de Haralick, 3 autocorrelacoes
espaciais, 5 medidas baseadas em estatisticas de
primeira ordem, 2 estimadores de a, e a media),
resultando em 150 variaveis para cada conjunto de
imagens analisado. Como as variaveis apresentam
diferentes grandezas, procedeu-se a padronizacao das
mesmas, ou seja, para cada valor foi subtraida a media
e o resultado dividido pelo desvio padrao. Desta forma,
todas as variaveis passaram a possuir media nula e
variancia unitaria,

Primeiramente, o poder discriminante de cada variavel
foi determinado adotando-se o coeficiente kappa obtido
a partir da classificacao das amostras de acordo com
cada variavel. A variavel com maior kappa individual
foi a primeira a ser selecionada. Em seguida, buscou-se,
entre as 149 restantes, a variavel que juntamente com a
primeira selecionada apresentou maior kappa.
Selecionadas as duas variaveis, procurou-se entre as
demais, a que, juntamente com as duas primeiras,
apresentou maior kappa. Este processo foi repetido ate
que um coeficiente kappa igual ou superior a 0,90 foi
encontrado. E importante salientar que apos a
introducao de uma nova variavel, combinacoes entre as
ja selecionadas eram testadas a fim de verificar se
alguma destas variaveis poderia ser eliminada sem, no
entanto, diminuir o valor do kappa.

Pode-se observar que, por esta metodologia, um grande
numero de combinacoes deve ser testado ate que se
selecione o melhor conjunto de variaveis, sem a
garantia de que esta combinacao seja a melhor selecao
a utilizar.

Como o poder discriminante de uma variavel depende
do modo coma os seus valores se distribuem nas
diferentes classes analisadas, e possivel supor que
variaveis com alta variancia entre grupos possuam
maiores taxas de acerto e portanto maiores valores de
kappa. A variancia entre grupos e definida por

i
VARentre=

N
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onde x; e a media da variavel para a classe i, n; e o
numero de amostras que compoem a classe i, x e a
media geral da variavel e N e o numero total de
amostras. Como todas as variaveis foram padronizadas,
a media x e nula e portanto a variancia entre grupos
reduz-se a

VAR - --"-; _
entre- N

Com base na variancia entre grupos, pode-se promover
uma pre-selecao de modo a reduzir o numero de
variaveis testadas. Numa primeira etapa, ordenaram-se
as variaveis de acordo com a variancia entre grupos
apresentada por cada uma delas. A selecao iniciou-se
pela variavel com maior variancia entre grupos. A cada
variavel selecionada, foram reclassificadas as amostras
e determinado o coeficiente kappa. A selecao foi
encerrada quando um kappa igual a l foi obtido. Em
seguida, procedeu-se a selecao das variaveis do mesmo
modo que ja havia sido proposto, com a vantagem de
nao ser necessario testar todas as 150variaveis.

4. RESULTADOS E DISCUSSAO

Apesar de algumas variaveis nao poderem ser
consideradas como sendo normalmente distribuidas,
adotou-se a distancia de Mahalanobis como regra de
decisao no processo de classificacao, uma vez que testes
preliminares indicaram que o uso da distancia
euclidiana apresentava resultados muito inferiores aos
da distancia de Mahalanobis.

0 pr6ximo passo foi realizar a selecao das variaveis que
melhor discriminaram as classes de uso estudadas. Os
dois metodos foram entao testados. 0 primeiro metodo
selecionou as variaveis de acordo com o coeficiente
kappa obtido a partir da classificacao das amostras. 0
segundo metodo fez uma pre-selecao das variaveis,
selecionando aquelas que apresentaram alta variancia
entre grupos. Esta pre-selecao reduziu para cerca de um
terco o numero de variaveis analisadas (64 para GRl,
55 para GR2 e 54 para SR). A classificacao,
considerando todas estas variaveis pre-selecionadas,
apresentou kappa igual a 1. A selecao propriamente
dita foi feita do mesmo modo que para o primeiro
metodo,

A Figura 1 apresenta uma comparacao entre os
metodos adotados para selecao das variaveis. 0
desempenho de cada conjunto de variaveis selecionadas
e avaliado pelo kappa correspondente a classificacao
das amostras segundo estas variaveis. Ambos os
metodos sao comparados com 0 desempenho de
classificacao quando somente as medias tonais sao
consideradas. Pode-se notar que, em alguns casos,
quando um pequeno numero de variaveis e selecionado,

as medias apresentam melhor desempenho. No entanto,
como cada conjunto de imagens e composto por apenas
6 imagens, tem-se, no maxirno, 6 medias selecionadas
(1 media para cada amostra de cada imagem)
resultando num kappa maximo de pouco mais que 0,5.
Este kappa indica uma classificacao cuja precisao pode
ser considerada apenas moderada (Landis e Koch,
1977). Quando medidas de textura sao avaliadas, pode­
se chegar a valores de kappa superiores a 0,90 para os
casos em que se consideram mais do que 15 medidas
simultaneamente.
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Os dois metodos de selecao apresentaram desempenho
muito semelhante, com ligeira vantagem para o
segundo metodo nas imagens slant range (SR). E
importante salientar que as variaveis selecionadas por
cada um dos metodos nao sao necessariamente as
mesmas. De acordo com estes resultados, pode-se
eleger o segundo metodo como o melhor uma vez que
este compara um numero menor de variaveis, sendo
cerca de 3 vezes mais rapido que o primeiro metodo. A



partir daqui, os comentarios serao feitos considerando
apenas OS resultados obtidos pelo metodo 2.

A Figura 2 mostra a relacao existente entre a variancia
entre grupos e o kappa de cada uma das variaveis.
Tambem e indicado, nestas figuras, o valor minimo de
variancia entre grupos apresentado pelas variaveis pre­
selecionadas. A classificacao feita utilizando-se todas
estas variaveis pre-selecionadas apresentou kappa igual
a 1. Note que grande parte das variaveis e descartada
nesta fase. Os maiores valores de kappa e variancia
entre grupos individuais sao provenientes de imagens
da banda L. Isto demonstra que pela textura (e tambem
a media) desta banda consegue-se scparar mclhor as
classes de uso estudadas.
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Fig. 2 - Relacao entre variancia entrc grupos e o kappa

individual.

Por outro lado, quando apenas as variaveis sclccionadas
sao mostradas (Figura 3), pode-se observar quc o
melhor conjunto de variaveis selecionado nao
corrcsponde as variaveis com maior kappa
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individual,dai o motivo pelo qua!, na fase de pre­
selecao, nao se deve fazer o descarte de um grande
numero de variaveis.
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Fig. 3 - Kappa e variancia entre grupos das variaveis
selecionadas.

Todas as imagens contribuiram com pelo menos 1
variavcl (com excecao da imagem CVV do produto
GR2), sendo que as imagens da banda L, de modo
geral, foram as que tiveram o maior numero de
variaveis selecionadas. Para o produto GRl, a maior
contribuicao textural foi dada pela polarizacao VY,
enquanto que csta mcsma polarizacao para os produtos
GR2 e SR foi a que mcnos contribuiu.

A Tabela 3 aprcscnta a relacao das variaveis
selecionadas por produto. Pode-se obscrvar que, para as
classes de uso analisadas, a media foi uma medida
muito importante na discriminacao, sendo que quase
todas as imagcns estao reprcscntadas pela sua media.
Cada produto tem um conjunto distinto de variaveis



176

selecionadas, mas, no entanto, ha algumas variaveis
altamente correlacionadas: m e mvs, entvd e mvd, univd
e chi, cone m, vvs e v, entre outras.

Tabela 3 - variaveis selecionadas
GRl GR2 SR

chiLHH corLHH conLHH
entvsLHV chiLHH homLHH
entvdLHV mLHH mvsLHH
mLHV assmLHH curLHH
vLHV curLHH mvsLHV
conLVV conLHV assLHV
chiLVV vvsLHV mvsLVV
homLVV mvdLHV vvdLVV
cvLVV mvsLVV vvdCHH
mCHH univdLVV univdCHV
mvsCHV mLVV mCHV
mvsCVV mvsCHH cvCHV
univdCVV mCHH mvsCVV
entvdCVV mvsCHV
cvCVV assmCHV

A fim de verificar se os diferentes conjuntos de
variaveis selecionadas possuem uma relacao implicita,
procedeu-se a classificacao de cada produto utilizando­
se todos os 3 conjuntos de variaveis selecionadas. 0
resultado desta classificacao, apresentado na Tabela 4,
mostra que, de modo geral, um conjunto de variaveis
selecionado a partir de um dos produtos pode ser
utilizado para classificar outro produto com
caracteristicas distintas e, ainda assim, conseguir um
born resultado. Segundo Landis e Kock (1977), valores
de kappa entre 0,61 e 0,80 correspondem a uma boa
precisao na classificacao.

Tabela 4 - Classificacao dos produtos utilizando os tres
conjuntos de variaveis selecionadas

kaooa
GRl GR2 SR

variaveis de GRl 0,91 0,81 0,80
variaveis de GR2 0,82 0,91 0,85
variaveis de SR 0,75 0,82 0,90

Ate aqui, considerou-se uma analise conjunta de
imagens de 2 bandas e 3 polarizacoes. No entanto, na
pratica raramente se dispoe de dados SAR
multipolarimetricos e em mais que uma banda. Dessa
forma, procedeu-se a uma analise de cada imagem
separadamente. E importante observar que, agora, ha
no maximo 25 medidas de textura para cada imagem.
A Figura 4 mostra o desempenho apresentado por cada
imagem quando um determinado numero de variaveis e
selecionado. Os resultados mostram que mesmo
utilizando-se uma imagem de uma banda e polarizacao,
as medidas de textura conseguem discriminar as classes
de uso estudadas, conseguindo valores de kappa

superiores a 0,85, independentemente da frequencia e
polarizacao utilizada.
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5. CONCLUSAO

Os resultados deste trabalho comprovaram que as
medidas de textura melhoram significativamente a
precisao da classificacao de imagens SAR. No entanto,
nao ha um conjunto destas medidas que se possa
generalizar como sendo ideal para estudos de
discriminacao de alvos agricolas. Foi mostrado que,
pelo menos para o caso estudado, as caracteristicas
pr6prias de cada produto testado (projecao e angulo de
incidencia) pouco influenciaram na selecao das
medidas de texturas, uma vez que um conjunto
selecionado para um determinado produto pode ser



aplicado, com resultados muito bons, nos demais
produtos.

A utilizacao de medidas de tcxtura em imagens
adquiridas em uma frcqucncia e polarizacao trouxc
resultados surpreendentes. Neste tipo de imagem, que
caracteristicamente apresenta baixos indices de acerto
quando sao utilizados classificadores baseados apenas
na informacao tonal, pode-se observar, em alguns
casos, valores de kappa superiores a 0, 90.

Ficou evidente que tambcm a informacao tonal foi
muito importante para a discriminacao das classes de
uso, visto que, praticamente em todos os casos, houve a
selecao das medias (OU outras variaveis altamente
correlacionadas a estas) de todas as imagens testadas.
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ABSTRACT

The objective of this paper is to present an integrated sys­
tem for Synthetic Aperture Radar (SAR) data processing,
classification and analysis, based on the statistical prop­
erties of SAR data. The classification is performed using
the Maximum Likelihood (Max Ver) classifier and the Iter­
ated Conditional Modes (ICM) contextual classifier. The
system showed to be very efficient for the classification of
images from two different sensors. The classification re­
sults indicate that a more precise classification is achieved
using the distributions which are suitable for SAR data,
when compared with classical methods that use Gaussian
distributions. It is also shown that the ICM classifications
present results that are usually twice higher than those
obtained using the MaxVer method.

Keywords: classification; SAR; statistical modelling.

1. INTRODU<;;AO

Corn o advento de novas sensores, podc-se dispor cada
vez rnais de um grande volume de irnagens de sensoria­
ment.o rernoto. Torna-se, portanto, necessario processar­
se irnagens de forma rapida, e obt.er-se de maneira pre­
cisa a inform acao procurada. Uma <las t.ecnicas mais
uteis no processamento de imagens e a da classificacao
au t.omatica. Ela permite autornat.iz ar tarefas associadas
a intcrprct.acao visual de imagcns, diminuindo assim 0

tempo entre a aquisicao dos dados e a sua an alise, criando
urn referencial isento <las subjetividades dos interpret.es
humanos.

Embora existam varias tecnicas de classificacao au­
tom at.ica de imagens, poucas delas sao adequadas para OS

problemas particulares que apresentam as imagens SAR.
A grande maioria dos procedimentos para a an alise e clas­
sificacao de irnagens disponiveis em sistemas comerciais
se baseia na hip6tese dos dados serem normalmente dis­
t.ribuidos, hip6tese esta rarament.e observada nas imagens

SAR. As propriedades estatisticas <las imagens SAR de­
pendem de paramef.ros dos sistem a imageador (compri­
mento de onda, polarizacao, angulo de incidencia, ntimero
de visadas, tipo de deteccao, etc.), como tambern de
parametros do alvo a ser imageado.

Verifica-se, assim , a necessidade de se desenvolver
t.ecnicas e procedimentos estatfsticos espedficos para a
analise c classificacao de imagens SAR, e de que OS mes­
rnos sejam disponibilizados em um sistema amigavel para
OS usuarios de imagens SAR. Tai sistema deve ser capaz
de perrnitir ao usuario:

• escolher e gerenciar arnostras;

• analisa-las estatisticamente;

• poder est abelecer , para cada alvo, aquelas pro­
priedades estatisticas que mais se adequam a ele;

• dispor de algoritmos de classificacao autornatica
de Iacil utiliz acao baseados nessas propriedades es­
tatisticas;

• poder avaliar a qualidade destas classificacoes.

Recentemcntc foi dcscnvolvido no INPE um sistem a para
a classificacao e analise de imagens SAR, baseado em pro­
priedades estatfsticas espedficas para este tipo de irna­
gens (Vieira 1996]. 0 objef.ivo deste trabalho e apresen­
tar os conceitos basicos em que se baseia este sistema, e
mostrar alguns resultados obtidos para imagens SAR de
dois diferentes sensores. Este sistema est a irnplernentado
em linguagem IDL e, a principio, perrnite que se t.rabalhe
corn irnagens em amplitude de urna iinica banda. Os clas­
sificadores forarn implement.ados na estrutura de urn sis­
tema baseado em interfaces graficas que, alern de possuir
as oper acoes auxiliares para se executar as tarefas de clas­
sificacao, perrnite a incorporacao de novas ferrarnentas.

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
24 December 1996 (ESASP-407,March 1997)



180

2. MODELOS ESTATISTICOS PARA DADOS SAR

0 modelo multiplicativo e comumente adotado para a
explicacao do comportamento estatistico de dados obti­
dos com radiacao coerente, como e o caso das imagens
SAR. Este modelo supoe que o valor observado em ca­
da pixel e a ocorrencia de uma variavel aleatoria z =
X · Y, onde X representa a variavel aleatoria referen­
te ao retroespalhamento do pulso incidente na superficie
terreste (backscatter), e Y representa a variavel aleat6ria
referente ao ruido associado a radiacao coerente (speckle).

Diferentes distribuicoes para X e Y acarretam diferentes
distribuicoes para a variavel aleatoria Z.

Em recente publicacao [Frery et al. 1996], foi proposto o
uso da distribuicao Raiz Quadrada da Gaussiana Inversa
Generalizada para a modelagem do backscatter (X) para
dados em amplitude. Diz-se que a variavel aleatoria X
possui uma distribuicao Raiz Quadrada da Gaussiana In­
versa Generalizada, com parametros a, / e A, denotada
por X ,....,N-112(a, /,A), se a sua densidade for dada
por:

(A/ v"fx(x)= I 2a-1 (I )Ka (2-/kr) x exp - x2 - AX2 'x > 0,

onde Ka denota a funcao de Bessel modificada de terceiro
tipo e ordem O:'. 0 espai;o de parametros e dado por:

{
I> 0,
I> 0,
I 2: 0,

if O:' < 0
if O:' = 0
if O:' > 0

(1)

As propriedades estatisticas do speckle sao hem co­
nhecidas e reportadas na literatura [Frery et al. 1996;
Goodman 1982]. Para dados em amplitude supoe-se
que o ruido speckle (Y) possua uma distribuicao Raiz
Quadrada da Gama com pararnetro n, denotada por
y,...., r112(n, n), onde n e 0 mimero equivalente de visa­
das. Neste caso, a densidade de Y e dada por:

2nn 2n-1 2
fy(y) = r(n)y exp(-ny ), y,n > 0.

Pode-se provar [Frery et al. 1996] que se X
N-112(a, 1,A) e y ,....,r112(n, n), entao Z = X · Y
possui uma distribuicao denominada G-Amplitude com
parametros a,/, A, n, denotada por 9A(a, /,A, n), cuja
densidade e caracterizada por:

fz(x) 2nn (A/rt/2 x2n-1 (' + nx2) a;n
r(n)Ka (2-/kY) A

Ka-n(2JA(1+nx2)), xEIR, (2)

e 0 espaco de parametros e dado em (1).

Seus momentos de ordem r sao dados por:

E(zr) = (_y_)r/4 Ka+r/2 (2y';yx) f(n + r/2)
n2A Ka (2y';yx) I'(n) .

A distribuicao 9A possui como casos especiais as
seguintes distribuicoes:

1. a distribuicao /(,A (a, A, n), quando / -+ 0 com
a, A> 0, cuja densidade e dada por:

f ( )= 4Anx (' 2)(a+n)/2-1.
Z X f(a)f(n) AnX

·Ka-n (2xJ:G) , a, A, n, x > O; (3)

2. a distribuicao 91(a,/, n), quando A -+ 0 com
-a,r > 0, cuja densidade e dada por:

2nnr(n - a)r-ax2n-l
I'(n)f(-a )(I+ nx2)n-a'

-a,1,n,x > 0. (4)

3. a distribuicao r112, que tanto pode vir de (3),
quando a, A -+ oo, com a/ A -+ /31, quanto de (4),
quando -0:',/-+ oo, com -a/1-+ /32.

Tem-se observado [Frery et al. 1996], que a distribuicao
91 modela hem dados provenientes de areas extrema­
mente heterogeneas (como e 0 caso de areas urbanas),
enquanto que as distribuicoes /(,A e f1/2 sao utilizadas
para a modelagem de areas heterogeneas (floresta, por
exemplo) e homogeneas (solo exposto, pastagem, culturas
agrfcolas, etc), respectivamente. 0 grau de homogenei­
dade esta associado, entre outros fatores, aos parametros
do sensor.

As relacoes acima mencionadas podem ser resumidas na
Figura 1.

Alern destas distribuicoes existem outras que, embora nao
decorrentes do modelo multiplicativo, ajustam-se hem aos
dados SAR [Vieira 1996; Vanasse et al. 1993]. Como e­
xemplos pode-se citar as distribuicoes Log-Normal, Beta
e Weibull.

0 sistema acima mencionado permite que se defina, para
cada classe da imagem, a distribuicao que mais se ade­
que aos dados dela provenientes. Para auxiliar o usuario
nesta escolha, 0 sistema dispoe do teste de aderencia x2.
A estimacao dos parametros das distribuicoes e efetua­
da utilizando-se, sempre que possivel, os estimadores de
Maxima Verossimilhanca ou os estimadores obtidos pelo
Metodo dos Momentos, quando os primeiros forem de
dificil implementacao.

A Figura 2 mostra a saida que o sistema fornece como
resultado do teste x2 para 0 ajuste de uma distribuicao
a um conjunto de dados.

3. CLASSIFICAQAO POR MAXIMA
VEROSSIMILHAN QA

A classificacao por Maxima Verossimilhanca (MaxVer)
e uma das tecnicas de classificacao supervisionada co­
mumente utilizada em dados de Sensoriamento Remoto
[Richards 1986]. Os principais passos para efetuar esta
classificacao sao:

• decidir, entre os possiveis conjuntos de classes da
cobertura terrestre, aquele que ser a utilizado para
particionar a imagem a ser classificada;
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Figura 1: Sumario <las relacoes entre as distribuicoes decorrentes do rnodelo multiplicat.ivo para dados em forrnato de
amplitude.

50 100 150

Figura 2: Said a grafica do result.ado do teste x2.

• associar urna distribuicao a cada classe;

• selecionar e retirar amostras de regioes representati­
vas de cada classe na irnagern;

• estirnar os par amet ros das distribuicoes associadas a
cada classe:

• opcionalmem.c, pode-se testar o ajuste das distribui­
coes associadas a cada classe:

• classificar a irnagern, atribuincio cada po:c! da ima­
gern a classe corn rnaior verossimilhanca.

A Figura 3 ilustr a urna interface do sistern a, at.ivad a
quando a classificacao por Maxima Verossimilhanca f.. ete-

Figura S: Melhores dcnsidades para a rnodelagern das
classes.

tuada. Esta interface perrnite visualizar as Iuncoes den­
sidade de probabilidade <las distribuicoes associadas as
classes escolhidas. Na secao 6. sao mostrados result.ados
de classificacoes MaxVer para duas imagens SAR.

4. CLASSIFICA<;;Ao ICM

Tai corno rnencionado na secao anterior, o criteria de
Maxima Verossimilh anca e o de maximizar urna Iuncao
que sornente depende da radiometria observada e do mo­
delo (densidade) escolhido para cad a classe. Esse criterio
nao leva em consideracao a inforrnacao contextual, ja que
supoe que as radiometrias dadas as classes sao eventos
independent.es.

Existem na literatura varias propostas para incorporar a
inforrn acao contextual [Besag 1989], mas a grande maio-

2.:J'J
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ria delas leva a algoritmos computacionalmente muito dis­
pendiosos e dificeis de serem usados. Em [Frery 1993]
e mostrada uma versao de um algoritmo de classifica­
§aOcontextual que apresenta boas caracterfsticas de de­
sempenho e de facilidade de uso. Essa tecnica, o algo­
ritmo ICM (Iterated Conditional Modes), foi melhorada
em [Vieira 1996]e aplicada a varias imagens de radar.

0 algoritmo ICM e um metodo iterativo de refinamento
de classificacoesque consiste em substituir a classe as­
sociada a cada coordenada por aquela classe que ma­
ximiza um certo criterio. Esse criterio e a distribuicao
a posteriori da classe, dadas a radiometria (componente
MaxVer) e as classes vizinhas (componente de contexto).
A influencia das classes vizinhas e quantificada por um
parametro real, que e estimado iterativamente supondo
um modelo para a distribuicao espacial das classes. No
sistema aqui descrito, a influencia de oito vizinhos e con­
siderada para classificar cada coordenada.

Para detalhes sobre esta tecnica, recomenda-se a leitura
das tres referencias acima mencionadas. Na secao 6.
sao mostrados resultados de classificacoesICM para duas
imagens SAR.

5. FUN(JOES ADICIONAIS DO SISTEMA

Alem das caracteristicas mencionadas nas secoes anteri­
ores, o sistema dispoe das seguintes funcoes:

Filtros redutores de speckle: Os seguintes filtros es­
tao disponiveis: Lee, da mediana e qualquer um
definivel atraves de convolucoes.

Esclmacao do mimero equivalente de visadas:
0 mimero equivalente de visadas e um dos parame­
tros das distribuicoes provenientes do modelo mul­
tiplicativo (ver secao 2.). No sistema mencionado,
este parametro e estimado uma iinica vez para toda
a imagem, com o uso dos dois primeiros momen­
tos amostrais de amostras selecionadas e coletadas
em rcgioes homogeneas da imagem [Yanasse et al.
1993], isto e, em regioes cujos dados em amplitude
proviriam de uma distribuicao Raiz Quadrada da
Gama. 0 modulo implementado permite a captura
de varias amostras, as quais sao testadas pelo teste
de aderencia x2 quanto ao ajuste desta distribuicao.
As amostras com baixo p-valor podem ser rejeitadas
e as amostras remanescentes podem ser novamente
testadas para um certo mimero equivalente de visa­
das medic OUinserido via teclado.

Conversoes de imagens: Permite a conversao entre
imagens em amplitude, intensidade e complexa.

Decorrelacao de amostras: Permite que as amostras
sejam decorrelacionadas, para um dado fator de
reamostragem nas direcoes horizontal e vertical.
Esta funcao tern como objetivo tornar a amostra
constituida de pixels nao correlacionados para a
aplicacao do teste de aderencia x2.

Operacoes unartas de imagens: Permite que cada
pixel da imagem seja adicionado, subtraido, multi­
plicado e divido por um escalar. Permite tambem
a aplicacao de algumas funcoes matematicas a ima­
gem, e gerar a imagem de histograma equalizado.

Operacoes entre imagens: Permite realizar a adicao,
subtracao, multiplicacao e divisao entre imagens.

Teste de classiflcacao: 0 resultado da classificacao
pode ser avaliado atraves da matriz de confusao, cal­
culada com o uso das amostras selecionadas para
teste ou de uma imagem verdade registrada em
relacao a imagem classificada, e t.ambem pelo coe­
ficiente de concordancia Kappa [Bishop et al. 1975;
Congalton and Mead 1983].

6. APLICA(JOES DO SISTEMA A IMAGENS REAIS

Nesta seciiosjio apresentados os resultados da classifica­
§iiode imagens SARde dois sensoresdistintos, usando os
classificadoresMaxVer e ICM.

Emostrado que para as imagensutilizadas ha uma melho­
ra significativana classificacaoquando se utiliza o classifi­
cador MaxVercom as distribuicoes adequadas aos dados,
quando comparada ao classificadorMaxVer classico que
utiliza a distribuicao Gaussiana. Mostra-se tambem que
o classificador ICM sempre produz resultados significati­
vamente melhores que o MaxVer.

Para a realizacao das classificacoesforam utilizadas as
seguintes imagens:

1. Imagem SAR-580: Imagem obtida por sensor aero­
transportado, em amplitude, banda L, com mimero
nominal de visadas igual a um, de tamanho 512 X 512
pixels, da regiao de Freiburg, Alemanha;

2. Imagem JERS-1: Imagem do satelite JERS-1,
orbitaj'ponto D405/306, em amplitude, com mirnero
nominal de visadas igual a tres, espacamento entre
pixels de 12.5 X 12.5 m, banda L, polarizacao HH,
de 26/06/1993, de tamanho 1600 X 2400 pixels, da
rcgiao da Floresta Nacional de Tapajos, Para, Brasil.

6.1. Resultados com a imagem SAR-580

A imagem SAR-580e apresentada na Figura 4a. Apesar
desta imagem possuir o mimero de visadas igual a um,
valor este que foi atribuido ao parametro n no decorrer
da analise, 0 mimero equivalente de visadas foi estimado
para comprovar a eficienciadeste modulo no sistema. Fo­
ram coletadas quatro amostras em regioes homogeneas,
com tamanhos variando de 1163 a 3119 pixels. Os p­
valores obtidos no teste x2 variaram de 71% a 99%, e 0

valor medic estimado para 0 mimero equivalente de visa­
das foi de 1.00968,coerente com o valor original.

Foram selecionadas tres classes distintas na imagem, de­
nominadas aqui Cultura 1, Cultura 2, e Floresta, das
quais foram retiradas amostras, commimero total de pix­
els igual a 21456, 7312 e 21652, respectivamente. Estas
amostras foram decorrelacionadas com fator de amostra­
gem 2 tanto na horizontal quanto na vertical, para o uso
do teste x2. Este fator foi escolhidobaseado na analise da
Iuncoes de autocorrelacao espacial estimadas nestas duas
direcoes.

0 teste x2 foi aplicado para todas as distribuicoes men­
cionadas na secao 2., para cada amostra das classes. A
distribuicao que mais se ajustou a classe Cultura 1 foi a
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(c)

Figura 4: Imagem SAR-580 original (a), classificada pelo metodo MaxVer (b) e classificada pelo metodo ICM {c).

Raiz Quadrada da Gama (ou, nest.e caso onde n = 1, a
distribuicao Rayleigh), a classe Cultura 2 foi a KA, e a
classe de Floresta foi a 9~. Os p-valores obtidos foram
0.15, 0.80 e 0.53, respectivament.e.

Forarn obtidas as classificacoes MaxVer e ICM, tanto
sob a hip6tese da normalidade para as classes, quanta
sob a hipotese da distribuicao mais ajustada para cada
classe. As classificacoes ICM foram iniciadas com as clas­
sificacoes MaxVer, tendo sido est.ahelecido como criteria
de parada o percentual de trocas de pixels classificados in­
ferior a 0.1% em relacao a classificacao obtida na iteracao
anterior.

A Tabela 1 apresenta, para cada classificacao, os valores
estimados do coeficiente de concordii.ncia Kappa (ti:), e
<las respect.ivas variancias (u~), obtidos atraves de amos­
t.ras de test.e.

Tabela 1: Valores estimados do coeficiente de con­
cordii.ncia Kappa (K:), e de suas variii.ncias (uD

II Clasaiflcacao I K: I 0-z II
MaxVer Gaussianas 0.3859 7.296 x 10-5
MaxVer Ajustadas 0.4060 6.206 x 10-5
ICM Gaussianas 0.7222 3.321 x 10-5
ICM Ajustadas 0.7688 2.895 x 10-5

Os testes para a igualdade dos coeficientes de con­
cordii.ncia Kappa foram efetuados para todos os pares de
classificacoes, Estes testes forarn todos estatisticarnente
significativos para niveis de significii.ncia acima de 10%.

Portanto, pode-se afirmar que para a irnagem SAR-580:

• a classificacao MaxVer com o uso <las distribuicoes
rnais ajustadas as classes apresenta um resultado de
melhor qualidade, quando cornparada a MaxVer corn
o uso de distribuicoes Gaussianas. Pelos resultados
apresentados na Tabela 1 e passive! verificar que hou­
ve uma rnelhora de 5.2% para o K da classificacao
MaxVer ao se utilizar as distribuicoes mais ajustadas;

• a classificacao ICM corn o uso <las distribuicoes rnais
ajustadas its classes apresenta um resultado de rne­
lhor qualidade, quando cornparada a ICM corn 0 USO

de distribuicoes Gaussianas. At raves da Tabela 1 e
passive! verificar que houve uma rnelhora de 6.5o/r
para o K da cl assificacao ICM ao se utilizar as distri­
buicoes mais ajust adas:

• a classificacao ICM e superior a classificacao Max­
Ver. Pelos resultados apresentados na Tabela 1 pode­
se verificar que houve uma melhora media de 88.3%
para o K ao se utilizar a classificacao ICM em subs­
tituicao a MaxVer.

As Figuras 4b e <le apresentarn os resultados da clas­
sificacoes MaxVer e ICM, respectivamente, da imagem
SAR-580 corn o uso <lasdistribuicoes mais ajustadas para
as classes. As classes Cultura 1, Cultura 2 e Floresta
estiio representada.s pelas cores cinza escuro, branco e
cinza claro, respectivament.e. Estas figuras evidenciam
a superioridade da classificacao ICM quando comparada
a classificacao MaxVer.

6.2. Result.ados corn a irnagern JERS-1

A area de estudo da imagern JERS-1 e apresentada na
Figura 5a. 0 ruim ero equivalente de visadas da imagem
foi estimado em 2.83522. Este valor, como esperado, e
menor que o nurnero nominal de visadas (tres] em virtude
da correlacao existcnte entre os pixels da imagem.

As classes de uso da terra de int.eresse sao solo exposto
e pastagem, regeneracao {floresta secundaria] e floresta.
prim aria, Foram selecionadas amostras, para inferencia e
teste, destas tres classes. 0 mimero total de pixels destas
amostras foram de 2636 (solo exposto e pastagem), 13940
[regeneracao}, e 20740 (floresta primaria). Estas amos­
tr as foram decorrelacionad as com Iator 2 nas direcoes
horizontal e vertical. Este Iator foi escolhido baseado
na analise da funcoes de autocorrelacao estimadas nest.as
duas direcoes, Apos est.a decorrelacao aplicou-se o teste
de aderencia x2 its distribuicoes mencionadas na secao 2..
A distribuicao que rnais se ajustou aos dados foi a 9~,
para todas as tres classes de interesse. Os p-valores do
teste foram 0.32 (solo exposto e pastagem), 0.42 (rege­
neracao) e 0.27 (floresta primaria}.

As classificacoes MaxVer e ICM foram obtidas, tanto sob
a suposicao de nor.nalidade dos dados, quanto sob a su­
posicao da distribuicao mais ajustada a cada classe. Os
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Figura 5: Imagem JERS-1 original (a), classi:ficada pelo metodo MaxVer (b) e classi:ficada pelo metodo ICM (c).

coe:ficientes de concordancia Kappa foram estimados para
cada classificacao, atraves das respectivas matrizes de
confusao obtidas das amostras de teste. A Tabela 2 apre­
senta os valores estimados do coe:ficiente de concordancia
Kappa (k), e de suas respectivas variancias (uD.

Tabela 2: Valores estimados do coe:ficiente de con­
cordancia Kappa (k), e de suas variancias (<TD

II Classiflcacao I k I u~
MaxVer Gaussianas 0.3283 1.030 x 10-4
MaxVer Ajustadas 0.3728 9.789 x 10-5
ICM Gaussianas 0.6559 8.717 x 10-5
ICM Ajustadas 0.7388 6.779 x 10-5

Os testes para a igualdade dos coe:ficientes de con­
cord ancia Kappa foram efetuados para todos os pares de
classificacoes. Os p-valores destes testes foram aproxi­
madamente iguais a zero, indicando que os coefficientes de
concordancia Kappa sao estatisticamente diferentes para
todos os pares de classificacao, para niveis de significancia
de ordem pratica.

Portanto, pode-se a:firmar que para a imagem JERS-1
utilizada:

• a classificacao MaxVer com o uso das distribuicoes
mais ajustadas as classes apresenta um resultado
de melhor qualidade quando comparada a MaxVer
obtida com o uso de distribuicoes Gaussianas. Pelos
resultados apresentados na Tabela 2 pode-se veri:ficar
que houve uma melhora de 13.6% para o k da clas­
sificacao MaxVer ao se utilizar as distribuicoes mais
ajustadas aos dados SAR;

• a classificacao ICM com o uso das distribuicoes mais
ajustadas as classes e de melhor qualidade quando

comparada a classificacao ICM com 0 USO de distri­
buicoes Gaussianas, havendo uma melhora de 12.6%
para o valor k.

• a classificacao ICM e superior a classificacao MaxVer,
havendo uma melhora media de 99% para o valor k
ao se utilizar a classificacao ICM em substituicao a
MaxVer.

As Figuras 5b e 5c apresentam os resultados da clas­
sificacoes MaxVer e ICM, respectivamente, da imagem
JERS-1 com o uso das distribuicoes mais ajustadas para
as classes. As classes est.ao representadas pelas cores
branco (solo exposto e pastagem), preto (regeneracao] e
cinza (fioresta). Estas :figuras evidenciam a superioridade
da classificacao ICM quando comparada a classificacao
MaxVer.

7. CONCLUSOES

Neste artigo for am apresentadas as principais carac­
teristicas de um sistema, implementado na linguagem
IDL, para o processamento, a classificacao e a anilise
de imagens SAR, baseado em propriedades estatisticas
espedficas para este tipo de imagens.

Este sistema permite que se est abeleca, para cada classe
da imagem, a distribuicao que mais se adeque aos da­
dos. Os parametros destas distribuicoes sao estimados e
as classificacoes de Maxima Verossimilhanca e ICM po­
dem ser facilmente utilizadas pelo usuario. Alern destas
Iuncoes, o sistema permite a aplicacao de filtros redutores
de speckle, estimacao do mimero equivalente de visadas,
operacoes unarias e binarias de imagens, conversao de
imagens, decorrelacao de amostras, e avaliacao das clas­
sificacoes,

0 sistema mostrou-se e:ficiente para a classificacao de ima­
gens de dois diferentes sensores: SAR-580 e JERS-1. Os
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principais resultados destas classificacoes sao:

• o uso <lasdistribuicoes mais ajust.adas para os dados
apresentam result ados de qualidade superior, quando
comparadas aos obtidos utilizando-se as distribuicoes
Gaussianas. Quando comparadas pelo coeficiente de
concordiincia Kappa est.a melhora e, em media, de
aproximadarnente 6% para as classificacoes MaxVer
e de 13% para as ICM.

• o uso da inforrnacao contextual (atraves do algo­
ritmo ICM), acrescentado ao uso <lasmelhores dis­
tribuicoes, permite a obtencao de result.ados, cm
media, 94% rnelhores quando comparados com as
classificacoes MaxVer atr aves do coeficiente de con­
cordiincia Kappa.
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ABSTRACT

The digital classification is a very important procedure
used in remote sensing applications. Several classifica­
tion techniques had been developed and tested for opti­
cal data. With respect to radar data, the development,
evaluation and testing of digital classifiers have been a
subject of study in last decades. The objective of this
article is to compare the classification results of a SAR
image, obtained using three diferent supervised classifiers.
A RADARSAT image from the Tapajos National Forest
was used for this purpose. The original image was pro­
cessed in one-look amplitude. This image was degraded
obtaining a nine nominal look image. The degraded im­
age was filtered by the Frost filter in order to analyse the
influence of the speckle reduction on the classification.
The effect of textural information was analysed by filter­
ing the image by the sample coefficient of variation and
by an estimated parameter of the amplitude K distribu­
tion. The classifiers used were the Maximum Likelihood,
Iterated Condicional Modes, and a region classifier based
on the Bhattacharrya distance. The image was classified
in three classes: "Bare Soil and Pasture", "Regeneration"
(Secondary Forest), and "Primary Forest". The classifi­
cation was evaluated by the Kappa coefficient of agree­
ment and by the corresponding confusion matrices, using
samples obtained from a field work.

Keywords: classification; SAR, ICM.

1. INTRODUQAO

A classificacao digital e uma das tecnicas de processa­
mento de imagens mais utilizadas no sensoriamento re­
moto para o rnapeament.o de alvos na superffcie terrestre.
Ela consiste na particao do espa<;o de atributos e na
atribuicao dos pixels ou regioes a cada classe correspon­
dente.

Os met.odos de classificucao se dividem em metodos SU-

pervisionados e nao supervision ados. No primeiro ext rai­
se das classes, previamente selecionadas (treinamento),
inforrnacoes com as quais pode-se construir criterios uti­
Iizaveis na relacao de pert.inencia dos pixels ou regioes
as classes . .la no segundo metodo verifica-se a existencia
de grupos de pixels ou regioes com certas caracteristicas
semelhantes, nao havendo a fase de treinamento.

A maioria das tecnicas de classificacoes digital existent.e
foi desenvolvida para imagens 6pticas. NOSultimos anos
as imagens SAR vem sendo usadas mais intensamente
em sensoriamento rernoto para rnapear classes de uso do
solo, florestas, etc. Desta forma, corno a adequacao das
tecnicas tradicionais nem sempre se verifica, tern-se estu­
dado e implernentado tecnicas de classificacoes especificas
para imagens SAR [Vieira 1996).

0 objetivo deste trabalho e comparar tres classificadores
digitais: um classificador pontual de Maxima Verossimi­
lhanca (Max Ver), um contextual de Mod as Condicionais
Iterativas (Iterated Condicional Modes - ICM) e um por
regioes, Os dois primeiros classificadores foram projet.a­
dos especificamente levando-se em consider acao as pro­
priedades estatisticas dos dados de radar e o classificador
por regioes utiliza uma distii.ncia estocast.ica entre vet.ores
de atributos (dist ancia de Bhatacharrya).

A avaliacao dos classificadores foi realizada comparativa­
mente. Para isto computou-se, para amostras de teste,
as matrizes de confusao e o estimador do coeficiente de
concordii.ncia Kappa(/\'.) [Congalton and Mead 1983) obti­
dos pelos classificadores quando aplicados a uma imagem
RADARSAT (banda C) na regiiio de Tapaj6s.

Na secoes seguintes descreve-se de forma suscinta os clas­
sificadores avaliados, apresenta-se os dados utilizados e a
metodologia empregada, os result.ados alcancados e final­
mente as conclusoes obtidas.

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996 (ESA SP-407, March 1997)
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2. CLASSIFICADORES

0 classificador de Maxima Verossimilhanca (Max Ver) uti­
lizado foi implernentado de modo que se possa associar
diferentes distribuicoes as distintas classes. Por se tratar
de dados de radar, as distribuicoes passiveis de uso sao
aquelas que mais se adequam a este tipo de dados, tais
como K, g0, r, r112, Log-Normal, Weibull, Beta, etc.

0 classificador ICM (Iterated Conditional Modes) e um
algoritrno iterative e contextual de refinamento de clas­
sificacoes, Ele se baseia na substituicao da classe associ­
ada a cada coordenada por aquela classe que maximiza
a distribuicao a posteriori da classe, dadas a radiome­
tria (componente MaxVer) e as classes vizinhas (compo­
nente de contexto ). A influencia das classes vizinhas e
quantificada por um parametro real, que e estimado ite­
rativamente supondo um modelo para a distribuicao es­
pacial das classes. Ao leitor interessado em mais det alhes
sobre esta tecnica, recomenda-se a leitura de [Besag 1989;
Frery 1993 e Vieira 1996].

As implement acoes dos classificadores MaxVere ICM uti­
Iizadas neste trabalho Ioram as descritas em [Vieira 1996
e Vieira et at 1996].

0 classificador por rcgioes parte de um particionamento
previo, da imagem a ser classificada, em segmentos de­
nominados regioes, Dadas esta imagem segment.ada e
amostr as de treinamento, cada regiiio e atribufda a uma
classe segundo uma medida de dist ancia entre classes. 0
classificador por rcgioes utilizado neste trabalho e 0 im­
plementado no Sistema de Processamento de Inforrnacoes
Georreferenciadas (SPRING) [Camara et al 1996],o qua!
faz uso da distancia de Bhatt.acharrya como medida de
separabilidade entre as distribuicoes (Gaussianas) associ­
adas a cada classe.

3. DADOS E METODOLOGIA

A area selecionada para o estudo fica situada em Tapajos
ao sul da cidade de Sant arem no est.ado do Para e e de­
norninada FLONA (Floresta Nacion al de Tapaj6s). Esta
area possui coordenadas geograficas w 55° 01' 45"' s 02°
56' 38", e W 54° 49' 36", S 03° 23' 28".

A imagem utilizada neste t.rabalho e proveniente do
RADARSAT, datada de 3 de maio de 1996, na banda
C, na polariz acao HH, com uma visada nominal, fine
mode processing, em amplitude, com angulo de incidencia
variando de 45° a 48°, com espacamento entre pixels de
6.25m, com 13766 linhas por 12166 colunas e no formate
inteiro (16 bits por pixel). A resolucao espacial da imagem
foi degradada computando-se a raiz quadrada da media
de 9 pixels em intensidade, Isto e, a cad a conjunto de
3 x 3 pixels calculou-se a media que gerava um novo
valor de radiornetria, aumentando-se assim o mimero de
visad as nominal e diminuindo-se o ruirnero de Iinhas e
colunas para 4589 e 4056, respectivamente. Na imagem
degradada t ambern realizou-se uma transforrnacao linear
para a conversao do formate de inteiro para byte (8 bits
por pixel), de forma a niio alterar a classe de distribuicao
dos dados. Desta imagem extraiu-se um a area de 1000
X 1000 pixels para o estudo, a qua! pode ser vista na
Figura la.

0 efeito do ruido speckle na imagem degradada aind a e
evidente. Port anto a fim de reduzf-lo, bem como verificar

seu efeito na separabilidade entre os alvos, fez-se uso do
filtro de Frost com janela de processamento de 5 X 5
pixels (Figura lb). Na imagem filt.rada pode-se observar
que o contraste geral e aument ado com relacao a imagem
degradada. Assim, se espera que um classificador que
utilize apenas o atributo radiornetria como discriminador
tenha um result.ado melhor na imagem filtrada,

A textura em imagem de radar e um atributo de grande
importancia na identificacao e discrirninacao de alvos
[Dutra 1990; Sant 'Anna e Dutra 1995], o que pode ser
verificado por um a simples inspecao visual nas Figu­
ras la e lb. Desta forma gerou-se duas novas imagens,
uma do coeficiente de variacao amostral (Figura le) e
outra do estimador do paramctro a da distribuicao K de
amplitude (Figura l d), a partir da imagem degradada.
A parametrizacao da distribuicao K de amplitude uti­
lizada neste trabalho e a mesrn a adotada em [Frery et
al 1996]. 0 calculo deste dois pararnetros foram obtidos
com janelamento de 7 X 7 e de 11 X 11 pixels, respec­
tivamente, ou seja, trocou-se o valor do pixel central das
janelas pelas respectivas estimativas destes pararnetros.

Para efeito de classificacao considerou-se apenas as classes
dominantes na imagem, que sao:

Solo Nu e Pastagem: que aparece na Figura lb com
tonalidade mais escura e com textura mais lisa;

Regeneracao: ou floresta secundaria, que aparece na
Figura 1b com tonalidade mais clara e com textura
moderada; e

Floresta Prtmaria. que aparece na Figura 1b com to­
nalidade clara e com textura rugosa.

Na Iase de treinamento dos classificadores foram sele­
cionadas amostras das tres classes acima, contendo 44489,
7715 e 15164pixels para as classes de florest a, rcgcneracao
e solo nu, respectivamente. Para efetuar OS testes x2 de
aderencia com as distribuicoes comumente utilizadas para
dados de radar, essas amostras foram decorrelacionad as
por Iatores de reamostragern nas direcoes horizontal e
vertical, obtidos por inspecao visual da Iuncao de auto­
correlacao espacial das amostras de cada classe, para cada
uma das quatro imagens.

Na Tabela 1 sao apresent.adas as distribuicoes que melhor
se ajustaram aos dados e que foram utilizadas para os
classificadores MaxVer e ICM. Nesta t.abela est.ao repre­
sentadas as distribuicoes Log-Nornal, go de amplitude, K
de amplitude e Gaussiana, que siio denotadas por .C}\f,
g~, KA e N, respectivamente. Convern observar que
os dados da imagem filtrada pelo parametro a da dis­
tribuicao K de amplitude niio foram ajust.ados por ne­
nhuma das distribuicao usadas, Dest a forma escolheu-se
utilizar a distribuicao Caussiana para as tres classes nest.a
imagem.

A avaliacao dos classificadores foi efetuada atraves <las
matrizes de confusiio e do estimador do coeficiente de
concordiincia K, utilizando-se amostras de teste. Esta
amostras continham 41648, 3589 e 19195 pixels para as
classes de floresta, regeneracao e solo nu, respectivamente.
Tanto as amostras de treinamento quanto as amostras de
teste foram escolhidas baseadas em verdade terrestre, a
partir de informacoes coletadas em trabalho de campo.
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(h)

Figura 1: Imagem RADARSAT (a) deg radad a, (h) filf.rad a pelo algoritmo de Frost, (c) filtrada pelo coeficicntc de variacao
e (d) filtrada polo par arnct.ro CY <la dist.ribuicao K de amplitude.
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Tabela 1: Distribuicoes ajustadas as classes.

Imagem/Classes I Solo Nu I Regener. I Fforesta

Degradada £N £N gA
Frost KA £N KA

Coef. Var. £N £N £N
a N N N

4. AVALIA<;Ao DO DESEMPENHO DOS
CLASSIFICADORES

Os resultados das classificacoes das quatro imagens
(degradada, filtrada pelo algoritmo de Frost, filtrada pelo
coeficiente de variacao e filtrada pelo pararnetro a) sao
apresentados nas Figuras 2, 3, 4 e 5, respectivamente. As
classes floresta, regeneracao e solo nu estiio representadas
pelas cores cinza medic, branco e cinza escuro, respecti­
vamente.

Na Tabela 2 sao apresentados os valores estimados do
coeficiente de concordancia K para cada imagem classifi­
cada. Os melhores resultados de classificacao para cada
imagem estao ressaltados em negrito nesta tabela.

Tabela 2: Valores estimados do coeficiente de con­
cordiincia K ( X 100).
II Classif./Imag. I Degrad. I Frost I CV I a II

Max Ver 5.14 9.52 46.35 63.04
ICM 11.50 13.00 54.30 70.72

Regioes 42.04 54.24 36.48 52.15

Atraves da anilise visual destas classificacoes, das ma­
trizes de confusiio, nao apresentadas aqui, e do coeficiente
de concordancia K, pode-se concluir que:

• para as imagens degradada e filtrada pelo algoritmo
de Frost ha muita confusao entre as classes, especial­
mente entre floresta e regcncracao;

• a maior parcela de erro nas classificacoes MaxVer e
ICM das imagens degradada e filtrada pelo algoritmo
de Frost ocorre em pixels da classe floresta que sao
classificados como regeneracao;

• a maior parcela de erro na classificacao por regioes
das imagens degradada e filtrada pelo algoritmo de
Frost ocorre em pixels da classe regeneracao que sao
classificados como floresta;

• os resultados obtidos na classificacao da imagem fil­
trada pelo algoritmo de Frost sao melhores que aque­
les obtidos com a imagem degradada, independente­
mente do classificador utilizado;

• usando a imagem degradada ou filtrada pelo algo­
ritmo de Frost o melhor resultado de classificacao e
obtido pelo classificador de regioes, seguido pelo ICM
e MaxVer;

• para as classificacoes efetuadas utilizando inforrnacao
textural (imagens filtradas pelo coeficiente de
variacao ou pelo pariimetro a) ha muita confusao
entre solo nu e regeneracao;

• com a inforrnacao textural e possivel separar as
classes floresta e nao floresta (regeneracao e solo nu);

• a maior parcela de erro na classificacao por regioes da
imagem filtrada pelo coeficiente de variacao ocorre
em pixels da classe solo nu que sao classificados
como regeneracao. Este erro e minimizado quando o
parametro a e utilizado;

• usando a imagem filtrada pelo coeficiente de variacao
OU pelo et, 0 melhor resultado de classificacao e
obtido pelo classificador ICM, seguido pelo MaxVer
e pelo de regioes;

• a melhor classificacao ocorre quando o ICM e uti­
lizado sobre a imagem filtrada pelo parametro a.

Convem notar que durante o processo de classificacao
observou-se que 0 classificador por regioes utilizado e
fortemente dependente da segmentacao previa.

5. AVALIA<;Ao DO DESEMPENHO DOS
CLASSIFICADORES CRUZADAS

Como foi observado anteriormente, as imagens classifi­
cadas usando a radiometria apresentam muita confusao
entre as classes floresta e regeneracao, e as imagens clas­
sificadas usando a inforrnacao textural apresentam muita
confusao entre solo nu e regeneracao. Isto evidencia a ne­
cessidade da utilizacao de ambos atributos para obter-se
hons result ados de classificacao. Uma opcao seria utilizar
classificadores multicanais. Esta opcao nao foi utilizada,
pois os classificadores MaxVer e ICM foram implemen­
tados para uma unica banda (por utilizarem diferentes
distribuicoes para cada classe). Outra opcao, utilizada
neste trabalho, e o cruzamento entre as classificacoes
atraves de operacoes 16gicas (operacoes Booleanas ). Es­
tas operacoes foram aplicadas em pares de imagens clas­
sificadas, a primeira obtida atraves de uma imagem de
radiometria (imagens degradada ou filtrada pelo algo­
ritmo de Frost), ea segunda de uma imagem de textura
(imagens filtradas pelo coeficiente de variacao ou pelo
pariimetro a). A Tabela 3 apresenta as regras utilizadas
nesta operacao,

Tabela 3: Regras utilizadas para a obt.encao das classi­
ficacoes cruzadas.
II Im. Degr. ou Frost J Im. CV ou a I Im. Cruzada II

Flo rest a Floresta Flores ta
Regenracao Flores ta Flores ta
Solo Nu Flores ta Flores ta
Flores ta Solo Nu Regeneracao

Regencraciio Solo Nu Regeneracao
Solo Nu Solo Nu Solo Nu
Floresta Regencracao Rcgencracao

Regenera<;iio Regeneracao Regeneracao
Solo Nu Regeneracao Solo Nu

Os result ados, para cada classificador, dos cruzamentos
entre imagens (degradada X CV, degradada X a, Frost
X CV , Frost X a) sao apresentados nas Figuras 6, 7, 8
e 9, respectivamente. Na Tabela 4 sao apresentados os
valores estimados do coeficiente de concordancia K para
cada uma destas imagens classificadas. Nesta tabela os
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(a) (b) (c)

Figura 2: Imagem degradada classificada (a) MaxVer, (b) ICM e (c) Regioes.

(a) (b) (c)

Figura 3: Imagem filtrada pelo algoritmo de Frost classificada (a) MaxVer, (b) ICM e (c) Rcgioes.

(a) (b) (c)

Figura 4: Imagem filtrada pelo coeficient.ede variacao classificada (a) MaxVer, (b) ICM e (c) Regioes.
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(b) (c)

Figura 5: Imagem filtrada pelo parametro a classificada (a) MaxVer, (b) ICM e (c) Regioes.

melhores resultados de classificacao para cada imagem
estao ressaltados em negrito.

Tabela 4: Valores estimados do coeficiente de con­
cordancia K (xlOO).
II Clas./Img. I DgxCV I FrxCV I Dgx o: I Frx o II

Max Ver 43.85 51.36 56.73 64.54
ICM 61.41 64.08 69.12 71.76

Regioes 48.34 64.04 54.73 71.20

Atraves da analise visual destas classificacoes, das ma­
trizes de confusao, nao apresentadas aqui, e do estimador
do coeficiente de corcordancia K pode-se concluir que:

• as classificacoes em que foi utilizada a imagem clas­
sificada baseada no parametro a apresentaram me­
lhores resultados do que as baseadas no coeficiente
de variacao, evidenciando a relevancia do uso deste
parametro em classificadores;

• as classificacoes em que foi utilizada a imagem clas­
sificada baseada no filtro de Frost apresentaram me­
lhores resultados do que as baseadas na imagem ori­
ginal degradada, evidenciando a importancia de fil­
tros redutores de speckle nas classificacoes;

• o classificador que apresentou melhores resultados foi
o ICM, independemente dos pares de imagens utiliza­
dos;

• o melhor resultado de classificacao foi obtido
utilizando-se as imagens classificadas baseadas no ::11-
tro de Frost e no parametro a, na classificacao IC:v!;

• a classificacao baseada no cruzamento Frost X a pro­
porcionou um melhora de 1.5% em relacao a classi­
ficacao ICM utilizando somente a imagem filtrada
pelo parametro a, mostrando que o maior conteiido
de inforrnacao est.a contido neste parametro.

6. CONCLUSOES

Neste trabalho avaliou-se o desernpenhc de tres classifi­
cadores supervisionados: MaxVer, ICM e um por regiiies.

Para a analise dos resultados de classificacao e partindo­
se de uma imagem RADARS AT (uma visada e banda C)
geraram-se quatro imagens, uma degradada, uma filtrada
pelo algoritmo de Frost, uma filtrada pelo coeficiente de
variacao amostral e outra filtrada por uma estimativa do
parametro a da distribuicao /(. de amplitude. A avaliacao
dos resultados obtidos foi realizada atraves das matrizes
de confusao e do estimador do coeficiente de concordancia
K.

As conclusoes deste trabalho referem-se sempre as tres
classes (Solo Nu, Regeneracao e Floresta) utilizadas nas
classificacoes e sao as seguintes:

• Verificou-se que todas as estimativas encontradas
para o coeficiente de concordancia K foram estatisti­
camente diferentes entre si;

• Pode-se observar que os result ados da classificacao
ICM e sempre superior aos da classificacao MaxVer,
mostrando a relevancia do contexto quando se clas­
sifica imagens de radar;

• Para as tres classes utilizadas nas classificacoes
destas imagens notou-se a fundamental importancia
da inforrnacao textural;

• Quando somente as radiometrias (imagem degradada
e a filtrada pelo algoritmo de Frost) foram usadas o
classificador que apresentou os melhores resultados
foi o por regioes;

• Quando somente os parametros texturais (imagem
do coeficiente de variacao e do pararnetro a) foram
usados o classificador que obteve os melhores desem­
penhos foi o ICM;

• A segmentacao previa influencia fortemente nos re­
sultados obtidos com o classificador por rcgioes;

• 0 melhor resultado de classificacao foi obtido
cruzando-se as classificacoes ICM das imagens fil­
trada pelo algoritmo de Frost e pelo estimador do
pararnetro a;

• 0 resultado da classificacao cruzada ICM (Frost X
a) proporcionou um incremento de apenas 1.5% em
relacao a classificacao ICM obtida com a imagem do
parametro a, evidenciando que a inforrnacao textu­
ral e a maior responsavel pelo alto desempenho da
classificacao.
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(c)

Figura 6: Imagem classificada resultante do cruzamento entre as imagens degradada e do coeficiente de variacao
(a) MaxVer, (b) ICM e (c) Regioes,

(c)

Figura 7: Imagem classificada resultante do cruzamento entre as imagens degradada e do pararnetro a (a) MaxVer,
(b) ICM e (c) Regioes.

(c)

Figura 8: Imagem classificada resultante do cruzamento entre as imagens filtradas pelo algoritmo de Frost e pelo coeficiente
de variacao (a) MaxVer, (b) ICM e (c) Regioes.
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Figura 9: Imagem classificadaresultante do cruzamento entre as imagens filtradas pelo algoritmo de Frost e pelo parametro
o: (a) MaxVer, (b) ICM e (c) Regioes.
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Abstract. It is well know that microwave
reflectivity of agricultural targets is primarily
associated with soil roughness, soil dielectric
properties and the presence of vegetation. The
dielectric constant of a completely dry soil is around
3 and that of pure water approaches 80. Then, as
the wetness of the soil top layer increases the
reflectivity will also rise. On the other hand there is
a dichotomy: rough and dry soils could produce a
higher backscatter (scatter in the receiving antenna
direction) than smooth wet soils, since most of the
fields could experience specular reflection away
from the radar. This paper briefly reviews the theory
and methods of retrieving soil moisture from remote
active microwave systems, its application,
conditions of validity and limitations as practical
use is concerned. Methods based on a simple linear
regression between radar backscatter and soil
moisture as well as those based on the inversion of
surface scattering models are presented. The
validity conditions arc discussed. Finally, we
introduce the preliminary results on the inversion of
a semi-empirical surface scattering model to
retrieve top layer (first few centimeters) soil
moisture using the SIR-C L and C band
multipolarization imagery acquired over the
Bcbcdouro Irrigation Project test site, in the semi­
arid Sao Francisco river valley in the northeast
Brazil. "In situ" soil moisture and soil roughness for
some bare and low vegetated fields, were measured
simultaneously with the radar data acquisition
during the first flight of the SIR-C/X-SAR mission
in April 1994.

Introduction

Estimates of soil moisture arc of great importance in
numerous environmental studies, including
hydrology, meteorology, irrigation control, water
resources systems planning and agriculture
forecasting. ln spite its importance, soil moisture
information is not widely used in resource
monitoring or prediction because it is difficult and
costly to obtain "in situ" measurements on a routine
basis over large areas (Wang ct al., 1986). From
thCOI)', the dielectric constant of a completely dry
soil is around 3 and that of pure water approaches
80. Then, as the wetness of the soil top layer
increases the reflectivity will also rise. Based on
that, there has been various experiments including
aircraft. ground level truck mounted scatterometers
and even satellites, showing that one can relate
radar backscatter to soil top layer moisture (see for
example. Ulaby et Batlivala, 1976; Ulaby et al.,
1978; Wang et al., 1986; Soares ct al., 1988;
Bernard ct al.: 1986).

Because radar backscatter is also affected by surface
roughness and vegetation, such that any practical
application of radar must be able to account for all
three of these target features. As matter as fact,
there is a dichotomy: rough and dry soils could
produce a higher backscatter (scatter in the
receiving antenna direction) than smooth wet soils,
since most of the fields could experience specular
reflection away from the radar. Thus, if one were
interested in monitoring soil moisture over a mixed
area, the effects of surface roughness and plant
canopy would have to be subtracted form the
measurements of radar backscatter in order to
isolate soil moisture modulation on the radar

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996 (ESA SP-407, March 1997)
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measured signal. Earlier results of several
investigators (for example, Ulaby et al., 1978,
Soares et al., 1988) showed that, at small incidence
angles ( between 10 ° and 20 °), soil surface
roughness effects on the received radar scatter are
minimized. On the other hand, these results have
also pointed out that the linear relationships found
between soil moisture and radar backscatter were
not the same for different sites, and the optimal
incidence angle to minimize roughness also fell in a
rather big range. This variability suggests that many
algorithms are site-specific and that there exists a
need to develop portable algorithms that do not
require fitting to specific site properties.
Furthermore, methods that are limited to small
incidence angles narrow the application of remote
radar imagery to the near range of the swath. This
is of course an important drawback of the technique
since most SAR measurements from space generally
range from 15° to 55° in incidence angle, implying
that any operational algorithm to retrieve soil
moisture shoal be able to provide good estimates
over an as wide as possible incidence angle range.
This paper briefly reviews the theory and methods
of retrieving soil moisture from remote active
microwave systems, its application, conditions of
validity and limitations as practical use is
concerned.

Soil moisture retrieval from active
microwave systems.

• Linear relationship between
backscatter and soil moisture

radar

Ulaby and Batlivala, ( 1976), studied the radar
response to soil moisture for three bare field plots
with considerably different surface roughnesses at
eight frequencies in the 2-8 GHz range for W and
HH polarizations, using a truck mounted antenna
located 20 m above the ground. They concluded that
the effect of roughness on the radar backscattering
coefficient can be minimized by proper choice of the
radar parameters. An optimal combination of sensor
parameters is defined such that o" of the ground is
almost independent of surface roughens while
retaining an acceptable sensitivity to soil moisture.
Their data led them to recommend the best radar
parameters for an operational soil moisture system
as being C band (4 GHz), both HH and W
operating at a range of incidence angles of 7-15°.

Soares et al. ( 1988), following Ulaby and Batlivala
recommendation, established a linear relationship
between soil moisture (mv. cnr'cm") and absolute
radar backscatter (o", dB m2m-2 measured with an
accuracy of about 0.5 dB), using a 5.3 GHz C band
scatterometer onboard an helicopter pointed at 12°
incidence angle. Their data is synthesized in figure
l. The regression line is:

wg = 0.015d' +0.30
M 0,45
E
~ 0,40
E
0
!!! 0,35
::Ju;
·5 0,30
E
'5 0,25
II)

E +0 020 ••••
0 ' ••..
0 0,15

-6 -4 -2 0 2

(1)

4 6

radar cross section

Figure l. Radar Calibration curve against surface
soil moisture, using either bare or low vegetated
soils (From Soares et al., 1988).

Cognard et al. ( 1995, reported on the evaluation of
the ERS-1 SAR capability to estimate soil moisture.
ERS-1 SAR operates in C Band with an incidence
angle of 23°, what makes it unlikely to sense soil
moisture at filed scale using a simple universal
linear algorithm, as those established in the
pioneering work of Ulaby's team at the University
of Kansas. They acquired SAR scenes during 1992
and 1993, concurrently with point measurements of
soil moisture in the fields using both automatic tools
and the gravimetric method. They found out that on
a field scale the correlation between the radar signal
and the surface soil moisture depends strongly on
the type of cover: correlation was poor for the
different cultures except for wheat. On a basin scale,
they figured out that, for a period of low vegetation,
there is a linear relationship between the mean
radar data and the point automatic measurements, a
result that open the way to hydrological
applications.



The following general considerations are to be
made:

1. The sensitivity of radar backscatter to soil
moisture is very clear.

2. The conditions imposed as to m1111m1ze
roughness effects (incidence angle) make it not
practical for operational use in most cases.

3. As the incidence angle increases, the vegetation
canopy attenuation of the radar power goes up,
such that the sensitivity of the radar to moisture,
such as expressed in equation ( 1), is no longer
assured.

4. As stated above, the linear relationships found
by many authors are site-specific.

5. Speckle noise in imaging systems is another
source of uncertainty, specially for field scale.

6. Finally, one has to make sure to proceed an
absolute calibration of the radar (really knowing
about 0° in dB nr'm'), for every radar data set,
to produce accurate estimates of soil moisture.
Scatterometers are easier to calibrate than
imaging systems.

• Measuring Soil Moisture with Polarimetric
Imaging Radar

I. Surface scattering models

The interaction between electromagnetic waves and
bare soil can be approximately described as a
surface scattering problem. The scattering of
electromagnetic waves by rough surfaces has been
studies for many years, but no exact close-form
solutions have been obtained. Numerical solutions
can be used to compute the exact solution, but in
general they are computationally prohibitive and are
only used in evaluating the accuracy and range of
validity of approximate models (Chen and Fung,
1988). When dealing with practical applications,
simpler approximate models are the ones of choice.
The main drawback is: they are valid only within a
limited range of roughness. Three scattering models
arc used (Ulaby et al., 1986):

• The small perturbations method when the
variations in surface height are small relative to
the wavelength and the surface slope is small;

• The Kirchoff model under scalar approximation
(physical optics), when the radius of curvature is
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large and the rms surface slope is small relative
to the wavelength ;

• The Kirchoff model under stationary-phase
approximation (geometrical optics), when the
roughness is large relative to the wavelength.

The validity conditions for all the three models are
summarized in Table 1 (from Ulaby et al. 1986).

Table l. Validity conditions for surface scattering
models.

k=2rc/}..,
s = rms surface height
I = correlation length
m = rms surface slope

Model validity conditions
Perturbation ks< 0.3 and m < 0.3
Physical 111 < 0.25 and kl> 6
Optics
Geometrical (2kscosB)2 > 10 and I2 > 2.76 s'A
Optics

Since surface scattering is a function of reflectivity
and surface roughness, all models above can be
represented as a product of dielectric and surface
roughness functions:

app(J. e,) = D(.ff ,pp. e,) x S(J. e,.s.t) (2)

where pp indicates polarization, f is frequency, s is
the rnts height and B; is incidence angle.

For the small perturbations model, the dielectric
functions can be described as follows:

D(hh,8,)=I E,-l J (3)

( cost),+(c,-sin2 e/i}

and
2

D(vv, e) = l(E, -l)(c,(I +sin2 eJ-sin2 e)
I ( 21 I (4)

E, cos G,+(c, -sin2 eJ}i)
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where e; is the relative dielectric constant. The
surface roughness function at given frequency f and
incidence angle 8; is given by:

S(J, ei,W) = 8K:4cos' 8;W( 2K:sin ei) (5)

where W(2KSin8J is the normalized roughness
spectrum, which is given (for the Gaussian
correlation function) by:

w(2K:sin e;) =~12 exp[-( Idsin 8;)2] (6)

For the physical optics model, the coherent part can
be neglected for incidence angles that are not near
the normal. When we consider the non-coherent
term only, the dielectric functions become:

where

1\,,,( e,) = (£, -1)(£, cos2 ei - sin2 e;)
(£,case; +(e, -sin2 eY~)

and Rhh is the same as in equation (3).

When one considers the backscattering from both
the non-coherent term and the one due to slope, the
equations are:

D(J,pp,e,) = IRPP(e,)12(1 +sin2 e;)
+Re[ RP/ e,)R *ppl ( e,) ]sin2e,

where,

Rhh1(e;)= - 2sine,Rhh(e,)
cos ei +(E - sin' e)lir i

(10)

and

IZv1( e;) =sine;[ R,j e,)(e, +1)- c:, + i]
(

11 (11)
ecos ei + e, - sin' eiy2

Assuming again a Gaussian correlation form, the
surface roughness function is as follows:

st], e,' CJ,/)= ( Kf )2 exp(-Ko)

(Klsin8,)'J~0 (K r (
x "'-0-expL..J nn!

n=I

(12)

where Ko= 4J!s2cos2e,.

(7)

For both the perturbation and physical optics
models, the dielectric formulation include the
dependence on incidence angle, frequency,
polarization and the dielectric properties
themselves. They do not depend on the correlation
function and rms roughness. The surface roughness
parameterization are a function of frequency,
incidence angle, surface roughness correlation form
and rms surface height. They are independent of
polarization. The measured ratio expressed by
equation (13) (see bellow), is expected to be
independent of the surface roughness function.

(8)

«; D(J,hh,e,)
cf,,,, - D(J, vv, e;)

(13)

(9)

Since single surface scattering models physics
indicate that the relative phase difference between
HH and W polarizations approaches 0, the
imaginary part of the dielectric function is very
small. Therefore, one can either use the magnitude
of the dielectric constant to replace the complex
dielectric constant or express the dielectric function
as a function of the incidence angle e, and the
refractive angle el at a given frequency and
polarization through Snell's law, as in Shi et al.,
( 1992). For example, for the perturbation model the
dielectric function ratio between the HH and W
polarizations can be written as:

if,,h(.f' ei) - cos4( e, - el)
d:,,,(J, e,) - sin' ei + cos: el

(14)

Then, the refractive angle is the only unknown in
the ratio and can be easily solved for. Consequently,
the magnitude of dielectric constant can be obtained
through Snell's law, and finally volumetric soil
moisture can be derived following the dependence
of the soil dielectric constant on soil type and the
volumetric constant (see, for example, appendix E
ofUlabyetal., 1986).



Regarding the geometrical optics model, the
dielectric and surface roughness functions are given
by:

( 15)

and

S'(e.) 1 . ( ta112e)= exp - '
I 2m2 C0S4 e, 2m2

( 16)

which show that the dielectric function depends
only on the dielectric properties of the surface at a
given frequency. It is independent of both
polarization and incidence angle. The surface
roughness formula is done as a function of
incidence angle and mean random surface slope. It
is independent on both polarization and frequency.
In this case, the ratio of co-polarization signals docs
not provide any information about surface dielectric
properties and roughness because both functions are
the same for the co-polarization signals.

Shi et al., (1992), have attempted to use these
surface scattering models using data collected
during an experiment carried out in 1989 with the
NASNJPL AIRSAR in an agricultural are near
Fresno, Ca. Soil moisture measurements were
obtained for three plots, showing low values
corresponding to dielectric constant within the 3.0 -
5.5 range. They were assumed to represent the
whole area because all the fields were flat,
essentially uniform in texture, none of them had
been irrigated for several weeks, the whether
conditions were high temperatures and low
humidity. Based on the "a priori" condition that the
roughness function Stf, e. s, /) is independent of
polarization, they used the ratio of co-polarization
channels to indicate which surface scattering model
should be used as follows:

• For the small perturbation model the ratio
d/,h/ d'w is always less than one except at near­
normal incidence.

• For the physical optics model, the ratio is greater
than one, except at near nadir incidence.

• For the geometrical optics model, the ratio is
always equal to one.
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Therefore, one can "say" something about the
surface roughness condition using the co­
polarization ratio and automatically choose the
model to be applied for each pixel (or plot). Their
results showed that the co-polarization ratio has
good potential for measuring soil moisture for bare
fields, particularly when soil moisture was less 30%
in volume and incidence angle is above 40°. The
inversion algorithm performed well at L Band but
not at C Band. The geometric model could not be
evaluated because the validity conditions were not
met.

The main drawbacks of using the purely analytical
surface scattering models are:

• The validity conditions are hardly met in the
practical world;

• The co-polarization ratio is very noisy on a pixel
by pixel basis;

• Absolute calibration is needed.

2. Semi-empirical models
Oh et al., ( 1992, 1994), developed semi-empirical
expressions for the two co-polarized backscattering
coefficients «; and ct;,. and the cross-polarized
backscattering coefficient, cf/,", as a function of the
incidence angle e. the radar wavelength A., and two
soil parameters, the relative dielectric constant Es
and the r111s surface roughness. The models, valid
over the angular range defined by 20° ::;e ::;70°,
are given by:

) = gcos3 e, [rv(e) + rh( e)]ct,,. 1;0
} -

cf/,;,= pd~.
d.' - c;7d'Jn· - \'\'

(l 7)

(18)
(19)

[ (
28)[0.314/fo) ]2

p = I- --;- ·exp( - IC\) (20)

q = 0. 25( ro )112 ( 0.1 + sili°-9 e,)
·[l -exp[-(1.4- i.sr») IC\·]]

(21)

g = O.1[ I - exp(-o. 65( /C\,Y8)) (22)
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1/2 12r» = 1£s -11
c:,112+1

rh( ei) = Icos ei - ( c:s - sin2 ei y1212

cosG,+(£s - sin' e;)

rv( e;) =I c:s cos ei -( c:s - sin2 eJ12 12

e, COS ei +(s, - sin' ei y;2 I

and is the relative complex dielectric constant of the
soil:

(26)

According to this surface scattering model, the three
magnitude quantities measured by a polarimetric
radar, «: a"w and d;,v, provide three measured
quantities, from which it should be possible to
determine the rms height s and the dielectric
constant es, since 8; and K are known. The dielectric
constant is in turn a function of the soil volumetric
moisture m; and the soil type. Using this model,
Ulaby et al., (1995) provide two algorithms for
estimating s and e, from polarimetric radar
observations:

• The first one, the p-q Inversion Algorithm uses
the equations (17)-(26). The advantage of this
algorithm is that it is insensitive to absolute
calibration of d;,h, a"w and d;,v, relying only
on good relative calibration one to each other.
Its potential disadvantage is when vegetation is
present since whereas v; and a"w are only
weakly sensitive to the presence of modest
vegetation, «: (and q) is quite sensitive to
vegetation cover.

• The second one is the p-d;,h inversion algorithm
that does not use the cross-polarized channel,
but requires good absolute calibration of the co­
polarized channels.

Ulaby et al., (1995) compared radar-estimated
surface roughness and soil moisture using JPL
AIRSAR data with ground truth data, and obtained

very good agreements with correlation coefficients
as high as 0.96.

(23)

(24)

Dubois et al., (1995), developed an algorithm that
also employs only the co-polarized channels to
estimates and m; Their equations are:

(25)

«: = l o-2.75 C~s1~58, l O0.028etanBi
Sin 8, (27)

(
. l) )1.4 10.7· /(S Sin O; /l.

a: = l 0-23s cos3 B, IO0.046etanBi
sin' e

I

. (Ks sin ei )'"'Jt7
(28)

Here e is the real part of the complex dielectric
constant. According to the authors, the algorithm is
optimized to work at a frequency between 1.5 and
11 GHz and gives best results for xs s: 2. 5,
mv $ 3 5%, and 8 2: 30°. They used a simple

criteria based on the ~" / c(, ratio to select the
areas where the inversion is not impaired by the
vegetation. To test their algorithm, they used
several SAR data sets taken between 1991 and 1994
from airborne (AIRSAR) and spaceborne (SIR-C)
for bare surfaces, under a large range of sampling
conditions. They found an RMS error in the
estimated soil moisture to be less than 4.2%.

The following general statements can be made:

• The models require polarimetric data, not
always available;

• The models work better at lower frequencies (L
band);

• Absolute calibration accuracy is a problem, since
the model is quite sensitive to uncertainties in
the backscattering;

• The models are of a semi-empirical nature, such
that a lot of independent data throughout the
world must be tested for before being certified as
operational.

The Bebedouro SIR-C Hydrology Supersite

We introduce here the preliminary results of testing
the empirical model of Dubois et al., (1995), over



the Bcbcdouro SIR-C/X-SAR Supcrsite (JPL
Publication 93-29). The area is located on the left
bank (9°07' S, 40°18' WGr) of the Sao Francisco
River, a major north-south trending flowing river
system. The river crosses a vast semi-arid region in
northeast Brazil, where a government sponsored
development program will irrigate over I million
hectares for agriculture, of which 200,000 have
already been irrigated. In the Bcbcdouro Irrigation
Project, BIP, individual farms range from 5 to 12 ha
and the total irrigated area is 1750 ha (Soares ct al.,
1988). Crops and orchards in the BIP include
mango, vine, tomato, melon and water melon. Other
types of land cover (found at the time of the SIR-C
April'94 flight) are pasture, pasture with bushes.
and bare soil. We used a total of 6 scenes taken on
April 9, April 10, April 13, April 14 (two,
ascending and descending) and April 15.

Soil moisture and roughness measurements were
taken over 13 fields scattered all over the test site.
Soil moisture sampling were done at two layers: 0-5
cm and 5-10 cm, on a daily basis, during the SIR­
C/X-SAR April '94 flight. Four sampling points
were done for each field, with five repetitions each.
Over 2000 samples were collected, weighted, dried
out and weighted again. There was a rainfall of 80
mm the night before the first SlR-C overpass (April,
8, 1994), and it did not rain for the rest of the
experiment. Because top 30 cm of the dominant soil
are sandy , some fields were irrigated for planting 5
days after the rainfall. Surface roughness was
estimated using photographs of a gridded panel
oriented both parallel and perpendicular to radar
swaths. Photographs were digitized and the rms
height was calculated.

We tested the inversion of equations (27) and (28)
to derive both rms height and the dielectric constant
£ and compared them with the "in situ" measured
values. Soil moisture was calculated from dielectric
constant using soil texture information as in
Hallikaincn et al., (1985) The results for soil
moisture obtained from using both co-polarized L
Band channels arc plotted in figure 2 against the
measured values. Only the averages arc used in this
case. Although the sensitivity of radar backscatter is
very clear, the derived values are in general
underestimated and the correlation coefficient is
only moderate, indicating that this empirical model
could not be used to map soil moisture with an
acceptable accuracy. On the other hand if the r111s

height is previously known. we could use only one
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co-polarized data set (either equation (27) or (28)).
This situation is realistic in many cases, for which
no agricultural practices arc happening to change
the surface roughness. Also, in the near future, for
technical reasons, multipolarimetric spaceborne
SAR arc not likely to fly, what brings the problem
of "a priori" knowledge of soil roughness if one are
interested in estimating soil moisture. Figure 3
displays the comparison between model derived and
measured values, using L band VY polarization
(equation (28)). In this case, the underestimation is
minimized and the correlation coefficient is higher.
One can notice that the variance tends to be higher
when m; is higher than 25% in volume, which is in
agreement with the findings of Dubois et al.,
( 1985). There may be situations where realistic
estimates of roughness could be done over a stable
region, after days of continuous rainfall that
saturates the soil; in this case soil moisture is an
input and nus height is obtained from inversion of
equation (28). On the other hand. when the HH
polarization is used (figure 4), the correlation
coefficient is smaller indicating that there may be
problems of fitting for equation (27). Dubois et al.,
( 1995) did not compare VV and HH polarization for
their sensitivity to soil moisture. It appears, though,
from this preliminary results, that the VY
polarization are less sensitive to uncertainties on
nus height, a result to be investigated as a follow up
of this survey. To confirm these results, we show, in
figures 4 and 5. the plots of the theoretical values
for d:,. and «; corresponding to a range of m;
going from 0 to 40'Y.,and two rms height (0.3 to 1.4
cm). When r111s height is 0.3 cm, 0:. goes from -24

to -14 dB «; varies between -27 and -21 dB as m;
changes from 0 to 40'Yu.. If the rms height of 1.4 cm
is used. d:,. goes from - 17 to -7 dB and «; varies
between -18 and -11 dB in the same range of m;
Ulaby ct Siquiera, ( 1995), show that, for their
model, a',',, rises from -23 to -13 dB as soil moisture
goes from O to 40% in volume, a 10 dB change,

while d1'.,, increases from -23 to -18, a 5 dB change
( 1.25 GH1.. s= l.5cm. tl,=40"). It is clear that, for

both semi-empirical models, ct;',, is approximately
twice as much sensitive to volumetric moisture
variation.

Measured "in situ" nus height used in our tests
were between 0.33 and 1.4 c111.They correspond to
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ks from 0.087 and 0.37 for L band and from 0.37
and 1.57 for C band.

According to Dubois et al.,(1995), the science
requirements for the SIR-C Calibration accuracy at
both L and C bands are ± 2.0 dB I ± 0.4 dB for
absolute and relative calibration, respectively. It is
obvious that, since as much as 4 dB change could
happen due only to calibration problems (in the
worst case), absolute calibration errors are an
important source of scattering in the cluster.
Obviously, since the hh polarization is less sensitive
to soil moisture changes, it is more affected by
absolute calibration inaccuracy.
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Figure 2. SAR derived soil moisture using the two
co-polarized bands (L Band) versus measured soil
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Figure 3. SAR derived soil moisture using the one
co-polarized band (W, L Band) versus measured
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Figure 4. SAR derived soil moisture using the one
co-polarized band (HH, L Band) versus measured
soil moisture.
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ABSTRACT

SAR (Synthetic Aperture Radar) images are affected by
the presence of a multiplicative noise, called the speckle.
This noise gives these sort of images the typical "salt and
pepper" aspect. When this information is used in
combination with optical images (e.g. TM, SPOT images)
this feature of radar images is a drawback . Therefore,
assuming some statistical properties of the speckle,
different types of spatial filters are being used to overcome
this problem. In the last decade Wavelet Transform (WT)
has an increasing interest in the field of remote sensing
due to its advantage in the analysis of non-stationary
signals and other advantages in respect of Fourier analysis.
In this paper we explore the application of WT to reduce
the speckle. Wavelet transform provides a complete
description of the image at all available scales by means of
the multiresolution analysis (MRA). Using this technique,
which is a pyramidal analysis, the image under study can
be decomposed in lower resolution images representing
the general structure of it, and images with high frequency
features in which the speckle is included. The approach
used here operates on the decomposed image by reducing
or modifying some of the high frequency components and,
after that, reconstructing the filtered new image. Some
experiments has been conducted using this approach on
different radar images. The preliminary results of these
experiences show that this approach offers a promising
future.

1. INTRODUCTION

Synthetic Aperture Radar (SAR) images are characterized
by the presence of a granular noise, called speckle noise,
of a multiplicative nature which stems from the manner in
which the images are formed.

Due to this noise, the interpretation of the image, as well
as the performance of some processes, are difficult.
Reducing the speckle would improve the discrimination
among different land features. It would also make easier
the fusion between optical and radar images, and it would
make the classifiers of radar images more efficient.

To achieve that goal one needs to make use of a certain
class of filters. According to Lopes et al. (1990) the
desirable characteristic of despeckling filters should be: in
the case of homogeneous areas (agricultural areas, for
example), the filters should preserve the backscattering
coefficient value (the radiometric information) and edges
between different areas. For textured areas (forest for
example), the filters should preserve the spatial
variability. (textural information).

Along the years, many efforts has been made to overcome
this inherent problem in radar images. A number of
different programs have been written using a variety of
algorithms to despeckle noisy images. Filters based on the
statistiscal properties of the image, such as Lee or Frost,
are very popular. Adaptive filters also seem to be suitable
for preserving radiometric and textural information (Frery
et al, 1993). The problem, however, is still present.

The wavelet transform is a mathematical tool developed in
the late l980's to deal with the analysis of nonstationary
signals. It can be interpreted as a scale invariant transform
which makes it suitable to deal with fractal or complex
signals (Chui, 1992). The purpose of this paper is to
present the potentialities of the WT to deal with some
difficult problems presented in radar image processing.

The application of wavelets to reduce speckle is not new.
Ranch in et al. (1993) and Caneau et al ( 1993) used the
wavelet decomposition to reduce the speckle by using the
Wiener filter approach. There are, however, few papers
using this technique or reporting some experiences in this
field.

The approach considered in this paper intends to point out
the inherent properties of the WT and not in the design, or
application, of sophisticated filters. To that end, a simple
filter such as the median filter was applied to the resulting
sub-images of a WT decomposition. The filtering was
applied at different resolution levels of two radar images.
For the assesment of the results a simple parameter, the
coefficiet of variation, was used.

The paper is organized as follows: Section 2 describes the

Proceedings of the First Latino-AmericanSeminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires. Argentina.
2-4 December 1996 (ESA SP-407. March 1997)
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fundamentals of WT and its application in the
multiresolution analysis of images. Section 3 explains the
despeckling procedure and gives details of the
experiences carried out on radar images by using the WT.
Section 4 presents the conclusions.

2.-FUNDAMENTALS OF WAVELET TRANSFORM

2.1.- The Continuous Wavelet Transform

The Continuous Wavelet Transform (CWT) is a
mathematical tool developed in late 1980's to deal with the
analysis of nonstationary signals (Grossman and Morlet,
1984). Daubechies (1990, 1992) showed that there are
functions ljr, called mother wavelets, whose translations
and dilations are orthonormalbases of L2(JR.), which is the
vector space of the measurable, square integrable 1-d
function f(x). In the one dimensional case, this family of
functions can be expressed as,

a,b ElR,aT"O (1)

In Eq. 1, a is a scaling parameter, while b is a shift
parameter. The mother wavelethas to satisfy J ljr(x)dx=D,
which implies at least some oscillations. The condition on
ljr,known as admisibilitycondition,can also be expressed
as Jl'P(w) I 2 1w·11dw < oo, where 'P(w) is the Fourier
transformof ljr(t).The basic idea of the wavelet transform
is to represent any arbitrary function! as a superposition
of wavelets. Any such superposition decomposes f into
different scale levels, where each level is then further
decomposed with a resolution adapted to the level.

2.2.- The Discrete Wavelet Transform

The Discrete Wavelet Transform (DWT) is an extension
of the wavelet series for finite-length discretized signals.
The DWT is applicable to sampled continuous time
signals. It is derived by quantizing the scale and the shift
parameters. As with the CWT, it decomposes a function
into a series of wavelet basis functions which are dilated
and translated. The wavelet decomposition off is then
written as:

(2)

tjr (x) = a -m!z"'(a -mx-nb )
m,n 0 'I' 0 0 (3)

where a= aam,b = nb.a,", m,n E Z, and aa>1,b, > 0 fixed.

For practical reasons, in such decompositions the values
<ii1=2, and b0=1 are used. In this case, the coefficients cm,n
can be written as in Eq. (4).

(4)

2.3.-Multiresolution Analysis

In a multiresolution analysis (MRA) (Mallat, 1989), the
motherwavelet ljrand a scaling function <P can be chosen
in such a manner that the translations and dilating of <P
form a basis for a vector space denoted as Vm . Letting m
vary, it results in a sequence of succesive approximations
spaces,

(5)

Vm is said to have a resolution of 2-m.Translations of ljr
span a vector space Wmthat is the complement of Vm in
v..
The approximation of an arbitrary input functionf at a
resolution 2-m (denoted as Am(f )) is given by the
projectionoff onto the vector space Vm· The information
lost when going from an approximation off at resolution
2-m to the coarser approximation Am+i(f) with resolution
2-<m+tJ,is referred to as the error, or detail signal Dm+i (f).

Let h and g be the impulse responses for decomposition
(or analysis) low-pass and high-pass filters, respectively.
Given the approximation of f at a resolution 2-m(i.e.,
Am( f) ), Am+I ( f) and Dm+I( f) can be computed by
filteringAm CJ) with hand g and then keeping every other
sample of the output. This algorithm is ilustrated by the
block diagramshown in Fig. I .a.Approximationsat lower
resolutions are obtained by repeated application of this
algorithm.

Fig.I.a.-Wavelet decomposition

Aff)~

D~~ff!~Aj/)

Fig.1.b.- Wavelet reconstruction

On the other hand, given Am+iCf ),Dm+iCf ) and the
necessary functions ljr and <P (wavelet and scaling
functions), Am(f) can be perfectly reconstructed by
interpolating Am+iCf)and Dm+iCf)by a factor of two and
filtering the resulting signals with hand g, respectively.



The block diagram shown in Fig. 1.b illustrates this
algorithm. Observing Figs. 1.a and 1.b, it is easy to derive
that the DWT is essentially a subband decomposition
systems. Hence, the terms subband decomposition and
wavelet decomposition are used interchangeably in the
wavelet literature (Vetterli et al, 1992).

In the case of 2-D signals, which is the case of images, the
decomposition can be obtained by succesive 1-D
processing along the rows and columns of an image. Fig.2
shows the resulting set of sub-images after two steps of a
WT decomposition.

Fig.2.- Wavelet representation, pyramid structure

3. DESPECKLING PROCEDURE

3.1. Filtering of Images by WT

From the frequency point of view, the direct WT of an
image is a decomposition of a bidimensional signal in
subbands of different frequencies. After this
decompositon, one can operate on the resulting
components. The filtering method consists of
modifications or elimination of some of the components.
After that, the application of the inverse WT is necessary
in order to obtain the filtered image. In this sense, filtering
by WT can be considered similar to Laplace transform or
other transformations dealing with the frequency
components of a signal. WT has, however, some
properties from which advantages can be taken. One of
this properties, after the application of a multiresolution
process, is the possibility of operate on images at different
scales. In this way selected components, at different
scales, can be modified or filtered. The general procedure
to perform the mentioned task is presented in Fig.3.

3.2.- Materials and Methodology

In our study we used one SAR image obtained from the
ERS-1 satellite covering the city of Mar de! Plata (in
Argentina) and its nearby agricultural areas. In our study
we used two portions of the SAR image of 512 x 512
pixels. In this paper they are referred as Image 1 (Fig.4)
and Image 2 (in the upper left corner of Fig. 6).
As Fig. 3 shows, the despeckling procedure presented here
relies on three steps: (I) the decomposition of the speckled
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Fig.3.- General despeckling method by using
wavelet transform

image by using the MRA algorithm, (2) application of
filtering to all of the details components in any, or some,
resolution levels, and (3) application of the inverse WT for
the reconstruction of the processed image.

Even though the process is conceptually simple, there are
some questions to answer, particularly related to steps 1
and 2. Some of these questions are:

- how many resolution levels may be considered in the
decomposition stage.

- which filter should be used.
- on which component, or components, may be applied
the filter process for a more efficient result.

There is, however, other important question to answer in
the application of the WT: which wavelet performs better
for the desired goal. In our work the 4 coefficient
Daubechies wavelet was used (Daubechies, 1990).

Observing the results obtained in the experiences
conducted on different images, the number of resolution
levels should not be greater than 3. The best results of
despeckling were obtained by applying filtering only in the
first or second resolution step. Referring to the filter, we
used a simple median 3x3 filter which performed well for
the despeckling operation.

3.3.- Operations on image I.

As previously mentioned, three resolution levels were
performed on image 1. This implies that 3 direct WT and
3 inverse WT are needed. If three resolution steps of a
multirresolution decomposition are performed, and if no
filtering is applied, the original image is recovered at the
end of the process. To achieve a despeckling effect, at
least one filtering operation at one resolution level, has to
be carried out.

In our experience, the filtering operation was applied to all
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Fig.4.- Image 1, SAR image of the ERS-1 satellite of
Mar del Plata (Buenos Aires), Argentina.

Fig. 5.- From top to bottom and from left to right, sub­
images of: Image 1, Ilf-1, Ilf-2 and Ilf-3.

3 high frequency components (detail sub-images) of a
decomposition. But this procedure was applied to the
combinations of one, two or the tree resolution levels.

The app.ication of 3 resolution steps gives place to 7
different combinations of filtering and, as a consequence,
7 processed images were obtained.

For the assesment of the filtering process the coefficient of
variation (CV) measured on the same 4 homogeneous
sections of the processed images was used. It is considered
that the despeckling effect is better when the CV measured

Fig. 6.- From top to bottom and from left to right, sub­
images of: Image 1, Ilfl2, Ilf-13, Ilf-23 and Ilf-123.

on the processed image is lower than the CV measured on

the unfiltered image. The CV is one of the simplest and
most popular parameters to measure the performance of a
despeckling filters (Ranchin et al., 1993 ). In our
experience, nowever, it has been found that this parameter
is not good enough to measure some undesirable
characteristics appearing because of the use of WT
decomposition.

Tabla 1..-Coefficient of variation calculated in 4 sectors
of Image 1 and the derived images.

Image sector sector 2 sector sector
1 3 4

Image 1 0.3258 0.3557 0.3849 0.3828

Ilf-1 0.2859 0.3207 0.3555 0.3478

Ilf-2 0.2670 0.2959 0.3321 0.3366

Ilf-3 0.2873 0.3217 0.3559 0.3492

11f-12 0.2113 0.2494 0.2931 0.2931

llf-13 0.2364 0.2791 0.3205 0.3116

Ilf-23 0.2180 0.2511 0.2963 0.2897

llf-123 0.1432 0.1937 0.2522 0.2378

The evaluation of the process was applied to the 7
resulting images of the despeckled images. The CV values
of each image, measured on 4 selected sectors of the
processed irr:.ageare presented in Table 1. Fig. 5 shows the
graphical be.iaviour of the CV parameter.
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Fig. 7.- Coefficient of variation (CV) of 4 sectors in each
image obtained after processing Image 1.

From the information provided by Table 1 and Fig. 7, and
based only on the values taken by the CV, it is possible to
see that filtering of the image at least in a single resolution
step, produces an improvemet of CV values. However,
the visual observation of the resulting images may be not
as good as one may desire. The application of filtering in
all 3 resolution levels, for example, gives the lowest CV
values, but it provides an image too much "smoothed".
The processed resulting images can be observed in Fig. 5
and Fig.6.

3.4.- Operations on Image 2

The process applied to image 1was also applied to Image
2. Image 2 was chosen because it presents an airport
runway clearly visible in the upper right corner of the
image (see Fig. 8). This is useful because it allows the
evaluation of the despeckling process in the presence of
sharp edges.

After the despeckling process was applied to Image 2 the
following images were obtained:

Image 12f-1, filtering in step I
Image 12f-2, filtering in step 2
Image 12f-12, filtering in steps l and 2
Image 12f-23, filtering in steps 2 and 3
Image 12f-123, filtering in steps I, 2 and 3

Table 2 shows the CV values measured in 4 selected
sectors of Image 2. According to Table 2 the best result
should be obtained by the process which takes into
account the third resolution level. In this case the image
I2f-23 should be the best because it has the lowest CV
value. However, this result is not good because strong
distortions of the original scene has been produced.

The deformation, produced by filtering in the
thirdresolution step, is easily seen in image I2f-23 of Fig.
8. To show more clearly the visual effects of the Tabla 2
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Fig.8.- From top to bottom and from left to right, Image
2, I2f- l 2, I2f-2 and I2f-23.

..- Coefficient of variation calculated in 4 sectors of Image
2 and derived images.

Image sector sector sector sector
1 2 3 4

Image 2 0.4294 0.3965 0.4993 0.4860

12f-l 0.3988 0.3678 0.4446 0.4609

12f-2 0.3902 0.3597 0.4252 0.4494

12f-12 0.3531 0.3236 0.3910 0.4213

12f-23 0.3648 0.3234 0.3689 0.4047

12f-I23 0.3252 0.2830 0.3267 0.3710

of the despeckling operations on Image 2, a sector of each
image of Fig.8 is presented in Figs. 9, 10, 11 and 12.

4.- CONCLUSIONS

The purpose of this paper is to present the potentialities of
the Wavelet Transform (WT) to deal with the speckle
noise reduction in radar images. Although many
techniques has been developed to perform this task, they
are not completely satisfactory and the exploration of new
tools to face this problem is mandatory.

The approach considered in this paper intends to
emphasize the use of the inherent properties of the WT
and not the properties of a sophisticated filter. To that end,
a simple median filter has been applied to one or several
sub-images arisen in a WT decomposition.
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Fig. 9.- Sector of Image 2

Fig.10.-Sectorofimagel2f-12

The methodology was applied to two images and after
the visual evaluation of the results, and the assesment of
the process by means of a simple parameter: the
coefficient of variation, the following conclusions were
obtained: 1) The wavelet transform is a promising tool to
deal with speckle reduction. 2) Satisfactory results of the
method were accomplished working on sub-images with
resolution levels not lower than 2.

The filtering of images of lower resolutions introduces
modifications to the original structure of the scene. 3) For
further studies, new types of wavelet need to be explored.
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ABSTRACT

The merit of the Karhuuen-Loeve transform is well
known. Since its basis is the eigenvector set of the co­
variance matrix, a statistical, not functional, representa­
tion of the variance in p;1ttern ensern blcs is genera.tee!.
By using the Karhunen-Loeve transform coefficients as a
natural feature representation of ;1 character image, the
eigenvector set can be regarded as ;111 Ica.t.ure extractor
for a classifier.

Keywords: Karhunen-Loeve Transform; Pattern Recog­
nition; Neural Net works.

1. Introd ucao

Para o poderoso e complexo sist em a visual humano, uma
sim pies imagcm englo ba urn ;1 vast.a q uant.id ade de in­
form acocs. A grande maioria dcssas iuforrn acocs sao
dificeis de serem expressad as com igua.l coucisao, pre­
cisiio e flexibilida.de a.traves de mecanismos art.ificiais. 0
cerebra humano, por su a vez, e capaz de ext.rair carac­
teristicas essenciais de uma imagem em um simples re­
lance, registrando o especfftco padrao, bern corno, ele con­
segue reconhecer pad roes mesmo na presenca de rufdos,
tr ansforrn acoes geomct ricas. movimcnto, cntrc outros.

A ciencia, em todo seu contexto, procura meios de desven­
dar os misterios cerebrals associados a visao e outras ha­
bilidades humanas, com a finaliclaclc de construir dispos­
itivos artificiais que realizem t.ais t.arefas com tarnanha
perfeicao. Durante as ultimas decadas, a area de proces­
samento de imagens tern dedicado muit.a pesquisa 11<1clab­
oracao de modelos ma.tem a.t.icos para o proccssarncnto,
descricao e classificacao de irnagens [COO 65],(0PP 75],
(PRO 88].(GON 92].

Atualmente, em processamento de irnagens tern ocorrido
nm razo.ivel invcst.imc-nto cm pesquisas para o desenvolvi­
ment.o de novas t.ecnicas c met.od os que possam scr em-

pregados em urn amplo domfnio de aplicacoes (GON 92].
Uma das preocupacoes basicas diz respeito com a trans­
Iormacao adcqu ad a de sinais, de rnodo que os mesmos
possarn ser analisados e formas comportadas de sua repre­
sent.acao possam ser extrafclas, economizando o espaco de
rnem6ria ncccssario para o armazenamento ea diruinuicao
da dernancla comput.acional exigida.

0 objetivo deste artigo e apresent ar a transformada
Karhunen-Loeve coma uma rede neural nao supervision­
ada para proccssamento, compressao e reconhecimento
de imagens localizadas em urn a retina de pixels. Na re­
alid ade, 0 mct.odo apresentado tr at a-se de urn a tecnica
matern atica que possibilita a extr acao de um conjunto
de caract.crfst.icas mensuraveis das imagens (pad roes) que
serao tr at.ad as at raves de um classificador linear, onde um
conjunto cle pad roes ser a apresentado para o reconheci­
rnento. A base desta t.ecnica reside na utiliz acao da trans­
forrnada Karhu ncn-Loev« (CAM 71],(STA 88],[CHE 91),
que correspondera a parte de extr acao das principais com­
poncntes, onde cada irnagem (padriio) e representado por
um vetor de ca.ract.eristicas e o reconhecimento do padrao
e realizado atraves de mediclas realizadas no espaco de
caract.erist.icas das classes existentes.

Nas secoos quo se seguem, trataremos de maneira mais
gera.I sobre o espaco de car actcristicas, transformadas or­
togonais, conjunto de dados para a realiz acao dos experi­
mentos, corn prcssao e reconstrucao de imagens, reconhec­
imento de pad roes e as conclusoes.

2. Espaco de ca.ract.cristicas via Transformadas
Ortogonais

A idcia central dest.a secao e a transformac;iio do espaco
original dos pad roes para outro com dirnensao menor.
De maneira quc, est.a nova represent acao dos padroes es­
t.eja Iivre de informacoes redundantes. Em geral, para se
obter uma t.ransforrn acao adequada, adota-se um criteria

Proceedings of the First Latino-American Seminar on Radar Remote Sensing - Image Processing Techniques, Buenos Aires, Argentina,
2-4 December 1996(ESA SP-407,March 1997)
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de otimiz acao, entre eles clestacam-se o minima erro
quadrado e a entropic. Estes criterios associaclos as trans­
forrnacoes tern por objetivo auxiliar a discriminacao clas
classes existentes, de maneira a maximizar as distancias
inter-classes e a minimizacao clas dist.ancias intra-classes,
em problemas de classificacao.

Dentre as transforrnacoes mais utilizaclas, clestacamos a
transformada de Fourier [COO 65],[0PP 75],[BLA 87]
a transformacla Walsh-Hadamard [HUT 75],[GON 92], a
transformacla Haar, a transformacla Karliunen-Loeue e
mais recentemente as Wavelets [DAU 88], [MAL 89],[DAU
90]. A transformada Karhu nen-Loeve (!\:LT) e 6tima
em relacao ao criteria de minima erro quaclraclo. Este
metodo conheciclo coma an alise clas principais compo­
nentes (PCA) tern sido muito utilizado em aplicacoes
onde a reducao de dimensionalidade,torna-se necessaria.

As transforrnacoes mensionadas acima sao denominadas
transformaclas ortogonais, na secao seguinte, as cle­
screveremos de maneira mais tecnica.

3. Transformaclas Ortogonais

As transformadas ortogonais constituem uma poclerosa
ferramenta m atematica para representar Iuncoes ex­
tremamente complexas atr aves de outras mais simples.
Imagens podem ser vistas como funcoes. Uma impor­
tante aplicacao clesta tecnica e a reducao de dimensionali­
dade ou corn pressao de dados [AHM 75],[WOM 77]. Estas
transformaclas poclem ser clivicliclas em cluas classes, se­
gundo as Iuncoes basicas utilizaclas. Desta forma, temos
a classe baseada em Iuncoes nao senoiclais e a de funcoes
senoidais, tenclo est a ultima coma tinica represent.ante a
transformacla de Fourier.

Em geral, aplica-se est.a tecnica a um conjunto de da­
dos obticlos experimentalmente, cujo objetivo e encon­
trar uma lei de forrn acao para a Iuncao. Detalhes sabre
a representacao de funcoes atraves clesta tecnica serao
expostas a seguir, bem coma apresentaremos a transfor­
mad a Karhunen-Loeve, coma uma clas imirneras repre­
sent.ante cla classe <las transformaclas ortogonais que sao
definidas atr aves Iuncoes basicas nao senoiclais.

3.1. Extr acao de Caracteristicas via Transformadas
Ortogonais

Seja W = {1/io(t), 1/J1(t), ... , 1/Jn(t), ... }um conjunto de
Iuncoes reais e continuas,(utilizamos Iuucoes reais por
conveniencia}, serri dito ortogonal no intervalo (to, to+T)
se:

se rn = n
se rn # n ( 1)

Para o caso oncle Cn = 1, o conjunto W e chamado
ortonormal. Seja x(t) uma Iuncao de valores reais,
definicla em um intervalo (to, io+T), e suponha que x(t)
possa ser escrita na forma :

x(t) = L ani/Jn(t)
n=O

(2)

ent.ao os coeficientes a11 poclem ser obtidos da seguinte
forma : multiplicamos ambos os !ados cla equacao 3 por
1/Jm e integramos o result ado no intervalo (to, to + T),
oncle obteremos :

1t0+T lto+T 00

x(i)i/Jm(t)dt = L an1/Jn(t)1/Jm(t)dt
to to n=O

(3)

Como 1/Jm e 1/Jn sao ortogonais, temos

1t:am = - x(t)i/Jm(t)dt, m = 0, 1, 2, ...
Cn to

Um conjunto de Iuncoes ortogonais e chamaclo fechado
ou completo se for verificacla a seguinte condicao:

Para qualquer parte continua de x( t) com :

l

to+T
x2(t)dt < oo

to

Qualquer que seja c > 0, existe N ta! que seja passive!
representar uma aproximacao de x(t) por uma expansao
finita :

l to+T
I x(t) - x(t) 12 dt < c

to

oncle :
N-l

x(t) = 2= anl/Jn(t)
n=O

Pelo desenvolvimento acima, e visive! que por uma ex­
pansao em Iuncoes ortogonais, sempre sera possivel rep­
resentar x( t) por um conj unto infinito, mas enumeravel
{ ao, ai, a2, ... }. Entretanto, quando W for completo
torna-se possivel uma aproximacao de x( t) at raves de um
conj unto finito {ao, ai, ... , aN-d.

3.2. Extracao de Caracteristicas via Transformaclas
Karhunen-Loeve

Seja {X} um conj unto de vetores, obticlos por
amostragem, de uma classe de sinais aleat6rios, podendo
ser um conj unto de imagens. Um represent ante de {X} e
dado por Xj = (xj,1,Xj,2, ... ,Xj.N)· A amostra x1 pode
ser aproximada por 4:

K

Xj = Yj,11/J1 +Yj,21/!2+ ... +Yj,Ki/JK = LYj,ii/Ji J{ < N
i=l

Yj,i = xji/J; i = 1, 2, ... ,I<
(4)
(5)

onde N e o mirnero total de cornponentes <la amostra e I<
e 0 mimero de cornponentes utilizadas na aproximacao.

Por definicao, o minima erro quaclraclo, E, e dado pela
expressao 6:

N [(

E = (LYj,i1/Ji - LYj,i1/Ji)2
NL ¢IRx1/Ji (6)

i-x K+1i=l i=l



onde Rx corresponde a. matriz de covariancia do conj unto
{X}. Dada por 1(,. = ~ L;'=1(xj-X)(xj-X)1, oudr­
V representa o nurnero tot al de elcmentos do conjunto
{X} e Xe o vetor medic do referido conjunto.

Quando {1fJi} constituem a base ortogonal de Karhunen­
Loeve, os elementos 4'i sao dctcrrninados a partir dos au­
tovetores de Rx, de acordo com a equ acao 7:

Rx = >.;V'; (7)

onde A; sao os autovalorcs da mat.riz de covariancia,

De m aneira que, o erro de truncarnento d a equ acao 6 e
minimiz ado pela equ acao 8

N

Min1i;.,,)E = 2..:: x,
i=K+l

(8)

Isto significa que, se utilizarmos apen as ]( au to-vet.ores
para a rcprescnt acao de Iuncoes, o erro de truncamento
sera a soma dos a.uto-valores da m a.triz de covar ia.ncia,
senclo cla.do pela equ acao 8. A cq u aoao 1, escrit.a em ter­
mos dos auto-vetorcs da matriz de covariancia, e denom­
inad a expansao Ka.rhunen- Locve. A Figura I ilustra a
transformada. Karhuucn-Locvc.

Transf
Karhunen
Lceve I Autovalores

Padro es
Numericos

Fig um 1: Extra<; au dos Au tovalores c Au tovetores d a m a­
triz de covariancia.

A correspondente transform acao ortogona.l iuversa, n a

equacao S, e ch amad a trausform ad a Kar hu nen-Loeve
[CHE 91].

4. Base de lmagcns

Para invcst iga.rmos as propriedadcs fundamcntais e a
qn alid ad« do mctod o proposto. u t iliz amos a.base de dados
do Britisl: Post O.ffice que possui um conj unt.o de dados
alf'anumcricos extra.idos de envelopes de cart as. Estc con­
junto constitui-se de 34 classes de padroes, i.c ., caract.eres
alf'abet.icos de A-Z c ca.ract.ercs nuruericos de 0-9.

Cada classe coutem :mo amost.r as de pad roes digitalizados
e norrnalizados a.tr aves de 381 pontos ern preto e branco,
sabre um a m a.t.riz de 24 lin has e 16 colun as. Nosso exper­
imcuto baseou-se nas classes constituida.s dos caractcres
numericos de 0-9, totalizando 3.000 pad roes divididos em
10 classes. A hgura 2 ilust.ra alguns dos mclhorcs pad roes
exist.entcs n a base de dados.
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Figura 2: Excmplos de 100 amost.ras por classes de nu­
mcr ais existentes n a base de imagens.

S. ( 'ornprcssao e Rcconstrucao de Irnagens via
Tr ansfor m ad a Karhunen-Loeve

Cornpress.io de irnagcns e basicamerite mot ivad a pela
reelucao de dados para o arrnazenarnento, tr ansmissao de
imagens e reconstrucao. Muitos met odos convencionais,
inclnindo a transforma.da rapid a de Fourier, transformada
cosseno, t.ransforma.d a Walsh-Hadamard, transformada
Wavelets, cut.re outros sao disponiveis na prat.ica [GON
92]. Nest a. secao t rat.aremos a teoria associada a transfor­
m ad a Karhu ncn-Loeve para. a cornpressao e reconstr ucao
de imagcns. A Figura 3 ilustr a o modelo para a decom­
posicao e recoustr ucao dos numcrais.

De compcsicac Reconstrucao
I- -i-

Padro es 1-1 PCA 1-1 Limiar H
Numeric cs Auto Auto Padroes

Vetores Valores Numencos~
I -I

Figura S: Metodo para decorn posicao e rcconstrucao de
irna.gcns baseado em limiares.

Sob o pont.o de vista t.eorico, o rmrumo erro quadrado e
dado Equ acao 8. Neste contexto, vamos apresentar um a
tecnica de rcconstr ucao de imagens numericas baseada
no conceito de Iuncao limiar extr aid a diretamente d a
Equacao 8. Definimos uma Iuncao limiar , d ad a pela
Equ acao 9 :

se Yi > limier
se Yi < limiar (9)

onclc lirniar corresponcle a soma. de todos os autovalores
a.ssociaclos as com poucntcs que for am negligenciadas para
a rr-const rucao.
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A partir desta funcao, realizamos experimentos basea­
dos na extr acao <las principais componentes <las primeiras
90 imagens do numeral zero, ilustrados na Figura 2. 0
grafico da magnitude dos autovalores extraidos <las ima­
gens e ilustrado pela Figura 4.

0.2~-~--~--~--~-~

0.1 L+
Grafico da Magnitude
dos Auto Valores

+
+

Figura 4: Valores normalizados dos autovalores para os
90 primeiros caracteres zeros da base de imagens.

Estabelecemos duas cstrategias para a reconstrucao <las
imagens. A primeira e a reconstrucao de imagens uti­
lizadas no processo da transformada Karhunen-Loeve.
Dentre as 90 possiveis, escolhemos as imagens de mirneros
1, 2, 3, 4 e 5. 0 outro experimento, testamos a re­
construcao de imagens que nao foram utilizadas no pro­
cesso da transformada, onde selecionamos as imagens de
ruirneros 91, 92, 93, 94 e 95. Os resultados obtidos sao
ilustrados na Figura 5.

Original

2 4 5 91 92 93 94 95

Comprimida COOOOrJt!JJl.rrmar= 0.5223
Componentes 1-5 ·

2 3 4 5 91 92 93 94 95

Comprimida
tumar = 0.4404
Componentes 1-9

2 3 4 5 91 92 93 94 95

Comprimida ffJ.00 rJ!JfJLimiar = 0.2870
Companentes 1-19 "' ·,

1 2 3 4 5 91 92 93 94 95

Figura 5: Resultados obtidos para a reconst.rucao de im­
agens numericas atr aves da funcao limiar.

6. Reconhecimcnto de Pad roes

0 estudo de reconhecimento de padroes pode ser divi­
dido em duas areas principais : extmr;iio de caracteristicas

e projeto do classificador, coma podemos observar na
Figura 6.

DrrilU

Figura 6: Rcprcsentacao grifica do processo de Recon­
hecimento de Padroes,

0 processo de amostragem, basicamente, fornece uma
sequencia de valores que definem o padrao dado. Apos
este processo, o padrao de entrada e tratado coma um
vetor N-dimensional.

6.1. Processo de Extracao de Caracterfsticas e
Reducao de Dimensionalidade

Obtido o vetor, correspondente ao padr ao de entrada,
inicia-se o processo de extracao de caractensticas. 0
primeiro estigio, consiste em uma transforrnacao ortogo­
nal dos valores de entrada (o padrao amostrado). Neste
t.rabalho, utilizamos a transformada I<-L , esta prove um
mapeamento um para um, transformando a sequencia de
entrada X,(x1,X2, ... ,x11), em outra Y,(y1,Y2, ... ,y,,),
de mesma dimensao.

Na pratica, a dimensao dos padrocs ,N, e muito grande,
sendo necessirio sua reducao. Por exemplo, neste tra­
balho, a dimensao dos padroes e N = 384. Utilizando­
se <las propriedades inerentes da transformada K-1, re­
duziremos a dimensionalidade. Desta forma, o segundo
estigio do processo de extr acao de caracterfsticas e a
escolha <las componentes mais significativas do padrao
de entrada. A saida deste modulo sera um vetor
Z,(z1, z2, ... , ZK), com J{ componentes de Y, ta! que
J{ < < N. Esta reducao de dimensionalidade e al­
cancada segundo os criterios que norteam a transfor­
mada Karhunen-Loeve, de maneira que o erro seja tao
pequeno quanta se deseja e facilmente calculado atraves
da equacao 8. Sob outro ponto de vista, est.a tecnica pode
ser tratada coma uma rede neural com aprendizagem nao
supervisionada. A Figura 7 ilustra est.e processo.

0 algoritmo de aprendizagem para este tipo de rede neu­
ral e dado por uma regra Hebbiana, definida pela Equacfio
10:

PesOSt+l = Pesos, + o(Rr.Pesost) ( 10)

onde o e a taxa de aprendizagcm, Rx e a matriz de co­
variancia e Pesosis., sao OS elementos adaptativos da
rede neural, o simbolo t significa o estado anterir e t + 1
o estado at ual dos pesos.

0 passo seguinte, consiste em classificar o padrao de en­
trada. Na realidade, o processo de classificacao consiste
inicialmente de um treinamento e posteriormente a classi­
ficacao. A classificacao e somente urn a tomada de decisao,
que nos informa qua! a classe a que pertence o padrao
dado.
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Figura 7: A transformada Karhunen-Loeve vista como
uma rede neural linear.

6.2. Projet o do Classificador

Nossa desejo e construir e t.reinar um classificador que
seja capaz de localiz ar automiticamente a classe a que
pertence um determinado pad rao Z, escrit.o atr aves das
fincoes b.isicas I\-L c com dimensionalidade rcduzid a.

Projetaremos um classifica<lor baseado no criteria de
minima dist.ancia quadrad a, este e delinido a part.ir da
seguinte regra:

Um patlriio z e dito pertencenie a classe C'i SC z (mais
pr6ximo a Zi. onde Ci corrcspondc a classe i e Zi e o
vet.or media da classe C;.

A figura 8 ilustra o processo de classificacao para tcs
class~s ( C1, C2, C;i). Neste caso, o pad rao Z ser a re­
conhecido coma elem en to pcrt.cnceu t.e a classe C'2.

10-5 -4 -J -2 -1 a
.1

Fujura 8: Rcpresent.acao geometrica de um classificador
de minima dist.ancia quadrad a p<tra t.res classes

Denotarcrnos por D[ a dist ancia quad rad a entre Z e os
Zis. A formula para o cilculo d a dist.ancia e d ada por :

o; =I z - zi I"= (Z - z;)(z - zd i = 1, ... 1' (n)

ondc Z <., o padr ao a ser classificado c Z; t o vet.or ruedio
da classe i, 1' e a qua.ntirlade de classes.
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Reescrevendo it equ acao 11, temos

2 2 -t 1,c2·Di =I Z I -2(ZiZ - 2 I z, I ) z = 1, ...r (12)

Observando it equ acao acim a, Dl e rrummo quando 0

(z- z- t i I z- 12) , , . A .termo :.1i , 2 i e o maximo. ssim, o
classificador bascado na minima dist ancia deve calcular
as dist ancias do padrao para cada uma das classes, isto
<.,, calcular Dl da equ acao 12. Note que uao e necessirio
calcular toda a expressao; bast a apen as calcular o termo
(Z;Z1 - ~ I Z; 12). Dest.a m aneir a, podernos descrever o
classificador pela seguinte funcao de discrirninacao:

- 1 - 2
gi(Z) = Z;Z1 - 2 I Z; I i = 1, ...r (13)

onde o tcrrno t Z; 12 e conhecido par limiar.

0 classificador calculari "r" valores reais gi (Z) ,
g2(Z),. .. Yr(Z) como mostra a Figura 9, e os compara.
De maueir a que, Z pertence a classe Ci quando Yi (Z) for
maior valor cncontrado entre os gi(Z) para i = 1, 2, .. r,
A implement.acao gcral para este tipo de classificador e
ilustrado na figura 9. Mostrando para r-classes.

Z1 - , , - Sele~ilo
Z21 V"-. I .,,, ~· :J d
I I M..:Uo

-1

Figura 9: Classificador de minima dist.ancia quadrada
par a k classes

F,m nosso experimento, utilizamos para este classificador
de l 0-classes a seguinte Iuncao discriminadora :

- 1 - 2
!Ji(Z) = zizt - 2 I Z; I i = 1, 2, .. ., 10 (14)

onde Z; e o vetor pad rao media da classe Ci. Dado
que Z = (z1, z2, .. ., Zk), a fuucao discriminacao assume
a scguinte forma :

oncle ei = ~ I zi I", (w;,1, w;,2, ... ,Wm,k) e 0 pad rao
medio cla cla.sse. A im plement.acao dest.a tecnica esta
bascado na figura 9
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7. Conclusoes

0 trabalho demonstrou a utilizacao da transformada
Karhunen-Loeve coma uma boa ferramenta para a ex­
tracao e reducao de caracteristicas de padroes numericas.
A metodologia empregada, pode ser generalizada para
padroes quaisquer em urna retina de pontos.

A transforrnada Karhunen-Loeve foi aplicada a um con­
junto de dados, com o objetivo de investigar sua ade­
quabilidade e desempenho. Nos experimentos realizados,
a tecnica apresentou niveis de reconhecimento da ordem
de 96.80%, demonstrando assim, sua viabilidade no pro­
cesso de extracao de caracteriticas, reducao de dimension­
alidade em sistemas de reconhecimento de padroes.
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