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ABSTRACT 

Advanced techniques such as the Small Baseline Subset 
Algorithm (SBAS) have been developed for terrain 
motion mapping in non-urban areas with a focus on 
extracting information from distributed scatterers (DSs). 
SBAS uses small baseline differential interferograms (to 
limit the effects of geometric decorrelation) and these 
are typically multilooked to reduce phase noise, 
resulting in loss of resolution. Various error sources e.g. 
phase unwrapping errors, topographic errors, temporal 
decorrelation and atmospheric effects also affect the 
interferometric phase. The aim of our work is an 
improved deformation monitoring in non-urban areas 
exploiting high resolution SAR data. The paper provides 
technical details and a processing example of a newly 
developed technique which incorporates an adaptive 
spatial phase filtering algorithm for an accurate high 
resolution differential interferometric stacking, followed 
by deformation retrieval via the SBAS approach where 
we perform the phase inversion using a more robust L1 
norm minimization.  
 
Index Terms— Adaptive Spatial Phase Filtering, 
Distributed Scatterer (DS), High Resolution SAR, L1 
Norm Minimization, Small Baseline Subset Algorithm 
(SBAS). 
 
1. INTRODUCTION 

In this paper, we present a technique for high resolution 
deformation monitoring with a focus on non-urban 
(rural) areas characterized by fast temporal 
decorrelation caused by agricultural fields, forests and 
soil and rock surfaces.  With the launch of high 
resolution SAR satellites such as TerraSAR-X with 
smaller orbital tubes, higher bandwidth and shorter 
revisit times [1], [2]; distributed scatterer (DS) 
interferometry [3]-[5] is now supported by a practical 
data basis. Typical application areas include mines, 
reservoirs (oil, gas, water etc.), volcanoes and seismic 
zones. We present here a new technique for deformation 
mapping in non-urban areas exploiting high resolution 
SAR data. The proposed technique is a two step 
approach.  
 
In the first step, we use an object adaptive spatial phase 
filtering algorithm for generating high resolution 
coherent differential interferometric stacks [6]. The aim 

is an accurate phase estimation even in the presence of 
error sources (e.g. temporal and spatial decorrelation, 
topographic errors and atmospheric effects). 
Additionally, coherence estimation of the 
interferograms is also performed as it is important for 
various applications such as guiding phase unwrapping 
algorithms and selection of pixels for deformation 
monitoring [7]. The object adaptive estimation 
maintains the high geometric resolution provided by 
new satellites such as TerraSAR-X (meter resolution).  
 
In the second step, we use these phase estimates to 
retrieve the line-of-sight (LOS) deformation and 
residual topography using the Small Baseline Subset 
Algorithm (SBAS) [3]. In this processing step, the L1 
norm minimization for phase inversion is used instead 
of the standard least squares (L2 norm minimization) 
[8]. This results in a more robust solution with respect 
to the often occurring and difficult to detect phase 
unwrapping errors found in non-urban areas.  
 
We demonstrate our new method using high resolution 
TerraSAR-X data of an underground gas storage 
reservoir located in Germany. This is a rural region with 
many agricultural fields and forests, and thus, is ideal 
for testing our technique. 
 
2. METHODOLOGY 

The implemented procedure for deformation time series 
estimation in non-urban areas involves two steps as 
follows. 
 

2.1. Adaptive Spatial Phase Filtering 

We begin with a brief motivation behind this step. 
Techniques for generating deformation time series 
include the well known Persistent Scatterer 
Interferometry (PSI), wherein, a stack of SAR images is 
used and long time coherent persistent scatterers (PSs) 
are exploited [9], [1], [2]. Long time span differential 
interferograms are formed with respect to a single 
master image. But it has certain limitations, for instance, 
fast deformation cannot be measured and the density of 
PSs is low in non-urban areas as shown in Fig. 1. To 
counter this, alternative techniques have been 
developed, for example, the SBAS approach which 
focuses on DSs and exploits subsets of small baseline 
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unwrapped differential interferograms. However, high 
phase noise in non-urban areas often leads to phase 
unwrapping errors. Additionally, in SBAS, 
interferograms are typically multilooked to reduce phase 
noise [10], leading to low spatial resolution. This is a 
disadvantage, especially, with the launch of high 
resolution satellites e.g. TerraSAR-X.  
 

 
(a) (b) 

Figure 1. ERS image of Gardanne coal mine located in 
France. (a) shows the PSs in green, whereas, (b) shows 
the DSs in green. We can clearly see that in this rural 
region, the density of PSs is low compared to the DSs. 

  
Thus, there is a need of an algorithm for high resolution 
differential interferometric stacking with a focus on 
rural areas. The aim is an improved estimation of 
differential interferometric phase even in the presence 
of high phase noise and an accurate coherence 
estimation to better support deformation monitoring 
techniques such as SBAS, as explained in the next sub-
section. With this in mind, we have developed an 
adaptive spatial phase filtering algorithm which is based 
on two principles. First, the high resolution of satellites 
such as TerraSAR-X leads to many resolution cells 
covering a homogenous object in non-urban areas. This 
object can be described by a single deformation 
parameter. The object area (pixels) thus needs to be 
identified and interferometric phase can be improved by 
an adaptive spatial filter. Second, we just concentrate on 
small baseline differential interferograms to limit the 
effects of spatial decorrelation on the DSs. Practically, 
the algorithm involves three sub-steps which are shown 
in Fig. 2 and described below:  
 
1. We start with the identification of statistically 
homogenous pixels for each pixel using a stack of 
coregistered (upto sub-pixel accuracy) and calibrated 
SAR amplitude images. Usually it is assumed that 
statistically homogenous pixels can be found in local 
neighbourhoods such as rectangular windows. However, 

statistically homogenous pixels can be far apart 
depending upon reflectivity and boundaries of objects 
(fields, trees, roads etc.). The idea is thus to average a 
given pixel only with neighbours that present similar 
scattering properties. Anderson-Darling (AD) test is 
used to identify if two pixels statistically arise from the 
same distribution [11], [12]. It is a non-parametric test 
with no assumption about the probability density 
function (pdf) generating the data. Instead, using the 
amplitude of the stack of SAR images, we obtain the 
empirical cumulative distribution functions of 
amplitudes for the two pixels (points) under 
consideration. The distance between the distributions, 
with weighting given to tails (higher order moments of 
the distribution are taken into consideration), tells us if 
the two points statistically arise from the same 
distribution. For a set of points a  and b , the AD 

statistic 2A  is:  
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where, N  is the number of SAR amplitude images, 

)(xFa  and )(xFb  are empirical cumulative 

distribution functions of amplitudes for points a  and 

b , )(, xF ba  is empirical distribution function of the 

pooled distribution  ba, . If the AD statistic is less 

than a threshold value, the two pixels are  homogenous. 
Fig. 3 shows an example of the AD test. 55 TerraSAR-
X images (January, 2008 to May, 2010) of a gas storage 
reservoir located in Germany were used for the 
processing. We performed the AD test for the blue pixel 
(which lies on a road) with each of its neighbours. The 
homogenous pixels were identified and marked in red. 
We see that using the AD test, the homogenous pixels 
identified lie on the same road as well.   
 

 
 
Figure 2. Adaptive spatial phase filtering algorithm for 

high resolution differential interferometric stacking. 
 



 

 
       (a)        (b) (c) 

Figure 3. Identification of homogenous pixels (in red) for the blue pixel by AD test. (a) is a Google Earth image, (b) is 
the TerraSAR-X image of the region enclosed in green rectangle in (a), (c) is a zoom-in of the green rectangle in (b). 

 

2. The homogenous pixels identified are then used for 
adaptive phase flattening of M  single look small 
baseline differential interferograms to compensate for 
topographic errors (due to errors in Digital Elevation 
Model (DEM) etc.). The phase flattening or denoising is 
important because the topographic errors affect 
subsequent estimation of an improved phase and 
coherence [7]. We use a periodogram approach in 
spatial domain for a robust estimation of the local slope 
pixel wise (similar to periodogram used in Persistent 
Scatterer Interferometry (PSI) in time domain [9]) and 
removing it from the interferograms. To estimate the 

local slopes xm  and ym  in range and azimuth 

directions resp. for each pixel, M  periodograms are 

generated in spatial domain from the  LM *  

interferometric phase values of the adaptive 
neighbourhood, where L  is the number of homogenous 

pixels. A periodogram Mkk ,...,1,  , is a function 

of the local slopes in range and azimuth directions for 
the adaptive neighbourhood: 
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where,   is the transmitted wavelength, kB  is the 

perpendicular baseline for interferogram k , R  is the 

sensor-target distance,   is the local incidence angle 

(for flat terrain), ki,  is the single look interferometric 

phase for homogenous pixel i  and interferogram k  and 
i
xp  and i

yp  are pixel indices in range and azimuth 

directions resp. for homogenous pixel i . Further on, we 
make the slope estimation robust by averaging all the 
periodograms for a pixel to reduce side lobes. We 
finally get an averaged periodogram   as follows: 
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The local slopes xm̂  and ym̂  for each pixel are 

estimated by maximizing   i.e.:  
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The estimated slopes for each pixel are now removed 
from each interferogram to get the flattened 

interferograms Mkk
flat ,...,1,  . Adaptive phase 

flattening is depicted pictorially in Fig. 4. 
 
3. Finally, estimation of the M  filtered small baseline 
interferograms and their coherence is performed. This is 
done pixelwise for each interferogram, wherein, an 
adaptive complex averaging (multilooking) of the 
flattened interferometric phase of the adaptive 
neighbourhood is performed for an accurate phase and 
coherence estimation i.e.: 
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where, ki
flat
,  is the flattened interferometric phase for 

homogenous pixel i  and interferogram k  and kic ,  is a 

complex number. Phase value of kic ,  is the filtered 
interferometric phase estimate and absolute value of 

kic ,  is the coherence estimate resp. for homogenous 

pixel i  and interferogram k . Coherence tells us about 
the reliability of the interferometric phase and varies 
from 0 to 1. We can see that there is no loss of 
resolution. 



 

 
 

Figure 4. Pictorial representation of adaptive phase flattening for a pixel.  
 

We show an example of the adaptive spatial filtering 
algorithm in Fig. 5, as applied on the TerraSAR-X data 
of the gas storage site. For coregistration and DInSAR 
processing, we have employed DLR’s operational PSI-
GENESIS processor [13], [14]. The coregistration 
module of the processor uses a geometry based 
algorithm which utilizes precise orbits and a digital 
elevation model (DEM) from SRTM. Afterwards, we 
apply our adaptive spatial filtering algorithm. Fig. 5 (a) 
shows the test site in Google Earth. Fig. 5 (b) is a single 
look small baseline differential interferogram of the test 
site. Fig. 5 (c) is the interferogram estimate after 
adaptive  spatial  filtering.  Fig.  5  (d)  is  the  coherence  

estimate after adaptive spatial phase filtering. We 
clearly see a big improvement in the quality of the 
interferometric phase.  
 
One more validation is shown in Fig. 6. Fig. 6 (a) is a 
Google Earth image of a part of the test site and its 
single look interferogram. Fig. 6 (b) is the coherence 
and interferogram estimate after boxcar (rectangular) 
multilooking. Fig. 6 (c) is the coherence and 
interferogram estimate after adaptive spatial filtering. 
We can clearly distinguish features such as roads and 
fields after applying adaptive spatial phase filtering as 
compared to typical boxcar (rectangular) multilooking.  
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                  (a)            (b)   (c)   (d) 

Figure 5. (a) is a Google Earth image of the gas storage, (b) is its single look interferogram, (c) is interferogram 
estimate after adaptive spatial filtering, (d) is coherence estimate after adaptive spatial filtering. 
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     (a)    (b)              (c) 

Figure 6. (a) is a Google Earth image and its single look interferogram , (b) is coherence and interferogram 
estimate after boxcar multilooking, (c) is coherence and interferogram estimate after adaptive spatial filtering. 

 

2.2. Deformation Retrieval 

In this second step, we use the improved full resolution 
small baseline differential interferograms to retrieve the 
LOS deformation and residual topography using the 
SBAS technique. SBAS is described in detail in [3]. 
Each of the differential interferograms are unwrapped 
and all coherent pixels are referenced to one pixel which 
has a high coherence and a known deformation. We 
have used the minimum cost flow (MCF) algorithm for 
phase unwrapping [15], [16]. Subsequently, the low 
pass (LP) component of the deformation signal and 
topographic (DEM) error are estimated for each 
coherent pixel using a displacement model. After the 
removal of residual topography, the resulting small 
baseline interferograms form the following linear model 
for every coherent pixel: 
  Bv  (6) 

where, B  is the matrix defining the small baseline 
combinations used,    is the vector of unwrapped 

differential interferometric phase values after the 
removal of topographic error and v  is the vector of 
unknown mean phase velocities between time-adjacent 
acquisitions. A minimum-norm least squares (LS) 
solution (L2 norm minimization) of Eq. 6 is obtained by 
using the SVD method [17]. An additional integration 
step gives the final deformation solution. The 
atmospheric effects are removed by carrying out a 
filtering operation.  
 
However, in rural areas, there might be several 
decorrelated areas (e.g. trees, soil, water etc.) separating 
the coherent patches. This often introduces phase 
unwrapping errors and the relative values in the 
different coherent patches can have unknown integer 
multiples of 2  phase jumps. These phase jumps in 
the unwrapped data are outliers (spike noise) and 

inversion using L2 norm minimization often performs 
poorly. Instead, a more robust phase inversion solution, 
with respect to the often occurring and difficult to detect 
phase unwrapping errors found in non-urban areas, can 
be obtained by using an L1 norm minimization [8].  
 

A generic pL  norm solution is given by: 
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The L2 norm minimizes the sum of squared residuals, 
whereas, the L1 norm minimizes the sum of the absolute 
values of the residuals. The L2 norm inversion is 
optimal when Gaussian noise is present in the data. But 
if we use L2 norm minimization in the presence of a 
spike, the estimated fit tends to deviate towards the 
outlier thereby resulting in a wrong estimation. In [18], 
L1 network inversion was demonstrated for robust 
outlier rejection in PSI. In this paper, we apply the L1 
norm cost function to solve Eq. 6. 
 

 
 

Figure 7. L2 and L1 norm residuals for a TerraSAR-X 
pixel of the gas storage site. 



 

 
 

Figure 8. Baseline-time plot of the TerraSAR-X dataset of the gas storage site, each dot corresponds to a SAR image 
and each line corresponds to an interferogram. The lines (interferograms) are color coded according to the L2 norm 

and L1 norm residuals for a pixel in the two plots respectively. 
 

We have compared the performance of L2 and L1 norm 
inversion for the SBAS technique. Fig. 7 shows an 
example of the L2 and L1 norm residuals for a pixel 
belonging to the TerraSAR-X dataset of the gas storage 
site. We see that in case of outliers (phase unwrapping 
errors), the residuals are higher for L1 norm. Thus, L1 
norm minimization can be used for outlier detection and 
correction, also, misdetections are avoided because of 
the higher residual peaks. Fig. 8 shows the baseline-time 
plot for the TerraSAR-X dataset where each dot 
corresponds to a SAR image and each line corresponds 
to an interferogram. The lines (representing the 
interferograms) are color coded according to the L2 
norm and L1 norm residuals for the pixel in the two 
plots respectively. Here, we can see that in the presence 
of outliers, L2 norm spreads the phase unwrapping 
errors to the neighbouring interferograms. On the other 
hand, L1 norm provides a robust solution, a small 
disturbance in the data leads to only a small disturbance 
in the signal reconstruction.   
  
3. RESULTS 

We used 55 TerraSAR-X images of the underground 
gas storage reservoir from January, 2008 to May, 2010 
as mentioned before and generated 123 high resolution 
differential interferograms using the adaptive spatial 
phase filtering algorithm. These were then used for 
deformation monitoring using the SBAS approach via 
the L1 norm minimization. In this section, we show the 
applicability of our technique by presenting results for 
the estimated deformation time series. 

Fig. 9 shows the root-mean-square (RMS) deformation 
for the test site. We have used pixels that have an 
average coherence of at least 0.4. Deformation time 
series are visualized for some of the pixels. They 
correspond well to the cyclic nature of operation of the 
gas storage reservoir (injection during summer, 
production during winter) and the related reservoir 
pressure. They also agree with the deformation 
monitoring results for the same test site using PSI [19]. 
 
4. CONCLUSION 

A new technique has been developed for high resolution 
deformation monitoring in non-urban areas. It first 
makes use of an adaptive spatial filtering algorithm to 
improve the differential interferometric phase, wherein, 
phase flattening and multilooking are incorporated using 
a statistically homogenous adaptive neighbourhood. 
Then, deformation estimation is performed using an L1 
norm based SBAS approach. A demonstration has been 
provided using TerraSAR-X data of a gas storage 
reservoir located in Germany. 
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