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ABSTRACT:

The interferometric coherence map derived from the cross-correlation of two complex registered synthetic aperture radar (SAR)
images is the reflection of imaged targets. In many applications, it can act as an independent information source, or give additional
information complementary to the intensity image. Specially, the statistical properties of the coherence are of great importance in
land cover classification, segmentation and change detection. However, compared to the amount of work on the statistical characters
of SAR intensity, there are quite fewer researches on interferometric SAR (INSAR) coherence statistics. And to our knowledge, all of
the existing work that focuses on INSAR coherence statistics, models the coherence with Gaussian distribution with no
discrimination on data resolutions or scene types. But the properties of coherence may be different for different data resolutions and
scene types. In this paper, we investigate on the coherence statistics for high resolution data over urban areas, by making a
comparison of the accuracy of several typical statistical models. Four typical land classes including buildings, trees, shadow and
roads are selected as the representatives of urban areas. Firstly, several regions are selected from the coherence map manually and
labelled with their corresponding classes respectively. Then we try to model the statistics of the pixel coherence for each type of
region, with different models including Gaussian, Rayleigh, Weibull, Beta and Nakagami. Finally, we evaluate the model accuracy
for each type of region. The experiments on TanDEM-X data show that the Beta model has a better performance than other

distributions.

1. INTRODUCTION

Due to its independence on the solar illumination and all
weather capability, synthetic aperture radar (SAR) has become a
key remote sensing technique in the last decades. In the context
of SAR data analysis, an important issue is the development of
accurate models for the statistics of the data (Gabriele, 2006).
There is a lot of work on the statistics of SAR intensity data and
many different statistical models are proposed in the literature.
For example, Beta distribution is adopted to model the
probability density function (pdf) of SAR intensity in (A. Lopes,
1990), the accuracy of Weibull distribution for modelling the
intensity pdf is explored in (Menon, 1963; C. Oliver, 1993) and
it is found that the Weibull distribution is dedicated only to low
heterogeneities. In (Tison, 2004), the Fisher distribution is
proposed and it is proved to be a very good model to represent
high resolution SAR intensity.

The interferometric coherence map derived from the
cross-correlation of two complex registered synthetic aperture
radar (SAR) images is the output of interferometric SAR
(InSAR) processing, and it can reflect the characters of the
targets within the image. And the coherence can act as an
independent information source, or give additional information
complementary to the intensity image in many applications.
Specially, the statistical properties of the coherence are of great
importance in land cover classification, segmentation and
change detection. However, compared to the much work on the
statistical characters of SAR intensity, less attention has been
paid to INSAR coherence statistics. And to our knowledge, all of
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the existing model-based work that focuses on the InSAR
coherence statistics models the coherence with Gaussian
distribution for data in all resolutions and of all types of scenes.
For example, (Abdelfattah, 2010) proposes a segmentation
procedure of the INSAR coherence map in 10m resolution based
on a Gaussian mixture model of the coherence histogram.
(Abdelfattah, 2006) presents an application of the InSAR
coherence in 10m resolution for land use classification. The
proposed method is based on the INSAR coherence analysis, and
the pdf of the coherence is modelled with Gaussian distribution.
The experiments in (Abdelfattah, 2006) show that the Gaussian
model hypothesis is not satisfactory in the case of urban area.
Recently, (Zhang, Y et al, 2015) utilizes the coherence
statistical properties in the reconstruction of buildings from high
resolution INSAR data. They estimate the pdf of coherence
through a kernel based non-model technique. But the non-model
technique is very time consuming and sensitive to noise.

Nowadays more and more SAR systems are able to work in
INSAR mode (such as TanDEM-X) and provide us with high
resolution INSAR data. Therefore, it is very important to make a
further research on the statistical characterisation of InSAR
coherence.

In this paper, we make an investigation on the coherence
statistics for high resolution data over urban areas and evaluate
the accuracy of several typical statistical models. Four typical
land classes including buildings, trees, shadow and roads are
selected as the representatives of urban areas. At the beginning,
we select several regions from the coherence map manually and
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label them respectively. Then we try to model the statistics of
the pixel coherence for each type of region, with several models
including Gaussian, Rayleigh, Weibull, Beta and Nakagami.
These models are often used in the literature when modelling
the statistics of the SAR intensity. Finally, in the measurement
of the model accuracy for each type of region, the
Kullback-Leibler  divergence (also known as Mutual
Information) (Kullback and Leibler, 1951; Cover and Thomas,
1991) between the model-based pdf and the empirical pdf is
calculated and analysed. The experiments on TanDEM-X data
show that the Beta model has a better performance than other
distributions.

2. METHODOLOGY

To illustrate our work clearly, in this section, firstly we present
that how the coherence map is generated, then we introduce the
statistical models that we make comparison with in this paper.
After that, we explain how we measure the accuracy of each
model.

2.1 Coherence Generation

The coherence map is generated according to (Abdelfattah,
2005). The estimation of coherence magnitude is made by
spatially averaging the amplitude as well as the phase of the M
pixel values from the complex map. The estimated coherence is
calculated hy:

DY @

Where y, is the complex coherence of the sample number i
among the considered the M coherence samples. The

magnitude of the estimated coherence is |7°

2.2 Statistical Models

2.2.1  Gaussian Model: The Gaussian distribution is an
important continuous probability distribution. It is often used
in the natural and social sciences when the distributions for the
random variables are not known. The pdf of the Gaussian
distribution is displayed in Equation 2. Here ,  is the mean of
the distribution, and the parameter o is the standard deviation
(Abdelfattah, 2006; Muller, 2002).

f(r)= J%aexp{_(xz_;:) J >0 @)

2.2.2 Beta Model: The Beta distribution is the family of
distributions defined on the interval [0,1]. The pdf of it is
displayed in Equation 3. The parameters « and pgare shape
parameters (A. Lopes, 1990).
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2.2.3  Weibull Model : The Weibull distribution is a
continuous distribution. The pdf of it is displayed in Equation 4
(C. Oliver, 1993). Here, the parameter A is the scale parameter,
and the parameter k is the shape parameter.

f(r)zz[;jexp{—(;”, r>04>0k>0 (4)

224 Rayleigh Model : The Rayleigh distribution is a
continuous distribution for positive-valued random variables.
The pdf of it is displayed in Equation 5 (Oliver, C et al, 2004).
o is the scale parameter.

f(r):;exp[-;zj, r>0 (5)

2.25 Nakagami Model: The pdf of Nakagami distribution
is displayed in Equation 6 (J.-M. Nicolas, 2002).  is the shape
parameter and L is the spread parameter.
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2.3 Measurements of Model Accuracy

In this paper, we investigate on the coherence statistics of four
different land classes in urban areas, including buildings,
shadow, trees and roads. The model accuracy is measured by
the similarity between the model-based pdf and the empirical
pdf of each class. And the similarity between the model-based
pdf and the empirical pdf of each class is represented by the
Kullback-Leibler divergence (Kullback et al, 1951; Cover, T.M.
and Thomas, J.A, 1991) between the pdfs of them. The
Kullback-Leibler divergence is a measure of the difference of
two probability distributions.

Here, the accuracy of each model is measured by the
symmetrical form of Kullback-Leibler divergence, as
demonstrated in Equation 7.

1

o1 P P
KLDiv=—=(P*In—+P*In—) )
2 P P

In our notations, P represents the model-based pdf of each
class, while P'represents the empirical pdf for the same class.

3. EXPERIMENTS AND RESULTS

In this section, we select four different classes of land in the
high resolution InNSAR coherence map. And we utilize five
different statistical distributions to model the statistical
properties of each class. By comparing the fitness between the
models and the statistical properties of each class, we evaluate
the performance of each model over urban areas.

3.1 Data Description

An interferometric image pair of TanDEM-X taken with X-band
and covering a part of Berlin is used for the experiments. This
HR SpotLight data, recorded from ascending orbit at begin of
January 2012, show a pixel spacing of 0.45 m in slant range and
0.86 m in azimuth range. The effective baseline is
approximately 107 m and the off-nadir look angle is
approximately 42°. The data is visualized in Fig. 1.

We label out four different backscattering classes manually, and
the sizes of the selected samples for each class are all in the
range of 30,000 to 150,000. Some of labelled regions are
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Figure 1. The coverage of the data. (a) The coherence image of
the data. (b) The corresponding area in Google Earth. For
comparing convenience, symmetry along the vertical direction
is utilized.

illustrated in Fig.1(a). The regions in the red polygon are the
buildings. The regions within the yellow polygon are the
shadow. The roads are labelled with blues curves, and the trees
are labelled with green polygons.

3.2 Model Accuracy Comparison

To evaluate the precisions of different models for coherence
statistics, we calculate the empirical pdf of each type of region,
based on the areas we label (as shown in Fig 1(a)). After that,
we calculate the model-base pdf of each type of region based on
the labelled data via maximum likelihood estimation. Then the
Kullback-Leibler divergence between the empirical pdf and the
model-based pdf is calculated for the same class.

Fig.2 demonstrates the performances of different statistical
models for buildings. The black bins represent the empirical pdf
for buildings. As we can see in this figure, the difference
between the Beta distribution and the empirical pdf is the
smallest. That means the Beta distribution has a better ability to
model the coherence statistics for buildings than the others. And
the often used Gaussian model performs much worse.

Fig.3 demonstrates the performances of different statistical
models for roads. The black bins represent the empirical pdf for
roads. As shown in this figure, the Beta distribution reveals the
best performance among the five selected models. The
performances of Gaussian model and Weibull model are quite
similar; both are not as good as the Beta model.
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Figure 2. The performances of different statistical models for
buildings.
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Figure 3. The performances of different statistical models for
roads.
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Figure 4. The performances of different statistical models for
trees.

Fig.4 demonstrates the performances of different statistical
models for trees. The black bins represent the empirical pdf for
trees. As shown in this figure, the Beta distribution also reveals
the best performance among the five selected models. The
performance of Gaussian model is not as good as the Beta
model.
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Figure 5. The performances of different statistical models for
shadow.

Fig.5 demonstrates the performances of different statistical
models for shadow. The black bins represent the empirical pdf
for shadow. As it is shown in this figure, the Beta distribution
also reveals the best performance among the five selected
models. The performance of Gaussian model is not as good as
the Beta model.

Besides the visual comparisons in Fig.2-Fig.5, we also make a
comparison on the accuracy of the five selected models
quantitatively in Table 1. The table shows the Kullback-Leibler
divergences for all models. As we can see that for all the four
type of regions, the Kullback-Leibler divergences for Beta
model are the smallest. That means the Beta model reveals the
best performance. And clearly the Beta model is a better model
for the urban areas than the Gaussian model.

Gaussian | Beta Weibull | Rayleigh | Nakagami
Building | 178.11 18.62 | 161.82 310.56 205.72
Trees 30.45 6.97 33.98 76.04 45.34
Road 16.00 1.55 20.06 42.60 26.41
Shadow 28.67 0.18 33.13 62.33 41.37

Table 1. The Kullback-Leibler divergence for each model and
each land class

4. CONCLUSION

In this paper, we make an investigation on the high resolution
INSAR coherence statistics over the urban areas. For the
evaluation of model accuracy on urban areas, we choose four

typical land classes including buildings, trees, shadow and roads.

At the beginning, several regions are labelled from the
coherence map manually. Then we try to model the statistics of
the pixel coherence for each type of region, with several models
including Gaussian, Rayleigh, Weibull, Beta and Nakagami.
After that, we evaluate on the model accuracy for each type of
region with Kullback-Leibler divergence. The experiments on
TanDEM-X data show that the Beta model has a better
performance than other distributions.

In our future work, we will utilize the selected Beta model in
the coherence segmentation and classification applications and
check the improvements in performances. And more statistical
models such as inverse Gaussian distribution and Fisher
Distribution will be investigated for the high resolution InNSAR
coherence statistics over the urban areas.
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