
DF

Information Extraction from Spaceborne
SAR Data of up to 64-Image Depth
Image Stacks.
Investigating statistical models to describe the temporal
variations of X-band SAR intensity data.
Master’s thesis in Communication Engineering

Adam Hessing

Department of Space, Earth and Environment
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2020





Master’s thesis 2020

Information Extraction from Spaceborne SAR
Data of up to 64-Image Depth Image Stacks.

Investigating statistical models to describe the temporal variations of
X-band SAR intensity data.

Adam Hessing

DF

Department of Space, Earth and Environment
Chalmers University of Technology

Gothenburg, Sweden 2020



Information Extraction from Spaceborne SAR Data of up to 64-Image Depth Image
Stacks.
Investigating statistical models to describe the temporal variations of X-band SAR
intensity data.
ADAM HESSING

© Adam Hessing, 2020.

Supervisor: Gary Smith-Jonforsen, Saab AB
Supervisor: Patrik Dammert, Saab AB
Examiner: Lars Ulander, Department of Space, Earth and Environment, Chalmers

Master’s Thesis 2020
Department of Space, Earth and Environment
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Cover: SAR intensity data image of Krycklan area in northern Sweden.

Typeset in LATEX, template by David Frisk
Printed by Chalmers Reproservice
Gothenburg, Sweden 2020

iv



Information Extraction from Spaceborne SAR Data of up to 64-Image Depth Image
Stacks.
Investigating statistical models to describe the temporal variations of X-band SAR
intensity data.
ADAM HESSING
Department of Space, Earth and Environment
Chalmers University of Technology

Abstract
The spatial statistics of synthetic aperture radar (SAR) images of the Earth’s surface
have been extensively studied in the past. Recent commercial projects from several
companies will provide a lot of high quality and importantly high quantity of SAR
satellite data, which enables the analysis of the SAR images in time (temporal)
instead. This thesis has investigated two different image stacks, containing 28 and 64
images respectively, of SAR intensity data. The investigation has focused on how the
statistical distributions in time can be characterized. The temporal SAR data have
been tested against eight different target distribution models with the Anderson-
Darling goodness-of-fit test. The use of the Anderson-Darling test together with
looking for spatial patterns have allowed for comparison of how well the target
distribution models fit, even with a limited number of images available.
Both statistical and visual interpretations of the results have been made through
tables and false-colored images. The results have shown that the distribution of
temporal SAR intensity data follows a Gamma distribution irrespective of surface
area type. Furthermore, none of the target distributions performed specifically well
on areas containing buildings and structures. There was a difference how well the
Gamma distribution model performed between the smaller and larger image stack,
where the Gamma distribution model performed better for the larger stack, which
could point to even better fit to the distribution model if an even larger image stack
was used.

Keywords: SAR, Image-stack, TanDEM-X, TerraSAR-X, Anderson-Darling, Distri-
bution model, Krycklan
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1
Introduction

Synthetic Aperture Radar (SAR) provides the ability to generate high resolution
images of the Earth’s surface [2]. Looking at and modeling the distributions of the
data spatially have been well covered in the literature for quite some time [2], but
recent satellite developments and projects will provide a lot of high quality as well
as a high quantity of SAR data [3], which enable the analysis of the SAR images in
time as well. Looking at a large number of different SAR images, called an image
stack, taken of the same surface area but at different times, provides the ability to
analyze the distributions of the data, not only spatially but more importantly in
time, which is not well covered in the literature and is what this thesis will focus on.
The analysis is done on two different image stacks of intensity SAR images which
have been matched, so that every pixel on one SAR image has the same position for
every image in the image stack.
The aim of the thesis is to investigate the validity of different distribution functions
to describe the variations between images for each pixel in the entire stack. Also
differences which may depend on land-cover type are investigated. This enables the
data to be observed in time instead of an area from the same image. One of the
reasons this type of work would be interesting is that it might allow for improved and
effective change detection algorithms when using temporal data instead of spatial
data. The reason for this is that when spatially looking at an area there could
be several different distributions that will be taken into account while a temporal
approach would only use a pixel from every image within the image stack and thus
not mixing different data from different surface areas. The intensity values can have
a larger variation when looking at spatial data samples compared to temporal data
samples, which could mean that a change detection test that uses temporal data
has the possibility to be much more sensitive and would allow detection of smaller
targets. The aim of this thesis, to model the data distributions, is an important
step towards achieving such change detection tests.
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2
Theory

2.1 Spatial and temporal definition

Throughout the report the terms spatial and temporal are used. Figure 2.1 illustrates
the meaning of the terms. By spatial it means looking at a group of pixels from
the same SAR image, while temporal means that the data is located at one specific
pixel position through the entire image stack.

Spatial

Temporal

Figure 2.1: The blue squares corresponds to chosen pixels in two different scenarios.
The spatial refers to a cluster of pixels in the same SAR image while the temporal
refers to one pixel position through the entire image stack.

2.2 SAR introduction

The basics of any radar technology is that electromagnetic (EM) signals are trans-
mitted and the reflected echoes (backscattering) are intercepted, processed and ana-
lyzed [4]. The backscattering properties depends on the frequency of the transmitted
EM waves which have led to the introduction of frequency bands to easier classify
different radar system [5].
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2. Theory

Range direction

Slant range

Azimuth direction

Flight path

Ant
enn

a

Swath

Azimuth direction

Figure 2.2: Shows the geometry and terminology of a typical SAR system. Where
azimuth is the flight direction of the antenna, range direction is the direction per-
pendicular to the azimuth and slant range is the distance between the antenna and
and the ground of which the data is collected.

Some of the terminology used for SAR is illustrated in figure 2.2. The satellites flight
path is called azimuth and perpendicular to the azimuth is called range direction,
which is the direction the antenna is pointed towards. The distance between the
antenna straight track and the point on the Earth’s surface that the EM signal is
backscattered from is called slant range. The swath width refers to the strip of the
earth’s surface that data are collected from the antenna.
The strength of SAR is the ability to synthesize a larger aperture than the real
aperture of the antenna. By advanced signal processing a simulated larger synthetic
aperture can be created, taking advantage of the phase information from a number
of consecutive backscattered signals. This allows for improved SAR image resolution
that otherwise would require a much larger physical antenna aperture [5].

2.2.1 Speckle
Analyzing the SAR intensity data as an image makes it possible to distinguish
shapes, regions, certain objects, lines and the overall structure of the image. Looking
closer at the image, a noise like effect is noticeable. Focusing on a homogeneous area
of the image it is noticeable that the intensity can vary quite a lot between adjacent
pixels. This noise like effect is called speckle and to clarify it is not actual noise but
is a real electromagnetic measurement which can be exploited in other uses of SAR

4



2. Theory

imagery [2]. The speckle effect is present due to several small backscattering objects
within a resolution cell that is smaller than the resolution of the image and thus
the total backscatter of that cell is the sum of each small backscatter which can be
heightened or lowered by constructive or destructive interference.

Figure 2.3: SAR image of the same surface area where the left side shows the
speckle effect and the right side a speckle reduced image.

The left side of figure 2.3 shows the speckle effect and there are a number of ways
to reduce this effect to improve the visibility of the image [6]. The right side of 2.3
shows a speckle reduced SAR image of the same area as the left side in the same
figure. A simple speckle reduction technique has been used by averaging the pixel
intensity over all images in the image stack. Each pixel’s intensity is calculated by

ISpeckleReduced = 1
N

N∑
n=1

In, (2.1)

where I is the intensity, n is the index of one image in the image stack and N is the
total number of images in the image stack. In this thesis a speckle reduced image
has been used to compare the SAR images to a real map in an effort to characterize
what type of surface areas are visible in the SAR images. The speckle reduced image
has solely been used as a visual aid but not for any analysis of the intensity data.

2.3 SAR Image data
The SAR data provided for this thesis are acquired by a X-band twin-satellite sys-
tem, TanDEM-X, which generates complex data consisting of amplitude and phase.
The TanDEM-X system consists of two almost identical satellites in a tight forma-
tion [7]. Since it is a twin-satellite system every SAR image is a part of an image
pair which have been taken very close to each other in time, which would mean
that the data within an image pair would be more correlated than outside of the
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2. Theory

image pair [7]. The data that’s been used in this thesis is initially acquired by the
satellites with the intent to investigate tree heights and thus the satellites have a
spatial baseline which is adjusted to better capture tree heights. Because of this
spatial baseline the image pairs are expected to be partially correlated. The spatial
baseline is defined as the perpendicular distance between the satellites orbits [5, 7].
The SAR data has been retrieved of an area approximately 50 km north-west of
Umeå in northern Sweden. The surface areas from the two different image stacks
overlap in certain areas, which can be seen in figure 2.4.

Figure 2.4: Figure showing the overlapping of the two image stacks. The left
tilted part shows the area of image stack 1 and the right tilted part shows the area
of image stack 2. The right side of the image showing which part of Sweden the
data is collected from.[1]

The complex data have been calculated to intensity data according to

Ik = |Zk|2, (2.2)

where k is the index for each specific pixel and Z is the complex SAR data related
to that pixel.
There are two different image stacks that have been studied, the first image stack
has 14 image pairs with a total of 28 images and the second image stack contain
32 image pairs of total 64 images [8]. The first image stack is taken in ascending
orbit while the second image stack has been taken in descending orbit. Even though
the both image stacks contain many of the same surface areas it would be unwise
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2. Theory

to add them together and analyze both at the same time, since the image stacks
differ in resolution cell sizes and thus would have different information within each
pixel. Also the different image geometry means that the same objects may appear
different between the image stacks due to the direction from which they are viewed.

Table 2.1: Detailed information of the SAR image stacks.

Image Stack 1 Image Stack 2
# Images 28 64
# Image pairs 14 32
Center frequency [GHz] 9.65 9.65
Image size [pixels] 19368 x 15678 20646 x 13798
Azimuth resolution [m] 3.3 6.6
Slant range resolution [m] 1.2 1.2
Incidence angle [degrees] 40.47 - 40.66 44.08 - 44.14
Polarization VV VV
Azimuth pixel size [m] 1.89 2.57
Ground range pixel size [m] 1.36 0.91

2.4 Candidate distribution models

The spatial distributions have been investigated in [2] for forest and field areas but
with the Kolmogorov–Smirnov test which is an alternate goodness-of-fit test than
what is used in this thesis [9]. The results in [2] showed that the K-distribution was
the best spatial distribution fit for forest areas and for the field area, the Weibull
distribution had the best fit.

Since the focus of this thesis is to investigate the purely temporal distributions of
intensity SAR data, the reasoning on which distributions to test within this thesis
are based on the spatial distributions which already is covered in literature e.g.
[2]. The K distribution has unfortunately not been introduced in this thesis due
to difficulties in integrating it into the statistical goodness-of-fit test that has been
used. The K distribution on the other hand has previously been found to be a useful
model for SAR data and thus it’s unfortunate that the K distribution was not able
to be a part of this thesis [10]. The candidate distribution models the SAR data
have been tested against can be seen in table 2.2 with its corresponding probability
density function (PDF) defined.

7



2. Theory

Table 2.2: List of distributions that the intensity SAR data have been tested
against.

Distribution PDF Parameters
Normal 1

σ
√

2π exp (− (x−µ)2

2σ2 ) µ = mean, σ = standard deviation
Extreme value σ−1 exp (x−µ

σ
) exp (− exp (x−µ

σ
)) µ = location, σ = scale

Gamma 1
Γ(α)βαx

α−1 exp (−x
β
) α = shape, β = scale

Exponential µ exp (−µx) µ = 1/mean
Rician x

σ2 exp (−(x2+s2)
2σ2 )I0( xsσ2 ) s = noncentrality, σ = scale

Rayleigh x
b2 exp (− x

2b2 ) b = scale
Lognormal 1

xσ
√

2π exp (− (lnx−µ)2

2σ2 ) µ = mean of ln(x),
σ = standard deviation of ln(x)

Weibull b
a
(x
a
)b−1 exp (−(x

a
)b) a = scale, b = shape

Figure 2.5 shows examples of how the distributions look like for a few selected dis-
tributions from table 2.2. The Gamma and Exponential distribution models are
related where the Gamma distribution is a special case of the Exponential distribu-
tion. If the Gamma parameter, α, is equal to 1 that gamma distribution is equal to
an Exponential distribution with µ parameter equal to 1

β
.

And the Gamma distribution is a special case of the Exponential distribution, with
shape parameter = 1, which could be a reason why the Gamma distribution performs
well for intensity data.
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Figure 2.5: Showing PDFs of four of the target distributions listed in table 2.2,
with three different sets of parameter values.

The aim is to investigate if, and how well the intensity SAR data match these
different distributions.
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2. Theory

2.5 Anderson-Darling Test
The Anderson-Darling (AD) test is a statistical goodness-of-fit test whether an in-
dependent sample set of data fits to a given probability distribution model. As
mentioned in section 2.3 the data used in this thesis is not completely independent,
although with the effect of speckle the intensity values can have a large variation
even between the image pairs that it’s considered sufficient for the AD-test. The
test results in whether the sample set of data is rejected or not against the null
hypothesis, H0. If H0 is rejected the sample data is not considered to be a part of
the target distribution. The test statistic, introduced in [11] is given by

A2 = n
∫ ∞
−∞

(Fn(x)− F (x))2w(x)dF (x), (2.3)

where n is the number of elements in the sample data, Fn(x) is the Empirical Dis-
tribution Function (EDF), F (x) is the theoretical CDF and w(x) is a weighting
function. The Anderson-Darling weight function is given by

w(x) = F (x)(1− F (x)), (2.4)

and is set to give more weight on the observations at the tails of the distribution.
An alternative way of calculating the test statistic given in equation 2.3, it’s possible
to use the following formula

A2 = −n− 1
n

n∑
i=1

(2i− 1)[ln(F (Yi)) + ln(1− F (Yn+1−i))], (2.5)

where Yi is the ordered sample data set from lowest to highest value [12, 13]. The
test statistic A2 is then compared to the distributions critical value τ to reject the
null hypothesis, H0 or not. If the test statistic is larger than the critical value
according to A2 > τ the null hypothesis is rejected and the sample data set is not
considered to come from the target distribution.
The critical values depend on which distribution and a chosen significance level,
α, that are used in the AD test. Some of the critical values for corresponding
distribution and significance level α are covered in [14] while other values for τ ,
together with a probability value of how probable it is that the data fits to the target
distribution, can be calculated by a method according to [15]. The probability value
have been used to compare which target distribution model that was considered the
best where the higher probability was considered the better result.

2.5.1 Parameter estimation
Since the distribution of the sample data isn’t known the parameters for each target
distribution needs to be estimated. Each of the parameters given in table 2.2 are
estimated by Maximum Likelihood estimation (MLE), which provides a parameter
estimation that maximizes the likelihood of the current data set that most likely fits
the statistical model [16, 17]. The MLE is able to estimate parameters sufficiently as
the sample size goes to infinity [18], but since that is rarely the case in real problems
and this thesis in not an exception, it is expected that the MLE estimation is not
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2. Theory

perfect and may have an negative impact on the results, since according to equation
2.3 the A-D statistic, A2, value is calculated bu the difference between the EDF
and the theoretical CDF. If the parameter estimation is incorrect that would mean
that the theoretical CDF used in equation 2.3 would not be the true distribution
model for that specific EDF. This however is a general issue for all methods used for
parameter estimation and is difficult to avoid with such a limited number of data
samples.
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3
Methods

Most of the practical work conducted within this thesis have been done using the
Matlab software [19] and the following section will explain in further detail how the
project has been conducted.

3.1 Preparation of the SLC SAR data

As stated in section 2.3 the SAR data that have been provided to this project
is complex SAR data, which have been calculated to intensity data, according to
equation 2.2. The data have then been separated into five different surface area
types, shown in table 3.1, to be able to compare the data in a more controlled
manner and to be able to compare spatial distributions to the temporal distributions
within the same type of surface area.

Table 3.1: Shows which types of surface areas and how many different parts of
these areas that have been investigated from both image stacks.

Area types #of parts/area type Description
Lake 4 An area composed of water.
Forest 4 An area composed of woodland.
Clear Cut 4 A deforested area.
Field 4 A plain grassland area.
Structure 4 An area mainly composed of buildings.

3.1.1 Speckle reduction

As mentioned in section 2.2.1 there is a speckle effect in the SLC images which
worsens the quality and the ability to visually analyze the images. To reduce this
speckle we take advantage of the fact that the image stacks contain a large number
of images taken over the same at different times. This makes the possibility to,
for each pixel location in the stack, average over all intensity values for that pixel
position according to equation 2.1. This has been used to visually inspect and
identify different types of surface areas in more detail.
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3.1.2 Selecting the different surface areas
Selecting the different surface areas was done by comparing the speckle reduced SAR
image for each image stack with the same areas in Google Maps [20], to visually
inspect that the surface area located in the SAR images corresponds to one of the
area types given in table 3.1. Four different areas of each area type specified in table
3.1 was selected from both of the image stacks.

3.1.2.1 Matlab function: roipoly()

The Matlab function roipoly was used to cut out, chosen by the means explained in
section 3.1.2, the different parts from the larger SAR data matrices. The roipoly-
function enables the user to create a polygon from a larger image and reduce it to
a smaller image i.e. the different surface area types given in table 3.1. Figure 3.1
shows how it’s possible to reduce a larger image to a smaller image only containing
the data that is found of interest, which in this example is shown of a lake.

Figure 3.1: Shows how the Matlab function roipoly() reduces a larger image to a
smaller image within the user specified blue polygon.

3.2 Seasonal variations
Since the image stacks contain a large number of different images from different times
during the year it would be of interest to see if there are any seasonal variations in
the images. This can be done by calculating the mean of an area for each image
in the image stack as well as the standard deviation and then create a plot where
it’s possible to chronologically see if there are variations in the mean depending on
which time of the year the SAR image has been taken.

3.3 Investigating distributions models against data
The investigation of the distribution models have been done both visually and as a
statistical test described in section 2.5. The visual inspection is mainly done on the
spatial distributions over the different areas stated in table 3.1 to try to determine
if there is a difference in distribution depending on surface area type.
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3.3.1 Visual inspection by histograms
A visual inspection of the distribution can easily be made by creating a histogram
of the data and look at the shape of the histogram if it matches one of the target
distributions in table 2.2. This type of visual inspection is mostly to give a hunch
on what distributions might be most prominent for the actual test later on.

Figure 3.2: The left side shows histograms of spatial data samples from one specific
image. The right side shows histograms of temporal data samples from one pixel
position through the whole image stack.

As an example, figure 3.2 shows histograms of both spatial data as well as temporal
data. The top four plots in figure 3.2 shows the distribution of a spatial data set,
where it’s possible to see a distinct shape of the histogram. Comparing the histogram
to figure 2.5 it’s possible to assume that either a Gamma or Exponential distribution
could be a good fit to the data. The visual inspection of the temporal histograms,
shown in the lower 4 plots in figure 3.2, is much more difficult since the amount of
data samples are so few. It’s the depth of the image stack that sets the limit for
the temporal investigation. A visual inspection of such a low number of images is
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not realistic and therefore all target distributions could be possible for the temporal
case.

3.3.2 Anderson-Darling Test
The A-D test calculates a test statistic value from the data samples by comparing
its EDF to a target distributions CDF as stated in section 2.5. The test statistic is
calculated using a function in MATLAB called adtest. The function calculates the
test statistic according to equation 2.5. A significance level of α = 0.05 has been
chosen to compare the test statistic against for rejecting the null hypotheses, H0
or not, which is a common value for α for A-D tests [21]. The critical value, τ is
calculated according to section 2.5.

14



4
Results

4.1 Image matching

A visual investigation of the images in the image stacks was made to make sure
that each pixel on each image in the image stack corresponded to the same surface
area. By letting the images be on top of each other and flip back and forth between
the images it shows if the pixels were aligned or not. There was one image pair in
the first image stack that was found to not be matched to the other images in the
stack. It appeared to have a different resolution in azimuth range. The solution
to this problem was to remove this image from the image stack for the rest of the
process. This was very unfortunate since the first image stack, which is already at
half the sample size of the second image stack, became even smaller. Figure 4.1
shows the difference between three different images from the first image stack where
the matching issue appears for one of the images. An area with a stable backscatter
object was chosen to perform the visual inspection.

Image stack: 1
Image 1

Image stack: 1
Image: 3

Image stack: 1
Image: 12

Figure 4.1: Examples of how the matching was done with the images. The left
image shows one image which proved not to be matched with the other images due
to a resolution difference in azimuth. The azimuth resolution in the left image has
been calculated to approximately 9 m instead of 3.3 m for the rest of the images in
image stack 1. The left image was removed from the first image stack.

In the second image stack all 64 images was considered to be well matched after
going through the same visual inspection as the first image stack.
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4.2 Seasonal variations
According to appendix A the SAR images have been taken at different times over
several years. As could be expected a seasonal difference in mean intensity can be
observed in figure 4.2.
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Figure 4.2: Top image showing mean of the intensity for each area type given
in table 3.1. Bottom image showing the corresponding normalized standard devia-
tion, σ. Only one image from each image pair is included in the plot due to high
correlation in mean values within each pair.

The mean intensity is generally lower in the months of winter which could possibly
be explained by ice and snow which can provide a lower backscattering depending
on the surface roughness and moistness [22]. It’s important to note also that the
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variations could also be due to calibration errors since some of the images are taken
years apart. Taking into account data of the temperature, seen in figure 4.3 during
these periods you can see that it corresponds well with that the wetness and the
probability of snow and ice during winter months could be a contribution factor of
the difference in mean intensity [23, 24].
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Figure 4.3: Showing the correlation between the temperature and the intensity of
the SAR images.

4.3 Anderson-Darling test results

After performing the Anderson-Darling test on all pixels for each of the different
area types, it was made clear that the Gamma distribution stood out against the
rest of the target distributions stated in table 2.2. Statistical results of the A-D test
have been presented in section 4.3.1 and more visual interpretations of the A-D test
results have been made in section 4.3.2.

4.3.1 Statistical results of the A-D test

The sample data is shown to be best fitted to the Gamma distribution in a clear
majority of the cases, indifferent of area type. The Gamma distribution performs
slightly better on forest and clear cut areas while it performs a bit worse on the
lake surface area type, as can be seen in table 4.1 for image stack 1 and in table
4.2 for image stack 2. The rejected H0 is summarized in the first line in the tables
independent of which target distribution model the null hypothesis got rejected.
The decision on which distribution got the best result of the A-D test is based on
the probability value calculated in the A-D test.
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Table 4.1: For Image Stack 1 , this table shows percentages of which distribution
got the best result from the AD-test for each area type.

Distribution Lake[%] Forest[%] Clear Cut[%] Field[%] Structure[%]
H0 Rejected 01.04 00.04 00.15 00.09 00.95
Normal 00.08 00.62 00.68 00.42 01.33
Extreme value 00.00 00.05 00.05 00.03 00.49
Gamma 75.60 91.40 88.94 88.65 85.63
Exponential 00.00 00.00 00.00 00.00 00.01
Rician 00.00 00.00 00.00 00.00 00.00
Rayleigh 00.01 00.25 00.29 00.16 01.06
Lognormal 22.90 07.57 09.80 10.55 10.41
Weibull 00.37 00.07 00.09 00.10 00.12

Table 4.2: For Image Stack 2 , this table shows percentages of which distribution
got the best result from the AD-test for each area type.

Distribution Lake[%] Forest[%] Clear Cut[%] Field[%] Structure[%]
H0 Rejected 01.19 00.01 00.00 00.11 01.26
Normal 00.00 00.01 00.01 00.01 00.68
Extreme value 00.00 00.00 00.00 00.00 00.16
Gamma 83.78 96.55 96.49 91.28 92.07
Exponential 00.01 00.02 00.02 00.01 00.01
Rician 00.00 00.00 00.00 00.00 00.00
Rayleigh 00.00 00.00 00.00 00.00 00.00
Lognormal 14.58 03.34 03.39 08.31 05.56
Weibull 00.44 00.07 00.09 00.28 00.26

What needs to be clarified on the results stated in table 4.1 and table 4.2 is that this
percentage only shows the distributions that got the best result in the A-D test but
not how certain the test have been on a correct result, i.e. how close it was for the
null hypothesis, H0, to be rejected. Also the tables shows only which distribution
models that got the best result but not if there were other distribution models that
gave reasonable results as well.
Table 4.3 and 4.4 shows how many percent of each distribution that passed the A-D
test, i.e. where the null hypotheses, H0 didn’t get rejected. The tables show that
even though the Gamma distribution is clearly the distribution that passed the test
most frequently, there was still three more distributions, the exponential, lognormal
and weibull distributions, that had a high pass rate as well.
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Table 4.3: For Image Stack 1 , this table shows percentages of how many pixel
positions passed the A-D test, i.e. didn’t get H0 rejected, for each distribution.

Distribution Lake[%] Forest[%] Clear Cut[%] Field[%] Structure[%]
Normal 02.71 12.25 11.93 09.55 14.40
Extreme value 00.21 01.60 01.65 01.19 03.20
Gamma 98.31 99.95 99.82 99.88 98.66
Exponential 66.00 87.94 83.48 82.60 77.44
Rician 00.00 00.00 00.00 00.00 00.00
Rayleigh 01.41 08.72 08.96 06.34 12.75
Lognormal 78.27 66.56 67.79 69.85 65.99
Weibull 83.64 91.88 89.49 90.55 86.21

Table 4.4: For Image Stack 2 , this table shows percentages of how many pixel
positions passed the A-D test, i.e. didn’t get H0 rejected, for each distribution.

Distribution Lake[%] Forest[%] Clear Cut[%] Field[%] Structure[%]
Normal 00.00 00.07 00.07 00.03 01.42
Extreme value 00.00 00.00 00.00 00.01 00.27
Gamma 97.51 99.97 99.99 99.73 97.65
Exponential 63.90 89.40 89.27 76.76 79.81
Rician 00.00 00.00 00.00 00.00 00.00
Rayleigh 00.00 00.00 00.00 00.00 00.00
Lognormal 49.57 31.78 32.22 41.85 33.54
Weibull 79.74 92.46 93.22 88.67 87.35

4.3.1.1 Parameter estimation

Each target distribution has it’s own set of parameters that have been estimated from
the SAR data as explained in section 2.5.1. As previously mentioned the Gamma
distribution is a special case of the Exponential distribution. When the Gamma
parameter α = 1, the Gamma distribution fits an Exponential distribution. As
can be seen in table 4.4 and 4.3 both the Gamma distribution and the Exponential
distribution has a high pass rate. Figure 4.4 shows box plots for the estimated α
values, from the SAR data, for the Gamma distribution model. The blue box in the
box plots contain 50% of the estimated values.
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Figure 4.4: The estimated values for the Gamma parameter α shown as box-plots.
50% of the estimated values is contained within the blue boxes for each surface area
type.

The information of how close to 1 the estimated α parameters are it is not surprising
that also the Exponential had a high pass rate in the A-D test, even though the
pass rate was not as high as the Gamma distribution model.

4.3.2 Visual color maps of the A-D test
Color maps have been created where each distribution has been assigned a specific
color. The color of each pixel is defined by the color of the distribution which
provided the best fit. The color maps have been used to more easily compare the
different results of the AD-test and to see if there are any spatial patterns present
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depending on which distribution had the highest result of the test. Taken into
account the information stated in the tables of section 4.3.1, the following sections
will mostly focus on the distributions that’s proved to be most interesting. More
extensive information on the rest of the distributions can be found in appendix B.

4.3.2.1 Image stack 1

As for all area types figure 4.5 clearly shows that the Gamma distribution got the
best result for most of the pixels. For the lake area type it’s possible to see a
pattern for the Lognormal distribution in Part 1 and Part 2. These patterns match
the shape of where ice is located for one image pair in the image stack.

Part 1

Rejected H
0

Normal ExtremeValue Gamma Exponential Rician Rayleigh Lognormal Weibull

Part 2

Part 3 Part 4

Lake

Figure 4.5: The yellow coded Gamma distribution is the most prominent distri-
bution for forest areas.

This means that for as little as 2 out of a total 26 images in image stack 1 allows the
Lognormal distribution to perform better than the Gamma distribution at certain
conditions, shown in figure 4.6.
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Color map Intensity data

Area type: Lake, Part 2

Figure 4.6: The lognormal (purple) distribution comes out on top when ice (white
patches) is present for 2 out of 26 images.

There weren’t many more interesting results for image stack 1, but to see the rest
of the color plots for the first image stack, see appendix B.

4.3.2.2 Image stack 2

It can be seen in figure 4.7 and figure 4.8 the Gamma distribution have shown to
be fitted best to both the Forest data and the Lake data. This is also true for all
different types of areas, just like for image stack 1, given in table 3.1 although with
a varying degree of how often the Gamma distribution was the best fit.

Part 1

Rejected H
0

Normal ExtremeValue Gamma Exponential Rician Rayleigh Lognormal Weibull

Part 2

Part 3

Part 4

Forest

Figure 4.7: The yellow coded Gamma distribution is the most prominent distri-
bution for forest areas.
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In figure 4.7 it is shown that approximately 97% of the pixels of the forest area type
had Gamma as the best fit to the data.

Part 1

Rejected H
0

Normal ExtremeValue Gamma Exponential Rician Rayleigh Lognormal Weibull

Part 2

Part 3 Part 4

Lake

Figure 4.8: Gamma is the most recognized distribution

In figure 4.8 the Gamma distribution is shown to be fitted best at 84%, still being
the best fit for the most pixels, but not as high as for the forest areas. All area types
have in common that the Gamma distribution has the best fit in a clear majority
of cases. All area types, beside the structure area type, have in common that there
is no particular pattern for how the different distributions are located in the color
maps.

The color map for the structure area type, figure 4.9, shows something interesting. It
clearly shows a pattern where the Gamma distribution fails and other distributions
shows up in small clusters. Interestingly these clusters of non-Gamma positions are
located where buildings seem to be located when looking at the SAR intensity data,
seen in figure 4.10.
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Part 1

Rejected H
0

Normal ExtremeValue Gamma Exponential Rician Rayleigh Lognormal Weibull

Part 2

Part 3
Part 4

Structure

Figure 4.9: The same as in the other regions but here there is also a prominent
outline for where some buildings are present.

Part 1

Part 2

Part 3
Part 4

Area type: Structure

Figure 4.10: SAR intensity image of the same surface area as the structure color
maps.

4.3.3 Probability color maps of the A-D test
As mentioned in section 4.3 the color maps only shows which distribution that
performed best in the A-D test not how well the distribution performed. Another
set of color maps was created but with the scale now instead showing how certain
the A-D test have been for a specific distribution.
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An example of such an image is figure 4.11, which shows how probable the test result
has been for the Gamma distribution.
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Figure 4.11: Probability plot for Gamma distribution.

A highly red color illustrates that the test result is very certain and a blue color
show’s a high uncertainty of the test. If the probability is lower than the significance
level α = 0.05 the A-D test would consider it a fail and reject the null hypotheses,
which corresponds to a dark blue color in the probability images.

According to figure 4.11 it’s been made clear that the Gamma distribution is highly
probable for the structure area type. But what about those small clustered non-
Gamma areas that have appeared where buildings are present. Taking a closer
look at figure 4.9 both purple lognormal distribution clusters in Part 3 and red
normal distribution clusters in Part 4 are visible. Comparing this information to
the probability images of lognormal distribution, figure 4.12 and normal distribution,
figure 4.13, it’s possible to see that even though these two distributions had the
best fit according to the A-D test, the probability that the lognormal and normal
distribution is a good fit is much lower than that of the Gamma distribution for the
rest of the pixels.

25



4. Results

Part 1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

P
ro

b
a

b
ili

ty

Part 2

Part 3 Part 4

Distribution: Lognormal

Area type: Structure

Figure 4.12: Probability plot for Lognormal distribution.
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Figure 4.13: Probability plot for Normal distribution.

The most interesting color- and probability images have been included in this section.
The color- and probability images for all target distribution models is included in
Appendix B.
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5
Conclusion & discussion

Two different image stacks of SAR intensity data containing different amounts of
images have been investigated on how the temporal distribution of the data can be
characterized. The SAR data have been tested against eight different target distribu-
tion models for a goodness-of-fit to see which of the target distribution models best
fits to the data. The goodness-of-fit test have been made by the Anderson-Darling
test.
The use of the A-D test together with looking for spatial patterns, e.g. in figure 4.9,
allows for comparison of how well the different distribution models fit, even with the
limited number of images available. From figure 3.2 it would appear impossible to
decide which distribution fits, but the method gives clear objective results that the
Gamma distribution model is a good fit.
The results have shown that the distribution of temporal SAR intensity data follows
a Gamma distribution and is most likely to fit the data irrespective of the surface
area types that have been investigated in this thesis. It’s interesting to mention
that if the same test would have been conducted with amplitude SAR data, instead
of intensity, the rician and rayleigh distribution models would probably perform
better. The reason would be because the distribution for pure speckle follows a
Rayleigh distribution for amplitude data but the speckle follows an exponential
distribution model for intensity data. And the Gamma distribution is a special case
of the Exponential distribution, with shape parameter = 1, which could be a reason
why the Gamma distribution performs well for intensity data. The color images in
section 4.3.2 interestingly shows that none of the target distributions that have been
investigated throughout this thesis seem to make a good fit over actual structures
and buildings. The reason for this could be that the number of images in the image
stacks are too few. This could be validated by the clear difference in the percentage
of how often the Gamma distribution fits between the first and second image stack,
which had 26 and 64 images respectively. Since more than twice the amount of
images are present in the second image stack you could assume a noticeable increase
in how well the Gamma distribution should have performed, which was the case
shown in tables 4.1 and 4.2. In general the K-distribution would have been an
interesting candidate to take a closer look at since it has previously been proven to
be a good fit for SAR data in a spatial scenario. The K-distribution could possibly
be a strong candidate distribution for the buildings since no other distribution seem
to make a good fit to that type of data.
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6
Future Work

There are a few things that would be interesting to investigate further on.
• Adding more distributions

To add more distributions to the target distribution table listen in table 2.2
could prove valuable to see if there are any other distributions that would fit
the data. Especially to find a distribution that would better fit the data for
the buildings within a structure area type. Possibly could the K-distribution
be an interesting distribution to implement.

• Larger image stacks
To perform a similar investigation on a larger image stack to see if the result
can be improved. The parameter approximation should improve and thus also
the ability to match the data to a correct statistical distribution.

• Change detection
To continue this work and implement a change detection algorithm to be able
within one or just a few pixel positions detect if a change has occurred by
adding a new image to the image stack. One usefulness of this thesis work is
that the detection algorithm can be chosen to be different for different pixels
depending on which distribution best fits the data.

• Ice on lakes
The case shown in figure 4.6 where a few SAR images containing ice patches
was enough to make the Gamma distribution model perform worse than the
Lognormal distribution model. It would be interesting to further investigate
how few images are needed, with ice present, to change the conclusion which
distribution model has the best fit.

• Use different types of SAR images
It would be interesting to extend this kind of analysis to a larger variety of
geographically different areas, where seasonal changes might be different. Also
to use different kinds of SAR data, e.g. higher resolution images and different
frequency bands.

• Investigate how dependent samples affect the A-D test
The A-D test assumes independent samples. The data used in this thesis
has not been completely independent thus would it be interesting to further
investigate, for example by simulations, how partially dependent samples affect
the results of the A-D test.
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A. Appendix A - Detailed SAR Image file information

A
Appendix A - Detailed SAR

Image file information

Table A.1: Table showing filenames for all images in both image stacks. The image
timestamps for image stack 1 is 16:12 and for image stack 2 is 05:05 UTC.

Image Stack 1 Image Stack 2
Filename Filename

20110617_TSX 20130430_TSX 20131103_TSX
20110617_TDX 20130430_TDX 20131103_TDX
20110720_TSX 20130511_TSX 20131114_TSX
20110720_TDX 20130511_TDX 20131114_TDX
20110811_TSX 20130522_TSX 20131206_TSX
20110811_TDX 20130522_TDX 20131206_TDX
20110822_TSX 20130602_TSX 20131228_TSX
20110822_TDX 20130602_TDX 20131228_TDX
20120225_TSX 20130613_TSX 20140119_TSX
20120225_TDX 20130613_TDX 20140119_TDX
20120717_TSX 20130624_TSX 20140210_TSX
20120717_TDX 20130624_TDX 20140210_TDX
20120808_TSX 20130705_TSX 20140428_TSX
20120808_TDX 20130705_TDX 20140428_TDX
20120819_TSX 20130716_TSX 20140520_TSX
20120819_TDX 20130716_TDX 20140520_TDX
20130601_TSX 20130727_TSX 20140531_TSX
20130601_TDX 20130727_TDX 20140531_TDX
20130623_TSX 20130818_TSX 20140622_TSX
20130623_TDX 20130818_TDX 20140622_TDX
20130726_TSX 20130829_TSX 20140703_TSX
20130726_TDX 20130829_TDX 20140703_TDX
20131227_TSX 20130909_TSX 20140714_TSX
20131227_TDX 20130909_TDX 20140714_TDX
20140713_TSX 20130920_TSX 20140725_TSX
20140713_TDX 20130920_TDX 20140725_TDX
20140826_TSX 20131001_TSX 20140816_TSX
20140826_TDX 20131001_TDX 20140816_TDX

20131012_TSX 20140827_TSX
20131012_TDX 20140827_TDX
20131023_TSX 20140907_TSX
20131023_TDX 20140907_TDX
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Figure B.1: Color map of which distribution had the best fit to data for all area
types.
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Figure B.2: Probability plots for Normal distribution for all area types.
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Figure B.3: Probability plots for Extreme Value distribution for all area types.
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Figure B.4: Probability plots for Gamma distribution for all area types.
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Figure B.5: Probability plots for Exponential distribution for all area types.
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Figure B.6: Probability plots for Lognormal distribution for all area types.
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Figure B.7: Probability plots for Weibull distribution for all area types.
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Figure B.8: Color map of which distribution had the best fit to data for all area
types.
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Figure B.9: Probability plots for Normal distribution for all area types.
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Figure B.10: Probability plots for Extreme Value distribution for all area types.
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Figure B.11: Probability plots for Gamma distribution for all area types.
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Figure B.12: Probability plots for Exponential distribution for all area types.
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Figure B.13: Probability plots for Lognormal distribution for all area types.
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B. Appendix B - Color maps
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Figure B.14: Probability plots for Weibull distribution for all area types.
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