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Multidimensional and Temporal SARData Representation and
Processing based on Binary Partition Trees

A

is thesis deals with the processing of different types of multidimensional SAR data for dis-

tinct applications. Instead of handling the original pixels of the image, which correspond to very

local information and are strongly contaminated by speckle noise, a region-based and multi-

scale data abstraction is de ned, the Binary Partition Tree (BPT). In this representation, each

region stands for an homogeneous area of the data, grouping pixels with similar properties and

making easier its interpretation and processing. e work presented in this thesis concerns the

de nition of the BPT structures for Polarimetric SAR (PolSAR) images and also for temporal

series of SAR acquisitions. It covers the description of the corresponding data models and the

algorithms for BPT construction and its exploitation.

Particular a ention has been paid to the speckle ltering application. e proposed tech-

nique has proven to achieve arbitrarily large regions over homogeneous areas while also pre-

serving the spatial resolution and the small details of the original data. As a consequence, this

approach has demonstrated an improvement in the performance of the target response esti-

mation with respect to other speckle ltering techniques. Moreover, due to the exibility and

convenience of this representation, it has been employed for other applications as scene seg-

mentation and classi cation.

e processing of SAR time series has also been addressed, proposing different approaches

for dealing with the temporal information of the data, resulting into distinct BPT abstractions.

ese representations have allowed the development of speckle ltering techniques in the spa-

tial and temporal domains and also the improvement and the de nition of additional methods

for classi cation and temporal change detection and characterization.
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If you knew what you are doing, it wouldn’t be called re-
search.

Albert Einstein

1
Introduction

R allows the extraction of information about a distant object or phenomenon
without having direct contact with it. is may be achieved thanks to the interaction with the
ma er of some type of propagated signal as, for instance, electromagnetic waves or also sonic
waves. Humanbeings andmanyother types of animalsmay achieve this aim though their senses
of sight, hearing or smell. However, they provide a limited amount of information that rapidly
became insufficient to our natural human curiosity, resulting in the emergence of a large num-
ber of technologies devoted to gather additional data from our environment. Nowadays, the
term remote sensing generally refers to awide set of techniques dedicated to collect information
about different Earth features and their dynamics. is concept comprises the whole process
of acquisition, processing and interpretation of the data.

e visibility and a raction of remote sensing technologies has experienced an exponential
growth in the latest years, specially through its ability to gather information about the Earth
from the space at global scales employing sensors on board satellites or spaceships. Remote
sensing canbe very helpful tomany elds of great interest today as, for instance,map generation,
cartography and digital terrain models generation, but the amount of information that can be
extracted does not end here and constantly new applications are appearing. Currently, remote



sensing techniques are employed to perform weather and ocean forecasting, to predict natural
disasters, for biological andbiophysicalmonitoring, etc. Moreover, it is also possible tomonitor
the environmental effects produced by the human beings as the evolution of the urban areas,
forest inventory information andbiomassmeasures, deserti cation control, climate change, etc.

e global concern about this ma er is illustrated by the Kyoto Protocol to the United Nations
Framework Convention on Climate Change, intended to prevent dangerous human-induced
interferences to the climate system [ ].

Different criteria may be employed to classify the distinct technologies employed in Earth
remote sensing. On the one hand, they may be categorized depending on the electromagnetic
source employed for illumination. Accordingly, those systems having their own illumination
source are also called active systems, while others systems that justmeasure the radiation emi ed
or re ected by the target from an external source, are called passive systems. On the other hand,
another classi cation may be performed according to the electromagnetic spectrum range em-
ployed as, for instance,microwave, infrared or optical systems. According to this categorization,
this thesis deals with Synthetic Aperture Radar (SAR) systems or imaging radars, which may
be classi ed as active systems working at microwave frequencies.

e origin of the SAR technology dates from the beginning of the ’ s, when an important
improvement in the spatial resolution of the radars was achieved in the ight direction through
a coherent registration and processing of the returned radar echoes [ ]. SAR systems, thus,
employ the relative motion of the platform on which they are mounted on in order to regularly
record a set of observations of the scene at different positions. ese measurements are coher-
ently processed together in order to simulate the acquisition of a larger virtual antenna array,
the synthetic aperture, resulting into a substantial increase in the radar resolution in the azimuth
direction. e SAR sensors have become more popular over the years since they can produce
re ectivity images of the scene, which may a ain up to planetary coverage when mounted on
board a satellite platform, while presenting a high spatial resolution. Moreover, the data ac-
quired by SAR systems are almost independent ofmost of the weather conditions and the night
andday cycles, thanks to the fact that they are active sensorsoperating at themicrowave frequen-
cies, for which the atmosphere is almost transparent. Formerly, SAR systems only operated at
one frequency and polarization but, since then, the technology has evolved greatly with the in-
troduction of multidimensional sensors. ese sensors are capable of acquiring simultaneously
different images of the scene by changing some parameter (frequency, polarization, spatial po-
sition, etc), which has empowered the emergence of the SAR polarimetry and interferometry
technologies.

e electromagnetic waves polarization makes reference to the vectorial nature of the elec-



tric and magnetic elds [ ]. is nature allows the generation of waves having the electric
eldmoving over different planes and, consequently, presenting a different interaction with the
targets depending in their physical structure [ ]. Polarimetric SAR systems (PolSAR) ob-
tainmultidimensional images by combining different polarizations of the incident and re ected
waves [ ]. PolSAR has demonstrated, specially during the last decade, its usefulness for the
study and characterization of the Earth surface, due to its ability to retrieve biophysical and
geophysical information from the scene [ ][ ]. is thesis has been developed in the con-
text of polarimetric SARdata processing, analysis and characterization. Indeed, nowadays there
is a great interest on PolSAR technology, which may be deduced by the large number of future
space-borne polarimetric SAR missions planed, like SENTINEL- (C-band), BIOMASS (P-
band), ALOS (L-band), DARSATConstellationMission (RCM) (C-band), NOVASAR-
S (S-band), SAOCOM (L-band) and the PAZ together with TerraSAR-X and TanDEM-X (X-
band).

In most of the cases in SAR systems, the size of the resolution cell is much larger than the
wavelength and, thus, the measured echo is, under the Born approximation [ ], a coherent
combination of all the individual target echoes within that cell. is coherent combinationmay
be constructive or destructive, and it appears over the SAR images with a characteristic granu-
larity known as speckle [ ][ ]. Although the speckle is real electromagnetic measure, from
the point of view of the acquisition system it is considered as noise, since it can not be predicted
accurately and is contaminating themeasure of the re ectivity of the resolution cell. e useful
information, then, must be extracted from the statistics of the data [ ].

ere are a wide number of techniques to extract these statistics and eliminate, as far as pos-
sible, the contaminant effect of the speckle term in SAR images. e most basic technique is to
average the image values over the image using a particular window, usually a rectangular win-
dow, which is also known as the multilook lter [ ]. In fact, this estimation corresponds to
theMaximumLikelihood Estimator (MLE) of the re ectivity [ ]. en, by applying themul-
tilook, the reduction factor of the speckle is proportional to the number of samples averaged
and inversely proportional to the resulting resolution. In this sense, this lter poses a signi -
cant inconvenience, since it implies a spatial resolution loss which is one of the most valuable
advantages of the SAR systems.

Newer speckle ltering techniques are focused towards a different direction. Statistically it
makes only sense to consider pixels over the image belonging to the same statistical distribu-
tion, that is, over homogeneous areas. Some speckle ltering techniques, as the adaptive Lee
lter [ ][ ], proposed the adaptation of the averaging window to the morphology of the
image. To do so, a set of prede ned windows are de ned and the one containing the more ho-



mogeneous sample set is selected for ltering. e Intensity Driven Adaptive Neighborhood
(IDAN) lter [ ] improves the adaptation capability by de ning an arbitrary homogeneous
neighborhood around each pixel. However they have some limitations in the amount of pos-
sible spatial structure adaptation, resulting into some degree of spatial resolution loss, or they
introduce some distortion or bias over the estimated data. In order to overcome these limita-
tions, some newer techniques have proposed breaking away with the idea of spatial locality, as
theNon-Localmeans [ ][ ], in order to further increase the available samples for estimation.

If it were possible to delimit correctly the homogeneous areas over the image, then it would
be possible to average only the samples within them, obtaining results with higher quality and
also preserving the spatial resolution. Nevertheless, this work may be complex since arbitrary
structures of different sizes may be found over the image, as they re ect the complexity of the
scene. Different strategies have been developed to tackle with this issue from different points
of view. Some examples are the multiresolution representations, such as wavelets [ ][ ].
However, this approach has clear limitations as it is a linear processing technique, resulting into
a limited resolution preservation. On the other hand, non-linear processing techniques may be
employed for data segmentation and denoising, as theMarkov RandomFields (MRF)models,
employed to represent the sample contextual information [ ]. e main difficulty of MRF is
that its computational complexity rapidly becomes intractable formostmodels, requiring some
approximation techniques.

Moreover, remote sensing techniques are continuously evolving, increasing in terms of data
quality and quantity. Very high spatial resolution SAR systems are every day more precise and
even they canoperate at different frequency bands and/or spatial baselines simultaneously. is
fact increases the amount of potential information that may be extracted from the observed
scene, but it also involves a dramatic increment in terms of data volume and, consequently, in
computational demands for processing it.

ere are, however, other implications not so obvious for the exploitation of these large
datasets. As the number of collected samples gets increased, the amount of information ob-
tained may not grow in the same proportion, resulting into that neighboring samples may not
be considered as independent, as their scale of representation is far too low with respect to the
content scale [ ]. e classical pixel-based approaches, based on the assumption that each
pixel may be processed independently, are becoming less efficient in this scenario, as they are
unable to exploit this interrelationship properly.

In this thesis, a different non-linear approach is proposed for data processing, based on the
assumption that neighboring samples having similar properties may be modeled and grouped
together into an entity named region. e pixel-based signal representation is replaced by a



region-based representation, composed of a set of regions with lower cardinality. en, un-
der this assumption, instead of processing each of the original pixels of the data, these obtained
regions are processed individually. is concept automatically encompasses the sample inter-
relationship within these entities and scales naturally to high resolution sensors.

With this idea in mind, the Binary Partition Tree (BPT) [ ] image representation was
de ned with the intention of being generic enough to support a wide range of applications.

e BPT is a region-based and multi-scale data abstraction that has been employed for image
processing [ ], achieving good results, but it needs an adaptation to be able to process and
model PolSAR data.

en, the objectives for this thesis are the design, the implementation and the evaluation of
the BPT representation for processing different types of multidimensional SAR data, encom-
passing PolSAR images and temporal series. is involves the adaptation of the BPT concepts
and algorithms for multidimensional SAR data modeling, in order to be able to generate prop-
erly their corresponding BPT representation and to perform the consequent BPT exploitation
for different applications. In this work, a particular focus is devoted to the speckle ltering and,
consequently, this applicationwill be analyzedwith a great level of detail. However, other appli-
cations are also considered as, for instance, scene segmentation and data classi cation. e ex-
ploitation of the temporal dimensionof the data in SARpolarimetry is a difficult task that is now
starting to be studied anddeveloped, and this thesis sheds some light in this direction, analyzing
the target modeling in the temporal dimension for PolSAR time series. Some approaches are
proposed to study the temporal evolution of the data and the scene dynamics. When these ap-
proaches are employed in combinationwith the BPT, the time information allows the improve-
ment of some previously de ned methods, as the polarimetric estimation or the classi cation
techniques. Moreover, this supplementary information allows the development of additional
applications, such as the detection and characterization of the scene changes.

S T

is manuscript has been divided into eight different chapters that are described brie y in the
following.

e rst chapter, as an introduction, puts the reader in position to the scope of this work and
its objectives. e second chapter makes a brief description of the basic concepts behind the
SAR systems, on which this work is focused on. e wave polarimetry notion is presented and
the most relevant concepts of SAR polarimetry (PolSAR) are introduced. In this chapter, spe-
cial a ention is paid to the statistics of SARandPolSARdata, particularly thepolarimetricGaus-



sianmodel to describe the distributed sca eringmechanism. e Entropy (H), Anisotropy (A)
and averaged Alpha angle (ᾱ) polarimetric decomposition is also described as a tool for the in-
terpretation of the polarimetric information. e central application of this thesis is speckle
ltering and, consequently, this chapter also describes and brie y analyzes some relevant mul-

tidimensional speckle ltering techniques, as the adaptive Lee [ ][ ] or the IDAN [ ]
lters. Finally, some polarimetric classi cation techniques are also described, as it composes

other of the applications developed during the course of this thesis.

Chapter describes theBinary PartitionTree (BPT),which is the data abstraction employed
in this work for data processing. Its structure is de ned in detail, including the rationale and the
motivation for this representation, and a generic BPT based processing scheme is proposed.

e algorithms for its construction and exploitation are de ned and analyzed in this chapter.
For the generation of the BPT structure an efficient iterative method in a bo om-up approach
has been proposed, based on the divide and conquer strategy. Once it has been constructed,
a tree pruning mechanism is performed for its exploitation, which may be interpreted as the
extraction of the useful or interesting regions for a particular application. Finally, an analysis of
the processing complexity is brie y described and some additional thoughts are provided on
the BPT limitations as a data abstraction.

e generic BPT processing scheme previously depicted is adapted to process PolSAR data
in Chapter . A statistical region model is proposed for this data, based on the sample covari-
ance matrix. For the BPT construction algorithm, some dissimilarity measures are de ned in
this regionmodel space, some of thembeing capable of exploiting thewhole polarimetric infor-
mation under the Gaussian hypothesis. Distinct BPT pruning strategies are de ned to exploit
this structure for the speckle ltering application. As it corresponds to the central application of
this thesis, an extensive analysis of this applicationmay be found in this chapter, including stud-
ies with real and simulated PolSARdata. Additionally, the coastline detection application based
on the BPT is brie y described and analyzed, in order to give a wider idea of the usefulness of
this representation for PolSAR data processing.

is thesis also deals with another type of multidimensional data: temporal series. e BPT
basedprocessing approach is extended toprocess PolSAR time series inChapter . e process-
ing of these datasets is still a challenge that is now starting to be developed. en, this chapter
describes two different approaches for dealing with the temporal dimension of the data. ese
approaches differ in the way a target is characterized among this additional dimension. Two
distinct BPT representations are obtained according to these two concepts which are studied
in this chapter. e exploitation of these two structures is also de ned by an extension of the
same techniques employed for PolSAR data in the context of the speckle ltering application.



Additionally, an additional application is developed speci cally to exploit the temporal infor-
mation and describe the dynamics of the scene: change detection and characterization. ese
applications are analyzed and evaluated with real PolSAR datasets over urban and agricultural
areas.
Some of the previously detected limitations in various aspects of the proposed BPT based

processing scheme are addressed in Chapter . To overcome these drawbacks, a technique is
proposed for ltering and matrix regularization and some concepts are de ned for the polari-
metric change analysis and interpretation. Additionally, a new region model is proposed in
order to improve the characterization of heterogeneous regions, including a mixture of differ-
ent targets or texture. Moreover, all these proposed improvements are de ned in terms of the
same concepts on which the BPT is based, contributing to the completeness of this approach.
Chapter is devoted to the BPT based classi cation application. Supervised and unsuper-

vised classi cation methods over PolSAR images and polarimetric time series are proposed,
employing the samemodels and dissimilarity measures previously mentioned in Chapters to
. Consequently, this chapter also contributes to the analysis and evaluation of the these con-
cepts, from a different point of view. e performance of the proposed classi cation techniques
is evaluatedwith real PolSAR time series data for which some ground truth information is avail-
able, in order to verify the ability of these approaches to identify and separate the distinct areas
of the scene.
Finally, Chapter presents the most relevant conclusions a er the research work performed

during the course of this thesis and some possible future research lines are outlined.
Additionally, in the Appendix A, a complementary analysis of the stability in front of the

speckle noise of the sample covariance matrix eigenvectors, eigenvalues, and the Entropy (H),
Anisotropy (A) and averaged Alpha angle (ᾱ) parameters may be found. is analysis is based
on the employment of the matrix perturbation theory [ ] in order to model the estimation
errors due to speckle [ ]. Appendix B presents some additional results that have not been
analyzed in as much detail as the other results in the previous chapters, but they may serve to
demonstrate the usefulness of the BPT to process other types of data as L-band ALOS data,
very high resolution X-band FSAR data or dual-polarimetric TerraSAR-X time series. Finally, a
compilation of all the publications carried out during the course of this thesis may be found in
Appendix C.





If you can’t explain it to a six years old, you don’t understand
it yourself.

Albert Einstein

2
Multidimensional Synthetic Aperture Radar

T to give a general introduction of the Synthetic Aperture Radar
(SAR) framework on which this PhD thesis is developed. It does not aim to be an exhaustive
review of SAR state-of-the-art, but a brief review of the general concepts involved in this work,
in order to produce a self-contained manuscript.

First, in Section . , the basic concepts of SAR are introduced, devoting special a ention to
data description and statistics. On Section . electromagnetic wave polarimetry is introduced
and its application to radar and SAR is described. e statistical analysis of the previous section
is also extended to the multidimensional systems. Additionally, some additional information is
included on the interpretation of the polarimetric SAR radar response.

Finally, Sections . and . are devoted to describe some state-of-the-art techniques for two
particular applications that are strongly related with this work: speckle ltering and data classi-
cation.



. S A R

A SAR system is a type of remote sensing imaging sensor capable of obtaining high resolution
information about the scene. Speci cally, SARmeasures the complex re ectivity of the scene at
themicrowave regionof the spectrum. emost salient feature of SAR,with respect to other re-
mote sensing sensors, as optical imaging, is that it is an active sensor, in the sense that it produces
its own source of illumination. is, in combination with the fact that the atmosphere may
be considered almost transparent at microwave frequencies, makes SAR independent of most
of the atmospheric effects, as the night and day cycles and the weather conditions. Moreover,
since they are working at microwave frequencies, they are sensitive to different target proper-
ties than other techniques, working at distinct frequencies. As a consequence, SAR is a valuable
complement to other remote sensing methods.

. . B C

Typically, on a radar system, a pulse is transmi ed as an electromagnetic wave by means of an
antenna. When this pulse hits a target, a fraction of the power associated with the pulse is re-
radiated towards the receiver, which is also known as radar echo. is echo may be captured by
the receiver antenna, where it may be detected and processed.
On SAR systems, a high resolution re ectivity image of the scene is obtained by means of

a coherent processing of different radar echoes obtained at distinct positions. Consequently,
SAR systems are typically on board a moving platform, usually an airplane or a satellite. In this
context, the azimuth direction is de ned as the ight direction, which de nes the movement of
the radar. e radar beam is slanted from the nadir direction to a direction perpendicular to the
ight direction, known as range direction. e thickness of the strip generated by the footprint
of antenna beam due to the radar movement is referred to as swath, as represented on Fig. .
In an imaging system, the resolution δmay be seen as theminimum separation of two targets

to be detected and distinguished as two different targets at different positions. SAR systems, as
two dimensional imaging systems, may present different resolution values for the range δr and
the azimuth δa dimensions. In the range dimension the resolution is closely related with the
pulse duration τp, requiring a shorter pulse in order to obtain a be er resolution

δr = c
τp ( . )

where c stands for the propagation speed of the electromagnetic waves in vacuum.
However, to a ain both a good level of Signal to Noise Ratio (SNR) and a good resolution,
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Figure 2.1: Synthetic aperture radar acquisition geometry.

a large amount of energy has to be transmi ed in a short period of time. is approximation is
not practical as real transmi ers are not able to produce short pulses having high energy at the
same time. Alternatively, a pulse compression technique may be applied to solve this problem. It
is based on transmi ing a longmodulated pulse and processing it a erwards by amatched lter
[ ][ ]. With this technique, the large pulse may be compressed to a duration equivalent to
/B

δr =
c
B

( . )

where B represents the bandwidth of the transmi ed pulse.

In the azimuth direction, the radar resolution depends on the antenna angular beam width
θa, which is proportional to

θa ∝
λ
Da

( . )

where λ refers to wavelength andDa is the antenna length in the azimuth direction. As a conse-
quence, the resolution in the azimuth direction δa will be

δa = r
λ
Da

( . )

where r represents the range distance between the antenna and the target. Note that for radars
on board a satellite platform, good azimuth resolution, in the order of meters, can only be ob-
tainedwith very large antennas, in theorderof kilometers length in the azimuthdirection,which
is completely unfeasible.



In order to increase the resolution in the azimuth direction, the concept of synthetic aperture
may be applied [ ][ ][ ]. Not surprisingly, this concept is applied in SAR to exploit the
movement of the platform in order to synthesize an antenna arraywith an effective lengthmuch
larger than the physical length of the receiver antenna. e synthetic antenna is conformed by
a linear array, following the path of themoving platform, where each element of this array is the
original antenna.

Consequently, when employing the synthetic aperture concept, the angular beam width θsa
of the corresponding synthetic antenna will be proportional to the length of this antenna Le.

en, the obtained azimuth resolution with synthetic aperture radar δsa will be

δsa = r
λ
Le
. ( . )

Note that themaximum length of the synthetic apertureLe is bounded by the set of positions
on which the same target gets illuminated by the antenna beam. erefore, it depends on the
beamwidth of the original antenna θa, which depends on its azimuth dimensionDa, and on the
distance to the target r

Le <
λro
Da

. ( . )

is bound on the maximum length of the synthetic aperture also de nes a limit on the az-
imuth resolution δsamax that may be achieved with this technique

δsamax =
Da

. ( . )

It is worth noticing that, for a SAR system, the a ainable azimuth resolution δa does not de-
pend neither on the distance to the target r nor the wavelength λ. is maximum azimuth res-
olution only depends on the antenna size in the azimuth dimensionDa and, as a consequence,
the smaller the antenna thehigher the resolution. is surprising result is causedby the fact that,
the smaller the antenna, the larger is the angular beamwidth θa, and also the time on which the
target is illuminated by the antenna is enlarged,making possible a larger synthetic aperture. e
same idea can be applied to the distance to the target r , having larger synthetic apertures for
further targets. In practice, some limitations apply, specially those related to the achieved SNR,
since a smaller antenna implies a smaller received pulse energy. However, spatial resolutions in
the order of meters or even smaller have been achieved from space-borne SAR systems.



. . SAR S I R

During the data acquisition process of a SAR system, the received echo for each transmi ed
radar pulse at each position is recorded. is data are referred to as raw data and can not be
directly related with the re ectivity of the scene. On raw data, the information of each scene
target is spread among all the echoes that conform the synthetic aperture. In order to obtain
the radar re ectivity of the scene, the information of each targetmay be effectively combined in
the so-called focusing process, resulting in a re ectivity image of the scene.

For a good understanding and characterization of the SAR imaging system, the impulse re-
sponse of the systemmust be known, that is, the response of the system to a single point target,
including both processes: the data acquisition and the image focusing process. On this simpli-
ed scenario, having only one target at a given location, is assumed to be present on the scene,
which will produce only one radar echo. Once this impulse response has been characterized,
the complete image of the scene may be understood as a combination of the contributions of
an arbitrary number of single targets, considering the superposition theorem.

e complex SAR image obtained a er the acquisition and focusing processes for a point
target at coordinates (x , r ) is [ ]

S(x, r) = σs(x , r ) · exp
(
j
π
λ
(r− r )

)
· sinc

(
π(r− r )

δr

)
· sinc

(
π(x− x )

δa

)
( . )

where σs(x , r ) refers to the complexRadarCross Section (RCS) of the target [ ][ ][ ]
and δr and δa represent the range and azimuth resolution, respectively. From ( . ), it can be
seen that the SAR system impulse response, including the acquisition and focusing stages, is
proportional to a phase termmultiplied by two sinc functions

h(x, r) ∝ exp
(
j
π
λ
r
)
· sinc

(
πr
δr

)
· sinc

(
πx
δa

)
. ( . )

en, from ( . ), the impulse response of the SAR system can be seen as a rectangular l-
ter with a bandwidth in the range dimension equal to B/c and /Da in the azimuth direction
[ ][ ][ ]. Additionally, from ( . ) the phase term associated with the range delay can be
related to the scene, instead of to the SAR system, resulting in an impulse response proportional
to

h(x, r) ∝ sinc
(
πr
δr

)
· sinc

(
πx
δa

)
. ( . )
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Once the SAR system impulse response has been described, as stated in ( . ), it may be seen
as a low pass lter over the scene radar re ectivity. However, in the previous section only one
point target has been assumed. Nevertheless, in a real situation, many targets may be found
over the scene. en, the concept of resolution cell may be introduced tightly related with this
interpretation of the impulse response. It may be seen as the area within a cell of size δr by δr
in range and azimuth dimensions, respectively. Note that, according to the previous de nition
of the resolution notion, all the targets within this area may not be distinguished by the radar.
Typically, the azimuth and range resolution are signi cantly larger than the wavelength λ and,
as a consequence, many individual or point targets may be present within the resolution cell, as
represented on Fig. . .

Scene

Resolution Cell Point scatterer

Figure 2.2: Resolution cell representation having multiple individual targets within.

In this scenario, the retrieved signal is the coherent combination of all the echoes of the indi-
vidual targets within the resolution cell, which has been represented on Fig. . . e amplitude
and phase of each targetmay depend on the targets themselves and also on their orientation and
distribution within the resolution cell. is complex coherent sum for a given resolution cell,



represented as r exp(jθ) is also known as the random walk, and may be expressed as [ ][ ]

r exp(jθ) =
N∑
k=

Ak exp(jθk) ( . )

<{S} =
N∑
k=

Ak cos(jθk) ( . )

={S} =
N∑
k=

Ak sin(jθk) ( . )

whereN represents the number of targets within the resolution cell and<{·} and={·} repre-
sent the real and imaginary part, respectively.

q

q
sk

A
k

r

R

I

Figure 2.3: The received echo for a resolution cell is the coherent combination of the
echoes of the individual targets within this cell.

Unfortunately, most of geophysical terrains as, for instance, rough surfaces, vegetation, ice,
snow, etc... have a very complicated structure and composition. In such cases, the complete
knowledge of the sca ered electromagnetic eld, when illuminated by an incident wave, is only
possiblewith a complete description of the terrain geometry and composition. In practical situ-
ations, this type of information is completely una ainable for obvious reasons. en, the char-
acterization of this re ection processes may only be performed through a statistical analysis
[ ] [ ][ ]. Since these targets are composed by a large number of individual targets dis-
tributed around the resolution cell, they are calleddistributed targets, as opposite topoint targets,
as suggested in Section . . .



For the statistical characterization of the complex SAR image S(x, r), some considerations
are taken into account related to the elementary targets Ak exp(jθk) [ ][ ]:

• e amplitudeAk and phase θk of the k-th phasor are statistically independent from each
other and from the other phasors. is means that the sca ering center of the elemental
targets are uncorrelated and that the amplitude is not dependent on the phase.

• e phase of each one of the individual targets are uniformly distributed in the interval
(−π, π]. is may also be interpreted as having all the individual targets uniformly dis-
tributed within the resolution cell.

Additionally, if the resolution ismuch larger than thewavelength, that is, δr � λ and δa � λ,
then the Central Limit eorem [ ] may be assumed as N → ∞. Under this assumption
<{S} and={S} are following a zero-mean Gaussian distribution [ ][ ][ ][ ].

E {<{S}} =
N∑
k=

E{Ak cos(θk)} =
N∑
k=

E{Ak}E{cos(θk)} = ( . )

E {={S}} =
N∑
k=

E{Ak sin(θk)} =
N∑
k=

E{Ak}E{sin(θk)} = ( . )

where E{·} refers to the statistical expectation operator. Similarly, the variance of <{S} and
={S}may also be computed

E {< {S}} =
N∑
k=

E{Ak}E{cos (θk)} =
N
E{Ak} ( . )

E {= {S}} =
N∑
k=

E{Ak}E{sin (θk)} =
N
E{Ak}. ( . )

e real and imaginary parts of S are uncorrelated

E {<{S}={S}} =
N∑
k=

N∑
l=

E{AkAl}E{cos(θk) sin(θl)} = . ( . )

To simplify the notation,<{S}may be renamed to x and={S} to y; then, their probability



density functions can be expressed as

px(x) = √πσ
exp
(
−
(x
σ

) )
x ∈ (−∞,∞) ( . )

py(y) = √πσ
exp
(
−
( y
σ

) )
y ∈ (−∞,∞) ( . )

where σ / = (N/ )E{Ak}. As it may be seen, p(x) and p(y) are following a zero-mean Gaus-
sian distribution, also expressed asN ( , σ / ).

e probability density function of the amplitude pr(r) and phase pθ(θ), considering r =
√
x + y and θ = arctan(y/x), can also be obtained

pr,θ(r, θ) =
r
πσ

exp
(
−r
σ

)
( . )

pr(r) =
r
σ

exp
(
−r
σ

)
r ∈ [ ,∞) ( . )

pθ(θ) = π
θ ∈ (−π, π]. ( . )

As it can be seen, the amplitude and phase distribution are separable. e distribution pr(r)
is also referred to as a Rayleigh distribution, whereas pθ(θ) is a uniform distribution in (−π, π].

ismeans that the phase θ of a distributed target has no information about the target itself. For
a Rayleigh distribution, like pr(r), the mean value and its variance are

E{r} =
√
πσ

( . )

σr =
(
− π

)
σ . ( . )

Another statistical parameter usually employed in SAR is the coefficient of variation (CV),
de nedas the relationbetween the standarddeviation and themean [ ]. Fromthepreviously
de ned expressions, it can be derived as

√
π − for r.

Generally, the study of SAR data is interested in the intensity I, rather than the amplitude r,
de ned as I = r , which pdf can be expressed as

pI(I) = σ
exp
(
−I
σ

)
I ∈ [ ,∞) ( . )

and consequently, I is following an exponential distribution. erefore, its mean value will be
E{I} = σ and its variance σI = σ . It is worth to mention that the CV of the intensity for a
SAR image, then, will be equal to .
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As indicated in ( . ), the probability density function of the SAR image intensity has been
identi ed as an exponential distribution. For simplicity, the identity

I = σ z ( . )

may be introduced on ( . ) and, then, the distribution of pz(z)may be expressed as

pz(z) = exp(−z) z ∈ [ ,∞). ( . )

Equation ( . ) shows that the intensity of a SAR image pixel can be considered as a deter-
ministic value, containing information about the incoherent re ected power (σ ),multiplied by
the speckle noise (z), having an exponential distribution, as expressed in ( . ), with mean and
variance values equal to one. is is one of the main reasons why the speckle noise is usually
considered as a multiplicative noise respect to the SAR image intensity [ ][ ][ ][ ]. It
should be noted however that the speckle noise is not a random process, as it is an electromag-
neticmeasure of the interactions of all the individual targets. Nevertheless, due to the complex-
ity of the re ection process, it can not be predicted for a given pixel and then, it is interpreted
as a random process corrupting the deterministic component σ .
With the previous assumptions, all the useful information about the scene re ectivity is con-

tained within the term σ , and the phase has no information, as stated before. en, the SAR
image S(x, r) can be described over an homogeneous area as

S(x, r) = σn exp(jθ) ( . )

where n denotes the multiplicative component of the speckle noise in amplitude, following an
exponential distribution and characterized by E{n} = and var{n} = . On the other hand,
the phase θ is following a uniform distribution, as mentioned before. en the useful informa-
tion about the scene is contained in σ, independently of the speckle noise term n exp(jθ).

. SAR P

Polarimetric SAR (PolSAR) systems are multidimensional SAR systems that may obtain ad-
ditional information about the scene by exploiting the vectorial nature of the electromagnetic
waves. is vectorial nature may be employed to imbue different polarizations on the transmit-
ted and received echoes that interact in a different manner with the targets on the scene. As a



consequence PolSAR sensors will acquire different SAR images or channels according to the
different polarization states of transmi ed and received radar echoes. Moreover, if two orthog-
onal polarization states are employed for transmission and reception, the polarization synthesis
[ ]may be applied in order to explore the target response at any other polarizations state, con-
forming a valuable source of information.

. . W P

Electromagnetic waves were rstly postulated by James Clerck Maxwell as a solution to the
Maxwell equations, and subsequently con rmed by Heinrich Hertz. is solution may be ex-
tracted from the electric and magnetic equations, representing the energy transportation from
one plane to another [ ]. Employing the classical Cartesian coordinates [̂x, ŷ, ẑ] to describe
the electric eld of a wave propagating on the ẑ direction, it can be obtained as

~E(~z, t) = Ex(~z, t)̂x+ Ey(~z, t)ŷ = E x cos(wt− kz− δx)̂x+ E y cos(wt− kz− δy)ŷ ( . )

where δx and δy are two constant phase terms, E x and E y represent the electric eld amplitude
at directions x̂ and ŷ and k is de ned as

k =
π
λ
=

w
c
. ( . )

For compactness, the expression in ( . ) may also be expressed in the vectorial form

~E(~z, t) =

[
Ex

Ey

]
=

[
E x cos(wt− kz− δx)
E y cos(wt− kz− δy)

]
. ( . )

e components Ex and Ey are related through the expression(
Ex

E x

)
+

(
Ey

E y

)
−

ExEy

E xE y
= sin (δ) ( . )

where δ = δx − δy.

e previous expression ( . ) de nes the geometric gure described by the electric eld
vector ~E(~z, t) along the temporal dimension for any value of z. As it may be seen, this gure,
in the most general case, is following the shape of an ellipse, also known as the polarization
ellipse. Note that the aspect of this ellipse does not depend neither the space nor the time and,
consequently, it is characteristic of the electromagnetic wave. e polarization ellipse and its
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Figure 2.4: Generic polarization ellipse for an electromagnetic wave propagating on ẑ di-
rection.

parameters are represented in Fig. . .
Consequently, the polarization state of an electromagnetic wave can be de ned by the fol-

lowing parameters describing its direction of propagation and the polarization ellipse

• Orientation in the space of the plane containing the polarization ellipse. It is determined
by its normal vector, which is the propagation direction of the electromagnetic wave. On
Fig. . it has been assumed as ẑ.

• Orientation angle ϕ of the major axis of the ellipse with respect to the x̂ direction. e
values for this parameters are in the interval [−π , π ].

• Ellipticity angle τ, representing the apertureof the ellipse andhaving values in the interval
[−π , π ].

• Polarization direction, indicating the turning direction of the polarization ellipse. It is
expressed by the sign of the ellipticity τ. It is determined by the IEEE convention; when
looking to the wave towards the propagation direction, if the electric eld vector is rotat-
ing in clockwise direction then τ < , if it is rotating counter-clockwise then τ > .

• e amplitude of the polarization ellipse A, de ned as A =
√
a + b , where a and b are

the amplitude of the major and minor axis of the ellipse, respectively.



Linear horizontal Linear vertical Circular clockwise Circular counter-clockwise
ϕ π [−π , π ] [−π , π ]

τ −π π

Table 2.1: Some typical polarization states and its associated parameters

• e initial phase α with respect to the phase origin for t = , de ned in the interval
(−π, π].

As an example, Table . shows the values ofϕ and τ de ning thepolarization ellipse for some
typical polarization states.

. . S P

As mentioned before, when an electromagnetic wave encounters an object, part of its energy
gets re-radiated towards the radar receiver. e polarization state of the sca ered wave would
depend on the target and its geometry and, consequently, polarimetry may contribute to the
characterization of the target.
In the more general scenario, the SAR system may be considered as a system having two

antennas, the transmi ing antenna and the receiving antenna, that may be located at different
positions. When this is the case, the sca ering process is called bistatic, whereas when both an-
tennas are placed in the same position, as when the same antenna is employed for transmission
and reception, it is calledmonostatic. Additionally, in a bistatic scenario, when the receiver an-
tenna is located behind the target in the same line de ned by the transmi er antenna and the
target, a particular con guration process is obtained called forward sca ering.
Consequently, a convention has to be de ned for the Cartesian coordinate system [̂x, ŷ, ẑ]

that will be assumed for transmi ed and received waves. Generally, the transmi ed wave coor-
dinates are de ned with respect to the transmi ing antenna, whereas the received wave may be
expressed in the same coordinates or in those de ned by the receiving antenna.

e electric eld vector can be completely described by two orthogonal polarization states
[ ]. In the following, these two orthogonal polarization states will be assumed as the linear
horizontal ĥ and linear vertical v̂ polarization states, conforming the polarization basis {ĥ, v̂}.
Following this notation, the incident electric eld may be expressed in terms of two compo-
nentsEi

h andEi
v over this basis, and its coordinate system is centeredon the transmi ing antenna

[ĥi, v̂i, k̂i]. On the other hand, for the sca ered electric eld, expressed in terms of the coordi-
nates [ĥs, v̂s, k̂s], there are different conventions depending on the SAR system type. One con-
vention may be the Forward Sca ering Alignment (FSA), which employs the same coordinate



system than the incident wave for the sca ered wave. Another convention, called Backward
Sca ering Alignment (BSA), de nes the sca ered wave in terms of the coordinates of the re-
ceiving antenna. Fig. . shows both conventions for the incident and sca ered electric waves.

Sca�erer

Incident wave
coordinates

Sca�ered wave
coordinates

(a) FSA

Sca�erer

Incident wave
coordinates

Sca�ered wave
coordinates

(b) BSA

Figure 2.5: Incident and scattered electric field coordinate reference conventions.

As it may be seen, the equivalence of the different conventions can be extracted easily for the
incident and sca ered electric waves. In the case of the BSA convention ĥs = ĥi, v̂s = v̂i and
k̂s = k̂i, whereas for the FSA convention ĥs = −ĥi, v̂s = v̂i and k̂s = −k̂i. In the following,
the BSA convention will be employed, since the monostatic case is the most common for SAR
systems. Employing the selected polarization basis {ĥ, v̂}, the incident and sca eredwaves can
be expressed as

Ei = Ei
hĥi + Ei

vv̂i ( . )

Es = Es
hĥs + Es

vv̂s. ( . )

e relation between the incident and the sca ered waves, assuming the far eld hypothesis,
may be expressed by the by sca ering matrix S. As it is a relation between the two electric
elds, S is a complex dimensionless matrix, which is characteristic of the target [ ][

Es
h

Es
v

]
=

exp(−jkr)
r

[
Shh Shv
Svh Svv

][
Ei
h

Ei
v

]
( . )



or, equivalently, in matrix notation

Es =
exp(−jkr)

r
SEi ( . )

where r represents the distance between the receiver antenna and the target.

In the monostatic case, applying the reciprocity theorem [ ][ ], the following identity
applies

Svh = Shv ( . )

for the BSA convention and, consequently, for the FSA convention

Svh = −Shv. ( . )

. . D S

e sca ering matrix S de ned in ( . ) characterizes the sca ering process for the employed
acquisition geometry and frequency. However, this information is only useful for point sca er-
ers, as described in Section . . , having only one dominant sca erer within the resolution cell
and, thus, a deterministic response. In general, since the spatial resolution is usually consider-
ably larger than thewavelength, a wide number of targets are present within each resolution cell
and the retrieved sca ering echo is the coherent combination of their individual responses.

In this case, in the presence of speckle noise, the sca ering matrix S is a random variable and
the target information should be extracted from its statistics. To simplify its manipulation and
statistical characterization, usually thematrixS is vectorized to form the sca ering vector, usually
denoted as k. It may be expressed through a vectorization operator V(S) [ ][ ]

k = V(S) = tr(SH) = [k , k , k , k ]T ( . )

where tr() denotes the matrix trace, T is the vector transpose andH is a complex by orthog-
onal matrix base. e simplest matrix base may be the lexicographic baseHL

HL =

{[ ]
,

[ ]
,

[ ]
,

[ ]}
, ( . )

which ends up with the lexicographic sca ering vector k L

k L = [Shh, Shv, Svh, Svv]
T . ( . )



Another typical matrix base for the sca ering vector is the Pauli base

HP =

{
√
[ ]

,
√
[

−

]
,
√
[ ]

,
√
[

−j
j

]}
, ( . )

which generates the Pauli sca ering vector k P

k P = √ [Shh + Svv, Shh − Svv, Shv + Svh, j(Shv − Svh)]
T . ( . )

e advantage of the Pauli sca ering vector is that its components may be easily related with
the elementary or canonical physical sca ering mechanisms. e rst component may be re-
lated with surface sca ering, the second component may be associated with double bounce
sca ering whereas the third and fourth correspond to volume sca ering.

An important property of the sca ering process is the total amount of re ected energy in
relation with the incident one, expressed as ‖S‖, also known as the Span. Note that this is an
important a ribute for target characterization and, therefore, it should be maintained in the
sca ering vector as ‖k‖. is is the reason why the constant factors are included in ( . ) and
( . ).

For themonostatic case, theprevious sca ering vectorsmaybe simpli ed according to ( . )
or ( . ), depending on the convention employed. In this situation, the sca ering vectors con-
tain only three complex components and, then, it will be denoted as k . Assuming the BSA
convention, these two simpli ed sca ering vectors may be expressed as

k L =
[
Shh,
√

Shv, Svv
]T ( . )

k P = √ [Shh + Svv, Shh − Svv, Shv)]
T . ( . )

As mentioned in Section . . , the sca ering matrix is only useful to characterize point scat-
terers that have a deterministic response. For distributed sca ering, the target information has
to be extracted from the statistics of this matrix. en, the sca ering vector k, de ned as a vec-
torization of the sca ering matrix, may help to simplify this statistical characterization.

A polarimetric SAR system measures all the elements of the sca ering matrix for each reso-
lution cell. e Smatrix, then,may be considered as individual SAR images, corresponding to
the sca ering measurement at each combination of polarization states. As mentioned in Sec-
tion . . , for a distributed sca ering scenario, each one of these images will be following a
zero-mean complex Gaussian distribution. However, the ability of a PolSAR system to mea-
sure all this information simultaneously and coherently allows the exploitation of an additional



source of information: the correlation between the different SAR images.

en, for distributed targets the sca ering vector k may be de ned by a multidimensional
zero mean complex Gaussian distribution. is distribution is characterized by its covariance
matrixC [ ][ ][ ]

pk(k) = πp|C|
exp(−kHC− k) ( . )

where p corresponds to the dimension of the sca ering vector and H denotes hermitian trans-
pose of complex vectors and matrices. is distribution may be denoted asN ( ,C) and it is
completely characterized by its covariance matrix, as all of its higher statistical moments may
be derived from C [ ] [ ]. Moreover, this matrix is Hermitian and positive semi-de nite
[ ], and it may be de ned as

C = E{k LkHL} =


E{ShhS∗hh} E{ShhS∗hv} E{ShhS∗vh} E{ShhS∗vv}
E{ShvS∗hh} E{ShvS∗hv} E{ShvS∗vh} E{ShvS∗vv}
E{SvhS∗hh} E{SvhS∗hv} E{SvhS∗vh} E{SvhS∗vv}
E{SvvS∗hh} E{SvvS∗hv} E{SvvS∗vh} E{SvvS∗vv}

 ( . )

C = E{k LkHL} =

 E{ShhS∗hh}
√

E{ShhS∗hv} E{ShhS∗vv}√
E{ShvS∗hh} E{ShvS∗hv}

√
E{ShvS∗vv}

E{SvvS∗hh}
√

E{SvvS∗hv} E{SvvS∗vv}

 ( . )

for the bistatic and for the monostatic cases, respectively.

Similarly, the coherence matrix Tmay be de ned as the covariance matrix of the Pauli scat-
tering vector

T = E{k PkHP} ( . )

T = E{k PkHP} ( . )

respectively. Again, the advantage of this coherencematrix is that its values may be related with
canonical sca ering mechanisms easily. Nevertheless, since the lexicographic sca ering vector
k L and thePauli vectork P represent the same information, expressed in a different polarization
basis, the covariance and coherence matrices also contain the same information. In fact, they



are related by the following expression [ ]

T =

 −

j −j

C

 j
−j

−

 . ( . )

T =

 −
√

C

 √

−

 . ( . )

ese matrices contain, in the diagonal elements, the RCS value of the distributed target in
the different channels, that is, the retrieved power at each combination of polarization states,
but, additionally, in the off-diagonal elements they contain information about the correlation
between the different elements of the sca eringmatrix, that are very useful for the PolSAR data
interpretation.

. . P SARD S

In a distributed target scenario, as stated in the previous section, the useful information of the
target sca ering process has to be extracted from its statistical characterization. e covariance
and coherence matrices have been de ned in order to perform this characterization but, in a
real situation, these matrices have to be estimated from the data. Usually, the estimation of
the covariance matrix is performed by spatial averaging the matrices of n pixels, and is called
multilook. In the following, the estimated covariance matrix, also known as sample covariance
matrix, will be denoted as Z, and can be expressed as [ ][ ][ ][ ]

Z = 〈kkH〉n = n

n∑
i=

kikHi . ( . )

is matrix Z estimated over n samples is also referred to as n-look PolSAR data. Due to the
presence of speckle noise in the data, the sample covariance matrix Z will differ from the ideal
covariance matrix C, as de ned in ( . ) or ( . ). It is worth to mention that the multilook
estimator corresponds to theMaximumLikelihood Estimator (MLE) of the covariancematrix.

e number of averaged pixels n also plays an important role here, as a large n valuewill produce
a be er estimation of the ideal covariance matrix that characterizes the target [ ]. On the
other hand, this spatial averagingmay also be seen as a low-pass ltering in the spatial dimension
resulting, thus, in a spatial resolution loss. More speci cally, this averaging only makes sense,



from a statistical point of view, over homogeneous samples since spatial stationarity is assumed.
When it is performed over non stationary areas, a spatial resolution loss is obtained, as may
happen near contours or point sca ers. Unfortunately, real data is strongly inhomogeneous,
as it re ects the complexity of the scene under observation and, then, a compromise between
speckle ltering and spatial resolution loss has to be made when applying the multilook.

Assuming that the sca ering vector k is following a zero-mean complex Gaussian distribu-
tion, the probability distribution of the sample covariance matrix Z can be expressed as a com-
plex Wishart distribution. is distribution is characterized by the true covariance matrix C
and the number of samples averaged n, and may be expressed asW(C, n) [ ]

pZ(Z) =
npn|Z|n−p

|C|nΓ̃p(n)
etr(−nC− Z) ( . )

where etr(X) is the exponential of the matrix trace and

Γ̃p(n) = π p(p− )

p∏
i=

Γ(n− i+ ). ( . )

where p is the dimension of the k vector and Γ is the gamma function.

It is worth noticing that this distribution is only valid for full-rank Zmatrices, as its determi-
nant |Z| appears on the numerator, which is zero for any degenerate matrix. As a consequence,
the Wishart distribution is only valid for n ≥ p, requiring, thus, an averaging of, at least, p dif-
ferent samples.

In Section . . , the speckle noise has been described as amultiplicative noise over the single
channel SAR intensity image. e same conceptmay be extended to each element of the sample
covariance matrix Z. Following the same notation, each element of the sca ering matrix Sm, or
equivalently, of the sca ering vector kmay be expressed as

Sl =
√
σ lNl exp(jθm) ( . )

whereN refers to the speckle noise, σ l is the local RCS and l refer to the polarization state index
of the sca ering vector k. en, for the estimated covariance matrix elements 〈SlS∗q〉

〈SlS∗q〉 = 〈
√σ lσq exp(j(θl − θq))〉〈NlN

∗
q〉. ( . )

According to themultiplicative speckle noisemodel previously stated for single channel SAR
image in Section . . , the component 〈NlN∗

q〉must have an expectation E{NlN∗
q} = when



l = q. If it is assumed that this expectation is equal to zero for all other pairs l 6= q, then it will
result in a diagonal covariance matrix, which is generally not true [ ].

is observation reveals that this expectation may not be considered as zero. In fact, this in-
formation is what allows a polarimetric interpretation of the covariancematrix by extracting the
different sca eringmechanisms present in a distributed target, as it will be seen in the following
sections. An extension of SARmultiplicative speckle noise may be found in [ ] for the polari-
metric case, based on the study of the complex hermitian product of a pair of SAR images. With
the same notation, each element of the single-look covariance matrix Zmay be de ned as

SlS
∗
q = |SlS∗q| exp

(
j(θl − θq)

)
= z exp(jφ) ( . )

which amplitude z and phase φ are following the probability distributions [ ]

pz(z) =
z

ϕ ( − |ρ| )
I
(

|ρ|z
ϕ( − |ρ| )

)
K
(

z
ϕ ( − |ρ| )

)
( . )

pφ(φ) =
− |ρ|
π

(
β
(
π + arcsin(β)

)
( − β ) /

+
− β

)
( . )

where ρ is the complex correlation coefficient between the pair of images, ϕ represents the av-
erage power from both channels, calculated as ϕ =

√σ lσq, being σ l and σq the backsca ering
coefficients of the images Sl and Sq, β is de ned as β = |ρ| cos(φ − φx) with φx as the effec-
tive phase difference between the image pair, I is the modi ed Bessel function of the rst kind
whereas K is the modi ed Bessel function of the third kind.

Analyzing the speckle noisemodel for the difference phasor [ ][ ] itmay be observed that
real and imaginary parts of the hermitian product of a pair of SAR images can be divided into
three additive terms

z exp(jφ) = [zNc + (zv′ + jzv′ )] exp(jφx). ( . )

Considering separately the contribution to the global noise of each one of the terms, a more
detailed speckle noise model can be derived for the hermitian product of a pair of SAR images,
as proposed in [ ]

SlS
∗
q = ϕNcz̄nnm exp(jφx) + ϕ(|ρ| − Ncz̄n) exp(jφx) + ϕ(nar + jnai) ( . )

where nm is a multiplicative noise component associated with the rst term, nar and nai are ad-
ditive noise components associated with the real and imaginary parts of the hermitian product,



z̄n is the expected value of amplitude normalized of the hermitian product, obtained for the case
ϕ = , andNc contains approximately the same information as the coherence |ρ|. Note that the
terms of ( . ) may be classi ed as

SlS
∗
q = ϕNcz̄nnm exp(jφx)︸ ︷︷ ︸

Multiplicative term

+ ϕ(|ρ| − Ncz̄n) exp(jφx) + ϕ(nar + jnai)︸ ︷︷ ︸
Additive term

. ( . )

Consequently, the rst term of ( . ) is called multiplicative term, since the useful signal is
multiplied by a multiplicative speckle term nm. e second and third terms are contaminated
by the additive components of the speckle noise nar and nai.
Finally, note that ( . ) may be considered as a generalization of the speckle noise model

obtained in Section . . , by making l = q, and, consequently, |ρ| = and φx = radians.
en ( . ) is simpli ed to

SlS
∗
l = |Sl| = ϕnm ( . )

where ϕ = E{|Sl| }. As it can be seen, this result is consistent with the multiplicative speckle
noise model de ned in Section . . .

. . T P M

eWishart distribution, described in ( . ), characterizes the variability of the samples due to
the speckle term. However,more complexmodels have been de ned in the literature in order to
take into account the effect of the texture, which represents the spatial variation of the sca ering
parameters of the targets that are not perfectly homogeneous [ ]. emostwidely usedmodel
for characterizing this additional variability is the productmodel [ ][ ]. ismodel assumes
that the obtainedmatrixZmay be expressed as a product of two independent random variables

Z = TW ( . )

whereW is following a Wishart distributionW ∼ W(C, n), as described in ( . ), represent-
ing the variability due to the speckle noise, and T stands for the texture, being independent of
the polarization state and common for all the channels.
Note that the probability distribution ofZ depends on the distribution of the textureT. Dif-

ferent families of distribution may be employed for T, resulting into different types of distribu-
tions [ ]. In [ ], the generalized inverse gamma distribution is proposed forT, resulting into
the G distribution. Other authors have proposed the employment of the gamma distribution
[ ] or the Fisher-Snedecor [ ], de ning the K and the U distributions, respectively. Nev-
ertheless, although these distributions may represent more accurately textured areas, they are



more difficult to estimate than theWishart, as they are more complex and have a larger amount
of parameters, requiring more samples for a proper initialization and characterization.

. . H/A/ᾱ P D

Asmentioned in Section . . , the covariancematrixCor, in practice, its estimation, the sample
covariancematrixZ, characterizes the distributed targets sca ering process under theGaussian
hypothesis. However, thesematricesmay be difficult to interpret directly in order to relate their
information with physical target properties. Different polarimetric decomposition techniques
may be found on the literature for this purpose as, for instance, the Huynen [ ], the Krogager
[ ], the Cameron [ ], the Freeman-Durden [ ] or the TSVM [ ] decompositions.

Another polarimetric decomposition, proposed by Cloude and Po ier [ ], is based on the
projection of the coherence matrixT into the polarimetric base generated by its eigenvalues

T =

p∑
i=

λivivHi =

p∑
i=

λiTi ( . )

where λ > λ > . . . > λp are the ordered eigenvalues and vi are the corresponding eigenvec-
tors.

According to ( . ), the by coherencematrix, in themonostatic case,may be expressed as
a sum of three rank-one matrices formed by its unitary eigenvectors v , v , v . Note that these
eigenvectors are expressed in the Pauli basis and, according to the eigendecomposition theo-
rem, the polarimetric basis they conform diagonalizes the covariance matrix. Consequently,
they correspond to the three statistically independent sca eringmechanisms thatmay be found
within the distributed target and the eigenvalues correspond to their backsca ering power.

en, the EntropyH and Anisotropy A parameters can be de ned as

H =
∑
i=

−Pi log Pi ( . )

A =
λ − λ
λ + λ

( . )

where the pseudo-probabilities Pi are de ned as

Pi =
λi∑
j= λj

. ( . )

erefore, the Entropy H parameter indicates the degree of randomness of the sca ering



process, being equal to when all themechanisms are equally probable, that is, all of them have
the same re ected power, and equal to when only one mechanism is present. On the other
hand, Anisotropy A gives an idea of the dominance of the second eigenvalue versus the third
one, in terms of the re ected power, as shown in ( . ). It ranges from A = when there is no
re ected power for the third mechanism to A = when the second and the third polarimetric
mechanisms have the same power.

e third parameter of the decomposition, the mean Alpha angle ᾱ refers to the weighted
average of the three different pure sca ering mechanism angles αi. ese angles come from the
rst component of the eigenvectors, as expressed in

vi = ejφi
[
cos αi sin αi sin βie

jδi sin αi cos βie
jγi
]T

( . )

for i = , , .

en, the mean Alpha angle ᾱ is de ned as

ᾱ =
∑
i=

Piαi ( . )

where the angle αi refers to the type of re ection, from surface sca ering αi = ◦ to volume
sca ering αi = ◦ and double bounds in conductive surfaces αi = ◦. Here αi refers to the
angle of the i-th eigenvector viwith the rst component of thePauli basis, as expressed in ( . ),
corresponding to surface sca ering [ ].

. A R P SAR S F T

As described in previous sections, for distributed targets, the sample covariancematrixZ has to
be employed to describe the polarimetric behavior of the targets of the scene. However, in order
to obtain a well de ned (full rank) and reliable estimation of this matrix some degree ltering
is required. is estimation process is also known as speckle ltering, as it reduces the effect of
the speckle noise and provides a be er estimation of the polarimetric information related with
these targets.

In this section some of the most well-known state-of-the-art speckle ltering techniques are
presented.



. . B /M F

e multilook ltering has been presented in Section . . in the context of the sample co-
variance matrix estimation process from the data employing n different pixels, as described in
( . ). Since it employs a rectangular window it is also called Boxcar lter. It is based on as-
suming local stationarity around the given pixel in order to average n pixels in the neighboring
window [ ].

Boxcar lter is the fastest and the simplest speckle lter and, additionally, since it correspond
to theMLE of the covariance matrix, it does not introduce neither bias nor distortion over ho-
mogeneous areas. However, as it may be expected, the local stationarity hypothesis may not
hold over some areas. is is specially the case near contours or point sca erers, where the
multilook resultsmay not be valid due to themixture of different samples following distinct sta-
tistical distributions. In these situations, the Boxcar lter may also be seen as a low pass lter,
reducing, thus, the spatial resolution of these details and blurring these image features that are
not produced just by speckle noise. is effect is particularly apparent on strong point sca er-
ers, as they appear enlarged according to the window size. en, as stated in Section . . , the
amount of speckle ltering achieved by themultilook is in compromise with the amount of spa-
tial resolution loss obtained. One example of the results obtained with this lter may be found
later on this chapter, on Fig. . b, where it is compared with other ltering techniques.

. . L A F

e mentioned problems of the multilook lter are produced when the local stationarity hy-
pothesis is not valid, resulting in a mixture of not homogeneous samples. To overcome these
problems, the Lee lter [ ][ ] was proposed as an adaptive lter to improve the precision
of the estimated coherence. It tries to adapt to the morphology of the scene by choosing one
averaging window from a set of eight prede ned directional windows. ese windows are rep-
resented in Fig. . .

e window containing the set of most homogeneous samples is selected, according to the
sample dispersion among the average of the total power received, that is, the Span of the sample
covariance matrix Z. en, the pixels within the most homogeneous directional window are
employed for the estimation of the covariance matrix Z̃ employing the Local Linear Minimum
Mean Squared Error (LLMMSE)

Z̃ = Z̄+ b(Z− Z̄) ( . )



Figure 2.6: The eight predefined directional windows in the Lee adaptive filter [80]. The
selected pixels are represented in white color.

where Z̄ refers to the sample covariance matrix averaged over the selected directional window,
Z refers to the value of the sample covariance matrix for the central pixel and b ∈ [ , ] is a
weighting factor calculated with the degree of local stationarity.

For the computation of the b factor, a multiplicative noise is assumed in the received power,
in the form

y = xn ( . )

where y is the value of the central pixel, x is the value we want to estimate and n represents the
multiplicative noise, with an expectation equal to one and variance σn. en, the weighting
factor b can be calculated as

b =
var(x)
var(y)

( . )

and
var(x) =

var(y)− ȳ σn
− σn

( . )

where ȳ = E{y}.

e idea is that over homogeneous areas var(x) = , then b = and Z̃ = Z̄, resulting in
the multilook lter over the selected window. On the other hand, over a point sca er or very
heterogeneous areas, when b = then the estimated sample covariance matrix corresponds to
the central pixel value Z̃ = Z, resulting in preserving the original value and no ltering at all.

e set of directional windows are intended to preserve the edges of the image, whereas the
LLMMSE tends to preserve point sca ers. However, the set of prede nedwindows allow a very
limited adaptation to themorphology of the scene. An example of the ltering results obtained
with the Lee adaptive lter may be seen in Fig. . c. It is worth mentioning that, since it just
employs the span of the sample covariancematrix for window selection, only a small fraction of
the polarimetric information is employed.



. . IDAN F

e Intensity Driven Adaptive Neighborhood (IDAN) [ ] represents a step forward respect
to the Lee lter in terms of adaptation to the image morphology. It is based on the concept of
removing the limitation of the prede nedwindows byde ning an arbitrary set of homogeneous
adjacent samples for each pixel of the image. is set of samples is called the Adaptive Neigh-
borhood (AN) of the pixel under study and it is constructed employing the Region Growing
technique [ ].

e adaptive neighborhood notion was rstly employed for processing medical images, as
introduced in [ ]. A seed is generated for each pixel and, then, a neighborhood is constructed
employing the region growing process. is AN may have a variable shape and size and, ide-
ally, it contains only pixels with the same distribution than the seed. In the IDAN lter, the
seed is calculated by applying a median lter to the adjacent pixels to the pixel of interest, as
described in [ ]. Note that the median lter is employed to avoid as much as possible the
spatial resolution loss.

Compared to the Lee lter, the IDAN has the advantage of being able to achieve a stronger
ltering and a be er adaptation to the image structure. However, since intensity SAR images are

not following a symmetric distribution, as stated inSection . . , it introduces an importantbias
over the estimated values due to the median lter [ ]. is bias makes impossible employing
the IDAN lter for SAR applications employing quantitatively the estimated information. e
presence of this bias has been discussed in [ ] and compensated up to a certain point by the
authors in [ ].

To construct the AN for each pixel, the IDAN employs the region growing technique taking
into account the elements of the main diagonal of the sample covariancematrix, generating the
vector of power measurements p

p(m, n) =

 T (m, n)
T (m, n)
T (m, n)

 =

 p (m, n)
p (m, n)
p (m, n)

 ( . )

wherem and n are the coordinates of the image pixels.

e set of adjacent pixels are analyzed in order to retain within the AN only those pixels that
are within the interval of times the CV around the seed

‖pi(k, l)− p̂i(m, n)‖
‖p̂i(m, n)‖

≤ σ
μ

( . )



where pi(k, l) represents the pixel to add to the AN, p̂i(m, n) refers to the seed value and the
subindex i refers to each one of the three SAR intensity images, as de ned in ( . ). e CV is
expressed as σ/μ, which is a standard parameter in intensity SAR images, as described in Sec-
tion . . , having a value equal to /

√
Leq for homogeneous areas contaminated by speckle

noise, where Leq represents the number of independent samples averaged.

A similar concept is applied in the Lee sigma lter [ ] since, according to themultiplicative
noisemodel for intensity SAR images, the of the samples are expected to be in this interval
of values. en, this process is iterated for each component of the p vector until no more pixels
can be added to the AN or a limit number of pixels is achieved.

However, when computing the AN with this threshold, there is a high risk of generating
neighborhoods containing non-homogeneous pixels, as the established limit of times the CV
may be too permissive. A re nement of this region growing process is proposed in [ ], by ap-
plying it in two stages with different thresholds. In the rst step, the AN is computed by adding
the pixels within the interval of / times the CV, corresponding to the interval where the
of the samples are expected to lie

‖pi(k, l)− p̂i(m, n)‖
‖p̂i(m, n)‖

≤ σ
μ
. ( . )

With this rst step, the estimationof the seed is re ned and then, a second stepof regiongrowing
is performed, according to the previous limit, as expressed in ( . ). Finally, once the neigh-
borhood is de ned for each pixel, the estimated sample covariancematrixZmaybe obtained by
applying the multilook ltering or the LLMMSE within the AN, as described in Section . . .

To illustrate the effect of the different speckle ltering techniques presented in this section,
Fig. . shows an example of an area of a PolSAR image and the results obtained with them ¹.
Fig. . a represents the original PolSAR image represented in the Pauli composition assigned to
RGB channels. e effect of the speckle noise can be seen as a granular texture over the image.
On Fig. . b the x Boxcarmultilook lter has been applied and an important reduction of the
speckle noisemay be observed. However, all the contours and small details of the image appear
blurred, resulting a spatial resolution loss. Figs. . c and . d show results a er applying the
adaptive Lee lter, de ned in Section . . , and the IDAN lter, de ned in this section. ese
lters achieve a relatively good speckle reduction while also maintaining the spatial resolution
much be er than themultilook lter. However, as it will be seen, theymay introduce some bias

¹ e PolSARPro so ware [ ] has been employed to process this data and for Pauli image generation. For
the IDAN ltering, a maximum AN size parameter of pixels has been employed.



(a) Original (b) Boxcar 7x7

(c) Lee filter (d) IDAN filter
Figure 2.7: PolSAR images filtered employing different speckle filters. The Pauli vector
k P is represented, assigning its components to the RGB channels (|Shh + Svv|, |Shv + Svh|,
|Shh − Svv|).

or distortion over the ltered images.

. . N -L M F

Ashighlighted in theprevious sections, themultilook lter, the adaptiveLee lter and the IDAN
lter are based on the spatial locality of the data. at is, they are assuming similar valuesmay be

found in a close area around the given pixel. e adaptive Lee lter and the IDANhave de ned
somemechanisms to re ne this local area to adapt to themorphology of the scene but they still
rely on looking for them in a neighboring area.

e non-local means lter (NL-means) [ ] is following a completely different approach,
by breaking with the idea of local stationarity, as its name suggests. It is based on a non-local
weighted average of pixels but, in contrast with the adaptive Lee or IDAN lters, these pixels are
not required to be in a neighborhood of the given pixel, and theymay be located at any position



of the image.

Given a discrete image v = {v(i)|i ∈ I}, where I represents the set of pixel positions, the
NL-means lter for pixel at position imay be computed as the weighted average of all the image
pixels

NL(i) =
∑
j∈I

w(i, j)v(j) ( . )

where the set of weights w(i, j) are selected based on the similarity between pixel at positions i
and j and satisfy the conditions

≤ w(i, j) ≤ ∀i, j ∈ I ( . )∑
j∈I

w(i, j) = ∀i ∈ I. ( . )

Moreover, to compute the similarity between the pixels i and j, instead of employing their
values, the set of values around a patch or neighborhood of each pixel is employed. en, this
similarity comparison does not only require two similar pixel values but also a similar context
around them. Mathematically, this may be expressed as

w(i, j) =
Z(i)

exp
(
−
‖v(Ni)− v(Nj)‖

h

)
( . )

where Ni represents the set of neighboring pixels around the i pixel, Z(i) is the normalizing
constant, de ned as

Z(i) =
∑
j

exp
(
−
‖v(Ni)− v(Nj)‖

h

)
( . )

where h is a factor controlling the amount of ltering.

A representation of this patch based comparison may be seen on Fig. . , where three pixels
at positions q , q and q are compared with the pixel at position p. e neighborhood area is
represented as a square around each pixel position.

e NL-means lter has also been extended to process PolSAR data, as described in [ ]. In
this case, the similarity between each pixel of a patch is computed based on the sca ering vector
absolute value relations, being proportional to

ln
(
|k , |
|k , |

+
|k , |
|k , |

)
+ ln

(
|k , |
|k , |

+
|k , |
|k , |

)
+ ln

(
|k , |
|k , |

+
|k , |
|k , |

)
( . )

where k and k refers to the sca ering vectors of each one of the two pixels being compared



Figure 2.8: NL-means similarity comparison. q and q obtain large weights w whereas q
gets a smaller weight, as it is surrounded by a different neighborhood [28].

on the patch, ki,j refers to the j-th component of i sca ering vector and ln refers to the natural
logarithm.
Note that, similarly to the IDAN lter, it only exploits the information related to each channel

power information, and not the correlation between them, that is contained in the off-diagonal
elements of the covariance matrix. However, on [ ] an iterative re nement of the lter is pro-
posed, which is also extended in [ ] to take into account all the polarimetric information con-
tained in the coherence matrixT, based on the symmetric Kullback Leibler divergence

SDKL(T̂ , T̂ ) ∝ tr(T̂− T̂ ) + tr(T̂− T̂ )− . ( . )

eNL-mean lter employs a neighborhood in order to compare the similarity between pix-
els and this effectively reduces the effect of the speckle noise in terms of the similarity compar-
ison. However, two similar pixels require also to be located in a comparable context in order to
be considered similar, resulting into sub-optimality in terms of ltering, as studied in [ ].

. A R P SARC T

Asmentioned in Section . , SARpolarimetry enlarges signi cantly the amount of information
that can be extracted from the sca erer. Not surprisingly, terrain identi cation or classi cation
is, thus, an important application for PolSAR.
Classi cation techniques are usually divided into two main types: supervised and unsuper-

visedmethods. In a supervised approach, a set of examples aremanually provided for each class
and the most similar areas to these ones are obtained. On the other hand, unsupervised tech-



niques are not provided with any kind of input data and, consequently, they try to extract the
most differentiated areas that may be found on the scene.
In this section, two of themostwell-known andwidely employed unsupervised PolSAR clas-

si cation techniques are described.

. . H/A/ᾱ P C

In Section . . , theH/A/ᾱ polarimetric decomposition has been described. Moreover, its in-
terpretation shows that it is able todistinguishbetween somedifferent physical targets. en, an
unsupervised classi cation may be obtained by simply de ning ranges of values for theH/A/ᾱ
decomposition parameters.
According to [ ], the most distinctive traits are found in the Entropy (H) and the averaged

Alpha angle (ᾱ), then, nine different regions are de ned according to these value ranges, as rep-
resented on Fig. . .

Figure 2.9: Feasible set of values for H and ᾱ polarimetric decomposition parameters and
the corresponding scattering classification regions [36].

e physical interpretation of the meaning of these zones and the main sca ering mecha-
nisms that they represent may be described brie y as [ ]

• Zone : Low Entropy Surface Sca er: this area is characterized byH < . and ᾱ <

. ◦. Typically, Bragg surface sca ering and specular sca ering are included in
this class. is is the case for water surfaces at L and P-Bands, for example.

• Zone : Low EntropyDipole Sca ering: having H < . and . ◦ < ᾱ < . ◦.
is region represents isolated dipole sca ering, having a large imbalance between

hh and vv polarizations states in amplitude.



• Zone : Low EntropyMultiple Sca ering: when H < . and ᾱ > . ◦. Corre-
sponds to low Entropy double or even bounce sca ering occurrence, usually pro-
duced by isolated dielectric and metallic dihedral sca ers.

• Zone : MediumEntropy Surface Sca er: de ned by . < H < . and ᾱ < ◦.
is class also represents surface sca ering, as the class de ned byZone , but with

an increased level of roughness.

• Zone : MediumEntropy Vegetation Sca ering: representedby . < H < . and
◦ < ᾱ < ◦. Areas including vegetation sca ering with anisotropic sca erers

will lie within this region.

• Zone : MediumEntropyMultiple Sca ering: in the case of . < H < . and
ᾱ > ◦. ese parameters indicate dihedral sca ering with moderate Entropy.

is situation may happen, for instance, when having dihedral sca ering behind a
canopy, which increases the Entropy of the mechanism.

• Zone : High Entropy Surface Sca er: for H > . and ᾱ < ◦. Note that this
area is not feasible, since it is outside the posible area, represented by the curve
in Fig. . . is fact is a consequence of the disability of the radar to detect the
different sca ering mechanisms when the Entropy increases.

• Zone : High Entropy Vegetation Sca ering: described byH > . and ◦ < ᾱ <
◦. Typically high Entropy volume sca ering is produced at ᾱ = ◦ and H =

. . In the case of forest canopies these type of sca ering is obtained.

• Zone : High EntropyMultiple Sca ering: distinguished by by H > . and ᾱ >
◦. Even in the case of high Entropy, double bounce sca ering may be distin-

guished, which are represented by this class.

As itmaybe seen, thepreviousH/ᾱ polarimetric classi cation yields to eight different classes.
e boundaries of these regions are not completely xed and they will depend on the parame-

ters of the radar and the amount of ltering employed, as described in [ ]. Moreover, an ad-
ditional distinction may be performed by taking into account the Anisotropy A parameter. In
this case, called H/A/ᾱ polarimetric classi cation, each of the previously de ned classes may
be separated in two different groups, having A < . and A > . , resulting in a total of
different classes.



. . W C

eH/ᾱ andH/A/ᾱ classi ers are useful to make a polarimetric classi cation of the sca erers
of a scene. However, this segmentation is completely pre-de ned and, as stated before, it may
depend on the data and the amount of speckle ltering. Moreover, depending on the scene,
this type of pre-de ned classi cation may not make sense, as some type of targets may not be
present on the scene.

e Wishart classi er tends to adapt the classi cation scheme to the given scene, solving
the previously mentioned disadvantages of the direct H/ᾱ and H/A/ᾱ classi ers. As its name
suggests, it is based on theWishart distribution, de ned in ( . ). Assuming that we have a set
ofN classes, identi ed by their mean covariancematricesCi, for i ∈ [ ,N], then the probability
of the sample covariance matrix Z of belonging to the class de ned byCi may be obtained as

pCi
(Z) =

npn|Z|n−p

|Ci|nΓ̃p(n)
etr(−nC−

i Z)p(i). ( . )

where p(i) refers to the a priori probability of belonging to the class i.
e Wishart classi er, then, will assign the sample covariance matrix Z to class i having the

largest pCi
(Z). In order to simplify the computations, the logarithm of ( . ) may be applied

before maximization, as the logarithm is an increasing function

ln
(
pCi

(Z)
)
= pn ln(n) + (n− p) ln |Z| − n ln |Ci| − ln(Γ̃p(n)) + tr(−nC−

i Z) + ln (p(i)) .
( . )

Additionally, if we assume that all the samples have anuniform ltering, that is, the equivalent
number of looks parameter n of the distribution is the same for all the samples, then the factors
depending only on nmay be taken out from ( . ), as they are constant factors and do not play
any role in the maximization process. is is also the case for the term depending on the Z
determinant, being constant for all i class. Moreover, the a priori probabilities of belonging to
each class p(i)may be considered equal for each class, resulting into

ln
(
pCi

(Z)
)
∝ − ln |Ci| − tr(C−

i Z). ( . )

Usually, the process of maximizing ln
(
pCi

(Z)
)
is transformed into the minimization of its

negative − ln
(
pCi

(Z)
)
, as all the probabilities are smaller than , resulting into negative log-

values. en, the process of assigning the sample Z to the class imay be expressed as [ ]

i = argmin
j∈[ ,N]

ln |Cj|+ tr(C−
j Z). ( . )



e Wishart classi er, as de ned in [ ], is a combination of theH/ᾱ classi er with an iter-
ative adaptation employing theWishart cluster assignation as expressed in ( . ). e process
performed by theWishart classi cation is described by the following steps:

. Perform theH/ᾱ classi cation of the data as an initial step, to initialize the clusters.

. Compute the covariance matrix Ci of each cluster i by averaging all the samples in each
region of theH/ᾱ classi cation.

. Assign each sample covariance matrix Z of the image to the most probable cluster, ac-
cording to ( . ).

. Re-compute each cluster covariance matrixCi according to the previous assignation.

. Repeat steps to until a convergence criterion is ful lled.

e convergence criterion employed in step may be, for instance, to limit the number of
iterations that the algorithm may perform or to stop it when the number of samples that have
changed its cluster assignment is below a given percentage. Note that, since the algorithm re-
quires a robust initialization, theH/ᾱ classi cation is applied, which results into different clus-
ters. Alternatively, theH/A/ᾱ classi cation may be applied, resulting into classes. However,
no technique is described in [ ] for an appropriate initialization with an arbitrary number of
classes.
To show the results obtained by the H/ᾱ classi cation and the Wishart classi cation tech-

niques, an example is included with ESAR system, at L-band, over the Oberpfaffenhofen test-
site, southern Germany. A er applying some speckle ltering, employing the by multilook
lter, the Entropy (H) and the averaged Alpha angle (ᾱ) has been obtained and its values are

shown on Figs. . a and . b, respectively.
With the Entropy and the averaged Alpha angle presented in Fig. . , theH/ᾱ classi cation

has been applied, described in Section . . , and the results may be seen in Fig. . a. eH/ᾱ
plane of all the values of the image may be seen on Fig. . b, where the color code employed
in Fig. . a is also represented.
For comparison purposes, Fig. . a shows the result of applying the Wishart classi cation

to the same dataset. In this case, a different color map than in Fig. . a has been employed,
as the obtained classes do not correspond to the initial assignment in theH/ᾱ plane due to the
adaptation of theWishart classi er.
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Figure 2.10: Entropy (a) and averaged alpha angle (b) for the Oberpfaffenhofen dataset.

(a) H/ᾱ classification (b) H/ᾱ plane

Figure 2.11: H/ᾱ classification (a) and H/ᾱ plane and color code (b) of the Oberpfaffen-
hofen image.

As it may be seen, some areas are more clearly separated on Fig. . a than on Fig. . a,
where the amount of noise observed over the classi cation results is larger. is noise is ob-
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Figure 2.12: H/ᾱ Wishart classification (a) and H/A/ᾱ Wishart classification (b) of the
Oberpfaffenhofen image.

served due to some areas of the image presenting a polarimetric response in between two of
the H/ᾱ classes. When applying the Wishart classi er to the data, since it is able to adapt to
the content of the image, this boundary effect is reduced. Additionally, Fig. . b presents the
results a er applying the H/A/ᾱ Wishart classi cation, resulting into classes. In this case,
further details of the image are observed, specially on the bo om part of the image, as a larger
number of classes are available.



All xed set pa erns are incapable of adaptability or plia-
bility. e truth is outside of all xed pa erns.

Bruce Lee

3
Binary Partition Tree

T B P T (BPT)data abstraction is presented in this chapter. At this point,
this structure is described from a generic point of view, without entering into the details of the
underlying data. On the following chapters, the BPT will be particularized to represent and
process PolSAR images and temporal series.

First of all, the basic concepts of the BPT and the motivation for its adoption are discussed.
A general BPT based processing scheme is proposed based on two main steps: the BPT con-
struction from the original data and its exploitation for different applications. Secondly, the al-
gorithms for performing these processing steps are described, performing a brief analysis of the
computational complexity of these methods. Finally, a few thoughts are commented regarding
the limitations of the BPT for data representation.

. T BPT D A

e Binary Partition Tree (BPT)may be considered as a region-based andmulti-scale data rep-
resentation [ ]. Hence, in contrast with a pixel-based approach, where a rectangular array
of pixels is assumed, the basic entity of this data abstraction is a connected area of the data,



grouping adjacent pixels or elements with similar properties. Additionally, it is a hierarchical
structure being able to describe the data at multiple scales and also to provide ordered access
to subsets of regions. In the following sections, the BPT structure and the different concepts
related with this abstraction will be presented.

. . R - A

e BPT, as mentioned before, is a region-based data representation. As opposite to a pixel-
based method, where a rectangular array of pixels is assumed, on a region-based approach the
data is represented by a set of connected regions, and each region is processed independently,
being the basic entity of the processing paradigm.
A regionmay be seen as a set of connected elements of the data thatmay be considered similar

under some criterion. Note that this de nition implies the selection of a connectivity scheme
for the dataset. In image processing, for instance, when dealing with -dimensional data, the
-connectivity or -connectivity are the typical choices. Under this assumption, a connected
region is a region on which any pair of data elements contained are connected through a path
that lies completely within the region itself.
On a pixel-based processing approach, the assumption that is usually performed behind is

the local stationarity. at is, it is presumed that pixels that are close in the spatial domain will
also present similar values. en, the data portion within a local window around a given pixel
may be considered as stationary and, as a consequence, the samples within this window may
be processed jointly. is approach usually fails near contours or for small details of the scene,
where the local stationarity approach may not hold. On the other hand, the region-based ap-
proach is based on the idea that, although data are not stationary, theymay be decomposed into
stationary connected components or regions, which may be processed individually and inde-
pendently. As it may be seen, this assumption is more general and exible, being able to adapt
to regions of different sizes, taking pro t of large amount of data for a reliable estimation of data
parameters on large regions, while also preserving the small details or the contours within the
data. In fact, the decomposition of the data into connected components or regions conforms a
data segmentation itself, being very useful for data processing and interpretation.

e difficulty derived on the region-based processing paradigm is that it has to rely on a trust-
worthy division into stationary connected components. e construction of this division may
be a very complex task, requiring a large amount of computational resources and a complicated
data modeling. In this scenario, the BPT simpli es this task by performing this division au-
tomatically, in terms of a metric measure, while also being efficient, by applying a divide and
conquer algorithm strategy.



. . H M - A

As mentioned before, the BPT data representation has an inherent multi-scale nature. It con-
tains all the information in the original data plus additional information related to its structure
at different detail levels. e BPT is intended to be a generic data representation, being useful
for different applications. To achieve this goal, a data separation into stationary connected com-
ponents may not be enough, as distinct applications will require a completely different region-
based decomposition. As a consequence, in order to produce a generic structure, it must con-
tain the decomposition into stationary connected components at different scales.
However, if the divisionof a dataset into its connected components is a difficult task, the need

of performing it in a multi-scale basis may turn the problem intractable. Fortunately, this is not
the case for the BPT construction process, where its multi-scale essence comes out naturally.
As indicated before, the BPT may be constructed in an efficient manner by a divide and con-
quer strategy, by recursively breaking the complex problem into smaller parts until they become
tractable. Consequently, during the construction process the algorithm traverses over a wide
range of region sizes, covering from the individual elements to very large areas of the dataset.

e BPT, then, is constructed by keeping track of all this intermediate results, arranging all this
information hierarchically conforming a binary tree, which describes connected regions of the
data with similar properties at different scales.

. . T BPT S

To enter into details on this binary tree structure, some basic notions about graphs and graph
theory will be presented in the following. Graphs are a representation of a set of objects having
some relations between pairs of them. From a formal point of view, a graphGmay be seen as a
mathematical structure consisting of a set V of vertices or nodes and a set E of edges or lines, and
it is denoted as G = (V, E) [ ]. e set of edges E contains -element subsets of V, since an
edge is related with two nodes. In this work only undirected graphs will be considered, which
means that the edges of the graph do not have a particular direction and then, the set E can be
de ned as an unordered pair of vertices. Fig. . shows a representation of a simple graph with
vertices and edges.
Aweighted graph is a graph onwhich each edge has a value, i.e., a weight, associated. A sample

representation of a weighted graph is presented in Fig. . .
In this context, a tree is a special case of graph, in which every two nodes are connected by

exactly one path. is means that there are no cycles inside a tree, also known as closed paths,
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Figure 3.1: A graph G = (V,E) representation with V = {A,B,C,D} and E = {{A,B},
{A,C}, {A,D}, {B,D}}.
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Figure 3.2: A weighted graph G = (V,E) representation, having V = {A,B,C,D} and
E = {{A,B, }, {A,C, }, {A,D, }, {B,D, }}.

and that a tree is a connected graph, having a path that connects any pair of nodes. Typically,
trees are employed to model hierarchies and, consequently, they are represented in a top-down
scheme. en, a root node has to be de ned, which is the highest level of the hierarchy, usually
represented on top of the drawing. e other nodes connected to each node are represented in
a level below it and, according to the hierarchy simile, they are called its sons. e nodes of the
tree having no sons are called leaves. Fig. . shows a representation of a tree with leaves and
nodes.
Assuming the previous de nition of a tree, Property . may be deduced [ ].

Property . A tree with n nodes has always n− edges.

A

B F

C D E

Figure 3.3: A tree representation having 4 leaves {C,D,E, F}. The root node A has 2
sons {B, F} whereas the node B has 3 sons {C,D,E}.



A binary tree is a special case of tree having exactly sons per node except for the tree leaves.
In this case, the two sons can be named le and right sons. Fig. . represents a binary tree with
leaves {A,B,C,D}.
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D

Figure 3.4: A binary tree representation.

Due to the mentioned restrictions that apply to binary trees, Property . may be employed
to relate the number of nodes and edges on a binary tree with the number of leaves.

Property . A binary tree with n leaves has n− nodes and, applying Property . , n− edges.

As stated before, the BPT is a hierarchical data representation structured in form of a binary
tree. As a region-based approach, each node of the tree represents a connected region of the
original data. e leaves of the tree represent each one of the original data elements whereas
other nodes represent the merging of its two child nodes. Consequently, by applying this def-
inition recursively, the root node of the tree represents the whole dataset. Between the leaves
and the root nodes there are a wide number of regions representing the data structure at dif-
ferent detail levels that can be exploited for different applications. Fig. . represents a BPT
generated from a -element {A,B,C,D} dataset, corresponding to the tree leaves.
Note that the BPT is not a balanced tree, and then regions with arbitrary sizes in terms of the

original dataset elements contained may be merged to generate the parent node. For instance,
in the BPT representation presented in Fig. . this effect can be clearly seen by the fact that the
leaves {A,B,C,D} appear at different levels of the tree.

. . BPT P S

Once the BPT data abstraction has been constructed, it may be employed for different appli-
cations, as described before. However, the extraction of useful information from the BPT re-
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Figure 3.5: BPT representation of a dataset containing 4 elements {A,B,C,D}.

quires a completely different approach than processing the original data in terms of pixels since,
instead of them, a binary tree has to be exploited. Usually we are interested in obtaining a result
in the same domain than the original data. In this case, the BPT exploitationmay be seen as the
selection or extraction from the tree of the most useful or interesting regions for a particular appli-
cation. en, the BPT exploitationmay be performed by a tree pruning algorithm, as proposed
on [ ], considering the leaves of the pruned tree as the selected regions.
Consequently, the data processing scheme based on the BPT representationmay be decom-

posed into twomain steps: the BPT construction and the BPT exploitation. Fig. . represents
this two main steps of the mentioned processing scheme.

Figure 3.6: BPT-based processing scheme.

It is worth noticing that the BPT construction process may be seen as application indepen-
dent, in the sense that it does not depend on the nal application on which it will be employed.

e idea of the BPT, as presented before, is to be a generic data representation. e BPT con-
struction process, which is presented in detail in the following section, only exploits the internal
relationships within the data being, consequently, independent of the nal application. Hence,



the BPT has to be constructed only once per dataset which is also an advantage since it is the
step that has a larger computational complexity of the processing chain.

On the other hand, the BPT exploitation or pruning, as presented before, may be seen as
application dependent since it looks for useful regions for a particular application. en, once the
BPT has been constructed for a speci c dataset, it may be employed for different applications
through different pruning processes. is is an important fact about the proposed processing
scheme since usually the BPT pruning is the fastest step of the presented chain.

is separation of the processing procedure into two parts has some other a ractive impli-
cations. Note that this scheme decouples the application independent and the application de-
pendent part of the processing chain. As a consequence, if each application is de ned in terms
of a BPT pruning pruning process, it allows the generalization of the application rationale from
the original data space. erefore, the same pruning process may be exported to a completely
different data domain for which the BPT structure has been constructed and is available. In
other words, the application rationale is de ned and generalized in terms of the BPT abstrac-
tion being, then, independent of the data. Some examples of this generalization capability will
be seen on Chapters and .

. BPTC

e previous sections have described the BPT structure and how it may be interpreted. Addi-
tionally, a basic processing scheme has been outlined on Fig. . which is based on two main
steps: theBPTconstruction and its exploitation througha treepruning. In this section, theBPT
construction process will be described in detail, that is, the procedure to generate the structure
presented on Fig. . b from the original dataset, shown on Fig. . a.

A direct approach to face this process will be to start from the root node of the tree, thewhole
dataset, and start to divide it recursively into two smaller regions up to the single data elements,
conforming the leaves of the tree. is approach may be seen as a top-down approach, since it
starts from the root node, represented at the top of the drawing, to the leaves of the tree, at the
bo om. Note that, in this case, the two smaller regionsmust be connected regions andmutually
disjoint in order to preserve the BPT structure as de ned before.

However, this top-down approachmay present some difficulties to be implemented. Given a
region, the number of possible divisionsmaybecome extremely high even for small regions and,
moreover, there is not a clear way to de ne or perform the optimal division at each step. Instead
of this approach, a divide and conquer strategy is proposed, spli ing this large problem into
smaller ones until they become tractable. Divide and conquer is a well-known paradigm in al-



gorithm design¹, and merge sort [ ] or Fast Fourier Transform (FFT) [ ] are two common
examples. When pushing this idea to the limit we arrive to the individual data elements and,
then, the construction may be proposed from a bo om-up approach. In this approach, starting
from the individual data elements, two adjacent regions are merged to generate a larger one at
each construction step until the root node is generated. is approach is more feasible compu-
tationally, since the number of adjacent regions is smaller than the number of possible divisions
for a given region.

Consequently, an iterative BPT construction algorithm was de ned in [ ], based on the
aforementioned bo om-up approach. Note that, in this algorithm, the sequence of regions that
are merged during the construction process completely de nes the nal BPT obtained. is
sequence is called themerging sequence. On the example presented in Fig. . , for instance, the
merging sequence will contain the original leaf nodes and the sequence of pairs of adjacent re-
gions that are merged: ({A,B,C,D}, (B,D)|(E,C)|(A, F)).
In order to obtain a meaningful BPT abstraction, some criterion has to be employed to de-

cide which pair of regions should be merged at each construction step. If we want a data repre-
sentation containing regions representing areas with similar values, a similarity criterionmay be
employed. With this in mind, a BPT construction algorithm was proposed in [ ], based on
merging at each iteration the twomost similar neighboring regions. is involves the evaluation
of the similarity between regions, which is conceptualized as a similarity measure.

. . R M

Since each node of the tree represents a region of the original data, a regionmodel is introduced
into every node, to describe the useful information contained within and to characterize the
region. From a computational point of view, this region model is a descriptor of the region,
avoiding the need to visit all the single elements of the region in order to characterize it, which
would be very inefficient.

is region model should ideally be complete enough to be able to represent properly all
the regions within the tree, ranging from single element regions, the tree leaves, to the whole
dataset, the root node. e de nition of this region model can be an arduous task but, in fact,
a good region model is essential to obtain a good BPT data representation, as it will be seen on
the following sections.

¹ e rst known divide and conquer algorithm is considered to be the Euclidean algorithm, to compute the
greatest common divisor of two numbers, which is dated about BC.



. . D M

e similarity measure conceptualizes the amount of similarity between two adjacent regions.
Since each region is described by a region model, the similarity measure d is de ned on the
region model domain space d : X× X 7→ <, where X represents the region model domain.
As mentioned before, the role of this similarity measure d is to guide the BPT construction

algorithm to obtain a meaningful representation, by de ning the merging order. Mathemati-
cally, a metric or distance measure are typical choices for this purpose in similar applications.
However, for the BPT construction process, we are interested only on the ordering they de ne
over the possible merging choices, not on their current values. Taking this into account, this
measure may be considered to be more similar to an heuristic function, typically used in mathe-
matical optimization or search algorithms. As a consequence, the mathematical properties of d
may be relaxed with respect to a distance measure and, henceforth, it will be called dissimilarity
measure [ ]. en, the following properties are assumed for a dissimilarity measure

. d(A,B) ≥ d (generalized non-negativity)

. d(A,B) = d ⇔ A = B (identity of indiscernibles)

. d(A,B) = d(B,A) (symmetry)

. . C A

As mentioned before, the BPT construction algorithm is based on merging at each iteration
the two most similar adjacent regions. To model the concept of adjacency or neighborhood
between the different regions, aRegionAdjacencyGraph ( G) is employed [ ]. On a G
each node represents a connected region and each edge represents the neighborhood relation
between two regions. Additionally, the edges areweighted employing the dissimilaritymeasure
ddescribedbefore, to indicate the similarity between the regions. en, for eachpair of adjacent
regionsA and B an edge is added to the GW having as weight d(A,B), as shown on Fig. . .

A B
d(A,B)

Figure 3.7: Weighted Region Adjacency Graph. An edge is added for every neighboring
relation weighted by the dissimilarity measure.

In order to construct the BPT, as an initialization step, the G W has to be constructed
from the original data. Algorithm . describes the algorithm for the construction of W from



the original dataset D employing the dissimilarity measure d. e rst loop of the algorithm
initializes the G by inserting all the nodes whereas the second loop introduces all the edges
between them.

Algorithm . G generation algorithm
Require: datasetD, dissimilarity measure d
Ensure: GW is generated

: for each element i ∈ data_elements(D) do
: I← create_node(i)
: add_node(W, I)
: end for
: for each node I ∈ nodes(W) do
: for each node K ∈ neighborhood(I) do
: e← create_weighted_edge(I, K, d(I,K))
: add_edge(W, e)
: end for
: end for

Once the GW has been constructed, the BPT construction algorithm, as described be-
fore, may be performed. is process is detailed on Algorithm . , whereB represents the BPT
structure. e rst loop initializes the BPT with all the nodes of W that will become the leaves
of the nal BPT generated. en, at each iteration the edge e having the smallest weight is se-
lected and the two corresponding regions A and B are merged to generate a larger node F, that
will become their father node on B. Accordingly, the G W gets updated to represent this
new state by removing A and B and inserting F. All the other edges involving A or B have to be
updated to point to the father node F, indicating that F is a neighbor of all the adjacent nodes of
A and B. Finally, this process is repeated until no adjacent regions are found onW, that is, there
are no more possible region merges.

Fig. . represents all the states of W and B during the described BPT construction as de-
scribed in Algorithm . for the example represented on Fig. . . At each state, the edge from
W with the smaller weight has been colored in blue, to represent the edge e that is selected and
whose nodes are merged by the algorithm at each step.

e complexity [ ] of Algorithm . , induced by the second loop, may be considered to be
O(knn) = O(n), wheren represents thenumberof elements in thedatasetD and kn is a constant
indicating the number of neighbors per element. is kn is de ned by the connectivity scheme
which, in most cases, may be considered to be a constant number for each element.



Algorithm . BPT construction algorithm
Require: GW, dissimilarity measure d
Ensure: BPT B is constructed

: B← ∅
: for each node K ∈ nodes(W) do . Initialize B
: add_node(B, K)
: end for
: while edges(W) 6= ∅ do . BPT construction
: e←min(edges(W))
: A,B← nodes(e)
: F←merge(A,B)
: add_node(W, F)
: for each node K ∈ (neighbors(W,A) ∪ neighbors(W,B)) \ {A,B} do
: n← create_weighted_edge(F, K, d(F,K))
: add_edge(W, n)
: end for
: remove_edges(W, edges_from(A)∪ edges_from(B))
: remove_nodes(W, {A,B})
: add_node(B, F)
: l← create_edge(F, A)
: r← create_edge(F, B)
: add_edge(B, l)
: add_edge(B, r)
: end while

According to Property . , a BPTwith n leaves will have n− nodes in total. Consequently,
n − nodes have to be generated during the construction algorithm. en, the second loop
of the Algorithm . will last for n − iterations, since one node is generated at each iteration,
being the father node of the two selected regions. However, note that on this loop the search
for theminimumedge and the update ofW is performed. is taskmay require an inspection of
all the edges, having a complexityO(n), raising the total complexity of the algorithm toO(n ).
Alternatively, a search structuremay be employed in order to sort and nd arbitrary edgesmore
efficiently, havingO(log n) computational cost. It is worth noticing that, when employing this
search structure, the complexity of Algorithm . raises toO(n log n). Nevertheless, in this situ-
ation, the complexity of the BPT construction algorithm is reduced toO(knn log n)whichmay
be considered to be O(n log n) if the amount of neighboring regions per regions may be con-
sidered bounded by a constant factor kn along the whole construction process. In fact, this is
the case if the BPT construction is constructed properly, since regions of similar detail scale are
present among the whole process. In order to achieve this goal, the region size is a term that
has to be taken into account when de ning similarity measures, as it will be described in the
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Figure 3.8: BPT construction process step-by-step. RAG and regions for each step is also
represented. The edge for the two most similar regions is colored in blue.

following chapter.

It is worth to mention that the O(n log n) complexity is a ained assuming that all the op-
erations performed during the BPT construction presented in Algorithm . are executed in
constant time, including the merge operation. at is, the region model of the generated node



may be computed in constant time taking into account the region model of its two son nodes.
In the event that the region model computation of the merged region could not be calculated
efficiently this way, the total cost may raise to O(n ), increasing considerably the complexity
of the algorithm, probably resulting in being intractable for large images. is may happen, for
instance, if the regionmodel computation requires the inspection of all the individual elements
of each region. us, the region model computation efficiency is something to be taken into
account. e region models that will be employed in this work are considered efficient in the
sense that they produce a globalO(n log n) complexity.

. BPT E

e previous sections have described the process of generating theBPT structure from the orig-
inal data. is structure is intended to be an abstract representation of the dataset, containing
also additional information related to its structure at different detail levels. Once it has been
constructed, the ultimate objective is to employ it to extract useful results for different applica-
tions. Asmentionedbefore, this BPTexploitationprocess is completely applicationdependent,
since it looks formeaningful regions for aparticular purpose. is processmaypresent somedif-
culties, as the BPT is larger andmore complex than the original data. However, its hierarchical
structure encourages an agile navigation within it and the de nition of efficient algorithms for
this purpose. In the following section, a generic algorithmwill be described intended to extract
from the BPT the most useful or interesting regions for a particular application.

. . T P P

Asmentioned previously, a tree pruning processwill be considered for BPT exploitation. Com-
putationally, it may be seen as a tree simpli cation in order to remove some branches represent-
ing small details of the data that are not relevant for the application. From a practical point of
view, this processmay also be seen as a node selection from the tree, that is, the extraction of the
most useful or interesting regions from the BPT structure [ ]. It is worth tomention that the
BPT structure is not modi ed during this tree pruning process, as we are just interested in the
leaves of the pruned tree, which are obtained from the BPT with this process. en, the same
BPTmay be employed for many different prunes for distinct applications.
In this context, a pruning criterion Υ has to be de ned to conceptualize this notion of useful-

ness. A regionX, then, may be considered as useful if Υ(X) evaluates to true. e BPT pruning
process will look for regions that ful ll Υ within the tree. However, in order to construct a valid
tree pruning, the following conditions should be considered:



. Each element of the original data has to be assigned to a pruned region. is condition
may also be seen as that the set of pruned regions must cover the whole dataset.

. All the pruned regionsmust bemutually disjoint, that is, each element only corresponds
to a single pruned region.

In practice, it may happen that within the same tree branch different subnodes have distinct
behavior in terms of Υ, as it may be seen on Fig. . a. In Fig. . the nodes that ful ll Υ are
colored in blue, whereas the nodes that not ful ll it are represented in red. As it may be seen,
the L node, for instance, ful lls Υ(L)whereas its son nodeK does not. Some criterion has to be
de ned, according to the pruning conditions previously stated, in order to determine the tree
pruning for these situations. is selection problem will be called the pruning decision problem.
Twomain possible solutions are considered:

• On the one hand, the larger regions from the tree may be pruned that ful ll the criterion
Υ. Note that this process is equivalent to start from the root node and, navigating to the
leaves, prune the rst nodes found that ful ll Υ. Accordingly, this process may be called
top-down tree pruning, and it is represented on Fig. . b. As a consequence, the larger
regions from the dataset ful lling Υ will be obtained with this pruning.

• On the other hand, a region may be selected for pruning if and only if it and all of its
subnodes ful ll Υ. is process may also be seen as, starting from the leaves of the tree
and navigating to the root node, prune the rst nodes those father nodes do not ful ll
Υ. erefore, this process will be called bo om-up tree pruning, and it is represented on
Fig. . c.

In general, the top-down tree pruning may seen as the pruning process that produces more
ltering, as larger regions from the tree are obtained, whereas the bo om-up pruning may be

seen as the one that preserves more details, as its pruning requirements are stricter, resulting
in smaller pruned regions. is effect may be clearly observed when comparing Figs. . b and
. c. As it may be seen, on the top-downBPTpruning the nodeL gets pruned as it ful lls Υ(L)
whereas on the bo om-up pruning it cannot be pruned as one of its sons, theK node, does not
ful ll it. On the other hand, the I node may be pruned as all of its subnodes ful ll Υ.

It is worth tomention that the region-based processing of the BPT is related with connected
operators and morphological image processing techniques [ ]. In fact, the pruning decision
problem is produced when the pruning criterion Υ is non-increasing. A criterion may be math-
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Figure 3.9: BPT pruning processes. Nodes that fulfill Υ are colored in blue, whereas
nodes that not fulfill it are colored in red.

ematically considered increasing if

∀R ∈ R : Υ(R )⇒ Υ(R ). ( . )

Additionally, the top-down and the bo om-up pruning strategies correspond to the Min-rule
andMax-rule, respectively, as de ned in [ ].

e top-downBPTpruningprocessmaybe implemented in anefficientmanner, as described
in Algorithm . . In this algorithm, the BPTB is traversed in a depth- rst search. Starting from
the root node R, each node A of the tree is checked for the pruning criterion Υ(A). If the node



A ful lls Υ, it is included into the set of pruned nodesΘ, otherwise the two child nodes ofA are
checked. is process is repeated until a node ful lling Υ or a tree leaf is found. Note that the
need to include a tree leaf even in the case it does not ful lls Υ is mandatory to guarantee that
each element of the dataset is assigned to a pruned region (pruning condition , de ned before
in page ). For instance, on the example presented in Fig. . b, the set of pruned regions will
be Θ = {A, L,H, I,G}.

Algorithm . Top-down BPT pruning algorithm
Require: BPT B completely generated with root node R, pruning criterion Υ
Ensure: e set Θ contains the pruned regions

: Θ← ∅
: Q← {R} . Initialize queueQwith root node R
: while Q 6= ∅ do
: K← extract_ rst_node(Q)
: if Υ(K) or is_leaf(K) then
: Θ← Θ ∪ {K}
: else
: A,B← sons(B, K)
: Q← Q ∪ {A,B}
: end if
: end while

e bo om-up pruning process may be performed in a similar manner, starting from the
leaves of the tree and navigating upwards to the root node R. For each leave node A it will navi-
gate through the ancestor nodes until a node J not ful lling the pruning criterion Υ(J) is found.

e pruned node, then, will be the ancestor just before J. In this case, as the pruning process
starts from all the leaves of the tree, the rst pruning condition stated before is automatically
achieved. However, the bo om-up approach requires a more complicated mechanism in order
to ensure that the set of pruned regions corresponds to a disjoint segmentation of the original
dataset. It is possible that different nodes get selected for pruning, coming from the bo om-up
traversal starting at different leaves, over the same branch, resulting in the undesirable situation
that one pruned region contains the other, as represented in Fig. . .
As it may be seen in Fig. . , when starting the bo om-up pruning process from leaf node

L , the rst region selected for pruning is node B, as all the ancestor nodes from L to B ful ll
Υ. Note that, since father nodes are generated by the merging of its two child nodes, all the
ancestors of a given node contain the region represented by this node. More formally, for each
node K of the BPT ∀F ∈ ancestors(K) : K ⊂ F. When starting the pruning process from L
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Figure 3.10: Situation when bottom-up BPT pruning may select two non disjoint regions.
Nodes that fulfill Υ are colored in blue, whereas nodes that not fulfill it are colored in red.

a node is found not ful lling Υ before arriving to B and, then, node A is selected for pruning.
However, since theBnode is a commonancestorwithA, two regionsA andBhavebeen selected
for pruning having A ⊂ B which do not ful ll the second pruning condition, as they are not
mutually disjoint.

On the situation presented in Fig. . , the node Bmay not be pruned, as it contains nodes
not ful lling the Υ pruning criterion. Nonetheless, this situationmay not be observed until the
pruning process has been started from all of its leaves, in order to inspect all of its subnodes. To
circumvent these situations, an additional veri cation step in the pruning algorithm is proposed
in order to verify that the selected pruning region is disjoint (pruning condition , de ned be-
fore in page ). First, when a node A is pruned all of its ancestors are marked as non-eligible,
as they represent regions containing some of the already pruned ones. Secondly, if during this
step a node B is found which has been previously selected for pruning, it is replaced by the set
of sibling nodes S of all the ancestors fromA to B. Note that S are the larger possible nodes that
cover the B region without including the A region, that is, the region represented by S∪ {A} is
covering the same area than B. Fig. . shows the proposed veri cation process when applied
to the previous situation and Algorithm . describes the proposed bo om-up pruning process
that ensures mutually disjoint pruned regions.

e complexity of the top-down BPT pruning algorithm is O(n) at most, where n repre-
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Figure 3.11: BPT disjoint verification process performed during bottom-up pruning af-
ter node A gets selected for pruning. Nodes selected for pruning set are filled with blue,
whereas nodes marked as non-eligible are filled with red.

sents the number of nodes in the BPT, as it is traversing through the BPT nodes only once.
On the other hand, the bo om-up tree pruning algorithm has a complexity that is not so ob-
vious to compute, due to the disjoint veri cation process. Note that all the nodes above the
nal pruned set Θ get traversed only once, as they are properly marked as non eligible by the
rst node pruned within, and subsequent veri cation processes stop when a non eligible node
is found. However, the nodes below the pruned ones may be traversed more than once, result-
ing in computational cost of O(n log n), assuming that the tree is not unbalanced, or O(n ) in
the extreme case of an unbalanced tree. is increased computational cost is produced due to
the fact that the process is initiated on each leaf of the tree, resulting in repeated navigation over
some paths. To make it more efficient, it may be implemented in a top-down fashion, employ-
ing a recursive Depth First Search (DFS) [ ] over the tree, in order to avoid path repetition
². is concept is employed in Algorithm . , which, in fact, produces exactly the same results
than Algorithm . . In this case, the complexity is reduced to O(n) as each node is traversed
only once thanks to the recursive scheme of the DFS. However, this algorithm is more complex

² e rst known version of DFS was developed during the th century as an strategy to solve mazes [ ]
by French mathematician Charles Pierre Trémaux.



Algorithm . Bo om-up BPT pruning algorithm
Require: BPT B completely generated with root node R, pruning criterion Υ
Ensure: e set Θ contains the pruned regions

: Θ← ∅
: Ne ← ∅ . Set of not eligible nodes
: for each node K ∈ leaves(B) do
: while K 6= R and Υ(father(B, K)) and father(B, K) /∈ Ne do . Find pruning node
: K← father(B, K)
: end while
: Θ← Θ ∪ {K}
: S← ∅ . Set of sibling nodes
: while K 6= R and father(B, K) /∈ Ne do .Disjoint veri cation process
: S← S∪ sibling(R)
: K← father(B, K)
: Ne ← Ne ∪ K
: if K ∈ Θ then
: Θ← (Θ \ {R}) ∪ S . Replace previously selected node for pruning by S
: end if
: end while
: end for

to understand since it follows a different approach than the intuitive idea behind a bo om-up
approach and, consequently, the previous algorithms and examples are provided in order to
be er understand the rationale of the bo om-up pruning concept.

. BPT L

Asmentioned in previous sections, the BPT is intended to be a generic region-based andmulti-
scale data abstraction. In section . . an algorithm has been de ned for BPT construction
from the original data. is algorithm is based on the merging at each iteration of the twomost
similar neighboring regions. Note that this scheme corresponds to the selection at each step of
the locally optimal decision. en, this algorithmmay be considered as a greedy algorithm [ ].
However, it is worth to mention that the selection of the locally optimal decision at each step
does not necessarily produce a global optimum solution. is strategy is usually performed in
order to produce an approximation of the global optimum solution for complex problems at a
reasonable time. Nevertheless, a greedy algorithm only found the global optimum solution if
the problem has optimal substructure, that is, an optimal solution can be constructed efficiently



Algorithm . Bo om-up BPT pruning algorithm implemented as a top-down Depth First
Search

: procedure B _ _ (B,Υ,R)
Require: BPT B completely generated with root node R, pruning criterion Υ
Ensure: e set Θ contains the pruned regions

: Θ← ∅
: Ne ← ∅
: DFS_R _ (B,Υ,Θ,Ne,R)
: end procedure

: procedureDFS_R _ (B,Υ,Θ,Ne,K)
Require: BPT B completely generated, pruning criterion Υ
Ensure: Pruned nodes within K are added into Θ set andNe gets updated accordingly

: if is_leaf(K) then . Base case
: if not Υ(K) then
: Θ← Θ ∪ {K}
: end if
: else
: A,B← sons(B, K)
: DFS_R _ (B,Υ,Θ,Ne,A) .DFS recursive calls
: DFS_R _ (B,Υ,Θ,Ne,B)
: if A ∈ Ne or A ∈ Θ then . If A or one of its subnodes has been pruned
: Ne ← Ne ∪ {K} .Mark K as non eligible
: if B /∈ Ne and B /∈ Θ then
: Θ← Θ ∪ {B} . Prune B as its father is non eligible
: end if
: else if B ∈ Ne or B ∈ Θ then . If B or one of its subnodes has been pruned
: Ne ← Ne ∪ {K} .Mark K as non eligible
: Θ← Θ ∪ {A} . Prune A as its father is non eligible
: else if not Υ(K) then
: Θ← Θ ∪ {A,B}
: end if
: end if
: end procedure

from optimal solutions of its subproblems³ [ ]. In the general case, this property does not
necessarily holds and, consequently, the BPT construction may lead to sub-optimal represen-
tations, although there is not a clear way to de ne the optimality of a BPT.

Another intrinsic limitation of the BPT is that each region is produced by the merging of its

³A typical example of optimal substructure is the change-making problem. Most currencies have a set of
coin values presenting this property in order to facilitate the computation of the change.



twochildnodes. As a consequence, newnodes represent regionsof thedatahaving as contours a
combination of the previous ones. Equivalently, no new contours are generated during the BPT
construction process. is may be a problem for some datasets, where optimal regions, under
some criterion, may have different contours for different detail levels. Fig. . represents this
scenario. Over the original data, onFig. . a, the optimal segmentation into and regions are
represented inFigs. . c and . b, respectively. Note that the contour of the optimal regions
in Fig. . c is completely different to the contours of the optimal regions, in Fig. . b. In
this case, there is no possible merging of the optimal regions in order to obtain the regions
corresponding to Fig. . c. e possible regions obtained with the BPT are represented in
Figs. . d and . e, corresponding to themergingofA∪BorB∪C regions. As a consequence,
in this scenario the BPT structure may not contain the optimal regions at all detail levels since
no new contours are generated when producing larger regions of the tree structure.

(a) Original (b) Optimal segmentation
into 3 regions

(c) Optimal segmentation
into 2 regions

BA

F

C

(d) BPT regions after merging A and B

BA

G

C

(e) BPT regions after merging B and C

Figure 3.12: Since on BPT new regions are formed by merging of existing ones, no new
contours may appear on new regions.





It always seems impossible until it’s done.

NelsonMandela

4
Polarimetric SAR Image BPT based Processing

P SAR for distributed targets and, in order to
a ain a proper estimation, a sample averaging has to be performed, as mentioned in Chapter .
However, this estimation has to be performed only over homogeneous areas and, in practice,
SAR data are strongly heterogeneous as it re ects the complexity of the scene. en, the moti-
vation to employ the BPT in this scenario is to be able to adapt to the spatial structure and to
extract the homogeneous areas of the image.

eChapter has introduced the key theoretical concepts involving theBPTand its process-
ing. e present chapter is devoted to describe its employment to process PolSAR image data
for the speckle ltering and coastline segmentation applications [ ][ ][ ]. It will describe all
the details involving its adaptation to represent and process this type of data.

Asmentioned inChapter , the BPT based processing schememay be decomposed into two
main steps: the BPT construction and its exploitation for different applications. Consequently,
this chapter is divided into these main parts.



. P SAR I BPTC

is section describes all the concepts required to apply the BPT construction process that has
been generically de ned in Section . for PolSAR data. e objective is to be able to apply the
BPT construction algorithm, as described in Algorithm . , for a single PolSAR image.

. . P SAR I C S

eBPT is a region-based data representation, where the region concept stands for a connected
data segment of the data, as described in Section . . . As a consequence, the data connectivity
has to be de ned for every pixel of the PolSAR image. From a computational point of view, this
is the set of neighboring pixels for a given one, which is employed in the step prior to the BPT
construction, the G generation, described in Algorithm . .

e pixel connectivity is a common concept in image processing techniques, being the -
connectivity and the -connectivity the most typical choices, as it has been highlighted in Sec-
tion . . . A representation of these connectivity schemes has been depicted in Fig. . .

(a) 4-connectivity (b) 8-connectivity

Figure 4.1: Pixel connectivity schemes. Every image pixel, in blue, has 4 or 8 neighbors,
represented in red.

Reducing the number of neighbors per pixel, as in the case of the -connectivity, represented
in Fig. . a, has a positive impact in the computational cost, reducing the number of similarity
measures computation in the Ggeneration and also during theBPT construction. However,
this connectivity scheme do not consider diagonal pixels as adjacent, being unable to represent
thin diagonal structures of the image as a single region. In this work, the -connectivity scheme
shown on g. . b will be employed to avoid this limitation, as it is assumed that physical struc-
tures may be present on any orientation of the image.



. . P SARD R M

Asmentioned in Section . . , each node of the BPT represents a connected region of the data
through a region model. is region model should be complete enough to describe all the rel-
evant information of the region at all the scales of the tree. en, in order to apply the BPT
structure to PolSAR images, a region model has to be de ned to describe the different spatial
regions of PolSAR data.
Section . . has described theGaussian polarimetricmodel for distributed sca eringmech-

anisms. According to this model, the covariance matrix C of the distribution completely char-
acterizes the target. Consequently, the sample covariance matrix Z has been proposed as an
estimator of C, which corresponds to its MLE. erefore, the region Amay be represented by
its sample covariance matrix ZA [ ][ ]

ZA = 〈kkH〉nA = nA

∑
i∈A

kikHi ( . )

where nA represents the number of pixels within the region A.
In fact, equation ( . ) is very similar to the multilook de ned in ( . ), except that the av-

erage is computed over the pixels within the region A instead of a xed window around the
central pixel. Using this model is highly convenient as most of the polarimetric inversion and
information extraction models are based on the covariance matrix [ ][ ].
Under the Gaussian hypothesis, the sample covariance matrix Z is a good region model to

represent homogeneous areas of the image, as described in Section . . . However, this is not
the case for heterogeneous areas, when estimated employing samples following a different sta-
tistical distribution. In the BPT, as a multi-scale data representation, regions of very different
sizes will be found and some of them, specially the larger regions, may not be considered as
homogeneous. is is especially the case for the root node, for instance, covering the whole
image. In most of the cases, the whole image is not homogeneous and, consequently, it can not
be properly represented by its sample covariance matrix Z.

us, employing the region model de ned in ( . ) will have a negative impact on the larger
regions of the BPT, corresponding to the nodes closer to the root, since they may be heteroge-
neous. In the following sections, the sample covariance matrix Z will be employed as a region
model for convenience, resulting into the aforementioned limitations for inhomogeneous re-
gions. However, if the nal applications for which the BPT is intended to be used are interested
only in homogeneous regions of the image, this effect may not be a drawback, as it will be seen.
Another limitation of the sample covariance matrix is that it results into singular matrices

when directly calculated over the single pixels of the original image, when Z = kkH. Actually,



this is a limitation of themultilook estimator, as described in Section . . . In practice, this lim-
itation will affect all the regions of the BPT containing a number of pixels nA smaller than the
sample covariance size, that is, nA < p. is fact might constitute a problem for some applica-
tions or even for some similarity measures employed for BPT construction. As a consequence,
an initial ltering or regularization of the data may be needed for some applications, in order to
obtain full-rank matrices for each pixel of the image.
Nonetheless, a more detailed discussion about the limitations on matrix regularization and

on representing inhomogeneous regionsmay be found onChapter , including some improved
models and techniques in order to reduce the impact of these restrictions on the BPT and on
the nal applications.

. . D M P SARD

e dissimilarity measure de nes the merging sequence during the BPT construction process
and, consequently, it de nes completely the nal tree that will be obtained, as explained in Sec-
tion . . . It is established in the region model space and, therefore, for PolSAR data it has to
be de ned over the sample covariance matrix Z, as expressed in ( . ).
It is worth to mention that, since the dissimilarity measure is tied to the region model space,

all the limitations of the chosen region model will become also limitations on this measure. As
mentioned in the previous section, since the sample covariance matrix is not able to represent
properly inhomogeneous regions, the dissimilarity measures de ned on this space will also fail
to evaluate the similarity between these regions, as they are not accurately characterized.
Moreover, asmentionedbefore, theZmatricesmaybe rank-de cientwhichmaypose a prob-

lem for some measures. is limitation may be overcome by employing only the diagonal el-
ements of the covariance matrix, corresponding to the retrieved power for each polarization
state. Alternatively, an initial ltering may be applied to obtain full-rank matrices. However,
this is normally a small ltering, focused on matrix regularization instead of speckle ltering.
Usually a by multilook lter is applied for this purpose, resulting into a very small spatial
resolution loss. In this regard, the similarity measures have been classi ed into full-matrix mea-
sures and diagonal measures [ ][ ]:

• Full-matrixmeasures employ all the information containedwithin the sample covariance
matrix Z and, therefore, they are sensitive to the fully polarimetric information under
the Gaussian hypothesis. As a consequence, they are able to achieve be er adaptation to
the changes at any polarimetric feature. However, they need full-rank sample covariance
matrices in order to properly exploit the complete polarimetric space. is fact implies
the need of a prior ltering of the data for matrix regularization, as stated before.



• Diagonal measures are focused only on the diagonal elements of the covariance matrix,
corresponding to the backsca ered power. Mathematically, they are assuming that all
the off-diagonal elements are equal to zero. is results automatically in a full-rank ma-
trix, avoiding the problem of having singular matrices and also the need for the initial
ltering. However, this assumption is arbitrary and it may not be true and, in fact, the

correlation between the different polarimetric channels contains useful information that
is ignored by thesemeasures. It is worth noticing that the adaptive Lee and IDAN lters,
described in Sections . . and . . , have also this limitation, as they are not exploiting
the complete polarimetric information under the Gaussian hypothesis.

F -M D M

On this section, full-matrix dissimilarity measures for PolSAR data are going to be presented.
In the following, it is assumed that two adjacent regions, denoted by A and B, having covari-
ance matrices ZA and ZB, respectively, and region sizes of nA and nB pixels, are evaluated by the
dissimilarity measure d, which is expressed as d(A,B).

• Symmetric revisedWishart dissimilarity, denoted by dsw. is measure assumes that
the sample covariance matrices ZA and ZB are following a Wishart distribution and per-
forms a statistical hypothesis test to evaluate if they are following the same distribution
[ ]. To do so, one of the two sample covariance matrices is assumed to be known, that
is, it is assumed that the real covariance matrix C that de nes the distribution is equal
to Z. Aside from being false, this assumption involves the inconvenience that the mea-
sure depends on which of the two sample covariance matrices is assumed to be known.

erefore, this statistical test is not symmetric, i.e. dw(A,B) 6= dw(B,A). Amodi cation
is proposed in [ ] to generate a symmetric measure ds as ds = dw(A,B) + dw(B,A).

en, the symmetric revised Wishart measure, de ned in [ ], is obtained based on this
concept and adding a term depending on the region size, as it will be detailed in the fol-
lowing

dsw(A,B) =
(
tr(Z−

A ZB) + tr(Z−
B ZA)

)
(nA + nB) ( . )

where tr(.) denotes the matrix trace and nA denotes the number of pixels within the re-
gion A.

• eGeodesicdissimilarity, designated asdsg, is de ned in [ ] according to a completely
different approach. It considers the positive de nite matrix cone geometry [ ], that is,
the geometry of the sample covariance matrix space. Accordingly, it measures the dis-
tance over the geodesic path, instead of the euclidean path, that follows the curvature



of the matrix cone space. e geodesic path concept is based on differential geometry
[ ] and additional details about this concept will be found later in this section. In this
case, since it is a measure de ned through the matrix logarithm, a modi ed version is
generated by adding a logarithmic term depending on the region size

dsg(A,B) = ‖ log
(
Z− /
A ZBZ

− /
A

)
‖F + ln

(
nAnB

nA + nB

)
( . )

where‖.‖F represents the Frobeniusmatrix norm, log(.) represents thematrix logarithm
and ln(.) represents the natural logarithm.

• eWard relative dissimilarity, denoted by dwr, is based on a measure from Ward hi-
erarchical clustering [ ]. In this clustering technique, an error measure based on the
Error Sum-of-Squares (ESS) was introduced to quantify the amount of information loss
when two clusters aremerged. is measure can also be applied tomeasure the informa-
tion loss when merging two neighboring regions. In order to employ it for PolSAR data,
a normalization matrix is introduced to tackle the multiplicative nature of the speckle
noise. en, theWard relative dissimilarity measure may be de ned as

dwr(A,B) = nA · ‖NH
AB(ZA − ZAB)NAB‖F + nB · ‖NH

AB(ZB − ZAB)NAB‖F ( . )

where ZAB denotes the covariance matrix of the region A ∪ B and NA denotes the nor-
malization matrix of ZA, de ned as

NA =


√
ZA √

ZA √
ZA

 ( . )

where ZAij refers to the (i, j)-th element of the sample covariance matrix ZA.

Note that there is a term depending on the region sizes nA and nB on all the dissimilarity
measures. It is required since, during the BPT construction, regions of different sizes will be
compared. e concept represented by this term is that it may be assumed that larger regions
will have less noisy estimations of the region model and, then, the dissimilarity over themmay
be more restrictive than with smaller regions. is idea is in accordance with the Wishart dis-
tribution, de ned in ( . ), as it depends on the equivalent number of looks n. In addition, this
termor similar ones also appearwhenemployingother rationales tode nedistanceor statistical
measures over PolSAR data, as it may be seen on [ ].



In order to get a be er idea of the rationale on which is based the geodesic dissimilarity mea-
sure dsg, an example within a simpli ed space is presented in the following to show the adapta-
tion to the space geometry. Since the by complex covariancematrix space is too complicated
to represent graphically, a real symmetric by covariance matrix space will be employed

C =

[
C C
C C

]
=

[
C

√
C C ρ

√
C C ρ C

]
( . )

where− ≤ ρ ≤ represents the correlation coefficient.
It may be seen from ( . ) that the by real covariance matrices have three independent

components,C ,C ,C , where the set of possible values forC depends on the other two. As
this spacehasonly three real components, it canbe representedgraphically in a tree-dimensional
plot, as it is shown on Fig. . , where the limits of the space are represented. ese boundary
surfaces are obtained for the extreme cases ρ = − and ρ = . As it can be seen, the space is
con ned within a cone, which is called the positive de nite matrix cone.
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Figure 4.2: The 2 by 2 real symmetric covariance matrix space cone.



In this space, the euclidean distancemay be de ned as ‖ZA−ZB‖F, whereas the geodesic dis-
tance is‖ log

(
Z− /
A ZBZ

− /
A

)
‖F [ ]. Note that it corresponds to the rst termof the geodesic

dissimilarity dsg, the term depending on the region sample covariance matrices. e rationale
behind that measure is that it is based on the geodesic path instead of the euclidean path, which
is following the curvature of the positive de nite matrix cone space.

en, the euclidean path γe, which length is measured by the euclidean distance, can be de-
ned as

γe(t) = ZA + t(ZB − ZA) ( . )

with ≤ t ≤ . As it may be seen, γe( ) = ZA whereas γe( ) = ZB.

On the other hand, according to [ ], the geodesic path γg is de ned by

γg(t) = ZA

(
Z−
A ZBZ

−
A

)t
ZA ( . )

for ≤ t ≤ .

For this example, the following values for ZA and ZB are assumed

ZA =

[
−

−

]
, ZB =

[ ]
. ( . )

With these values, the euclidean path γe and geodesic path γg are represented in Fig. . , in
black and magenta colors, respectively. ese paths are obtained by changing the t parameter
from to . e plot over the original space is presented in Fig. . a, where the bounds of the
positive de nite matrix cone have been also represented. As it may be expected, the euclidean
path γe follows a straight line fromZA toZB. On theotherhand, the geodesic path γg is following
a curved line which is adapted to the positive de nite matrix cone geometry.

Considering that the geodesic dissimilarity dsg is based on the Frobenius norm in the ma-
trix logarithmic space, the euclidean γe and geodesic γg paths have been represented also in
this space in Fig. . b. It is worth noticing that, as mentioned before, the logarithm applied
is the matrix logarithm, not the logarithm to each element of the matrix individually. In this
space, the bounds of the positive de nite matrix cone can not be represented since when an
eigenvalue tends to the matrix logarithm tend its elements to in nity. erefore, the positive
de nitematrix cone is unbounded in the logarithmic space. As it can be seen in Fig. . b, in the
matrix logarithmic space the euclidean path γe appears as a curved line whereas the geodesic
path develops a straight line behavior.
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Figure 4.3: Euclidean (black) and geodesic (magenta) paths over the original and loga-
rithmic spaces.

D D M

ese measures, as mentioned before, take only into account the diagonal elements of the co-
variance matrix, that is, the backsca ered power for each polarization state. is automatically
ensures a full-rank matrix, avoiding the need for an initial ltering for matrix regularization.
Assuming that the off-diagonal elements are equal to zero, a diagonal variant of the previous
dissimilarity measures may be de ned.

• eDiagonal revisedWishart dissimilarity, referred to as ddw, is obtained with ( . )
when assuming that ZA and ZB are diagonal p by pmatrices, as mentioned before,

ddw(A,B) =

( p∑
i=

(
ZAii + ZBii

ZAiiZBii

))
· (nA + nB) ( . )

where ZAij and ZBij represent the (i,j)-th element of the estimated covariance matrices
ZA and ZB, respectively.

• e Diagonal geodesic dissimilarity, designated as ddg, similarly to the previous case



case, is based on ( . ) but assuming that ZA and ZB are diagonal p by pmatrices

ddg(A,B) =

√√√√ p∑
i=

ln
(
ZAii

ZBii

)
+ ln

(
nAnB

nA + nB

)
( . )

Considering that full matrix and diagonal dissimilarity measures are based on the same prin-
ciples, a comparison between themmay be useful to compare the advantages and disadvantages
of employing the full matrix information in front of employing only the diagonal information,
while assuming that all off-diagonal elements equal to .
Furthermore, some additional diagonal dissimilarities have been de ned, based on the rela-

tive comparison of the matrix diagonal elements.

• Diagonal relativenormalizeddissimilarity, labeledddn, is basedon theeuclideannorm
of the normalized difference of the matrix diagonal vector. Firstly, the difference of the
diagonal vectors is normalized by their sum for each component, which produces a result
bounded in the interval [− , ] for each diagonal element. Secondly, the euclidean norm
of the resulting vector is applied and, nally, the ddn dissimilarity measure is obtained
a er multiplying it by a term depending on the region size

ddn(A,B) =

( p∑
i=

(
ZAii − ZBii

ZAii + ZBii

) ) /

· (nA + nB). ( . )

• eDiagonal relative dissimilarity, denoted as ddr, is computed as the euclidean norm
of the sum of relative errors of both diagonal elements. Note that this comparison, as
opposite to ddn, is not bounded, taking values on the interval [ ,∞). Again, a term de-
pending on the region size is also included to take into account this information

ddr(A,B) =

( p∑
i=

(
ZAii − ZBii

ZBii
+

ZBii − ZAii

ZAii

) ) /

· (nA + nB)

=

( p∑
i=

(
(ZAii − ZBii)

ZAiiZBii

) ) /

· (nA + nB). ( . )

. P SAR BPT A

Once all the componentsmentioned in Section . have been de ned, it is possible to construct
the BPT representation of a PolSAR image, employing the process described in Section . . .



At this point, some methods have to be de ned for the exploitation of this data abstraction for
different applications.

It is worth noticing that, as stated in Chapter , the whole BPT construction process is ap-
plication independent and, thus, the same applies for all the concepts de ned in the previous
section. en, according to the regionmodel and dissimilaritymeasures de ned in the previous
sections, the obtained BPT structure will represent regions of the image having similar polari-
metric characteristics, in terms of its sample covariance matrix Z. Conversely, the concepts
introduced in the following sections are focused on some particular applications and then, two
different sections may be found according to distinct applications. Two applications that ex-
ploit the PolSAR BPT will be described: speckle ltering and coastline segmentation. Special
a entionwill be paid to the speckle ltering application, that will be analyzed in detail, de ning
different pruningmethods and criteria. Moreover, its results will be evaluatedwith real and sim-
ulated data. Finally, the coastline segmentation application will be described brie y. As it will
be seen, the two mentioned applications are completely different and they will exploit distinct
information contained within the BPT.

. BPT E S F

Asmentioned inChapter , SAR images are contaminated by speckle noise, which is a handicap
for their further use or interpretation. Most applications require a speckle ltering as a pre-
processing step inorder to reduce the effect of the speckle and to a achieve aproper estimationof
the target polarimetric response. Additionally, as described in Section . , there is a tendency in
the recent state-of-the-art speckle ltering techniques to adapt to the spatial contentof the image
to avoid themixture of inhomogeneous samples during the speckle ltering process. erefore,
the motivation here is to apply the BPT data abstraction for this purpose.

One of the most important applications of this thesis is the speckle ltering or polarimetric
information estimation. In the context of a region-basedprocessing scheme, this is equivalent to
the delimitation of the homogeneous areas of the scene, according to the selected regionmodel,
the sample covariance matrix Z. Once this delimitation of the scene has been performed, the
speckle ltering application comes out automatically, since the region model of an homoge-
neous area may be employed to describe its polarimetric response accurately, under the Gaus-
sian hypothesis.

As outlined in Section . , the BPTexploitationmay be performedby a tree pruning process,
which extracts the most useful or interesting regions for a particular application. us, this sec-
tion describes twodifferent pruning strategies for theBPT-based estimation or speckle ltering.



Additionally, results will be analyzed in detail both with synthetic and real PolSAR data.

. . P N R

One possible BPTpruningmechanism is to de ne the number of regionsN to extract of the im-
age and, in accordance, extract theNmost different regions from the tree. Note that this pruning
strategy requires the de nition of a measure to quantify the difference of the regions. However,
as described in Section . . , this is exactly the role of the previously de ned dissimilarity mea-
sures. en, the same dissimilarity measure employed for BPT construction may also be also
applied for its pruning based on the number of the regions.
Note that, when the same dissimilaritymeasure is employed for BPT construction and prun-

ing, this pruning strategy is equivalent to stop the BPT construction process when the number
of regions N has been achieved. e remaining regions may be considered as the N most dif-
ferent regions according to the dissimilarity measure. is pruning strategy has the advantages
of being simple, while also not requiring the de nition of any additional criterion for pruning.
Moreover, due to its simplicity, it does not require the application of the pruning processes de-
ned in Section . . , as this pruning is completely de ned by themerging order. On the other
hand, it has the disadvantage of having to decide the number of regions N parameter, which
may be really difficult to gure out a priori.
To see the results obtained by this pruning strategy, Fig. . and Fig. . show examples of

two by pixel PolSAR image crops, corresponding to some agricultural elds and an
urban area, respectively. Data, acquired by theDLR’s ESAR system at L-band, will be presented
in detail in the following sections devoted to analyze the obtained results in detail. Results are
shown for the x multilook lter, as a reference, and for thementioned BPT pruning based on
the number of regions. Fig. . a and Fig. . a present the original data crop whereas Fig. . c to
Fig. . e and Fig. . c to Fig. . e show the results for different number of regionsN parameter
values.
On these results, as mentioned before, each region has been represented with its estimated

sample covariance matrix averaged within the region, and employing a Pauli RGB color com-
position. For the BPT construction process and, hence, for the pruning process, the geodesic
dissimilarity measure dsg described in ( . ) has been employed. Note that, since the dsg mea-
sure is employing the full covariancematrix information, an initial ltering is needed for matrix
regularization. In this case, an initial by multilook ltering has been employed.

e difference between a region-based and a pixel-based processing is clear when comparing
results with themultilook andwith the BPT in Fig. . and Fig. . . e edges on themultilook



(a) Original (b) 9x9 multilook

(c) N = (d) N = (e) N =

Figure 4.4: Results after applying the 9x9 multilook and the BPT pruning based on the
number of regions of an agricultural fields area for different values of N. The BPT has
been constructed employing the geodesic dsg dissimilarity. Images are represented using
Pauli RGB composition (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

appear blurred, due to the spatial resolution loss produced by this low-pass ltering. On the
other hand, the edges of the BPT region appear perfectly clear, as ltering is performed inde-
pendently within each pruned region, which is the processing element of the BPT and, conse-
quently, since all the pixels of a given region have the same region model, they appear with a
constant color over the results. Moreover, it may be seen that the BPT-based region contours
are following the contours of the scene, exceptwhen the number of regionsN is too small to rep-
resent properly the complexity of the scene, resulting into large regions mixing different areas
of the image.

e multi-scale nature of the BPTmay also be seen on Figs. . and . , when changing the
number of regions parameterN. Reducing theN parameter results into larger regions, pruning
nodes of the tree closer to the root. Increasing N has the opposite effect, obtaining regions
farther from the root and closer to the leaves of the tree. It is worth noticing that all the regions
obtained for the different parameters, in this case N = { , , }, correspond to the same



(a) Original (b) 9x9 multilook

(c) N = (d) N = (e) N =

Figure 4.5: Results after applying the 9x9 multilook and the BPT pruning based on the
number of regions of an urban area for different values of N. The BPT has been con-
structed employing the geodesic dsg dissimilarity. Images are represented using Pauli RGB
composition (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

BPT, but pruned at different detail levels, clearly showing the multi-scale nature of this data
representation.

Another consideration when analyzing results obtained in Figs. . and . is that there is no
clear way to de ne the optimumnumber of regionsN. Furthermore, it strongly depends on the
scene complexity. On the agricultural area, for instance, where large homogeneous regionsmay
be found, a small value ofN, evenN = , may be enough to properly represent all the regions
of the scene, as itmay be seen in Fig. . e, whereas on urban areas, having amuchmore complex
spatial structure, this value is totally inadequate, as seen in Fig. . e, requiring a larger value, in
the order ofN = or even larger, as shown on Fig. . c.

In order to performamoredetailed analysis of the region sizes, Table . shows theminimum
and the maximum size, in pixels, of all the pruned regions for each case of the results shown on
Figs. . and . . Additionally, Fig. . shows the histograms of the pruned region sizes for the



Agricultural zone Urban zone
Number of regionsN
Minimum region size
Maximum region size

Table 4.1: Pruned regions and region sizes in pixels over urban and agricultural areas for
BPT pruning based on the number of regions with different N.
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(b) N =

Figure 4.6: Region size histograms for N = and N = over agricultural and urban
area images presented in Fig. 4.4 and Fig. 4.5.

previous pruning results obtained atN = andN = values.
Analyzing the differences between the region size histograms of the two environments, it can

be seen that the dynamic range of the pruned region sizes is much more narrow in the agricul-
tural area than in the urban area, mainly because the difference in complexity of both scenes.
Moreover, it can be seen that the region sizes obtained are very dependent on the pruning pa-
rameterN, as it may be expected, as the average region size is xed byN according to the total
number of pixels over N. Also, for N = the maximum region size density for agricultural
area is between - pixels, with around of total regions, whereas forN = only
of regions are within these values. Onewould expect that, since the structure of the image is the
same, those values should be more similar for both cases.
In conclusion, although the BPT pruning based on the number of regionsmay be simpler, as

it does not require the introduction of any new concept or measure, it has the disadvantage of
having to choose thenumber of regionsNparameter a priori. is is a difficult task, as it strongly
depends on the image structure, being not easy to gure out a priori. Additionally, the obtained
region sizes have a strong dependence with theN parameter, when in fact they should depend



more on the image structure. is is consistent with the fact that dissimilarity measures have
a strong dependence with the region size, as stated on Section . . . Indeed, the underlying
problem is that the number of regions is highly dependent on the image structure and, then, it
can not be employed as a pruning parameterwhenwewant to obtain a segmentation that adapts
to this image structure.
Another limitation of this pruning strategy is that it is based only on the region model to

de ne the pruned regions, as it is based on the dissimilarity measure. en, as stated in Sec-
tion . . , all the limitations of this model for representing an heterogeneous region are also
transfered to this pruning approach. As a consequence, this method may not obtain proper
results for relatively small values ofN, depending on the scene spatial complexity.

. . H P

eBPTpruning based on the number of regions, described in the previous section, has shown
the ability of the BPT to adapt to the spatial structure of the image. Additionally, its region-
based and multi-scale nature have been shown through different examples. However, some
important drawbacks have been detected, specially regarding to the de nition of theN pruning
parameter and its dependence with the image structure. In order to overcome all these limita-
tions, the following guidelines need to be taken into account:

. Ideally, the pruning parameter should be completely independent of the image structure,
to avoid the trouble of de ning a different value for each image.

. e dependence of the pruned region sizes with the pruning criterion should be avoided
as much as possible, allowing that regions with completely different sizes appear at the
same tree pruning.

. To avoid the propagation of the region model limitations, the pruning criterion should
depend on all the pixel values containedwithin the region, not only on the regionmodel,
to mitigate the problems when dealing with heterogeneous regions, for instance.

With all these guidelines in mind, a new BPT pruning strategy is de ned. Ultimately, the
main goal of the PolSAR information estimation or speckle ltering process is to extract the
largest homogeneous areas of the scene. Accordingly, an homogeneity measure Φ is de ned, in
order to estimate the region homogeneity. e pruning process, then, is performed by applying
a pruning threshold δp over thismeasure, bymarking a regionA for pruning ifΦ(A) < δp. Note
that, in this case, the pruning algorithms de ned in Section . . have to be applied.



Note that, for each region A, the homogeneity measure Φ(A) should be independent of its
size, in order to ful ll the second guideline, and it should depend not only on its region model,
according to the third guideline. With this in view, the rst point is automatically ful lled since
Φ is a measure of the homogeneity of the given region, which is assumed to be dependent only
on the spatial content within it. Accordingly, the following homogeneity measure Φ is de ned

Φ(A) =
nA

∑
i∈A

‖Zi − ZA‖F
‖ZA‖F

( . )

where Zi represents the covariance matrix of pixel iwithin region A, ZA represent its estimated
covariance matrix and nA its total number of pixels.
It is worth tomention that ( . )may also be seen as the relativeMean SquaredError (MSE)

that is commi ed when representing all the pixels of the region Zi by its sample covariance
matrix ZA. In contrast to the classical MSE, the Φ region homogeneity ( . ) is a relative error
measure, as it is divided by the squared norm of the region model ‖ZA‖F in order to cancel out
the multiplicative nature of the speckle noise.
With the proposed region homogeneitymeasureΦ, a pruning criterion Υhmay be de ned in

order to select from the tree only homogeneous regions. Accordingly, a regionAmaybe de ned
as homogeneous if it has a relative MSE below a pruning threshold δp value

Υh(A) : Φ(A) < δp. ( . )

In the following, for convenience, the pruning factor δp will be expressed in dB, correspond-
ing to the following expression

Υh(A) : · log (Φ(A)) < δp(dB). ( . )

With the proposed Υh pruning criterion, in contrast to the pruning based on the number of
regions de ned in Section . . , the number of regions obtained is automatically de ned by the
image content. e pruned regions will be as large as possible whilemaintaining a relativeMSE
below the threshold. As a consequence, for a given δp value, a large number of small regions
will be obtained naturally in images having complex structures, whereas large regions will be
obtained in images having large homogeneous areas. And, what is even more important, the
appropriate region size may be obtained in all cases when having an image with a combination
of large and small structures.
For comparison purposes, the same PolSAR images than on Figs. . and . have been pro-

cessed with the homogeneity based region pruning. Fig. . and Fig. . show the images pre-



sented in Fig. . a and Fig. . a, corresponding to an agricultural and a urban area, respectively,
ltered employing the de ned region homogeneity based pruning Υh for different pruning fac-

tor δp values.

(a) δp = − dB (b) δp = − dB (c) δp = dB

Figure 4.7: BPT homogeneity based pruning of an agricultural fields image for different
values of δp. The BPT has been constructed employing the geodesic dsg dissimilarity. Im-
ages are represented using Pauli RGB composition (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

(a) δp = − dB (b) δp = − dB (c) δp = dB

Figure 4.8: BPT homogeneity based pruning of an urban area image for different values
of δp. The BPT has been constructed employing the geodesic dsg dissimilarity. Images are
represented using Pauli RGB composition (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

WhencomparingFig. . withFig. . , roughly similar resultsmaybe seen forpruning thresh-
olds δp = − ,− , dB than forN = , , . e contours of the elds are closely obtained
in both cases and large regions may be retrieved corresponding to them. However, when ana-
lyzing in detail the results of the region based homogeneity pruning, important differences are
observed. Even for a large pruning threshold, in the case of δp = dB, small details are pre-
served in the image, as it may be seen on the down-le part of Fig. . c, that is, a larger range



of values is observed for the obtained region sizes. is fact is produced thanks to the indepen-
dence of the pruning criterion from the region size, which was, indeed, one of the premises of
the pruning strategy. Nonetheless, the bene ts of this pruningmechanism becomemuchmore
evident in the results presented in Fig. . in comparison with Fig. . . In this scenario, the spa-
tial complexity of the image is signi cantly higher, presenting a large number of small regions
and, in fact, the region homogeneity based pruning adapts to this scenario producing a much
larger number of regions than for the agricultural area, even when employing the same pruning
threshold parameters. is adaptation was, in fact, another of the proposed guidelines for this
pruning strategy.

In order to assess this adaptation numerically, Table . shows the achieved number of re-
gions and the maximum and minimum region size for each pruning process of Figs. . and
. .

Agricultural zone Urban zone
δp − dB − dB dB − dB − dB dB

Number of regions
Minimum region size
Maximum region size

Table 4.2: Pruned regions and region sizes in pixels over urban and agricultural areas for
homogeneity based pruning with different pruning threshold δp values.

e adaptation of the region based homogeneity pruning to the image structure is clear from
the number of pruned regions, corresponding to the second row of Table . . As observed on
the results, over urban area a large number of smaller regions are obtained, as they correspond
to the small structures that are present on the scene. On the other hand, for the same pruning
threshold δp values, larger regions are obtained in the agricultural area than on urban area. e
ability to preserve small details while also having large regions for homogeneous areasmay also
be seen when comparing the minimum and maximum region sizes, which is an improvement
compared with the pruning based on the number of regions, as previously shown on Table . .

To analyze the region size distribution closely, Fig. . presents the region size histograms for
different pruning thresholds δp over the agricultural and the urban area. It is worth mentioning
that for the urban area, shown on Fig. . a, the maximum density of region sizes is around
pixels for all the pruning factor values whereas for the agricultural area, depicted in Fig. . b,
this value is around pixels, but it is also maintained for different δp values.
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Figure 4.9: Logarithmic region size histograms for different pruning factor δp values over
agricultural and urban area images presented in Fig. 4.4 and Fig. 4.5.

All in all, the homogeneity based pruning is able to obtain a wider range of region size values
than the pruning based on the number of regions, since it is independent of the region size. Ad-
ditionally, it does not depend on image size or complexity, resulting into similar ltering values
for a given δp in any type of image or scenario. e number of regions is automatically ob-
tained by the pruning criterion Υh in order to ful ll the relativeMSE on all the pruned regions,
extracting as large regions as possible from the BPT. is pruning strategy, then, overcomes
all the major drawbacks of the pruning based on the number of regions, as described in Sec-
tion . . . On the other hand, it is more complex than the pruning based on the number of
regions, as it requires the de nition and the computation of the region homogeneity measure
Φ(A) for each region A of the tree and, additionally, it requires to apply the pruning algorithm
to the tree. However, when comparing this increase in complexity with the BPT construction
process, it is negligible, as the pruning procedure is much faster. Furthermore, the region ho-
mogeneity measure Φ(A)may be computed efficiently in a bo om-up approach in linear time
respect to the number of nodes.

It is worth noticing that all the results shown in Figs. . and . and in Figs. . and .
correspond to different pruning processes over the same BPT structures. is fact may give an
idea of the large amount of information that may be extracted from the BPT data abstraction of
a PolSAR image.
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is section is devoted to a more detailed analysis of the previously described pruning mech-
anisms with real PolSAR data. In particular, they will be compared with some state-of-the-art
speckle ltering techniques described in Section . . Moreover, their ability to estimate the
covariance matrix without introducing any bias or distortion will be also analyzed.

In the previous sections some examples have been presented to illustrate the effects of the
pruning strategies de ned. ese examples are small crops of a full dataset having different areas
that will be processed and studied in this section. is full dataset corresponds to a measuring
campaign conducted by DLR in with its experimental ESAR system over the Oberpfaf-
fenhofen test-site, southern Germany. Data were collected at L-band, with a spatial resolution
of . m x . m in fully polarimetric mode. e whole PolSAR image has rows by
columns and its Pauli RGB representation is shown in Fig. . a. e scene contains some
urban areas, having different buildings and human made structures, in the central part of the
image, a forest area in the top part and an agricultural area, with large elds and grass areas, in
the bo om area.

Fig. . b shows the result obtained a er applying theBPThomogeneity based pruningwith
a pruning threshold δp = − dB. In this case, the BPT has been constructed employing the
symmetric revised Wishart dsw dissimilarity measure, as de ned in ( . ). When comparing it
with the original image, qualitatively the same colors are observed but it appearmuch less noisy.

e contours of the ltered image seem to correspond to the structure of the original image and
the small details are also preserved.

In order to compare the BPT-based estimation approach with other speckle ltering tech-
niques, the dataset presented in Fig. . a has been processed with a x multilook as a refer-
ence, the IDAN¹ lter [ ], and the two proposed BPT pruning approaches: pruning based
on the number of regions and region homogeneity based pruning. Although the whole dataset
has been processed, to perform a more detailed analysis of the ltering techniques, results will
be studied over a by pixel crop of the full dataset, presented in Fig. . a. e area of
the scene within this crop contains large agricultural elds at the bo om part of the image and
a urban area with small details in the center and right parts. A forest area can also be found at
the top part of the image. is crop area of the results a er applying the x multilook and the
IDAN ltering are shown on Fig. . b and Fig. . c, respectively.

¹ e PolSARPro [ ] IDAN implementation has been employed for this work, with a maximum AN size
parameter of pixels.



(a) Original (b) dsw, δp = − dB

Figure 4.10: Pauli representation of the original and BPT-based filtered images of Oberp-
faffenhofen. The revised Wishart dissimilarity measure dsw has been employed for BPT
construction and region homogeneity based pruning with δp = − dB (|Shh + Svv|, |Shv + Svh|,
|Shh − Svv|).

As mentioned previously, the multilook, shown in Fig. . b, is able to achieve a relatively
good amount of speckle ltering but it results into a spatial resolution loss, blurring all the con-
tours and small details of the image. On the other hand, the IDAN, shown in Fig. . c, has
a be er spatial resolution preservation, as it maintains the contours and details. However, the
amount of speckle reduction achieved by the IDAN is smaller than in the multilook case.

Results a er applying the proposed BPT-based approach over the same area are represented
in Fig. . . e gures on the le column (Figs. . a, . c, . e) correspond to BPT prun-



(a) Original (b) 7x7 multilook (c) IDAN

Figure 4.11: Detail Pauli RGB images. (a) Original, (b) filtered with 7x7 multilook and
(c) filtered with IDAN (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

ing based on the number of regions² whereas the right column (Figs. . b, . d, . f) show
the results of region homogeneity based pruning. Note that all the results in Fig. . have been
generated by pruning over the same BPT, constructed with the symmetric revised Wishart dsw
dissimilarity over the entire image, presented in Fig. . a.
Analyzing the BPT-based estimation results in Fig. . , the differences previously men-

tioned between the two de ned pruning mechanisms may be seen. Moreover, when process-
ing a large dataset, the inconveniences of the BPT pruning based on the number of regions are
even more evident. In the examples processed in Sections . . and . . , two small crops of
this dataset have been processed. ese crops, however, contained only one type of scenario: a
agricultural area or a urban area. In a large PolSAR image, as the one represented in Fig. . a,
having a mixture of different types of areas, it is not possible to de ne a number of regions pa-
rameterN suitable for all the areas. A large value, such asN = , shown in Fig. . a, may
be required for a proper representation of the urban area. Nevertheless, over the agricultural
area a smaller value ofN will be required, in the order ofN = , as shown in Fig. . e. As
a consequence, there is no possible value of N suitable to obtain a good detail representation
over all the areas of the image.
On the other hand, the regionhomogeneity basedpruning results, shown in the right column

of Fig. . , do not present these issues. In this case, the pruning threshold parameter δp acts
like an indicator of the degree of ltering, showing more details for smaller values δp = − dB
than for larger ones δp = dB, as shown in Figs. . b to . f. However, the region size adapts

²Note that the results are shown over a detailed area of by pixel, but the whole image, presented in
Fig. . a is processed. en, the number of regionsN refers to the regions in the whole image and, thus, only
a small subset of regions appear over the crop area shown.



(a) dsw,N = (b) dsw, δp = − dB

(c) dsw,N = (d) dsw, δp = − dB

(e) dsw,N = (f) dsw, δp = dB

Figure 4.12: Detail Pauli RGB images. (a), (c), (e) filtered with pruning based on the
number of regions and (b), (d), (f) filtered with region homogeneity based pruning (|Shh +
Svv|, |Shv + Svh|, |Shh − Svv|).

be er to the content of the scene, as larger regions are observed in the agricultural areas than in
the urban zone for all the pruning threshold δp values, being able to properly represent all the



regions of the image with a given pruning threshold.
Another characteristic of the BPT-based pruning is that when the pruning threshold δp orN

parameters gets increased or decreased, respectively, resulting into larger regions, some region
contours of the image disappear, but no new contours appear, as it may be seen on the image
sequence fromFigs. . a, . c, . e andFigs. . b, . d, . f. is is a consequenceof the
way in which new regions are generated on the BPT. Since larger regions are always constructed
as themerging of two smaller ones, only the contours between themare not present in the father
region, while the rest of them are preserved.
In order to show more clearly this ability of the region homogeneity based pruning to pre-

serve small details of the original image and, at the same time, perform strong ltering over large
homogeneous areas, a crop of the original image containing ve corner re ectors over an homo-
geneous eld, near to the main runway of the airport, in the bo om part of the original image,
shown in Fig. . a, has been processed. e results are shown in Fig. . for the multilook,
the IDAN and the region homogeneity based pruning techniques for different δp values.

(a) Original (b) 7x7 multilook

(c) dsw, δp = − dB (d) dsw, δp = − dB

(e) dsw, δp = dB (f) IDAN

Figure 4.13: Detail Pauli RGB images of corner reflectors preservation with the multilook,
the IDAN and the BPT based filtering (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

e original image crop containing the corner re ectors is represented on Fig. . a. As it



may be seen, they are difficult to identify due to their small size and the high level of speckle
noise in the area. e x multilook lter, whose results are shown on Fig. . b, reduces sig-
ni cantly the speckle over the eld and the corner re ectors appear highly contrasted but, since
they have much more re ectivity than the surrounding area, they appear enlarged according
to the lter window. e IDAN lter, depicted in Fig. . f, has a good detail preservation,
preserving the corner re ectors, but the amount of speckle reduction is much smaller than the
multilook. Results for the BPT-based speckle ltering are shown on Figs. . c to . e for
different δp values. It may be seen that for all the pruning threshold values shown the corner
re ectors are preserved as small points while large regions appear over the eld. Over the eld
large regions appear, even for δp = − dB, where some details are observed within the eld,
showing its internal structure. In the case of δp = dB, all the underlying eld is merged into
just one region while all the corner re ectors and details are preserved. e amount of speckle
reduction achieved by the BPT-based pruning is much more visible over the eld than in the
IDAN and x multilook ltering, specially for δp = dB, as all the pixels of the eld are aver-
aged together, resulting into a be er estimation of the polarimetric response.

In Section . . different dissimilarity measures for PolSAR data have been de ned. All the
previous examples correspond to different pruning strategies over the same BPT constructed
employing the symmetric revised Wishart dsw dissimilarity measure, as de ned in ( . ). To
show the effect of this function in the nal results, different BPTs of Fig. . a have been con-
structed employing the distinct dissimilaritymeasures de ned and the same region homogene-
ity based pruning has been applied to them, employing δp = dB. ese results are shown on
Fig. . over the same crop area presented in Fig. . a. In order to apply the full matrix mea-
sures, an initial x multilook lter has been applied formatrix regularization, as in the previous
case.

When considering the results shown on Fig. . it may be surprising that most of them ob-
tain very similar results. Although the distinct dissimilarity measures de ned in Section . .
are based on completely different approaches, all of the results roughly identify the main con-
tours of the agricultural elds and also preserve the details of the urban area. is may give an
idea of the robustness of the proposed BPT-based processing scheme in terms of the dissim-
ilarity measure employed for BPT construction. However, an in-depth analysis shows some
differences, specially when considering the noise over the straight contours of the elds or the
ability to distinguish between all the different agricultural elds. In general, the full matrixmea-
sures, shown in Figs. . b and . d, have a be er ability to distinguish the different elds.
Additionally, from all the different dissimilarity measures it seems that the geodesic measure



(a) ddg, δp = dB (b) dsg, δp = dB

(c) ddw, δp = dB (d) dwr, δp = dB

(e) ddn, δp = dB (f) ddr, δp = dB

Figure 4.14: Detail Pauli RGB images processed using region homogeneity based pruning
with δp = dB over different trees constructed employing various dissimilarity functions
(|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

dsg, de ned in ( . ), presents the be er results in terms of contour noise and region distinction.
Note that a more detailed analysis of the results is complex by the absence of ground truth, but
in Section . . amore detailed analysis will be performedwith simulated data to overcome this



limitation.
Fig. . shows the morphology of the pruned trees constructed with different dissimilarity

measures. In this case, in order order to obtain a small enough tree to be able to represent it
graphically, instead of the full image, a small crop has been processed corresponding to an area
of agricultural elds, presented in Fig. . a. All the presented pruned trees have been pruned
with the region homogeneity based pruning employing δp = dB. Finally, the leaves of the
pruned tree have been colored in green if they correspond to single pixels, that is, leaves of the
original BPT, and in red otherwise.

(a) ddg (b) dsg (c) ddw (d) dsw

Figure 4.15: Pruned BPTs using region homogeneity based pruning with δp = dB over
different trees constructed employing various dissimilarity functions. Pruned nodes are col-
ored in green if they are leaves or in red otherwise.

e analysis of the BPT morphology is a very difficult task, as it depends on the structure
of the PolSAR image itself, and it will not be addressed in this work. By the way, some general
differences may be observed when comparing the pruned BPTs obtained a er its construction
employing diagonal or full matrix dissimilarity measures. It may be seen that the trees obtained
with diagonal measures, shown in Figs. . a and . c, are less balanced than those obtained
with full matrix measures, represented in Figs. . b and . d. As a consequence, the pruned
BPTs obtained with diagonal measures appear thiner. Moreover, the pruned tree obtainedwith
the dsw dissimilarity measure contains single pixels near to the root node. Note that this is not



the desired structure for a BPT, as it is expected to nd large regions close to the root. However,
in this case a small piece of data has been processed, having only by pixels and, thus,
these results are not very representative. Unfortunately, the pruned BPT of the whole image
has thousand of nodes making very difficult its representation and analysis, which is out of the
scope of this work.

In the previous examples a qualitative comparison of the BPT pruning results has been per-
formed in termsof the obtainedPauli images. Note, then, that only the information correspond-
ing to the retrieved power in the Pauli basis of the estimated covariance Z is represented. In
order to do a broader analysis of the preservation of the polarimetric information, an additional
study is performed. e Entropy (H), Anisotropy (A) and averaged Alpha angle (ᾱ) decom-
position, as described in Section . . , will be employed in the following analysis to do a more
comprehensive assessment of the polarimetric information preservation. Fig. . shows these
parameters for the x multilook, the IDAN ltering and the proposed region homogeneity
based pruning for δp = − dB and δp = dB. e Entropy and Anisotropy are represented
from , in blue, to , in red color; the averaged Alpha angle is represented from ◦, in blue, to

◦, in red. In this case, the symmetric revised Wishart dsw has been employed for BPT con-
struction, corresponding, thus, to the same Pauli results shown in Figs. . b and . f.

A qualitative evaluation of the polarimetric decomposition parameters presented in Fig. .
reveals that the same colors may be seen on all the ltering processes, indicating that the polari-
metric information is roughlymaintained. Nevertheless, the BPT is able to perform an stronger
averaging over large homogeneous areas, as in the agricultural elds or in the forest, reducing
considerably the noise over these parameters. For δp = dB, over the forest area in the top of
the image, the Entropy H tends to whereas the Anisotropy A tends to , which ts with the
theoretical response for a random volume sca ering, as it is supposed to occur over forest [ ].
Additionally, the ability of the BPT to preserve small details may also be seen, specially over
the urban area in the center of the image. Some small spots may be seen on this area for the
multilook, specially on H and ᾱ, corresponding to point sca erers. ese details also appear
on the BPT results but without the characteristic enlargement of the multilook. e proposed
ltering scheme, then, improves the estimation of the polarimetric information both, in point
as well as in distributed sca erers, with respect to the multilook lter.

e comparison of these results is not clear due to the absence of ground truth. In order to
overcome this limitation when dealing with real data, some visually homogeneous areas from
the data may be selected in order to do a statistical analysis of the results obtained over these
areas. is analysis has been performed in this dataset over the three areas shown on Fig. . .



(a) H, 7x7 multilook (b) A, 7x7 multilook (c) ᾱ, 7x7 multilook

(d) H, IDAN (e) A, IDAN (f) ᾱ, IDAN

(g) H,dsw, δp = − dB (h) A,dsw, δp = − dB (i) ᾱ, dsw, δp = − dB

(j) H,dsw, δp = dB (k) A,dsw, δp = dB (l) ᾱ, dsw, δp = dB
H/A0 1

0º 90º

Figure 4.16: H/A/ᾱ of processed images with 7x7 multilook, IDAN and using region ho-
mogeneity based pruning.



Figure 4.17: Homogeneous zones manually selected over the original image for the quan-
titative analysis (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

e average results obtained over these areas for different lteringmechanisms are shown on
Table . . In this analysis, the original data is comparedwith the results of the x multilook, the
IDAN lter and theBPT regionhomogeneity based pruning strategy for δp = − dB,− dB and
dB values. To show the ability to preserve the elements of the covariancematrix elements, the
averaged value of the diagonal elements is displayed in theC toC columns. Additionally, the
real and imaginary parts of C element is also presented. Finally, the last three columns show
the averaged values obtained for the Entropy (H), Anisotropy (A) and averaged Alpha angle
(ᾱ) polarimetric decomposition parameters. As mentioned in Section . . , these parameters
require a full-rank matrix and, thus, they cannot be computed for the original image.

In order to compare the results obtained by the different techniques, the x multilook may
be used as a reference, as it corresponds to theMLE. In fact, it may be seen that it obtains values
close to the original data for all the covariancematrix elements. e BPT-based processing also
obtains similar values for all the different values of δp. However, for higher values of the prun-
ing threshold, when δp = dB, some values start to diverge from the original ones due to the
mixture of different regions that may not be so homogeneous. On the other hand, the IDAN
lter has a noticeable bias on the obtained values, tending to underestimate all the covariance
matrix elements. e presence of this bias has been mentioned in Section . . and it is dis-



Region Filtering C C C <(C ) =(C ) H A ᾱ
Original . . . . . - - -
ML x . . . . . . . .

Z IDAN . . . . . . . .
px BPT - dB . . . . . . . .

BPT - dB . . . . . . . .
BPT dB . . . . . . . .
Original . . . . - . - - -
ML x . . . . - . . . .

Z IDAN . . . . - . . . .
px BPT - dB . . . . - . . . .

BPT - dB . . . . - . . . .
BPT dB . . . . - . . . .
Original . . . . . - - -
ML x . . . . . . . .

Z IDAN . . . . . . . .
px BPT - dB . . . . . . . .

BPT - dB . . . . . . . .
BPT dB . . . . . . . .

Table 4.3: Mean estimated values over homogeneous areas for different speckle filtering
strategies.

cussed in [ ]. e authors have compensated up to a certain point this bias in [ ], but,
unfortunately, there is no free implementation of this lter in order to compare the results.

For the H/A/ᾱ parameters, represented in the last three columns of Table . , all the lters
obtain similar values, including the IDAN. Itmay seemodd that thebias in the covariancematrix
elements is not re ected into these parameters which, in fact, are extracted from the estimated
covariance matrix. is effect is caused by the relative nature of these elements, which do not
depend on the absolute power re ected by the target. Since the bias factor is roughly similar for
all the covariance matrix elements, it does not affect signi cantly the H/A/ᾱ parameters. e
comparison of the obtained values for these elements is not as straightforward as in the other
elements, since they may not be computed for original data. e multilook may be employed
as a reference but, although it is an unbiased estimator of the covariance matrix, it does have a
bias over theH/A/ᾱ parameters estimated indirectly from the obtainedZmatrices, as shownon
[ ][ ]. According to this work, the EntropyH and Anisotropy A are always underestimated
and overestimated, respectively, and increasing the number of looks reduces the bias. A similar
trendmaybe seen inTable . when increasing the pruning threshold δpwhich, in fact, increases
the obtained region sizes and accordingly the number of averaged samples, the obtained values
for H and A slightly increase and decrease, respectively, as the estimation bias is reduced. A
detailed mathematical characterization of the estimatedH/A/ᾱ parameters and its bias may be
found in Appendix A, while modeling the effect of the speckle noise with matrix perturbation



theory [ ]. Finally, some additional results with different SAR sensors may be found in the
Appendix B.

. . A S D

Amore detailed analysis of the obtained results may not be performedwith real data as we have
no knowledge of the ground truth. In order to conduct a thorough analysis, the true statistics
of the data must be known and also its detailed spatial distribution. is kind of information is
unknown for a real scenario as it is almost impossible to acquire.
To overcome these limitations, a synthetic dataset may be generated according to a given

arti cial ground truth in order to perform an in deep analysis of the obtained results. In this
section two different synthetic datasets will be employed to do a more detailed analysis of the
BPT-based PolSAR estimation techniques de ned in sections . . and . . .
Fig. . shows an example of the rst dataset employed. It corresponds to a by

pixels imagehaving equal size zones, as represented inFig. . a. e simulateddatahavebeen
generated employing the complexGaussian polarimetricmodel, as described in [ ], assuming
a re ection symmetric target, since most of natural targets are assumed to follow this model,
having a covariance matrixC of the form

C = σHH

 ρ√γ
ε

ρ∗√γ γ

 ( . )

where ∗ denotes the complex conjugate.

(a) (b) (c)

Figure 4.18: Simulated PolSAR dataset with 4 equal size zones. Z , Z and Z are as-
signed to blue, red and green channels, respectively. (a) Zones shape and numeration, (b)
and (c) one realization of the image with intensity variations and image ground-truth, re-
spectively.

According to the model presented in ( . ), three different datasets have been simulated,



employing γi = and εi = . and variations for σHHi and ρi in the different regions i = . . .

numbered as denoted in Fig. . a:

. Variations in intensity: ρi = . ; σHH = { , , , }

. Variations in correlation: ρ = { , . ejπ, − . , . e−jπ}; σHHi =

. Variations both in correlation and in intensity: ρ = { , . ejπ, − . , . e−jπ};
σHH = { , , , }

e idea behind these datasets is to generate simple images in order to make the interpreta-
tion of the obtained results as easy as possible. Moreover, the contrast between the different
regions varies in terms of the retrieved power or channel correlation, in order to compare the
sensitivity of the obtained BPTs to these traits of the data separately. Figs. . b and . c,
for instance, show one realization and the simulated ground truth for the rst dataset, having
variations in intensity.
To assess the obtained results X in comparison with the simulated ground truth Y, an error

measure is proposed ER, based on the averaged relative error measure per pixel [ ]

ER(X, Y) = nh · nw

nh∑
i=

nw∑
j=

‖Xij − Yij‖F
‖Yij‖F

( . )

where nh and nw are the image height and width in pixels, respectively,Xij represents the (i, j)th
pixel value of image X, that is, its estimated sample covariance matrix Z, and ‖ · ‖F denotes
Frobenius matrix norm. It is worth noting that the relative error measure de ned in ( . ) is
based on the inverse signal to noise ratio (SNR− ) averaged for all the pixels in the image.

e ltering error ER gures obtained over these three datasets employing the BPT pruning
based on the number of regions, as described in Section . . , may be seen on Fig. . . Each
chart shows the ER measure on the vertical axis, in dB, in terms of the number of regions N,
in the top horizontal axis, for different BPTs constructed employing most of the dissimilarity
measures de ned in Section . . , including diagonal and full-matrix measures. Additionally,
in the bo om horizontal axis the average region size is represented, corresponding to the total
number of pixels of the image divided by the number of regions, calculated as (nh ·nw)/N. Both
the horizontal axes are shown in logarithmic scale. ese plots have been obtained a er aver-
aging the outcome of different realizations of each dataset. ese results are also compared
with those of themultilook or Boxcar lter, for different window sizes. Note that for the Boxcar
lter, the bo om horizontal axis represents the total size, in pixels, of its averaging window, i.e.

the n in ( . ). In order to be able to apply the full-matrix dsw ( . ) and dwr ( . ) dissimilarity



measures an initial x multilook ltering has been applied to get full-rank matrices. e stan-
dard deviation values over the realizations have also been represented for the multilook and
for the dsw case. e rest of the BPT based curves present similar standard deviation values to
the dsw, but they have not been represented to make the plots more readable.

When analyzing the ER relative error results obtained in Fig. . two completely different
behaviorsmay be observed. Figs. . a and . c present very similar trendswhereas Fig. . b
shows a distinct evolution. In fact, when there are variations in intensity, those dominate among
the variations in correlation, as they are muchmore important in terms of the ER measure than
the variations in correlation. In Figs. . a and . c, for small values of the region size, the
results from the BPT and the multilook present similar values, as the effect of the region mix-
ture in the multilook is negligible. However, when the region size increases, while reducing
the number of regionsN, the curve of the multilook starts to increase in terms of relative error.

is is produced by the fact that the error commi ed by the region mixture is larger than the
reduction in speckle when increasing its window size. en, according to the ER measure, the
optimum multilook window size will be by pixels, corresponding to a region size of in
Fig. . . e plots of the BPT based ltering continue its trend, decreasing when the region
sizes increases. Here, the spatial adaptation of the BPT avoids the region mixture over the re-
gion contours, allowing the increase of the number of pixels averaged, resulting in an additional
reduction of the error due to the speckle noise reduction over the data. eoretically, the best
resultsmay be obtained for regions, when pruning the BPT atN = , as the simulated ground
truth has exactly regions. As it may be seen, most of the BPT based plots achieve its optimum
near regions, except when employing the ddr measure. If the number of regionsN is reduced
below regions, the region mixture is unavoidable, resulting into large values of ER.

On the other hand, when only variations on correlation are present, as shown in Fig. . b,
results are completely different. Note that the correlation between channels is contained in the
off-diagonal elements of the covariance matrix and, then, only the full-matrix measures dsw and
dwr are sensitive to them. en, the regions generated when employing ddn ( . ), ddr ( . )
and ddw ( . ) dissimilarity measures rapidly start mixing non-homogeneous regions, since
they can not adapt to the spatial morphology, and never improve the multilook lter perfor-
mance. Conversely, full matrix measures dsw ( . ) and dwr ( . ) can adapt to the image spatial
morphology, avoiding the regionmixture effect, and achieving be er results than themultilook
lter. It is worth noticing that, in Fig. . b, the intensity is constant over the entire image.
en, the mixture of different regions do not have such a dramatic impact in ER as in Fig. . a

and . c. is also explains why the minimum of the Boxcar relative error occurs at region
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(c) Variations both in correlation and in intensity

Figure 4.19: Relative error measure for simulated images with 4 equal size zones filtered
with a BPT pruning based on the number of regions. The lines have been obtained averag-
ing the results of 25 simulated realizations.



sizes about - pixels, equivalent to a x multilook ltering.
When comparing the results obtained for all the dissimilarity measures in the three cases,

it may be seen that they present different behaviors also in terms of the number of regions N.
e Wishart based dissimilarity measures dsw and ddw present the most stable behavior, having

a constant decrease in terms of ER when decreasing the number of regions N. e ddn and ddr
measuresmay present be er values of relative error than the othermeasures at someN, but they
do not have a constant behavior and are only sensitive to diagonal elements of the covariance
matrix. eWard relative dissimilaritymeasuredwr presentsmore error than theothermeasures
but it is the only one that has a clear minimum inN = for all cases. However, when there are
no variations in intensity, the full matrix measures are the only ones that can adapt to the spatial
contours and improve the Boxcar lter performance, as shown on Fig. . b.

(a) Boxcar 3x3 (b) Boxcar 9x9 (c) Boxcar 15x15

(d) ddn, N = (e) ddw, N = (f) dwr, N =

(g) dsw, N = (h) dsw, N = (i) dsw, N =

Figure 4.20: Boxcar and BPT pruning based on the number of regions results for one of
the simulated PolSAR images with variations in both correlation and intensity employing
different dissimilarity measures. Z , Z and Z are assigned to blue, red and green chan-
nels, respectively.



For the visual inspection of the obtained results, Fig. . shows the outcome of the multi-
look ltering and the BPT pruning based on the number of regions when employing different
dissimilarity measures andN parameter values.

e rst row, Figs. . a to . c, shows the Boxcar lter results for window sizes from x
to x . As it may be seen, when increasing the size the effect of the speckle gets also re-
duced. However, the impact of the region mixture near contours gets also increased, resulting
into blurred transitions between regions. On the second row, Figs. . d to . f, the number of
regionsN parameter is set to and results are shown for different dissimilaritymeasures: ddn,
ddw and dwr. All of them are able to detect the main contours of the image avoiding the region
mixture, for this value ofN. Note that the contours within each of the four regions may be con-
sidered as random, as there are no contours in the simulated ground truth and, consequently,
these contours are produced by the effect of the speckle noise. e third row, composed by
Figs. . g to . i, shows the obtained results over the BPT constructed employing the sym-
metric Wishart dsw measure for different values of N. Fig. . i depicts the obtained result for
N = , corresponding to the real number of regions in the simulated ground truth. As itmay be
seen, the obtained regions are very close to this ground truth, shown inFig. . c, with small dif-
ferences on the region contours. is similarity is also con rmed by the small values observed
in terms of the relative error measure ER.

e same analysis have been performed with the region homogeneity based pruning, as de-
scribed in Section . . . Fig. . shows the results a er applying this pruning strategy to the
different BPTs constructed employing all the dissimilarity measures de ned in Section . . .

ese plots show the relative error measure ER, de ned in ( . ), in the vertical axis in terms
of the pruning threshold δp in the horizontal axis. In these plots both axes expressed in dB. As
in Fig. . , the results have been obtained a er averaging the outcome of different realiza-
tions of each simulated image. Again, the values of the standard deviation are shown for the
symmetric revisedWishart dissimilarity dsw.

When comparing Figs. . a to . c itmay be seen that all of thempresent a similar trend, as
opposed toFigs. . a to . c. For all the plots, there is a clearminimum for all the dissimilarity
measures, that may be located around δp = − dB. Moreover, when there are variations on
intensity, as in Figs. . a and . c, a wide range of values for δp may be chosen having a near-
optimumbehavior. is is produced by the fact that the regionmixture on these cases produces
a strong increase in the region homogeneity measure and then, the pruning factor has to be
substantially increased in order to prune this non-homogeneous regions. On the other hand,
when there are only variations in correlation the effect of the regionmixture ismuchmore subtle
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Figure 4.21: Relative error for simulated images with 4 equal size zones filtered with the
region homogeneity based pruning. Results have been obtained averaging 25 realizations.



in termsof thehomogeneitymeasure, but there is also aminimumat the samepruning threshold
value δp = − dB.

e minimum values, in terms of the relative error measure, obtained by the region homo-
geneity based pruning, represented in Fig. . , are roughly the same than in the pruning based
on the number of regions, as shown in Fig. . , as the same regions may be obtained from the
corresponding BPTs. However, the region homogeneity based pruning has the advantage of
having a predictable behavior and the same optimum pruning threshold value, independently
of the image content or dissimilarity measure employed for BPT construction. Additionally,
when there are only variations in correlation, as represented in Fig. . b, it may improve some-
what the results obtained by the pruning based on the number of regions for diagonalmeasures,
as the homogeneity measure is sensitive to the full covariance matrix information, mitigating
slightly the limitations of these measures.

Fig. . shows the results obtained a er applying the region homogeneity based pruning
to one realization of the dataset having variations in both correlation and intensity. Figs. . a
to . f show the results of the region homogeneity based pruning with a threshold value of
δp = − dB, which produces the optimum ER value in all the datasets, for the different BPTs
constructed employing various dissimilarities measures. As it may be seen, on all of them the
regions of the image are clearly obtained. e main variations among them lies in the precision
of the contours retrieved and the presence of some small regions within the squares that only
correspond to speckle features. e best results seem to be obtained by the full-matrixmeasures
dsw, dwr and dsg. Additionally, in order to show the obtained results evolution when varying the
pruning threshold δp value, Figs. . g to . l depict the obtained results for the homogeneity
based pruning pruning with threshold values from δp = − dB to δp = − dB. For these
results the geodesic dissimilarity measure dsg has been employed in all cases. As mentioned
before, there are a wide range of values for the pruning threshold δp that produce the optimum
result, as it may be seen from Fig. . j to . l.

When comparing both BPT pruning strategies, represented in Figs. . and . , it is worth
tomention that the simulated imagehaving equal size regions is not complex enough tobe rep-
resentative. In fact, one of the most remarkable bene ts of the region homogeneity BPT based
pruning is its ability to extract homogeneous regions of different sizes, as stated in Section . . .

ese advantages have been clearly seenwhen processing real data, as itmay be observed on the
results presented in Section . . . e simulated datasets employed in the previous analysis do
not present this level of structural complexity, as they only have equal size regions. Although
they may be useful to understand and interpret the obtained results, they may not be realistic.



(a) ddn, δp = − dB (b) ddr, δp = − dB (c) ddw, δp = − dB

(d) ddg, δp = − dB (e) dsw, δp = − dB (f) dwr, δp = − dB

(g) dsg, δp = − dB (h) dsg, δp = − dB (i) dsg, δp = − dB

(j) dsg, δp = − dB (k) dsg, δp = − dB (l) dsg, δp = − dB

Figure 4.22: BPT homogeneity based pruning results for one of the simulated PolSAR im-
ages with variations in both correlation and intensity employing different dissimilarity mea-
sures and prune thresholds. Z , Z and Z are assigned to blue, red and green channels,
respectively.

en, in order to obtain a more representative results, the simulated ground truth may de-
scribe a more realistic complex scenario, similar to a real PolSAR image. Ideally, it should con-
tain large homogeneous areas, like agricultural elds, and also small details, like the corner re-
ectors or the urban area, as seen before. Moreover, it would be desirable that the covariance
matrix C for every region represents realistic values that can be found in real data. erefore,



in order to accomplish the previously mentioned requirements, a ground truth may be gener-
ated by a segmentation of a real image. Since a manual segmentation is not affordable, due to
the large number of small regions and details of a real image, a segmentation technique may be
employed. To generate this realistic ground truth, the BPT region homogeneity based prun-
ing with a pruning factor δp = − dB has been employed over the tree constructed with the
geodesic dissimilarity dsg presented in ( . ). Figs. . a and . a present the by pixel
crops of theOberpfaffenhofen dataset and Figs. . b and . b represent the obtained regions
a er applying the previously mentioned BPT pruning strategy.

(a) Original crop (b) Filtered (dsg, δp = − dB)

Figure 4.23: Pauli representation of the original and filtered images of an agricultural area
(|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

As it may be seen on Figs. . and . , both images have large and small homogeneous
regions but they correspond mainly to an agricultural area and a urban area, respectively. Con-
sequently, Fig. . a is dominated by large regions whereas on Fig. . a amuch higher number
of small details may be observed. Indeed, the number of regions of the ground truth images are

for the agricultural zone and for the urban zone.
en, in order to simulate a realistic ground truth, the images represented in Figs . b and

. b may be employed as a ground truth for the simulation process. Note, however, that these
resultsmay not correspond to the real ground truth of theOberpfaffenhofen dataset, due to seg-
mentation and modeling errors of the region homogeneity based pruning employed for their
generation. Nonetheless, they are good choices for an analysis with simulated data as they have



(a) Original crop (b) Filtered (dsg, δp = − dB)

Figure 4.24: Pauli representation of the original and filtered images of an urban area
(|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

large and small regions with shapes and polarimetric information thatmay be close to the struc-
ture and content of a real PolSAR image.

BPT-Based

Filtering
Ev

Ground truth N Realizations

Y

X
E(X,Y)

Figure 4.25: Evaluation process scheme for a simulated dataset.

A set of synthetic images may be generated from the ground truth images, represented in
Figs . b and . b, that may be employed for testing the performance of the region homo-



geneity based pruning. e whole simulation and evaluation scheme has been represented in
Fig. . , which corresponds to the same evaluation process performed before for the -region
images datasets.

In order to perform this analysis, the set of realizations are processed with the proposed BPT
based technique employing different dissimilarity measures and pruning thresholds and they
are compared against the simulated ground truth. For this comparison with the ground truth,
which is denoted as E(X, Y) in the scheme, the relative error measure ER is employed, that has
been de ned previously in ( . ). Figs. . a and . a represent one simulated realization of
the ground truth images described before. As outlined in Fig. . , these images are processed
with the BPT proposed technique in order to obtain ltered images, which are also depicted
in Figs. . b and . b, respectively. It is worth noticing the similarity of these images with
Figs. . b and . b, showing the ability of the BPT to obtain the originally simulated ground
truth.

(a) One realization (b) Realization filtered (dsg, δp = − dB)

Figure 4.26: One realization of the agricultural simulated ground truth and the corre-
sponding filtered image (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

As a rst step, the performance of the multilook ltering will be assessed in this complex
simulated environment. Table . shows the ER measure obtained for the original simulated
realizations and a er processing them with the multilook ltering employing various window
sizes.



(a) One realization (b) Realization filtered (dsg, δp = − dB)

Figure 4.27: One realization of the urban simulated ground truth and the corresponding
filtered image (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

Agricultural zone Urban zone
No ltering . .
x multilook - . - .
x multilook - . .
x multilook - . .
x multilook - . .

Table 4.4: Relative error ER, in dB, for original and multilook filtered realizations.

As one might expect, similar relative error values are obtained for the original realizations
in both zones. However, when applying the multilook, different trends are observed for both
cases. On the agricultural zone the best window size is x whereas on the urban zone it is
around x . Moreover, the amount of error obtained in the agricultural area is much lower than
the oneobtainedon the urban area. ese differences are causedby the distinct spatial structure
of both areas. e agricultural area is composedmainly by large homogeneous elds and, then,
a higher amount of ltering may be performed without a signi cant inhomogeneous region
mixture. On the other hand the urban area is composed by a large number of small regions and,
consequently, the heterogeneous region mixture effect appears even for small window sizes,
increasing the ER measure.

e same analysis has also been performed to the region homogeneity based pruning, as de-
picted in Fig. . . Results for the agricultural area are shown in Fig. . for the BPTs con-



structed employing the diagonal and full-matrix Wishart and geodesic dissimilarity measures:
ddw, dsw, ddg and dsg. Figs. . a and . b show the achieved relative errorER and the number of
pruned regions in terms of the pruning threshold δp, respectively. Moreover, Fig. . c shows
the relative error in terms of the number of regions pruned in the BPT pruning process.

As it may be seen in Fig. . a, there is a minimum value of ER for a pruning threshold value
slightly below δp = − dB, which is located at the same point for all the BPTs constructed
employing various dissimilarity measures. is result is consistent with the previous results
employing the regions simulated datasets, as shown in Fig. . . Moreover, for all the dis-
similarity measures this minimum value of ER is clearly below the best value obtained by the
multilook, which is represented in Table . , demonstrating its ability to outperform the mul-
tilook for speckle ltering by adapting to the spatial structure of the image, even in a complex
scenario. When comparing the results obtained by the different dissimilarity measures, it may
be seen that the geodesic set of measures achieves be er results than the Wishart based mea-
sures. Additionally, the diagonal measures ddw and ddg a ain slightly lower ER values than their
full-matrix counterparts dsw and dsg, respectively. is observation may seem contradictory as
theoretically the full-matrix measures are sensitive to the full polarimetric information, being
able to adapt to additional features than diagonal measures, as reported in the previous analy-
sis with the squares datasets. However, it may be related with the fact that the ER measure
is more sensitive to the power information, as stated before, which is contained in the diago-
nal elements of the covariance matrices. Note that nowadays there is not a clear measure to
evaluate properly the full matrix information preservation and probably the relative error mea-
sure ER presents some limitations in this regard. Nevertheless, the full-matrix measures have
some important advantages in preserving the full polarimetric information under the Gaussian
hypothesis, as it may be seen in Figs. . and . .

Fig. . b shows the number of pruned regions, or, equivalently, the leaves of the pruned
tree, according to the pruning threshold δp value. For a be er readability the vertical axis, cor-
responding to the number of pruned regions, is represented in logarithmic scale. It may be seen
that, in general, the geodesic dissimilarity measures achieve a smaller number of regions for a
given δp value than theWishart based measures. Note that the pruning threshold δp parameter
xes the maximum amount of relative MSE accepted per region, corresponding to the homo-

geneity measure previously de ned in ( . ). en, a smaller number of regions means that
the pruned regions obtained are larger while being equally homogeneous, as they have been
pruned with the same relative MSE threshold, resulting in a simpler segmentation and a be er
polarimetric estimation. Consequently, it may be deduced that the geodesic based measures
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Figure 4.28: Parameter evolution for different values of δp and dissimilarity measures over
the agricultural zone.



achieve a be er adaptation to the scene spatial structure, as they obtain larger homogeneous
regions than theWishart basedmeasures. Moreover, if full-matrix measures are compared with
diagonal ones, two different situations are observed. For pruning threshold below the opti-
mum, that is, δp < − dB, the full-matrix measures dsg and dsw achieve be er results, having a
smaller number of pruned regions, than their diagonal counterparts ddg and ddw, respectively.
However, for larger values of the pruning threshold, δp > − dB, the opposite situation is no-
ticed. is fact means that full-matrix measures are able to achieve a be er adaptation to the
structure of the scene when the regions obtained may be considered as homogeneous, specif-
ically for small values of δp. As mentioned before, for a larger values of the pruning threshold,
when the heterogeneous region mixture becomes evident, as it is represented by an increase in
ER, the sample covariance matrix Z is not able to properly represent statistically the sca ering
process of the region. For this pruning threshold values, the BPTs constructed employing full-
matrix measures achieve a poorer performance in terms of spatial adaptation. Nonetheless, for
this application we are usually interested in having homogeneous regions and, then, in this situ-
ation dissimilarity measures employing the full matrix information obtain larger homogeneous
regions resulting in a be er contour detection.

Additionally, Fig. . c shows the relative error ER measure versus the number of pruned re-
gions that are obtained when varying the δp parameter. e set of ER values obtained are the
same that are represented in Fig. . a, but it may be clearly seen that the minimum ER value is
obtained for a different number of pruned regions on each plot. In fact, the BPTs constructed
employingWishart basedmeasures obtain the bestER values at about regions, while if the
geodesic measures are employed then this point is achieved at about regions. As men-
tioned before, the number of regions of the ground truth for the agricultural zone is . is
gives some idea of the spatial adaptation performance of the proposed technique. It can also
be seen that the minimum point is a ained at slightly lower number of regions for full matrix
dissimilarities than for diagonal ones.

Fig. . shows the same gures than Fig. . for the urban area crop presented in Fig. . .
As in the previous case, the outcome of realizations have been averaged to reduce the noise
over the plots. Fig. . a represents theERmeasure versus the pruning factor value δp. As itmay
be expected, there is a minimum for all the lines almost in the same position than in Fig. . a,
at − dB < δp < − dB, but the values of these minimums in urban area are lower in terms
of ER than the values obtained in the agricultural area. Indeed, the difference between the ER

obtained at δp = − dB and theminimumpoint is not as large as in Fig. . a. is contrast be-
tween both results are produced by the distinct spatial structure of both images. As mentioned
previously, the urban area is composed mainly by a large number of small regions and, then,



there are a smaller number of homogeneous samples for each target to estimate its response.
Consequently, the possible amount of speckle ltering is inherently reduced, as there is no op-
portunity to achieve such a large ltering as in the agricultural area. However, it is worth to
mention that the obtained ER values are still be er than those obtained by the multilook, rep-
resented in Table . , as the spatial adaptation avoids the mixture of adjacent targets. When
comparing the results obtained employing different dissimilarity measures, the same conclu-
sions extracted for the agricultural area dataset apply, although over urban area the differences
in term of ER between diagonal and full matrix dissimilarities are larger. is factmay be caused
by the inability to estimate properly the off-diagonal elements of the covariance matrix over
such a small regions having few samples available, confusing the full-matrix measures that rely
on them for the region similarity computation.

Fig. . b shows similar trends to Fig. . b, having almost the same shape. However, the
vertical axis scale, corresponding to the number of regions, presents larger values, since the
structure of the urban areas is much more complex, resulting in a higher number of regions
for a given pruning factor δp. An analogous effectmay be observed on Fig. . c, where the best
results in terms of ER are achieved at about regions for the geodesic based dissimilarities
and at about forWishart based dissimilarities. As described before, the ground truth for
the urban area contains regions, so there is approximately the same relation between the
number of pruned regions for the minimum ER a ained and the ground truth regions for the
agricultural and the urban areas.

Comparing the results with simulated data presented in this section with those presented
in Section . . it may be seen that the δp values employed differ substantially. When dealing
with real data, the typical pruning threshold values range from − dB < δp < dB whereas
on the previous analysis with simulated data the best ER values are obtained for values around
− dB < δp < − dB. As an example, Figs. . b and . b correspond to similar results but
the former has been obtained from real data at δp = − dB whereas the la er from simulated
data with δp = − dB. is disparity implies that the simulated data aremore homogeneous, in
terms of the homogeneitymeasure, than the real data. is factmay be caused due to additional
features that are present in real data and are not taken into account within the region model
simulated, which is the complexGaussian polarimetricmodel. ese additional featuresmay be
consideredas the region texture and, since they arenotproperlymodeled, thepruning threshold
δp has to be increased in order to absorb thesemodeling errorswhenprocessing real data. When
the synthetic data are generated, this texture is not reproduced as it is not contemplated in the
model and, then, it is not necessary to increase the pruning factor to assimilate the modeling
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Figure 4.29: Parameter evolution for different values of δp and dissimilarity measures over
the urban zone
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. BPT C S

As a multi-scale data abstraction, the BPT structure contains a large amount of useful informa-
tion about the image structure at different detail levels, as mentioned before. In this section the
coastline segmentation is brie y presented in order to illustrate a different application based
on a completely different pruning mechanism than the polarimetric estimation presented in
previous sections.

(a) Original Pauli (b) BPT based coastline segmenta-
tion

H

0

1

Figure 4.30: Pauli RGB image of Barcelona (a), and BPT based coastline segmentation
(b). The revised Wishart dissimilarity dsw has been employed for the BPT construction
(|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

Fig. . a presents a PolSAR image of Barcelona, Spain. is image is a × -pixel cut
of a C-band Pauli DARSAT- image that was acquired inNovember, th , in ne quad
polarization mode, with nominal resolution of . m × . m. Over the sea, a zoom rectangle
shows a detailed area corresponding to the Forum harbor of Barcelona. e coastline segmen-
tation result is shown on Fig. . b, where regions may be seen, corresponding to the sea and
the land on the image. e color of each region corresponds to its Entropy (H) parameter in



Fig. . b. To generate this result, the BPT has been constructed employing the symmetric
Wishart dissimilarity measure dsw ( . ) and, as a pruning strategy, the twomost different of the
tree has been extracted, that is, the two sons of the root node.
As it may be seen, the coastline is clearly detected as the contour between the two obtained

regions. Additionally, due to the ability of the BPT to preserve contours and small details, some
small and thin structures like the breakwaters of the Forumharbor are preserved in the segmen-
tation. Indeed, all thesedetails are detectedon the lower levels of the tree and they are transfered
to the larger regions of the BPT, as shown in Fig. . b.
While the polarimetric estimation is based on the extraction of the homogeneous regions of

the tree, corresponding to smaller regions, this application is focused on the largest ones. e
example presented in Fig. . exhibits the bene ts and usefulness of a multi-scale representa-
tion like the BPT for data representation and interpretation.
It is worth noticing that, as mentioned in Section . . , the sample covariance matrix Z em-

ployed as a region model, is not able to properly represent homogeneous regions of the image.
In the coastline segmentation example, represented in Fig. . b, the region corresponding to
the land area, represented in red color, is strongly heterogeneous, as it contains a mixture of
urban areas, agricultural elds, mountains, etc. Indeed, it may be seen that this area has a large
Entropy, as red color correspond to H = , due to this combination of different types of scat-
tering processes. Nevertheless, a meaningful segmentation result is obtained since, in this case,
the other region containing the sea area corresponds to a quite homogeneous area. However,
in general, for a proper representation of inhomogeneous areas more complex region models
should be employed in the BPT representation. is issue will be further discussed and ana-
lyzed later, in Section . , where some additional models are de ned to handle, up to a certain
point, with inhomogeneous regions.



Wemust use time as a tool, not as a coach.

John F. Kennedy

5
Polarimetric SARTime Series BPT based

Processing

I the construction of temporal series datasets has grown signi cantly,
driven by the growing presence of space-borne SAR systems. ese datasets consist of differ-
ent acquisitions of the same area collected at different dates, due to the ability of space-borne
sensors to revisit periodically and under the same geometry the scene. e importance of these
data relies in that they contain useful information not only concerning the scene but also re-
lated to its temporal evolution and dynamics. Nevertheless, the analysis and exploitation of this
information from SAR time series is a challenge that is only just beginning to be studied and
developed.

is chapter deals with all the concepts related to the extension of the previously de ned
BPT data abstraction to represent and exploit PolSAR time series datasets. Two different alter-
natives are proposed for this extension and the strengths and limitations of both approaches are
analyzed and discussed. Apart from the previously mentioned speckle ltering application, on
which this thesis is focused, an additional applicationwill be proposed in order to study the vari-
ability of the scene. is application gives an idea of the potentialities of the BPT abstraction



and its usefulness for the analysis and interpretation of the temporal dimension of the data.

. T T D D

On the time series datasets, the temporal dimension comes into play. When considering these
data, particular a ention should be paid to the modeling of this dimension, as it will de ne the
nal representation obtained and its interpretation. In this work, two different BPT approaches
are de ned depending on the target modeling in terms of the temporal dimension. In order to
simplify the processing and the analysis, in the following it will be assumed that all the acquisi-
tions are properly co-registered, that is, the area of the scene represented by the pixel at position
(i, j) is the same for each acquisition of the dataset.

e two proposedmodeling alternatives differ on the way they characterize a target on these
time series datasets. e additional information contained within the temporal dimensionmay
be considered as an additional dimension of the data or as an additional feature of the target.

e following sections give a more detailed description of these assumptions and their corre-
sponding consequences in terms of data modeling and interpretation.

. . T A D D

On the one hand, it may be assumed that a target is characterized by the statistics of its po-
larimetric response, as performed in single PolSAR image data processing, which has been de-
scribed in Chapter . Note that, under this assumption, different target responses may be ob-
served for a resolution cell on each acquisition, resulting into distinct targets detected at differ-
ent time instants over the same area. is fact implies that time series datasets are composed
by three-dimensional data, corresponding to the space and time dimensions. In this context, then,
the temporal dimension is employed as an additional source of data [ ].

e immediate consequence is that the amount of available samples gets increased according
to the number of acquisitions of the dataset. A dataset havingN acquisitions containing nr and
na pixels in range and azimuth dimensions, respectively, is composed of nr · na · N elements.
It is worth noticing that, according to this assumption, the sample covariance matrix Zmay be
estimated, as described in ( . ), employing homogeneous samples of different acquisitions.

is involves an improvement in terms of the estimated Z as the number of available samples
may be increased while also reducing the effect of speckle noise. However, this also implies that
an adaptation is needed in the space-time dimensions in order to avoid heterogeneous samples
mixture, whichmight bemore complex due to the higher dimensionality. Moreover, since sam-
ples of different acquisitions are combined, the interferometric information of the data cannot



be exploited with this approach.

. . T A D T

On the other hand, it may be assumed that a target is not de ned by a constant response, but a
particular temporal evolution is associated with each target. en, its response changes among
the temporal dimension following a particular trend de ned by this evolution. Under this as-
sumption, the target may be characterized by its response dynamics according to the temporal
dimension. To this end, the statistics of the extended sca ering vectorkemaybe employed [ ]

ke =
[
kT kT . . . kTN

]T
( . )

where ki represents the sca ering vector at the i-th acquisition, as de ned in Section . . and
N represents the number of acquisitions in the dataset.
Following the same rationale than in Section . . , the extended sample covariance matrix

Ze may be de ned, corresponding to the estimation of the covariance matrix of ke, containing
all the information to completely characterize it under the Gaussian hypothesis

Ze = 〈kekHe 〉n =


Z Ω · · · Ω N

ΩH Z · · · Ω N
...

... . . . ...
ΩH

N ΩH
N · · · ZNN

 ( . )

where Zii corresponds to the by sample covariance matrix representing the polarimetric
information of the i-th acquisition, as expressed in ( . ), and Ωij is a by complex matrix
representing the correlation between the acquisitions i and j.
Note that, in this scenario, the additional information provided by the temporal dimension

of the data is employed to improve the target characterization by including this information into
its description, resulting into the extendedmatrixZe. en, the individual data elements are not
the original pixels of each acquisition, but the complete set of collocated pixels among all theN
acquisitions, as described by ( . ). erefore, havingN acquisitions containing nr and na pixels
in range and azimuth dimensions, respectively, results into a dataset having nr ·na elements with
an extended sample covariance matrix Ze composed ofN× N by matrices. However, since
Ze is hermitian, it only contains (N + N)/ independent by matrices. So, this assumption
results into two-dimensional data, corresponding to the spatial dimensions, similarly to the single
PolSAR image case.
Comparing this approach with the one presented in Section . . , it has the disadvantage of



not allowing the increase in the number of samples combined, as the number of samples in the
dataset is independent of the number of acquisitions N. However, this concept allows a more
detailed target characterization when employing the extended Ze matrix, making possible, for
instance, the exploitation of the interferometric information, which may be extracted from the
Ωij matrices.

. BPT R P SART S

Two alternatives have been proposed for dealing with the temporal dimension of the data, as
described in Sections . . and . . . e BPT abstraction, described in Chapter , may be
extended to represent PolSAR time series according to these hypotheses [ ], as described in
the following.

ese sections are focused on the generation of the BPT structure from the original PolSAR
time series, by de ning the core concepts over these datasets, as described in Section . . Addi-
tionally, these concepts are related with their equivalent notions when processing PolSAR data,
as they have been de ned previously in Section . .

. . S -T BPT

When considering the temporal information as an additional dimension of the data, just as de-
scribed in Section . . , a three-dimensional dataset is obtained [ ]. ese correspond to the
space and time dimensions and, consequently, this BPT representation will be called Space-
Time BPT (ST BPT) [ ].
In order to apply the BPT construction process, some elements have to be de ned for this

. Data connectivity. e obtained BPT will contain connected regions of the data. en,
in this case, the data connectivity has to be de ned over the space-time domain. Over
the spatial dimension, each pixel will be connected with its neighbors, as it has been
de ned for PolSAR data in Section . . . In the temporal dimension, each pixel will be
connected with the pixels located on the same position in the acquisitions just before
and a er in the temporal dimension, resulting into the -connectivity [ ][ ], which
has been represented in Fig. . .

. Regionmodel. Under this approach, as described in Section . . , a target is characterized
by its polarimetric response. en, the sample covariancematrixZ, de ned in ( . ), may
be employed for its description, as it completely describes the sca ering process under
the Gaussian hypothesis. However, note that in this case the sample covariance matrix



may be computed by combining samples of different acquisitions, as the connected re-
gions of the data may cover different images by expanding over the temporal dimension.

. Similarity measure. To apply the BPT construction process described in Algorithm . ,
the similarity between adjacent regions has to be computed. Note that this is a measure
de ned over the region model space, which is the same model employed for processing
PolSARdata. en, all the dissimilaritymeasures previously de ned in Section . . may
be employed to construct the ST BPT.

Figure 5.1: Space-Time BPT pixel connectivity. Each pixel, represented in blue, has 10
neighbors, colored in red.

As a consequence, the resulting ST BPT data abstraction is composed of connected regions
of the data in the space and time dimensions presenting a similar polarimetric response. is
means that the obtained regions cover pixels of different acquisitions having a similar Zmatri-
ces, according to the employed dissimilarity measure. As mentioned previously, this may allow
an increase in the number of samples per region, improving the polarimetric information esti-
mation by expanding regions in the temporal dimension. However, due to the adaptation to
the data morphology, this expansion may only be possible if there are no changes in the tar-
get among the different acquisitions, as its Z matrix will change, resulting into the mixture of
heterogeneous samples. Consequently, when there is a target change among two adjacent ac-
quisitions, a contour in the temporal dimension is observed.

It is worth noticing that, since in the ST BPT approach the temporal information has been
employed as an additional dimension of the data, a change in the data connectivity has to be
performed to adapt to the new dimensionality, but the regionmodel and dissimilaritymeasures
have been maintained with respect to the single PolSAR image BPT abstraction. is fact may
give an idea of the simplicity of the adaptation of the BPT processing scheme to a different data
type or layout.



. . T E BPT

e temporal information may also be employed to improve the characterization of the target
sca ering process, as described in Section . . . As a consequence, each target is characterized
by a particular temporal evolution [ ], that may be described by the extended model Ze, as
detailed before. erefore, this approach will be called Temporal Evolution BPT (TE BPT)
[ ].
As for the ST BPT, the following elements have to be de ned in order to construct the TE

BPT from the original data [ ]

. Data connectivity. Note that in this case a two-dimensional dataset is obtained, as the
temporal information is included within Ze. en, the same -connectivity scheme em-
ployed before, shown in Fig. . , may be applied for this data.

. Regionmodel. In this approach the whole temporal evolution of the target has to be taken
into account, as mentioned in Section . . . e extended sample covariance matrix Ze

has been de ned in ( . ) for this purpose and it may be employed as a region model in
the TE BPT representation.

. Similarity measure. is measure is de ned in the region model space and, as a con-
sequence, it has to be de ned over the Ze matrix. In Section . . , some dissimilarity
measures have been de ned over the sample covariance matrix for PolSAR data. e ex-
tended sample covariance matrix Ze contains the polarimetric information of the target
at the i-th acquisition on the sub-matrix Zii, as explained before. erefore, a modi ca-
tion of the previously de ned dissimilaritymeasures is proposed to take into account the
full sequence of polarimetric matrices. For instance, the extended geodesic dissimilarity
measure dg between two regions A and Bmay be de ned as

dg(A,B) =

√√√√ N∑
i=

∥∥∥log(Z− /
Aii ZBiiZ

− /
Aii

)∥∥∥
F
+ ln

(
nAnB

nA + nB

)
( . )

where ZAii represents the Zii component of the A region, as shown on ( . ).

It is worth noticing that the rst part of ( . ) corresponds to euclidean norm of the geodesic
dissimilarity terms, the term depending on the covariancematrix in ( . ), corresponding to the
entire sequence ofZiimatrices. e termdepending on the region size has beenmaintained un-
altered as it only concerns the number of pixels within the region, having nothing to dowith the
polarimetric modeling. e same idea may also be applied to extend other similarity measures.



Moreover, the dissimilarity measure extension proposed in ( . ) ignores the information
contained within theΩij matrices. Indeed, the dsg dissimilarity measure de ned in ( . ) could
be applied directly to the whole Ze matrix. However, this approach will involve some limita-
tions as the information contained within the Ωij is different to the one contained in the Zii

matrices. e Ωij matrices contain interferometric information, having a distinct nature than
the polarimetric information, that depends on the spatial baselines, topography, subsidence,
etc [ ] which prevents a direct comparison between them. Additionally, in order to employ
the whole Ze matrix for a full-matrix measure, it is required to be full-rank, involving a large
initial ltering of, at least, N independent samples for matrix regularization [ ]. is may
be a problem even for a small number of acquisitionsN, requiring a large averaging and reduc-
ing the spatial resolution. On the other hand, the proposed extension in ( . ) employs the full
polarimetric information among all the acquisitions, under the Gaussian hypothesis, and only
requires a small matrix regularization process employing at least independent samples, as in
the single PolSAR image BPT based processing.

e nodes of the TE BPT represent spatial regions of the scene having a similar polarimetric
temporal evolution, that is, regions presenting a similar sequence of Zii matrices according to
the dissimilarity measure. Although it may not increase the number of averaged samples, as in
the case of the ST BPT, the TE BPT may improve the target characterization, as it takes into
account the temporal evolution information, resulting into a be er identi cation of targets and
a more accurate region contours over the scene.

In the TE BPT the region model has been changed and, as a consequence, the dissimilarity
measure has been alsomodi ed accordingly. Despite these changes, the rest of the concepts and
algorithms presented inChapter may be applied directly. is is possible thanks to the generic
description of the BPT and its related modeling notions. en, the adaptation performed on
the TE BPTmay serve as an example for the process of changing the region model in the BPT
data abstraction.

It isworthmentioning thatbothSTBPTandTEBPTapproaches, presented inSections . .
and . . , may be seen as a generalization of the single PolSAR image BPT, presented and ana-
lyzed in Chapter , as both of them result into this representation forN = .

e computational complexity of the BPT construction process has been analyzed in Sec-
tion . . , being the Algorithm . the most signi cant part. is algorithm has a complex-
ity of O(n log n), depending on the number of leaves of the tree n. Note that for the two de-
ned BPT approaches in Sections . . and . . , the number of leaf nodes is different, being
nr · na · N for the ST BPT and nr · na for the TE BPT, where nr and na represent the number
of samples in range and azimuth, respectively. However, although the number of leaves does



not depend on the number of acquisitionsN in the TE BPT, the complexity of the dissimilarity
measure computation increases linearly with N, as it may be observed on ( . ). When taking
this into consideration, the asymptotic computational cost of the ST BPTmay be expressed as
O (nrnaN log(nrnaN)), whereas for the TE BPT this cost will be O (nrnaN log(nrna)). Conse-
quently, the computational cost of the TE BPT construction is slightly below the construction
cost of the ST BPT, mainly due to the smaller number of nodes of the tree.

. P SART S BPT P

Section . has described two different BPT representations of a PolSAR time series dataset.
Both of them differ on the target characterization in the temporal dimension, as explained in
Sections . . and . . , respectively. is section deals with the BPT exploitation of these two
data abstractions.

A tree pruning process has been proposed in Section . . for BPT exploitation. In order to
achieve a good target characterization, we are usually interested in obtaining the largest homo-
geneous regions of the data, as it has been mentioned in Section . . Note, however, that this
results into different concepts for both approaches, as they contain distinct types of regions, as
mentioned before. In this section, the region homogeneity based pruning, described in Sec-
tion . . , will be adapted to the ST BPT and the TE BPT, as it has proven to be independent
of the image content and to produce be er results in practice.

e region homogeneity based pruning is based on the de nition of a homogeneitymeasure
Φ(A) thatmay be interpreted as the average error commi edwhen representing all the samples
of the regionA by its regionmodel, as de ned in Section . . . For a single image PolSAR data,
the homogeneitymeasureΦ(A)has beende ned in ( . ) basedon the relativeMSEmeasured
employing the euclideanmatrix norm of the sample covariancematricesZ. It is worth noticing
that in the ST BPT representation the region model is exactly the same than in this case and,
thus, the same ( . ) measure may be directly applied. en, the pruning criterion may be ob-
tained by xing a threshold δp over this measure to obtain those regions with a homogeneity
below the threshold, as expressed in ( . ) or ( . ). However, the nodes of both BPT repre-
sentationsmay not be compared, as in the ST BPT they represent three-dimensional regions of
the data, potentially containing samples of different acquisitions.

It is worth emphasizing at this point that although the BPT representation of a single PolSAR
image and the ST BPT are different data abstractions of distinct types of datasets, the same
pruning process and criteria may be directly applied for both of them without any change, as
they share the same region model. Indeed, this is a good example of the decoupling performed



by the BPT data abstraction between the application dependent and independent parts, as de-
scribed in Section . . . As it has been depicted in the scheme on Fig. . , the BPT pruning
process for a particular application is de ned in terms of the BPT structure itself, decoupling
it with the underlying data. en, when changing the underlying data structure for PolSAR
time series in the ST BPT, only the BPT construction process has to be modi ed, whereas the
same pruning process proposed in Section . . may be applied directly over the resulting tree
structure.

On the other hand, in the TE BPT representation the regionmodel has been changed to the
extended sample covariance matrix Ze to represent the target temporal evolution, as expressed
in ( . ). As expressed in Section . . the previously mentioned Φ(A) measure may be ap-
plied to the Ze matrix. However, this approach will have the same inconveniences previously
mentioned, as it would mix polarimetric and interferometric information and it will require a
stronger initial ltering formatrix regularization. Alternatively, the same extensionmethod per-
formed for the ( . ) dissimilarity measure may be applied for the homogeneity measure Φ(A)
de ned in ( . ), resulting into the extended homogeneity measure Φe(A)which employs the
full polarimetric temporal evolution contained in the sequence of Zii matrices of the region A

Φe(A) = nA

∑
i∈A

∑N
j= ‖Zi

jj − ZAjj‖F∑N
j= ‖ZAjj‖F

< δp ( . )

where Zi
jj is the Zjj covariance matrix for the i-th pixel within region A and ZAjj is the Zjj covari-

ance matrix of the region model Ze for the A region.

Again, the Φe(A) homogeneity measure may be interpreted as the relative MSE that is com-
mi edwhen representing all the individual pixels by itsZemodelwhen taking into account only
the polarimetric information evolution, contained within the Zii matrices.

e pruning process has been described in Section . . , where Algorithms . and . have
been de ned for pruning the BPT in a top-down and bo om-up approaches, respectively. e
complexity of these pruning processes has been de ned as linear with respect to the number of
nodes of the BPT, resulting in a computational complexity of O(nrnaN) both for the ST BPT
and the TE BPT. Note that although the number of nodes in the TE BPT is smaller, in the
order of O(nrna), the computation of the homogeneity measure ( . ) has a linear complexity
depending on the number of acquisitionsO(N), resulting into a total pruning cost in the order
ofO(nrnaN).
To analyze the results obtained with the two different BPT based processing schemes pro-

posed, a real PolSAR time series dataset is employed in this section. is dataset is composed
by DARSAT- FineQuad-Pol images corresponding to a test site in Flevoland, theNether-



lands. It was acquired within the ESA AgriSAR campaign, devoted to analyze the agricul-
tural elds temporal evolution employing PolSAR data. e selected set of images correspond
to acquisitions with the same incidence angle, the beam FQ in this case, and in ascending
passes of the satellite, from April th, to September th, , with an acquisition ev-
ery days. From the original acquisitions, a crop of a common area of the scene having
by pixels has been selected and co-registered, conforming the full Flevoland dataset, as
represented in Fig. . .

Figure 5.2: Composition with the 8 Pauli RGB images of the full PolSAR time series
dataset of Flevoland (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

Twoof these images are shownonFig. . , corresponding to the acquisitions fromApril th,
and June th, , respectively. As it may be seen, the scene is composed mainly by a

large area of agricultural elds, in the central and top part of the image, and some sea surface and
urban areas at the bo om part. e difference between both images may be clearly observed
specially in the agricultural elds, mostly appearing in blue color in Fig. . a, corresponding to
a surface sca ering according to the Pauli basis, but appearing in green over Fig. . b, represent-
ing a dominant volume sca ering. is variation is caused by the plant growing process in the
agricultural elds. Most of the plants in the agricultural elds are not grown on April, but they
become near fully grown in June, resulting in an increase in the volume sca ering component
of the Pauli basis.



(a) April 14th, 2009 (b) June 25th, 2009

Figure 5.3: Pauli RGB crop images from two Flevoland acquisitions corresponding to
April 14th, 2009 and June 25th, 2009 (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

Fig. . shows the results obtained over the rst acquisition of the dataset, corresponding to
a fraction of the results, employing the twomentioned BPT approaches with a pruning thresh-
old of δp = − dB. Note that the full dataset is difficult to represent for visual inspection,
as it contains different images, then, on Fig. . only a portion of it, corresponding to the
rst acquisition is shown, although the full dataset with the acquisitions has been processed.
Similarly, in the following, results will be shown over one of the acquisitions, for simplicity.
Fig. . a represents the results of the region homogeneity based pruning over the ST BPT con-
structed employing the geodesic dissimilarity measure dsg, de ned in ( . ), whereas Fig. . b
shows the samepruning results over theTEBPTconstructed employing the extended geodesic



(a) ST BPT, dsg, δp = − dB (b) TE BPT, dg, δp = − dB

Figure 5.4: Pauli representation of the first Flevoland acquisition after processing the full
dataset with the Space-Time BPT constructed employing the dsg measure (a), and with
the Temporal Evolution BPT constructed with the dg measure (b). Results shown are both
for δp = − dB (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

dissimilarity dg, as expressed in ( . ). Both cases have been pruned with a pruning threshold of
δp = − dB but, however, note that on the ST BPT the Φ homogeneity measure is employed
whereas the corresponding extended measure Φe is employed for the TE BPT, as the region
model for both approaches differs.

Qualitatively similar results may be observed when comparing Fig. . a and Fig. . b. With
the employing pruning threshold both methods achieve a relatively large speckle reduction
while also preserving the region contours. However, when the results are observed closely,
some differences appear, specially on the agricultural elds region contours detected by both



methods. To examine in detail the obtained contours, Fig. . shows a zoom over a small x
pixel area of the dataset corresponding to the agricultural elds area of the previous results.

Fig. . a corresponds to the original acquisition, Fig. . b shows the corresponding area of the
results obtained with the ST BPT whereas Fig. . c depicts the same area of the previous TE
BPT results. In this case, the crop shown corresponds to the second acquisition for all the cases.

(a) Original (b) ST BPT (c) TE BPT

Figure 5.5: Pauli representation of a crop area of the second acquisition. Original (a) and
results after processing the full dataset with the ST BPT (b) and with the TE BPT (c).
Results are shown for δp = − dB (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

Analyzing the results shown in Fig. . , it may be seen that although similar colors are ob-
tained from both BPT approaches¹, the contours of the agricultural elds detected by the TE
BPT, shown in Fig. . c, seem to be more precise than the ones of the ST BPT, represented
in Fig. . b, where a larger number of contours may be observed within the elds. Indeed, the
extended regionmodelZe enhances the target characterization by taking into account the com-
plete polarimetric temporal evolution, as mentioned before. Due to this improved character-
ization an increase in the region differentiation is obtained by a combination of two different
factors. On the one hand, the extended model has N different realizations of the region con-
tours, assuming that they appear over all the acquisitions, reducing the effect of the speckle
noise over them andmaking easier their identi cation over the extendedmodel with respect to
the simpler classical one. On the other hand, there is a differentiation enhancement between
adjacent regions if they are following a distinct temporal evolution, as this evolution ismodeled
by the extended sample covariance matrix Ze and, consequently, the dissimilarity between re-

¹ e PolSARPro [ ] so ware has been employed for Pauli image generation. Since this so ware applies an
equalization for each RGB channel, small color differences are observed in the original and ltered Pauli images.

ese differences are caused buy this equalization process as the BPT based processing does not introduce any
bias or distortion, as it has been shown in the previous Sections . . and . . .



gions gets increased if they are following a different temporal evolution. However, in order to
achieve this differentiation enhancement, the assumption that the region contours are spatially
aligned among all the acquisitions, as the agricultural eld contours, is essential.
In order to illustrate this differentiation enhancement that is obtained when taking into ac-

count the full temporal evolution of the target, Fig. . shows the results over another crop of
the image containing some agricultural elds of the rst acquisition. Fig. . a shows the crop
area over the original data, whereas Figs. . b and . c shows the same area processed with the
TE BPT employing and acquisitions, respectively. In this case, the rst acquisitions has
been selected speci cally due to the predominant surface sca ering that may be observed over
all the agricultural elds, as observed in Fig. . a. When processing only one acquisition, most
of the elds have a very similar polarimetric response and they are mixed together, as shown in
Fig. . b. However, if the whole polarimetric temporal evolution of the acquisitions is em-
ployed for target characterization, they may be properly separated resulting in a be er contour
detection, as depicted in Fig. . c.

(a) Original (b) TE BPT, N = (c) TE BPT, N =

Figure 5.6: Pauli representation of an agricultural area of the first acquisition. Original
(a) and filtered with the TE BPT employing one image (b) and employing the full dataset
(c) with δp = − dB (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

On the other hand, the main advantage of the ST BPT is that it may employ samples of dif-
ferent acquisitions in order to achieve a larger amount of ltering. is effect may not be clearly
apparent when examining the results shown in Figs. . and . , where the results from the ST
BPT has been compared with those from the TE BPT. Indeed, these results are not directly
comparable since they represent different information of the scene, as it has been mentioned
in Sections . . and . . . Whereas the TE BPT represents spatial regions of the scene fol-
lowing a similar polarimetric temporal evolution, the ST BPT represents regions of the dataset
in the space-time domain and, consequently, they have contours in both, the spatial and the



temporal domains. Consequently, it may not be expected that the ST BPT contours represent
just the spatial features of the scene, as they also represent changes in the temporal dimension
and, moreover, they may be different over each acquisition. For instance, on the results shown
on Fig. . b it may be seen that some contours appear within the agricultural elds apart from
the eld borders. In this case, they may be produced by small portions of the eld that are con-
nectedwith bigger regions on the acquisitions just before or a er, representing zones of the eld
that start to change before or a er than the rest of the eld. It is worth noticing, then, that the
interpretation of these region contours is more complex, as it may be done in the space-time
domain.

(a) 1st (b) 2nd (c) 3rd (d) 4th (e) 5th (f) 6th (g) 7th (h) 8th

(i) 1st (j) 2nd (k) 3rd (l) 4th (m) 5th (n) 6th (o) 7th (p) 8th

Figure 5.7: Region shape for the region marked in Fig. 5.5c, employing the TE BPT (first
row), and for the region marked in Fig. 5.5b, employing the ST BPT (second row), for all
the eight different acquisitions.

In order to see more clearly the differences between both representations and the type of in-
formation they represent, Fig. . shows the region shape of the eldmarkedwith a red cross on
Figs. . b and . c over all the acquisitions for the STBPT, on the rst row, and for the TEBPT,
on the second row. As it may be observed, the same region contours are achieved for the TE
BPT among all the acquisitions, represented in Figs. . a to . h, as it is a spatial representation
of the data. However, this is not the case for the ST BPT, as shown in Figs. . i to . p, where
different shapes are obtained at each acquisition. Moreover, the regions of the ST BPT may
have an arbitrary structure in the space-time domain, representing areas with similar polarimet-
ric response on this domain. en, as mentioned before, the ST BPT may combine samples
of different acquisitions to achieve a be er characterization of the target polarimetric response.



δp Regions∩ st acquisition Average temporal depth
- dB .
- dB .
- dB .
- dB .
- dB .
dB .

Table 5.1: Number of regions and average region depth in the temporal dimension over
pruned regions intersecting the first acquisition for different pruning factors in the results
obtained employing the ST BPT.

To analyze this ability to increase the amount of available samples, Table . shows, for differ-
ent pruning threshold δp values, the number of pruned regions over the rst acquisition, that
is, the pruned regions that intersect with this acquisition. Additionally, it shows the average
temporal depth of all these regions, computed as the total number of samples contained within
these regions with respect to the samples of one acquisition. When employing δp = − dB, as
for the previously shown results, the ST BPTmay employ approximately timesmore samples
than when ltering over one acquisition. As a result, this BPT representationmay substantially
improve the polarimetric response estimation by combining more homogeneous samples of
different acquisitions.
From the previous results, it may be deduced that the ST BPT may improve the number of

samples averaged by combining samples of different acquisitions. However, its results are more
difficult to interpret as they are de ned in the space-timedomain and, thus, the obtained regions
may not be directly related with an area of the scene, as their contours change among different
acquisitions. On the other hand, the regions of the TE BPT represent spatial areas of the scene
and, due to the improved target characterization a ained when taking into account the com-
plete temporal evolution, it may improve the contour detection over areas having spatially xed
contours. Additionally, the extended model Ze is that it may be employed to exploit the inter-
ferometric information, contained within theΩij matrices, allowing a PolInSAR interpretation
of the obtained regions.
It may be deduced, from the aforementioned conclusions, that the ST BPT may be a good

representation for areas where almost no information can be extracted from the interferometric
information, whichmay be produced by a strong temporal decorrelation, or where the contours
are not spatially xed as, for instance, over the sea or ocean areas. On the other hand, due the
increase of region differentiation over xed contours, the TEBPTmay be the proper option for
processing the land areas, where most of the contours are spatially xed over time. Moreover,



since the regions obtained by this representation uniquely correspond to spatial areas of the
scene, it is easier to analyze and interpret.

(a) H, 7x7 ML (b) H, ST BPT (c) H. TE BPT

(d) A, 7x7 ML (e) A, ST BPT (f) A, TE BPT

(g) ᾱ, 7x7 ML (h) ᾱ, ST BPT (i) ᾱ, TE BPT
H/A0 1

0º 90º

Figure 5.8: H/A/ᾱ parameters of an agricultural area of the second acquisition processed
with the ST BPT and with the TE BPT for δp = − dB.

As performed in Section . . , in order to analyze the capabilities of the proposed BPT ap-



proaches to correctly estimate and preserve the polarimetric information and its evolution in
the scene, theH/A/ᾱ eigendecomposition parameters [ ] will be employed, described in Sec-
tion . . . Fig. . shows theH/A/ᾱ parameters for the agricultural area of the second acquisi-
tion presented in Fig. . , for a pruning threshold δp = − dB. It compares the values obtained
by the ST BPT and the TE BPT approaches with the x multilook (ML) ltering as a refer-
ence. A qualitative comparison of the results reveals that similar values are obtained by all the
methods. However, as observed when processing a single PolSAR image, the BPT based ap-
proaches may obtain a be er noise reduction due to employing a larger number of samples for
polarimetric response estimation, while also preserving the contours. is effect is more no-
ticeable in the TEBPT results, due to the increased region differentiation over temporally xed
contours, as mentioned previously.

Fig. . illustrates the temporal evolution of the EntropyH information for the TE BPT rep-
resentation. e Pauli representation of the obtained results is shown in Figs. . a to . c for
the st, th and th acquisitions, respectively. Figs. . d to . f show the Entropy parameter
for the same acquisitions. It is worth mentioning that on the rst acquisition, most of the agri-
cultural elds are not grown, on the th acquisition they are almost fully grown and, nally, on
the th acquisition most of them have already been harvested. is evolution may also be ob-
served in the correspondingPauli images, asmentioned before. Since the polarimetric response
of these areas change substantially, the Entropy parameter varies accordingly over the different
acquisitions, as can be seen onFigs. . d to . f, ranging from lowEntropywhen there is surface
sca ering to high Entropy when the volume sca ering dominates.

To perform a more detailed analysis of the preservation of the polarimetric temporal evo-
lution, Fig. . shows the evolution of the H/A/ᾱ parameters for the eld marked with a red
cross on Fig. . a among all the acquisitions. e evolution is shown for the ST BPT and the
TE BPT, employing in both cases δp = − dB, and for the x multilook ltering, as a refer-
ence. For the multilook lter, the pixel located at the cross has been taken. In fact, the cross
shown on Fig. . a is far enough from the eld edges in order to ensure that the multilook lter
is not affected by the blurring of the region contours. Very similar trends are obtained for both
the BPT approaches and also for the multilook ltering, meaning that the proposed time series
BPTbased processing techniques preserve also the polarimetric temporal evolution of the data.
Additionally, the proposed methods may employ a much larger number of homogeneous sam-
ples with respect to the multilook ltering, resulting in a be er estimation of the polarimetric
response and evolution, while also having a be er spatial resolution preservation, maintaining
the region contours and small details of the scene. As stated in [ ][ ], the estimation of the



(a) 1st acquisition (b) 4th acquisition (c) 8th acquisition

(d) H, 1st acquisition (e) H, 4th acquisition (f) H, 8th acquisition
H0 1

Figure 5.9: Pauli and Entropy H images for different acquisitions processed with the TE
BPT. The full dataset has been processed with a pruning threshold δp = − dB (|Shh + Svv|,
|Shv + Svh|, |Shh − Svv|).

H/A/ᾱ parameters is biased when estimating the sample covariance matrices as an average of a
nitenumberof samples. Due to this bias, theEntropyparameter is underestimatedwhereas the
Anisotropy parameter is overestimated. As it may be seen, the Entropy values obtained by the
multilook ltering are below those obtained by the BPT while in the Anisotropy the opposite
is observed. Since the bias gets reduced when the amount of averaged samples gets increased,
results on Fig. . are consistent with the fact that the BPT is employing a much larger num-
ber of samples and, thus, reducing the bias with respect to the multilook. More details about
this bias and a mathematical characterization of the speckle noise effects over the estimation of
the sample covariance matrix eigendecomposition and theH/A/ᾱ parameters may be found in
Appendix A.
Finally, in order to show the results over the complete dataset and the temporal evolution of

the scene, the Pauli, Entropy (H), Anisotropy (A) and the averaged Alpha angle (ᾱ) is repre-
sented in Figs. . and . , respectively, for all the acquisitions of the dataset.
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Figure 5.10: Evolution of the H/A/ᾱ parameters for the agricultural field marked on
Fig. 5.9a. The full dataset has been processed with the TE BPT, with a 7x7 multilook fil-
ter and with the ST BPT. For the BPT pruning δp = − dB has been employed in both
cases.



(a) Pauli 1st (b) Pauli 2nd (c) Pauli 3rd (d) Pauli 4th (e) Pauli 5th (f) Pauli 6th (g) Pauli 7th (h) Pauli 8th

(i) H, 1st (j) H, 2nd (k) H, 3rd (l) H, 4th (m) H, 5th (n) H, 6th (o) H, 7th (p) H, 8th
H0 1

Figure 5.11: Pauli and Entropy H time series images over all the acquisitions of the results obtained with the TE BPT. The full dataset
has been processed with a pruning threshold δp = − dB (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).



(a) A 1st (b) A 2nd (c) A 3rd (d) A 4th (e) A 5th (f) A 6th (g) A 7th (h) A 8th

(i) ᾱ, 1st (j) ᾱ, 2nd (k) ᾱ, 3rd (l) ᾱ, 4th (m) ᾱ, 5th (n) ᾱ, 6th (o) ᾱ, 7th (p) ᾱ, 8th
H/A0 1

0º 90º

Figure 5.12: Anisotropy A and averaged Alpha angle ᾱ time series images over all the acquisitions of the results obtained with the TE
BPT. The full dataset has been processed with a pruning threshold δp = − dB.



. T I A

As shown in the previous section, the TE BPT and the ST BPT data structures have proven to
be useful representations to process PolSAR time series. However, one of themainmotivations
for processing this type of datasets is to explore and analyze the evolution of the scene during
the acquisition campaign. Consequently, this section is devoted to the analysis of the scene vari-
ability on the temporal dimension. For this purpose, two different applications are proposed,
the temporal change detection and the temporal stability analysis, based on the ST BPT and
the TE BPT, respectively. ese applications are described and studied in the following.

. . T C D

In Section . . , the target characterization based on the classical sample covariance matrix Z
model has beenproposed for time series. In this case, it is assumed that a target is de nedby itsZ
matrix and, consequently, a change in the obtained matrix among adjacent acquisitions may be
interpreted as a target change. e ST BPT representation has been described in Section . . ,
based on this assumption, resulting into arbitrary regions in the space-time domain, which are
composed of pixels of different acquisitions having similar polarimetric response. en, having
this type of representation, the change detection application naturally arises when examining
the region contours in the temporal dimension, as proposed in [ ]. Note that this application
is focused on the temporal region contours, rather than on their spatial contours. erefore, a
map may be generated from the ST BPT results indicating, for each spatial pixel of the scene,
the number of contours in the temporal dimension. Since on this representation a change in
the polarimetric response may be interpreted as a target change, each time a temporal contour
is observed among adjacent acquisitions it may be considered as a change. en, the values of
this map range from changes, when the spatial pixel belongs to the same region and there is
no change in the polarimetric response on all the acquisitions, toN− , when there is a region
change on every acquisition.

Fig. . represents the mentioned map, showing the number of contours in the temporal
dimension per spatial pixel of the scene. e Flevoland dataset has acquisitions and, conse-
quently, the obtained values range ranging from no changes, represented in blue, to changes,
represented in red color. Results are shown for distinct pruning factor δp parameter values,
corresponding to different prunes over the ST BPT constructed employing the geodesic dis-
similarity measure dsg. As seen before, when increasing the pruning factor δp, larger regions are
also obtained in the temporal domain, resulting into a smaller number of temporal changes on



(a) δp = − dB (b) δp = − dB (c) δp = − dB
0 7Changes detected

Figure 5.13: Number of temporal changes detected per spatial pixel for different pruning
factors δp. No changes is represented in blue and 7 changes in red.

Fig. . . Analyzing the results closely, it can be seen that there are small blue dots over urban
area even for small values of the pruning factor, at δp = − dB. ese small dots correspond
to point sca erers of the buildings or human-made structures that present no-change during
the different acquisitions. An enlarged image of an urban area and the corresponding changes
detected map for δp = − dB is shown on Fig. . .

As it may be observed, the agricultural elds area, at the top-le part of the image, appears
more reddish, indicating that a large number of temporal changes is detected. is is due to the
small valueof relativeMSE that is admi edper region, aswe are using δp = − dB, resulting into
that most of the variability of the agricultural elds among acquisitions is considered as a target
change. e urban areas, on the contrary, appears more yellowish, indicating a smaller number
of changes, and, within these areas, there are small structures in blue, indicating no change in
thewhole sequence of acquisitions. ese targetsmay be considered as point sca erers, as their
polarimetric response presents a constant behavior among all the acquisitions.

When the pruning factor gets increased to δp = − dB, as shown on Fig. . b, some other



(a) Original Pauli RGB (b) Temporal changes, dsg, δp = − dB
0 7Changes detected

Figure 5.14: Pauli RGB enlarged image of an urban area and the changes detected with a
pruning threshold δp = − dB (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

zones appear also in blue, like closed water areas, which roughness is less affected by wind than
the sea, having a more stable polarimetric behavior. With this pruning factor, the agricultural
elds also appear reddish and yellowish, presenting a large number of temporal changes. How-
ever, if the pruning factor is increased to δp = − dB, as depicted in Fig. . c, then big differ-
ences in terms of temporal changes can be seen over the distinct elds of the agricultural areas.

It is worth noticing that the ST BPT construction process de ned in Section . . and the
BPT pruning de ned in Section . are sensitive to the fully polarimetric information under
the Gaussian hypothesis and, consequently, these scene change maps are also sensitive to all
this information.

However, although these maps may give an idea of the number of changes in the scene, they
do not indicate the importance of these changes. For instance, although a small number of



changes may be observed over urban areas, maybe some of them are more relevant in terms of
the polarimetric response variation than the ones produced over the sea. Moreover, the results
shown on Fig. . seems to be considerably noisy. is is produced by the fact that the ob-
tained regions may have arbitrary shapes over time, as depicted on Fig. . , which may result in
different number of temporal contours for spatial pixels corresponding to the same agricultural
eld. Note that, in technical terms, the number of changes maps are pixel-based processing re-
sults, as the result is generated pixel by pixel. is re ects the difficulties in relating the regions
in the space-time domainwith the areas of the scene. Ideally, having results giving an idea of the
amount of change for each eld or structure of the scene could be more useful. When the aim
is to have such results, a temporal analysis should be performed over the TE BPT, as it provides
spatially xed region contours, as shown on Fig. . , which may be directly related to the same
physical area of the scene among all the acquisitions.

. . T S A

As mentioned in Section . . , on the TE BPT it is assumed that the target is characterized
by a particular polarimetric temporal evolution. In this case, then, the temporal information is
included within the region model. As opossed to the ST BPT, the TE BPT performs a spatial
segmentation of the data and, consequently, it does not have temporal contours. erefore, in
order to analyze the temporal information, the extended regionmodelZe has to be examined. It
contains the target response temporal evolution for the region, having thepolarimetric response
for each acquisition within the different Zii matrices. en, a new temporal stability measure
maybede nedbasedonanalyzing the amountof changebetweenall thedifferentZiimatrices of
each region. Moreover, to be consistent with the BPT construction and processing, a similarity
measure may also be employed to evaluate the similarity ts between the different polarimetric
matrices over all the acquisitions of the region A

ts(A) = N(N− )

N∑
i=

N∑
j=i+

∥∥∥log(Z− /
ii ZjjZ

− /
ii

)∥∥∥
F
. ( . )

where Zii correspond to the sample covariance matrix of the i-th acquisition of the extended
model Ze for the region A, described in ( . ).

e proposed ts measure, as de ned in ( . ), corresponds to the average geodesic similarity
measure between the sample covariance matrices for all the acquisitions. A large value of the ts
measure indicates that strong changes are observed for the given region of the scene, whereas
a small value indicates that the polarimetric response of the regions remains stable among the



acquisition campaign. By contrast to the number of temporal contours, the ts measure is not
mathematically bounded, ranging from zero to in nity. However, in practice, since the radar
measured values are bounded, the ts measure values range approximately in the interval [ , ],
but almost all the values are concentrated within the range [ , ].

(a) ts, δp = − dB (b) ts, δp = − dB (c) ts, δp = − dB
ts0 2.5

Figure 5.15: Temporal stability measure ts over the Flevoland dataset for different pruning
factors δp.

Fig. . shows the tsmeasure over the Flevoland dataset. e TEBPThas been constructed
with the extended geodesic dg dissimilarity measure, de ned in ( . ), and it has been pruned
with different values of the δp parameter. As it may be seen, for lower values of δp the tempo-
ral stability measure obtains larger values, due to the smaller amount of speckle ltering, wich
results resulting into larger variability of the obtained sample covariance matrices. However,
as the pruning factor increases, larger regions are obtained, which results into a larger speckle
ltering, reduces the variability of the estimated values and produces smaller ts values over ho-
mogeneous areas. Analyzing the distribution of the ts measure over the scene, it may be seen
that larger variability in terms of the polarimetric temporal evolution is produced over the agri-
cultural elds whereas closed waters, for instance, have a more stable polarimetric response.



ese observations are, indeed, similar to the ones obtained by the number of changes in the
temporal dimension, shown on Fig. . . However, it is worth noticing that both results rep-
resent different information. e temporal contours give an idea of the number of changes in
the polarimetric response over time, whereas ts measures the amount of temporal polarimetric
change for each region.

(a) Original 1st acq. (b) δp = − dB (c) ts, δp = − dB
ts0 3

Figure 5.16: Pauli of the first acquisition of the Barcelona dataset (a), first acquisition
processed with the TE BPT (b) and temporal stability measure ts for δp = − dB (c) (|Shh+
Svv|, |Shv + Svh|, |Shh − Svv|).

In order to perform amore detailed analysis of the ability of the temporal stabilitymeasure to
quantify relevant changes in the scene, a new dataset is employed, containing DARSAT-
Fine Quad-Pol images of the city of Barcelona, in Spain. e images were acquired with the
FQ beam, and the acquisition campaign goes from Januray th, toMay th, , with
an acquisitions every days. e Pauli representation of the rst acquisition of the Barcelona
dataset is represented in Fig. . a. As it may be seen, the scene is mainly composed of the
urban and industrial area of the Barcelona city, in the central part of the image, surrounded by
theMediterraneanSeaon the right part andmountains on the le part. At thebo ompart of the
image, the Barcelona airportmay be observedwhereas on the center the BarcelonaHarbormay
be found. Fig. . b shows the rst acquisition of the results obtained a er processing the full



dataset employing the TE BPT representation and a pruning threshold δp = − dB. Fig. . c
presents the ts measure de ned in ( . ) over the pruned regions obtained. is dataset, then,
has been chosen to detect changes in urban areas due to the availability of ground truth and
knowledge of the scene.

ts0 3

Figure 5.17: Geo-coded ts measure for the Barcelona dataset as an overlay with an optical
image [1].

Moreover, the temporal stability results shown in Fig. . c have been geo-coded, in order to
easily identify the obtained regions of the processed dataset over the ground. On Fig. . this
information have been represented as an overlay with an optical image from [ ], with a certain
degree of transparency.

As it can be seen on Fig. . , several red spots appear over the sea, in the lower right part of
the image, corresponding to the different vessels that were present at some of the acquisitions.



Note that these vessels, since they are present only in one acquisition, represent a signi cant
change in terms of the polarimetric response with respect to the underlying sea and, conse-
quently, the ts measure indicates a strong change with a large value, appearing in red. Over the
land area some big red spots may also be seen, specially on the central part of the image, corre-
sponding to the Barcelona harbor. In the rest of the image, some additional small red spots may
also be seen, with correspond to changes in the urban area. In the following, these results are
analyzed in detail.

(a) ts over the Barcelona harbor area

ts

0

3

(b) Container area (c) Ship loading bay and cranes
Figure 5.18: Geo-coded ts measure over the Barcelona harbor (a) [1]. A container area
(b) with a ship loading bay and cranes (c) may be seen [2].



Fig. . a presents a zoom of the results shown on Fig. . corresponding to an area of the
Barcelona harbor, where large red spots are obtained, as mentioned before. In the central part
of the image, strong changes are detected corresponding to a ship container area. To see more
clearly this zone, a photography taken from the ground is presented in Fig. . b [ ]. Note that
on these areas the different containers are constantly stacked and unstacked from the ships, re-
sulting in a completely different backsca ering response from acquisition to acquisition. is
task is performed by big cranes located near the loading bay, that may be seen on the photog-
raphy in Fig. . c [ ], which are placed over rails along the loading bay and, consequently,
their position change over different acquisitions, resulting into large changes detected by the
radar. Moreover, on Fig. . a red spots may also be seen all around the shore, corresponding
to this cranes and also to the fact that different ships are docked at the loading bays on some
acquisitions, as seen in Fig. . c.

ts

0

3

Figure 5.19: Geo-coded ts measure over the Barcelona airport Terminal-1 area [1].

Another area of the scene where large changes may be detected correspond to the Barcelona
airport. Fig. . presents a zoom of the geo-coded results shown in Fig. . corresponding
to the Terminal zone of the Barcelona airport. Some big rectangular red spots are observed
on the top part of the image, where plane parking lots are located. On these zones the planes
are placed temporally and, consequently, there is high probability of detecting different planes



from acquisition to acquisition, resulting into large porlarimetric changes. Additionally, on the
bo ompart of the image a largebuildingmaybe seen, corresponding to theTerminal building.

e ngers are connected to thebuilding and itmaybeobserved that small reddots are obtained
over them. Indeed, the ngers are moved every time they are a ached to a plane, resulting into
these changes. In this case, the ability of the BPT structure to preserve small details of the data
allows the identi cation of these changes. Some big spots may also be seen near the ngers,
corresponding to some planes that were a ached to them on some acquisitions of the dataset.

(a) ts over the Barcelona airport hangar area

ts
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(b) Hangar in construction (c) Hangar finished

Figure 5.20: Geo-coded ts measure over the Barcelona airport hangar area (a) [1]. Hangar
under construction (b) and after the construction process has finished (c) photographies
[2].

Fig. . presents the same results over a different area of the Barcelona airport where a big
hangar is placed. e geo-coded results are shown in Fig. . a. Another plane parking area



may be seen in the bo om part of the image but the larger changes detected correspond to
an hangar located at the top right part. In fact, this hangar has been constructed during the
acquisition campaign, as itmay be seen on the photographies taken from the ground Figs. . b
and . c, presenting this hangar under construction and when the construction process has
nished, respectively. Indeed, on the optical image employed on Fig. . a as an overlay with
the results the hangarwas under construction. Note that these results show the ability of theTE
BPT based temporal stability ts analysis to detect and identify the scene changes related with
the building activities.

Moreover, in the extended sample covariancemodelZe, de ned in ( . ), the complete set of
PolSAR Zii and PolInSARΩij matrices are available for target characterization. is additional
information may be employed to describe the change in the scene. For instance, the Entropy
H and averaged Alpha angle ᾱ polarimetric parameters have been computed for the whole se-
quence of Zii matrices corresponding to the region of the hangar. e evolution of these two
parameters for the different acquisitions of the campaign is shown in Fig. . . As it may be ob-
served, during the rst acquisitions the Entropy and Alpha parameters change substantially
due to the building activities over the hangar. However, a er the th acquisition, presum-
ably when the hangar construction has nished, these parameters maintain a constant behav-
ior. More speci cally, the Entropy and the averaged Alpha angle present a low value, indicating
surface sca ering probably caused by the roof of the hangar.

e hangar that has been constructed in the Barcelona airport shows the ability of the TE
BPT and the ts measure to identify the changes on the scene corresponding to building activi-
ties. However, the hangar is a large building that might be also easily identi ed by other means.
In order to analyze the ability of this technique to detect also more localized changes in the
scene, Fig. . shows a zoom of the ts results over the Montjuic area of Barcelona. A small red
dotmay be observed in the center of Fig. . a. In these area amonument has been constructed
during the acquisition campaign consisting in columns, as it may be observed in the ground
photographies Figs. . b and . c, corresponding to this area before and a er the construc-
tion of the monument. Note that this monument is much smaller than the hangar presented in
Figs. . b and . c, being, in fact, notmuch larger than the resolution of the sensor. However,
due to the ability of the BPT structure to preserve small details of the data, as observed before,
this change may be detected by the ts measure.

In order to compare the proposed temporal stability ts measure with a state-of-the-art po-
larimetric change detection technique, a modi cation of the log likelihood-ratio test statistic
measure de ned in [ ] is proposed. However, the change measure ln Q originally de ned in



0 5 10 15 20 25 30 35
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

E
n
tr

o
p
y

Acquisition

(a) H evolution for the hangar

0 5 10 15 20 25 30 35
0

10

20

30

40

50

60

70

80

90

A
lp

h
a

Acquisition
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Figure 5.21: Entropy (a) and averaged Alpha angle (b) temporal evolution for the hangar
among different acquisitions.

[ ] was intended to determine the change between two different acquisitions. en, it has
to be generalized to process PolSAR time series, havingN different acquisitions. According to
[ ], we have de ned the extended log likelihood-ratio test statistic measure ln Qe

−ln Qe = −nl

(
N∑
i=

ln|Zii| − Nln|Zs|+ pNlnN

)
( . )

where nl represents the number of looks, |Zii| represents the determinant of the p by pmatrix
Zii and Zs =

∑N
i= Zii.



(a) ts over the Montjuic area in Barcelona
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(b) Before (c) After

Figure 5.22: Geo-coded ts measure over the Montjuic area in Barcelona (a) [1]. Ground
photographies before (b) and after (c) the construction of the 4 columns monument [2].

e −ln Qe measure ( . ) indicates no change between the Zii matrices with a value, i.e.
when Qe = , and it denotes a strong change with a value tending to∞ when Qe = . It is
worth noticing that, since this measure is based on the determinant, it requires full rank ma-
trices. is means that some initial ltering must be applied to the data. In order to obtain a
constant amount of ltering, as the−ln Qe measure depends on the number of looks nl, an ini-
tial multilook lter will be performed in order to apply ( . ). e amount of initial ltering
plays an important role in the obtained results. Note that a small amount of ltering will pro-
duce noisy results whereas a large ltering will reduce the spatial resolution. Fig. . shows the
results of applying ( . ) a er a x and a x multilook lter over the Barcelona dataset.
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(b) −ln Qe, 7x7 multilook

Figure 5.23: −ln Qe test statistic results for change detection over the Barcelona dataset.

It may be observed that the contrast increases when increasing the amount of initial ltering.
Fig. . b has much more contrast than Fig. . a. is effect is particularly visible when ob-
serving the contrast between the land and sea areas, which is larger with a x multilook than
with a smaller x ltering. However, as explained before, this increase in contrast is a ained
at the expense of a spatial resolution loss. Moreover the values obtained by this measure are
strongly affected by the amount of ltering, which may be seen on the colorbar.

en, in order to make a quantitative evaluation of the ts and the−ln Qe measures, a relative
separation measure S is proposed to evaluate the ability to separate the change and no-change
areas of the scene

S =
σc + σnc
|μc − μnc|

( . )

where σc, σnc and μc, μnc stand for the standard deviation and the mean of the change and no-
change areas, respectively.
A lower value of the Smeasure indicates that change and no-change areas can be be er sep-

arated. To see more clearly the differences between the TE BPT temporal stability measure ts



and the−ln Qe test statistic, two zoom areas of the geo-coded results are shown in Fig. . .

(a) ts, δp = − dB (b) −ln Qe, 3x3 ML (c) −ln Qe, 7x7 ML

(d) Before (e) After (f) Zones for S test

(g) ts, δp = − dB (h) −ln Qe, 3x3 ML (i) −ln Qe, 7x7 ML
ts0 3 0 900 0 2450

Figure 5.24: Geo-coded ts and −ln Qe comparison over the airport and a building area in
the Barcelona harbor as an overlay with an optical image [1].

To evaluate the separability of both measures, two areas of the Barcelona dataset have been
analyzed indetail, shownonFig. . . Figs. . a to . c correspond toanareaof theBarcelona
airport, where the plane parking lots previously analyzed may be seen. On the other hand,
Figs. . g to . i show an area of the harbor where one industrial building has been demol-
ished, as it may be observed on the optical photographies in Figs. . d and . e. In order to



evaluate the statistics of the change and no-change zones, which are required for the Smeasure,
some areas have to be manually labeled accordingly. In Figs. . a and . f, the change areas
have been marked with a red contour whereas the no-change zones are represented with a blue
contour. Note that the changes appearing in both areas have a different layout: the plane park-
ing lots on Fig. . a are relatively small when compared with the industrial building that has
been demolished in Fig. . g.

Measure μc μnc σc σnc S
ts, δp = − dB . . . . .
ts, δp = − dB . . . . .
−ln Qe, x ML . . . .
−ln Qe, x ML . . .

Table 5.2: Separability between change and no-change areas for the Barcelona airport
zone shown on Fig. 5.24a.

Measure μc μnc σc σnc S
ts, δp = − dB . . . . .
ts, δp = − dB . . . . .
−ln Qe, x ML . . . . .
−ln Qe, x ML . . . .

Table 5.3: Separability between change and no-change areas for the Barcelona harbor in-
dustrial area shown on Fig. 5.24f.

Tables . and . show the values of σc, σnc, μc, μnc and the separation measure S over the
areas shown on Figs. . a and . f for the ts measure with δp = − dB and δp = − dB
pruning thresholds and for the−ln Qe measure with x and x multilook as initial ltering.
For the airport area, whose results are shown in Table . , the separation a ained by the BPT
based method outperforms the−ln Qe in all cases. Since on this situation the change areas are
relatively small, increasing themultilook ltering size results into a mixture of zones having dif-
ferent temporal evolution and, consequently, degrading the separability. Conversely, the TE
BPT is able to adapt to the spatial structure of the targets in the scene, avoiding the mixture of
targets having a different evolution and achieving a be er separability. On the other hand, Ta-
ble . shows the same results for the industrial buildings near the harbor. In this case, the BPT
based ts measure achieves slightly be er separability for low and high ltering, that is, ts with
δp = − dB vs. −ln Qe with x multilook and ts with δp = − dB vs. −ln Qe with a x multi-
look, respectively. Note that since the building are that has been demolished is large, the effect



of the inhomogeneous samples mixture is more negligible here, resulting into a performance of
the−ln Qe measure more similar to the ts measure in terms of the separability Smeasure. e
improvement of the BPT-based technique is produced in this case by a combination of a be er
spatial resolution preservation and a larger amount of ltering over large homogeneous areas.

. . O E T

e computational complexity of the BPT construction and pruning algorithms has been ana-
lyzed and described in Sections . . and . . . Moreover, the cost of these algorithms has been
detailed in Section . for processing PolSAR time series when employing the ST BPT and the
TE BPT representations. However, to give a more clear idea of the processing time in practice,
Table . shows the observed execution times of different processing stages of the BPT-based
processing. In order to generate these results, a processing server has been employed for com-
putation, having Intel® Xeon® processors. It may be seen, as stated in Chapter , that the
most time consuming part is the BPT construction, duemainly to the similaritymeasures com-
putation. Nevertheless, it is worth mentioning that this step only has to be performed once per
dataset, as it is application independent. Once the BPT data abstraction has been constructed,
it may be pruned many times for different applications and, in fact, this step is fast, as it may be
seen onTable . . Itmay also be seen, as stated in Section . , that the STBPT construction has
a larger computational complexity than the TE BPT generation, since its number of nodes gets
increased by a factor of N. However, the pruning process over the ST BPT may be performed
faster than on the TE BPT, since the computation of the ( . ) measure is simpler than the
extended homogeneity ( . ).

Processing Flevoland
ST BPT

Flevoland
TE BPT

Barcelona
TE BPT

BPTConstruction h m m s h m
Prune δp = − dB . s . s . s
Prune δp = − dB . s . s . s
Prune δp = dB . s . s . s

Table 5.4: Observed execution times for different processing stages of the proposed tech-
niques.





A person who never made a mistake never tried anything
new.

Albert Einstein

6
BPTRelated Enhancements andOther

Contributions

T someother contributions thathavebeendevelopedduring the course
of this thesis in order to enhance the detected limitations related with the different aspects of
the BPT based processing.

On the rst section, the problem related with the resolution loss implied by the initial lter-
ing needed for matrix regularization is analyzed. A new speckle ltering method is developed
in order to improve this limitation of the by multilook previously applied. Moreover, this
technique is de ned in the same terms than the BPT processing scheme, employing analogous
similarity measures in order to combine similar pixels of the image, while avoiding the hetero-
geneous sample mixture. e second section deepens into the understanding of the changes
detected from a polarimetric point of view. emathematical background to perform this anal-
ysis is de ned and, then, tested with real data. e third section describes the limitations of
the sample covariance model for representing inhomogeneous or textured data. en, a new
model, not based on the centroid representation approach is proposed in order to mitigate this
limitation.



. M R I F

As mentioned in Section . . , the sample covariance matrix Z is the estimation of the covari-
ance matrix that determined the statistical distribution of the polarimetric data, assuming the
Gaussian hypothesis. However, the estimation of thismatrix, as expressed in ( . ), onlymakes
sense over homogeneous samples of the data. e problem here is that PolSAR data is usually
strongly heterogeneous, since it re ects the complexity of the scene.

An additional complication when processing PolSAR data is that most processing schemes
require that the estimatedZ values are full-rankmatrices. is inconvenience also applies to the
proposed BPTbased techniques as it has been indicated, for instance, in the full-matrix dissimi-
laritymeasures de ned in Section . . . In order to circumvent this limitation, an initial ltering
may be applied to the data, just as a matrix regularization. In the results shown in Chapters
and , an initial by multilook ltering has been applied for this purpose. is pre-processing
step ensures full-rank matrices at the expense of a small spatial resolution loss. In general, this
may be a reasonable price to be paid, but for the BPT based processing, which aims to preserve
as much as possible the spatial resolution, this effect undermines one of its most valuable bene-
ts. en, in the following, a new speckle ltering technique is presented, based on the Bilateral
ltering [ ] applied to PolSAR data [ ][ ][ ], in order to mitigate, as much as possible,

this spatial resolution loss produced during this matrix regularization pre-processing step. It is
worthmentioning that this approach has, in practice, some similarities to theNon-LocalMeans
ltering [ ][ ], presented in Section . . , while reducing the size of the patch to one pixel.

. . B D -B F

e multilook ltering, as mentioned in Section . . , is assuming spatial locality on the data.
en, for each pixel of the image, a local window is considered, and it is assumed that all the

pixels within this window are homogeneous. Obviously, this is not true near contours or for
small areas, where different type of targets may appear together.

e bilateral lter [ ] introduces also the domain locality. Note that it may be assumed,
for PolSAR data, that homogeneous samples will also have similar response values. en, the
homogeneous data will be found close in the spatial domain and also in the polarimetric do-
main. erefore, the sample averaging ( . ) performed by the multilook may be replaced by
a weighted averaging according to the sample closeness in both domains [ ][ ]. As a con-
sequence, the sample covariance matrix Ẑij obtained at position (i, j)may be expressed as [ ]



Ẑij =
k(i, j)

∑
m,n∈V(i,j)

Zmnws(i, j,m, n)wp
(
Zmn,Zij) ( . )

whereV(i, j) stands for the localwindowaround thepixel located at (i, j)position,Zij represents
the sample covariance matrix of the input image at (i, j), ws and wp are the weighting functions
on the spatial and polarimetric domains, respectively, and k(i, j) is the normalization factor,
de ned as

k(i, j) =
∑

m,n∈V(i,j)

ws(i, j,m, n)wp
(
Zmn,Zij). ( . )

In order to obtain valuable results, the proper de nition of the ws and wp weighting func-
tions is crucial. e role of these functions is to exploit the spatial and polarimetric locality and,
accordingly, they should exhibit the following characteristics:

. e weighting functions ws and wp should be within the nite interval [ , ], presenting
higher values for closer values in the spatial and polarimetric domains, respectively.

. As a consequence, from the previous condition it may be assumed that

ws(i, j, i, j) = , ∀ i, j ( . )

wp (Z,Z) = , ∀ Z ( . )

. Additionally, symmetry is considered in data closeness for both domains, thus,ws andwp

should be symmetric, that is,

ws(i, j,m, n) = ws(m, n, i, j) ∀ i, j,m, n ( . )

wp
(
Zmn,Zij) = wp

(
Zij,Zmn) ∀ i, j,m, n. ( . )

In short, thews andwp weights should be functions based on the data closeness in the spatial
and polarimetric domains, respectively. In order to employ a simple and known mathematical
concept, and also to be consistent with the BPTbased conception, a de nition of those weights



is proposed in terms of a spatial and a polarimetric distances ds and dp, respectively

ws(i, j,m, n) =
+ ds (i,j,m,n)

σs

( . )

wp
(
Zmn,Zij) =

+
dp(Zmn,Zij)

σp

( . )

where σs and σp control the weights sensitivity in the spatial and polarimetric domains, respec-
tively. Mathematically, ds and dp are metric functions that quantify the sample closeness on
their domains, following the properties:

. d(x, y) ≥ . Non-negativity.

. d(x, y) = if and only if x = y. Identity of indiscernibles.

. d(x, y) = d(y, x). Symmetry.

. d(x, z) ≤ d(x, y) + d(y, z). Triangle inequality.

Some similarity measures have been de ned in Section . . and analyzed in Sections . .
and . . with real and simulated PolSAR data. On that section, two main types of measures
were identi ed: full-matrix and diagonalmeasures. Although only full-matrixmeasures are able
to fully exploit the complete polarimetric information under the Gaussian hypothesis, these
functions require full-rank matrices. If this technique is intended to be used as a matrix regu-
larization step, that is, without any kind of initial ltering, only diagonal measures may be em-
ployed as the matrices estimated from original pixels Z = kkH are singular, having rank equal
to .

In the proposed technique, the classical euclidean distance may be employed in the spatial
domain

ds(i, j,m, n) = (i− m) + (j− n) . ( . )

On the other hand, for the polarimetric domain, some of the diagonal dissimilaritymeasures
de ned in Section . . may be employed. However, special a ention must be paid to them
in order to ful ll the previously de ned mathematical properties of a metric measure. Since
this was not a requisite for the dissimilarity measures for the BPT construction, some of them
have to be modi ed. Moreover, the term depending on the region size has no sense for the
bilateral lter which is, indeed, a pixel-based approach. en, the revisedWishart dissimilarity
measure [ ], on which is based the ddw measure de ned in ( . ), may be applied with some



modi cations for the bilateral ltering, resulting into the the dpw measure

dpw
(
Zmn,Zij) = (∑

k=

(
(Zmn

kk ) + (Zij
kk)

Zmn
kk Z

ij
kk

)
−

)
( . )

where Zij is the index notation for the (i, j)-th element of the by matrix Z.

Another relevant measure that has been de ned in Section . . is the geodesic dissimilarity,
based on the Riemannian geometry of the hermitian positive de nite cone of matrices [ ].
As in the previous case, a modi cation of the diagonal version ddg, which has been de ned in
( . ), will be employed. Note that this measure is de ned in terms of the natural logarithm of
the diagonal elements quotient. is fact reduces considerably the rate of growth of the mea-
sure having not enough separability between different matrices to prevent the heterogeneous
region mixture when employed for the bilateral lter. us, a modi cation dpg is proposed to
compensate this rate of growth reduction caused by the logarithm

dpg
(
Zmn,Zij) = exp


√√√√∑

k=

ln

(
Zij
kk

Zmn
kk

)− ( . )

where ln stands for the natural logarithm.

Additionally, when dealing with PolSAR data, special a ention must be given to the system
noise. is noise may be caused by different sources as, for instance, thermal noise, discretiza-
tion errors, etc [ ]. However, from the statistical point of view, it is usually modeled as a zero-
meanuncorrelatedGaussian noise. is noisemaydegrade the performance of the polarimetric
weights computation when the backsca ered power is comparable to the noise power. en, a
modi ed dpt measure may be applied, based on the previous measures ( . ) and ( . )

dpt
(
Z̃mn, Z̃ij) = dp

(
Zmn + σt I,Z

ij + σt I
)

( . )

where I represents the by identity matrix, σt stands for the power of the system noise and dp
may be dpw or dpg.

In practice, the effect of the dpt measure modi cation is that it reduces the sensitivity of the
polarimetric measures when the backsca ered power, contained within the diagonal elements
of the Z matrix, is close to the system noise power σt. However, it has the inconvenience of
introducing it as a newparameter to be xed. e σt valuemay be obtained from the parameters
of the sensor. Additionally, it may be estimated from the data, as proposed in [ ], bymanually
selecting a dark area of the image, where presumably there is no radar backsca ered power, and,



consequently, the mean power of this area may be considered as the system noise power σt. In
fact, an automatic method for estimating the σt is proposed based on this rationale. e whole
image is decomposed into large enough blocks to reduce the effect of speckle noise, for instance
by pixels, and the minimum retrieved power from all the blocks among all the channels is

considered as the σt parameter for the image. Note that this method is assuming that some
dark areas are present in the image. If this is not the case, this method may lead to an incorrect
parameter estimation. en, it is generally safer to employ the parameters of the sensor when
available.
It is worth noticing that the bilateral ltering, as described in ( . ), results into a different

amount of averaged pixels per pixel. is may be a difficulty for further processing of the data
but, however, this information is still available for analysis and interpretation, being relatedwith
the k parameter ( . ). Moreover this parameter may also hold information related with the
spatial structure of the image, as it will be seen later on.
As mentioned previously, the bilateral lter is a pixel-based processing scheme, as it relies on

the pixel values for the computation of the differentwp weights. en, the speckle noise present
in the data that contaminates the original SAR data will also affect the weight computation,
resulting into a noisy wp values and, consequently, a noisy ltered image. In order to mitigate
this effect, an iterative weight re nement scheme is proposed, which is represented in Fig . .

Orig
Img

Img 1 Img 2

Figure 6.1: Iterative weight refinement approach diagram.

In the diagram presented in Fig . , ’Orig Img’ stands for the original input image and the
subsequent ’Img i’ represent the output result obtained a er the i-th iteration. e ltering
process is performed on the circular boxesmarked as ’CBL’, an acronym forCross-Bilateral Filter
[ ] based on the lter previously de ned in ( . ). e weighted average is performed over the
input image in, whereas the weight computation is performed over the reference image ref

Ẑij =
k(i, j)

∑
m,n∈V(i,j)

Zmn
in ws(i, j,m, n)wp

(
Zmn
ref ,Z

ij
ref

)
( . )

where Zij
in and Z

ij
ref represent the estimated covariance matrix of the input and reference images



at position (i, j), respectively.

It is worth stressing that the proposed iterative weight computation scheme in Fig. . does
not correspond to an iterative ltering. Iterative ltering may produce a stronger level of l-
tering but it usually tends to produce over ltering by mixing similar non-homogeneous areas
and blurring some details due to the propagation of errors. On the other hand, the proposed
scheme processes the original image at each iteration. Consequently, the propagation of errors
is avoided. is scheme is intended to generate a more reliable estimation of the polarimetric
weights wp based on ltered images. Additionally, iterative ltering would have the inconve-
nience of combining samples with different amounts of ltering among the different iterations,
producing a k parameter that does not correspond to the real number of samples averaged from
the original image, making the further analysis and interpretation of the obtained results more
difficult.

In the following, this approach will be called the Distance Based Filtering (DBF) [ ]. is
proposed technique is evaluated in this section as a speckle lter itself, in order to analyze the
ability of this approach to adapt to the structure of the scene and preserve its spatial resolution.
In Section . . this technique will be combined with the BPT, employed as a pre-processing
step for matrix regularization.

Fig. . shows the results obtained a er applying the proposed DBF technique to the rst
acquisition of the Flevoland dataset described in Section . . e original image is presented in
Fig. . a and the corresponding DBF ltering result is shown in Fig. . b. For this processing,
the dpw similarity measure has been employed, the local window V corresponds to a by
pixel square window, and the weights sensitivity has been set to σs = and σp = . . ese
values have been chosen experimentally, as they have demonstrated to produce a good level
of speckle ltering while also preserving the details of the image. e automatic method for
σt calculation has been applied, as stated before. In this case, the original image contains dark
areas, as seen onFig. . a, corresponding to closed and calmwater, where this parametermay be
estimated correctly. Finally, iterations of the weight re nement scheme presented on Fig. .
have been performed.

As it may be observed, the noise has been substantially reduced in Fig. . b in comparison
with Fig. . a. However, in order to see more clearly the differences, a detail of these images is
depicted in Figs. . a and . e, including the obtained number of averaged pixels k parameter,
represented in Fig. . f. is detail area is composed by some forest and agricultural areas in
the top part and urban and sea areas in the bo om part. Moreover, the results of this ltering
strategy are comparedwith those obtained from the by multilook lter, theRe nedLee lter



(a) Original (b) DBF Filtered, 5it, dpw, σs= , σp= .

Figure 6.2: Original (a) and DBF filtered (b) Pauli RGB images of the first acquisition of
the Flevoland dataset. For the DBF, 5 weight refinement iterations have been employed
with the dpw measure and σs = , σp = . parameters (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

[ ], described in Section . . , and the IDAN lter¹ [ ], explained in Section . . . Addi-
tionally, a zoom is shown in bo om right corner, corresponding to the central part of the image,
in order to see the obtained results at pixel level. e by multilook ltering may achieve a
good level of ltering, as observed in Fig. . b, but it blurs the edges on the image and enlarges
the small point sca ers or details of the image, mixing, then, heterogeneous samples of the im-

¹ e PolSARPro so ware [ ] has been employed to process this data and for Pauli image generation. For
the IDAN ltering, a maximum AN size parameter of pixels has been employed.



(a) Original (b) 7x7 multilook (c) Refined Lee filter

(d) IDAN filter (e) Proposed method (f) Proposed method k
k1 43

Figure 6.3: Pauli RGB for the original detail image (a) and filtered images employing 7x7
multilook (b), refined Lee (c), IDAN (d) and the proposed method (e). The k parameter
for the proposed method is represented in (f), corresponding to the number of averaged
pixels (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

age. As mentioned in Section . . , this is caused by the fact that the multilook is a low pass
lter that reduces the spatial resolution. e re ned Lee ltering, shown in Fig. . c achieves a
good spatial resolution reservation but, due its intrinsic limitations to adapt to complex spatial
structures, it introduces some artifacts that distort the obtained image. e IDAN lter also
achieves a good level of ltering while also preserves some of the image contours but, however,
it blurs small details as point sca ers. On the other hand, the proposed technique does not in-



troduce artifacts and preserves the edges and the small details. Furthermore, it achieves a good
level of ltering over homogeneous areas, similar to the multilook. e edge preservation may
be clearly seen over the coastline while its capability to preserve small details may be observed
in the zoomover the urban area. e amount of ltering performed for each pixel is represented
in Fig. . f, corresponding to the k parameter. Note that this parameter may not be directly as-
sumed as the Equivalent Number of Looks [ ], but it is related with it, as it correspond to the
number of averaged pixels per pixel. It may be observed that small k values are obtained near
contours while large values are retrieved over homogeneous areas. Indeed, the values obtained
over homogeneous areas are in the order of , which is a similar number to themultilook lter,
that would have a number of averaged pixels per pixel constant over the whole image and equal
to · = pixels.

To seemore clearly the effect of the iterative weight re nement scheme presented in Fig. . ,
the obtained k parameter for each iteration has been represented in Fig. . . e number of
averaged pixels per pixel is represented for the st to the th iterations, as the last iteration cor-
responds to Fig. . f, presented before. Note that the color scale is different in each image, in
order to increase the contrast, as re ectedby the corresponding color bars. Additionally, Fig. .
shows the histogram of the obtained k parameter for each iteration.

As it may be observed, in the rst iteration the amount of ltering achieved is low, as small
k values are obtained. Moreover, the k values retrieved are very noisy since it is difficult to es-
timate correctly the wp weights over the original image due to the speckle noise. is effect
is specially visible over the zoomed area. In the successive iterations of the weight re nement
process, larger values of k are progressively obtained while the noise over this parameter gets
reduced. It may also be seen that contours, small details and homogeneous areas of the image
are more clearly detected. Similar conclusions may be extracted from the k histograms shown
in Fig. . . It may be observed that the k values gets increased with the successive weight re ne-
ment iterations and, additionally, the difference between them gets reduced as the number of
iterations increases. en, a convergence pa ern may be observed which may induce to con-
tinue this process. However, very small differences are observed in the following iterations and,
consequently, we have decided to stop it a er the th iteration, in order to reduce the compu-
tational time needed for this processing.

In order to perform a detailed analysis of the polarimetric information preservation of a l-
tering technique, additional information than the one contained in the Pauli images should be
considered. Fig. . analyzes the obtained Entropy (H) and averaged Alpha angle (ᾱ) polari-
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(a) k, 1st it

k

(b) k, 2nd it
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(c) k, 3rd it

k

(d) k, 4th it

Figure 6.4: Evolution of the k parameter, corresponding to the number of averaged pix-
els per pixel, among the different iterations of the weight refinement scheme presented in
Fig. 6.1. The k parameter of the final iteration corresponds to Fig. 6.3f.
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Figure 6.5: Number of averaged pixels per pixel histograms, the k parameter, for each it-
eration of the weight refinement scheme.

metric parameters [ ], which has been described in Section . . , for the multilook, the re-
ned Lee, the IDAN and the proposed DBF ltering strategies. e same area than on Fig. .
is shown, for comparison purposes. Qualitatively similar colors may be observed in all cases,
meaning that similar values are obtained over homogeneous areas. However, when looking at
the results in detail some important differences may be noticed. e ability of the different
methods to preserve the spatial resolution may be clearly stated over the small details of the
image, specially over the urban area, as seen on the zoomed area, where the multilook lter en-
larges those details according to its window. e Re ned Lee lter results, shown on Figs. . b
and . f, demonstrates a good preservation of the small details of the image whereas the IDAN
lter, whose results are represented on Figs. . c and . g, almost destroys these small details

that appear as small blue and red dots inH and ᾱ, respectively, when employing the re ned Lee.
On the other hand, the proposedDBF lter preserves the structure of the small details, similarly
to the re ned Lee, while also has the advantage over this technique of a aining a higher amount
of ltering over homogeneous areas while not introducing distortion to the image.

As performed in Section . . , some homogeneous areas may be manually de ned over the
image in order to perform a quantitative evaluation of the preservation of the polarimetric in-
formation. ree homogeneous zones have been manually selected from this data crop that



(a) H, 7x7 multilook (b) H, refined Lee (c) H, IDAN (d) H, Proposed

(e) ᾱ, 7x7 multilook (f) ᾱ, refined Lee (g) ᾱ, IDAN (h) ᾱ, Proposed

0º 90º

0 1H

Figure 6.6: Entropy (H) and averaged Alpha angle (ᾱ) for 7x7 multilook and the pro-
posed filtering method.

have beenmarked in Fig. . a. ese zones correspond to forest, water and an agricultural crop
areas, respectively. Table . shows the mean values obtained for the diagonal elements of the
sample covariance matrix over these areas for the original image and for the different speckle
ltering methods previously commented. Additionally, the same results for the proposed DBF
method are presented, when employing the dpw and dpg measures. Moreover, the magnitude
and phase of the correlation coefficient ρ overHH and VV polarization states and theH/A/ᾱ
polarimetric decomposition parameters are also shown. All these values may not be computed
over the original image and, then, they are not represented in the table. It may be observed that
all the adaptive lters analyzed have an underestimation bias over the diagonal elements of the
covariance matrix. However, the bias of the proposed method is the smaller of those lters,
obtaining mean values that are close to the ones obtained for the multilook. Nonetheless, for
the H/A/ᾱ all the lters obtain values that are similar to those obtained by the multilook. In
addition, a further analysis of the ltering capability of those lters may be found in [ ].



Region Filtering C C C |ρ | arg(ρ )(◦) H A ᾱ(◦)
Original . · − . · − . · − - - - - -

Z x Multilook . · − . · − . · − . . . . .
Forest Re ned Lee . · − . · − . · − . . . . .

IDAN . · − . · − . · − . . . . .
pixels Proposed dpw . · − . · − . · − . . . . .

Proposed dpg . · − . · − . · − . . . . .

Original . · − . · − . · − - - - - -
Z x Multilook . · − . · − . · − . . . . .

Water Re ned Lee . · − . · − . · − . . . . .
IDAN . · − . · − . · − . . . . .

pixels Proposed dpw . · − . · − . · − . . . . .
Proposed dpg . · − . · − . · − . . . . .

Original . · − . · − . · − - - - - -
Z x Multilook . · − . · − . · − . . . . .
Crop Re ned Lee . · − . · − . · − . . . . .

IDAN . · − . · − . · − . . . . .
pixels Proposed dpw . · − . · − . · − . . . . .

Proposed dpg . · − . · − . · − . . . . .

Table 6.1: Mean estimated values over homogeneous areas for the proposed DBF in comparison with other speckle filtering techniques.
For the proposed technique, an 11x11 local window has been employed with 5 weight refinement iterations and σs = , σp = . .



As mentioned previously, some parameters are involved into the DBF ltering process. e
effect of the weight re nement scheme and the number of iterations has been analyzed previ-
ously. In the following, the impact of the σs and σp weight sensitivity parameters is evaluated.
Fig. . shows the results of applying the proposed method to the Flevoland dataset with dif-
ferent combination of σs and σp parameters. e same detail area is shown than on Fig. . , for
comparison purposes. Figs . a and . b show the effect of changing the σs parameter, whereas
Figs . d and . e depict changes on σp. If these results are comparedwith the previous ltering
results, shown inFig. . e, itmaybeobserved thatwhen theweight sensitivity is increased, by re-
ducing the values of σs or σp, the amount of speckle ltering a ained gets reduced. Conversely,
when those parameters are increased the opposite effect is obtained. Additionally, Figs. . b
and . c and Figs. . e and . f show the effect of changing the dissimilaritymeasure employed
for computing the polarimetric weights. Note that smaller differences are observed between
these image, which means that this parameter has a lower impact on the obtained results.
Nevertheless, the σs and σp parameters are dealingwith different domains and, consequently,

they have a different impact on the ltering. e -bin histogram of the number of averaged
pixels per pixel, the k parameter, is shown in Fig. . for distinct values of σs and σp. When
changing the σs parameter the spatial decay of the ws weights is modi ed but the sensitivity to
the polarimetric domain remains unaltered. en, as it may be observed in Figs. . a to . c,
all the k values gets increased but the shape of the histograms remains almost unaffected. On
the other hand, when the σp parameter is modi ed, a similar trend is observed in terms of k but
in this case, as it may be seen in Figs. . d to . i, the shape of the histograms is substantially
changed. It is worth noticing that the σp parameter plays an important role in the polarimetric
information preservation, as the adaptation to the spatial content of the image is achieved due
to the polarimetric locality assumption. en, the selection of this parameter is a trade-off be-
tween the amount of speckle ltering and the contours and details preservation. In fact, if this
parameter is set to a high value, as it may be observed in Figs. . e and . f, a larger amount of
ltering is achieved at a cost of some heterogeneous samplesmixture and resolution loss. More-
over, the proposedDBF ltering schememay be considered as a generalization of themultilook
as it tends to this lter over the Vwindow when σs →∞ and σp →∞.

. . DBF M R BPT

In the previous section the DBF technique has been de ned and analyzed as a speckle lter.
However, it may be employed also as a matrix regularization pre-processing step for the BPT
based processing scheme, in order to obtain full-rank Z matrices. According to the previous



(a) dpw, σs= , σp= . (b) dpw, σs= , σp= . (c) dpg, σs= , σp= .

(d) dpw, σs= , σp= . (e) dpw, σs= , σp= . (f) dpg, σs= , σp= .

Figure 6.7: Pauli RGB detail image of the filtered results for different σs and σp with 5
weight refinement iterations and 11x11 local window V (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

analysis, when employing it instead of the classical by multilook ltering, the spatial resolu-
tion loss of the multilook may be avoided.

Nevertheless, the goal of this matrix regularization step is not to reduce the speckle noise
of the data but to obtain full-rank matrices in order to be able to apply dissimilarity measures
that exploit the full polarimetric information under the Gaussian hypothesis. In this situation,
then, the amount of ltering required is much smaller, just to regularize the sample covariance
matrices.

Fig. . shows the BPT region homogeneity based pruning results employing a δp = − dB
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Figure 6.8: Histograms of the number of averaged pixels k for different σs and σp with 5
weight refinement iterations and 11x11 local window V

pruning threshold and the dsg dissimilarity measure, as described in Section . . , of the rst
acquisitionof theFlevolanddataset. Fig. . a shows theBPT results obtainedwhen the classical
by multilook ltering is applied as a regularization step. On the other hand, Fig. . b shows

those results when the proposed DBF technique is applied for matrix regularization. As it may
be seen, the amount of ltering required for this purpose ismuch smaller, as the local windowV
has been reduced to by pixels and also the corresponding lter parameters to σs = , σp =



(a) BPT pruning δp = − dB with 3x3 mul-
tilook

(b) BPT pruning δp = − dB with 5x5
DBF, 3it, dpw, σs = , σp = .

Figure 6.9: Pauli RGB of the BPT region homogeneity based pruning results with δp =
− dB for 3x3 multilook and the proposed DBF method with 5x5 local window V, 3 iter-
ations of the weight refinement scheme, and dpw, σs = , σp = . parameters as initial
filtering for matrix regularization (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

. . Additionally, only iterations of the weight re nement scheme have been performed, as
they are enough to produce a reliable result. Comparing the results on Figs. . a and . b itmay
be clearly observed that the small resolution loss of the by multilook is also transfered to the
BPT representation, specially on the small details in the urban area that appear enlarged in the
zoom area. When the DBF is employed, the resolution preservation observed in details of the
urban area gets improved. is effect may also be seen in thin structures like the breakwaters
in the coastline. Moreover, due to the be er contour preservation also achieved by the DBF
technique, some eld contours of the image are be er retrieved by the BPT, as it may be seen in
the top part of the image, for instance.

Another example of the bene ts of employing the proposed DBF technique for matrix regu-
larizationmay be observed in Fig. . . In this case, the whole Barcelona time series dataset has
been processed with the TE BPT representation. Fig. . a shows the geo-coded results of the



(a) Geo-coded ts measure with 3x3 multilook regularization

ts

0
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(b) Geo-coded ts measure with 5x5 DBF, 3it, dpw, σs = , σp = . regulariza-
tion

ts

0

3

Figure 6.10: Geo-coded temporal stability measure ts over the Barcelona dataset employ-
ing the TE BPT for the 3x3 multilook and the proposed DBF method with 5x5 local win-
dow V, 3 iterations of the weight refinement scheme, and dpw, σs = , σp = . parameters
as initial filtering for matrix regularization.



temporal stability ts measure, described in Section . . , over the Terminal- Barcelona airport
area when employing the by multilook on each one of the images as matrix regulariza-
tion. On the other hand, Fig. . b shows the same results when applying the proposed DBF
technique over each image. e increase in spatial resolution on the ts results when applying the
DBF may be clearly observed, specially in the zone of the ngers, those details appear blurred
in Fig. . a but not in Fig. . b, where a small red dot may be clearly seen for each nger.
Moreover, since the heterogeneous sample mixture gets avoided due to a be er preservation of
the contours when employing the DBF for matrix regularization, some small or thin structures
appear be er represented in Fig. . b. is effect is particularly evident on the runway in the
right part of the image, which appear very noisy in Fig. . a andmuchmore clear in Fig. . b.
Note that since this runway presents a thin structure, the by multilookmixes its sampleswith
those around it, resulting in a poorer performance for the BPT representation. is example,
indeed, may serve as an example of the improvement achieved by applying the DBF technique
as a pre-processing step for PolSAR time series datasets.

. P C A

. . T B− AM

When analyzing the term depending on the sample covariancematrices in the different dissim-
ilarity measures de ned in Section . . , it may be observed that some of them are based in
the matrix Z−

B ZA. e revised Wishart measure dsw, de ned in ( . ), is based on the trace of
thismatrix tr(Z−

B ZA), whereas the geodesic dissimilaritymeasure dsg is based on the Frobenius
normof thismatrix, as it is de ned in ( . ) in terms of the expression‖ log

(
Z− /
B ZAZ

− /
B

)
‖F.

Indeed, this expression is equivalent to‖ log
(
Z−
B ZA

)
‖F, since the eigenvaluesofZ− /

B ZAZ
− /
B

are the same than those of Z−
B ZA.

In fact, this is not a coincidence, as theWishart probability density function, de ned in ( . )
is also based on the exponential of the trace of this matrix. en, in the following sections, this
matrix is studied from the point of view of its eigenvectors and eigenvalues, in order to obtain a
physical interpretation of the information contained within.

. . G E P C

As mentioned in Section . , one of the most important properties of wave polarimetry is that
it allows to explore the target response at any other polarization state, through the polarization
synthesis [ ]. en, one of the rst approaches proposed to explore the difference between



two targets characterized byA andB covariancematrices was through the polarimetric constrast,
de ned as the ratio between the radar power backsca ered by the two targets at a particular
polarization state, denoted byw [ ]

Pc(A,B,w) =
wHAw
wHBw

. ( . )

Note that the polarimetric contrast Pc is the ratio between two power measures and, con-
sequently it is real and positive valued. For each polarization state, the polarimetric contrast
indicates an increment of power in A respect to B with a value Pc > , whereas in the case of a
decrease in powerPc < is obtained. If there is no change in the retrievedpower a value equal to
is retrieved. is measure may be optimized in order to obtain the optimum polarization state

wopt that maximizes the contrast between the two targets [ ]. e mathematical solution to
this optimization process may be found by the Lagrange multipliers method, that corresponds
to the generalized eigenvalues for A and B covariance matrices [ ][ ]

Aw = λBw ( . )

which may be obtained by solving the following equation

det(A− λB) = . ( . )

Note that, if the matrix B is invertible, then ( . ) may be pre-multiplied by B− in order to
obtain [ ]

B− Aw = λw ( . )

corresponding to the classical eigenvalue equation of the B− A matrix, that may be obtained
solving

det(B− A− λI) = . ( . )

en, the eigenvalues λi of the B− A matrix de ne the polarimetric contrast Pc values that
may be obtained. If the eigenvalues are assumed to be sorted λ ≥ λ ≥ . . . ≥ λp ≥
then themaximumcontrast corresponds to λ whereas theminimumcontrast corresponds to λp
[ ][ ]. Moreover, the polarization states that produce the mentioned polarimetric contrast
values denoted by the eigenvalue λi corresponds to its associated eigenvector vi. In the case
of the by covariance matrices, λ corresponds to the maximum polarimetric contrast, λ
to the minimum contrast and λ corresponds to a contrast in between these two. It is worth
mentioning that, since the B− A matrix is not necessarily hermitian, then the corresponding



eigenvectors vi are not orthogonal to each other.

. . P I P SARD M

According to the mathematic analysis performed in Section . . , the eigenvalues of the B− A
matrixmay be interpreted in terms of the polarimetric contrast. Consequently, the dissimilarity
measures that are based on these matrices may also be interpreted in these terms.

e revisedWishart dissimilaritymeasure dsw, is de ned in the form tr(Z−
B ZA)+ tr(Z−

A ZB).
Accordingly, this measure may also be expressed as

tr(Z−
B ZA) + tr(Z−

A ZB) =

p∑
i=

λi + λ−i ( . )

where ZA and ZB are assumed to be p by p covariance matrices and λi represent the generalized
eigenvalues of ZA and ZB matrices. Note that the eigenvalues of Z−

A ZB are the inverse of the
eigenvalues from Z−

B ZA.

en, the revised Wishart dissimilarity measure may also be interpreted as the sum of the
polarimetric contrasts and their inverse. In fact, as expressed before, a power reduction in a
particular polarization state will be represented by a polarimetric contrast value < Pc < ,
having less importance on tr(Z−

B ZA) than a power increment, represented by Pc > . To solve
this issue, the sum is performed over the polarimetric contrast and its inverse in ( . ), in order
to give equal importance to changes due to power increments or decrements.

On the other hand, the term corresponding to the covariance matrices of the geodesic dis-
similarity measure dsg, as mentioned before, may be expressed as ‖ log

(
Z−
B ZA

)
‖F. en, this

measure may be interpreted in terms of the polarimetric contrast interpretation of the Z−
B ZA

matrix as

‖ log
(
Z− /
B ZAZ

− /
B

)
‖F = ‖ log

(
Z−
B ZA

)
‖F =

√√√√ p∑
i=

ln λi. ( . )

As it may be observed in ( . ), in the geodesic dissimilarity measure the logarithm of the
polarimetric contrast is taken. en, an increment or decrement of power by the same factor
would naturally have the same contribution to the measure, represented by the same positive
or negative logarithm value, respectively. A erwards, the euclidean norm of all the ln λi values
is computed, giving equal weight to positive or negative values.



. . C A R

e previous analysis of the B− Amatrices in terms of the polarimetric contrast motivates the
employment of these matrices to characterize the changes that are produced over the different
acquisitions in PolSAR time series. In the following an example is shown over two images of the
Flevoland dataset, presented in Section . , corresponding to the acquisitions from April th,

and June th, , respectively. e two original Pauli images of these two acquisitions
may be seen in Fig. . , in page .

(a) April 14th, 2009 filtered (b) June 25th, 2009 filtered

Figure 6.11: Pauli RGB images from the TE BPT results with δp = − dB pruning thresh-
old of two Flevoland acquisitions corresponding to April 14th, 2009 and June 25th, 2009
(|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

e entire Flevoland dataset has been processed with the TE BPT representation, as de-



scribed in Section . , and the Pauli representation of the results obtained when employing
a pruning threshold of δp = − dB is shown in Figs. . a and . b, for the same acquisitions
shown inFig. . , corresponding toApril th, and June th, , respectively. As itmay
be seen, there are signi cant changes in terms of the observed polarimetric response among the
two acquisitions. On April, as shown in Fig. . a, most of the agricultural eld plants are not
grown, resulting into a predominant surface sca ering, appearing in blue color. On the other
hand, in the acquisition from June, in Fig. . b, most of these elds are grown, resulting into
a predominant volume sca ering from the plants, represented in green color in the Pauli RGB
composition.

With these results from theBPTbased approach, having almost a regionper agricultural eld,
the speckle noise reduction achieved over them is considerable, resulting into a reliable estima-
tion of the polarimetric response of the eld. en, the previous analysis of the polarimetric
change based on the estimated sample covariance matrices of the two acquisitions Z−

A ZB may
be employed to interpret the differences among these two acquisitions.

Fig. . shows the histograms of each one of the generalized eigenvalues λi between the two
acquisitions depicted in Fig. . . e horizontal axis represents the value of each eigenvalue in
expressed in dB, according to log (λi). As itmay be observed,most of the λ values, shown in
Fig. . a, are greater than , as they correspond to the maximum polarimetric contrast, which
represents an increase of the retrieved power in their corresponding polarization state. On the
other hand,most of the values of λ , in Fig. . c, are below , which implies the opposite effect.

e peak of the second generalized eigenvector λ , represented in Fig. . b, is located around
, indicating no change in terms of the polarimetric contrast. However, most of the λ values
are located over the positive values.

In order to see the distribution of the generalized eigenvalues among the scene, Fig. .
shows the generalized eigenvalues corresponding to the change between these two acquisitions.
As in Fig. . , the λi values are represented in dB, as depicted in the color bar. e dB, corre-
sponding to no change, is represented in green, the reddish colors represent an increasewhereas
the blueish values represent a decrease in the retrievedpower. As observed inFig. . , itmaybe
seen that on λ most of the values are positive whereas on λ most are negative. However, some
positive values may also be observed in λ over some agricultural elds, which implies that the
retrieved power has increased for all the polarization states. On λ some red areas may be ob-
served in the agricultural elds, whereasmost of the other areas appear in green, corresponding
to a polarimetric contrast equal to , indicating no change.
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Figure 6.12: Histograms of the λi generalized eigenvalues among the two acquisitions
shown in Fig. 6.11 expressed in dB.

Fig. . depicts the obtained generalized eigenvectors in the Pauli RGB color composition
associated with the eigenvalues represented in Fig. . . en, Fig. . a represents the Pauli
of the polarization state that produces the maximum contrast whereas Fig. . c correspond to
the polarization state achieving theminimum polarimetric contrast. As it may be observed, the
predominant component of the rst eigenvectorsv is the volume sca ering, appearing in green.
On the v eigenvector, representing also an increase in the retrieved power, more reddish colors
are seen, corresponding todouble bounce. On theother hand, the third eigenvector v , is clearly
blue over the agricultural elds. Accordingly, it may be deduced that over the agricultural elds
the volumeanddoublebounce sca eringprocesseshave increased,mostly corresponding to the
rst and second eigenvalues, whereas the smaller contrast is obtained for the surface sca ering,



(a) λ (b) λ (c) λ

-12 12dB

Figure 6.13: Distribution of the different λi generalized eigenvalues among the two acqui-
sitions shown in Fig. 6.11. Results are shown in dB scale.

represented by the third eigenvector. is conclusion in consistent with the physical changes
described before, corresponding to the growing process of the plants in the agricultural elds.

. R S H

In Section . . the region homogeneity based pruning has been de ned. is pruning process
is de ned in terms of a region homogeneity measure which may be interpreted as the average
error that is commi ed when representing all the pixels of the region by its region model. In
this section, a more generic de nition of this measure is proposed from a mathematical point
of view. en, the limitation of the previously de ned homogeneity measure are identi ed and
some improvements are proposed to solve them.

In the more general case, a region model space is supposed, denoted by S, and a metric d is
assumed over this space

d : S× S→ R. ( . )



(a) Pauli RGB v (b) Pauli RGB v (c) Pauli RGB v

Figure 6.14: Pauli RGB representation of the different vi generalized eigenvectors among
the two acquisitions shown in Fig. 6.11 (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

is measure is, in fact, the point on which all the knowledge of the S spacemay be included,
while focusing on the particular properties of the region model space on that we are interested
on.

en, a set C of N points in this region model space is assumed C = {Z ,Z , . . . ,ZN},
where Z ,Z , . . . ,ZN ∈ S. Note that the mathematical concept of a set of samples may be
directly related with the region concept within the BPT structure or, generally, in any region-
based approach. Accordingly a set homogeneityH(C)measure may be de ned in terms of the
corresponding d metric. First, it is assumed that ZC is the center of mass of C, de ned as, for
instance,

ZC =
N

N∑
i=

Zi. ( . )

en, the set homogeneityH(C)may be de ned in terms of the metric d as

H(C) =
N

N∑
i=

d(Zi,ZC). ( . )



Fig. . represents the setC and the computation ofH(C) in terms of the metric d. Indeed,
H(C)may be interpreted as the average distance d from all the C samples to its center of mass
ZC.

Z1

ZC

ZN

d(Z1,ZC)

d(ZN ,ZC)

C

Figure 6.15: Set homogeneity measure definition. The set C and its center of mass ZC
are represented.

For the region homogeneity based BPT pruning, the relative error homogeneity Φ, has been
de ned in ( . ). With the aforementioned notation it may be expressed as

Φ(C) =
N

N∑
i=

‖Zi − ZC‖F
‖ZC‖F

, ( . )

that corresponds to the relative MSE of the region. According to the previous generic homo-
geneity de nition, in ( . ), it corresponds to theH(C)measure that is obtainedwhen employ-
ing the relative euclidean distance as the dΦ metric

dΦ(A,B) =
‖A− B‖F
‖B‖F

. ( . )

e distance measure d employed for the region homogeneity measure pays an important
role in the obtained results, presumably as important as the role it plays in theBPT construction
process. In fact, the ( . ) measure is not adapted to the complex covariance matrix space,
whichmay result into abad estimationof the regionhomogeneity. As opposite, anhomogeneity
measure could be de ned employing a distance measure adapted to the complex covariance
matrix space as, for instance, the revisedWishart similarity measure [ ]

drw(A,B) = tr(A− B) + tr(B− A)− p ( . )



where p is the size of the p by pmatricesA andB. If the drwmeasure is employed to de ne an ho-
mogeneity measure, as expressed in ( . ), then the homogeneity measureHrw(C) is obtained
as

Hrw(C) = N

N∑
i=

tr(Z−
i ZC) + tr(Z−

C Zi)− p ( . )

In order to analyze the effects of the distance measure employed on the homogeneity mea-
sure, an evaluation process is proposed. For this experiment, two different covariance matrices
C andC are de ned

C =

 .

.

.

 ,C =

 .

.

.

 . ( . )

ese matrices are employed to generate two reference sets, A and B, having each one
samples following a Wishart distribution with a particular covariance matrix and a number of
looks equal to . en, a new set C is computed taking samples with different proportion
from A and B and its homogeneity is computed. Fig. . shows the evolution of the homo-
geneitymeasuresΦ(C) andHrw(C), depending on the amount of samples, in , taken from the
B set. e rest of the required samples to complete the set are taken from the A set.
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Figure 6.16: Evolution of the homogeneity measure versus % of mixture; 0% and 100%
of mixture correspond to selecting all the samples from A and B, respectively.

Fig. . a shows the evolution of the Φ(C) and Hrw(C) homogeneity measures, de ned in
( . ) and ( . ), when the samples of A and B are following a Wishart distribution charac-



terized by the C and C matrices, respectively. As it may be seen, the Φ(C)measure do not
characterize properly the homogeneity of theC set, as it should present a maximumwhen
of samples are taken from each set. On the contrary, theHrw(C)measure, based on theWishart
metric drw, obtains a be er plot as it presents a behavior more analogous to the amount of mix-
ture. Moreover, since the Φ(C)measure is not adapted to the covariance matrix space, it may
have low signi cance when there are changes only on the off-diagonal elements, as it is domi-
nated by the power. is effect is shown on Fig. . b, having A and B characterized byC and
C matrices, respectively, where the Φ(C) measure obtains an almost at curve, whereas the
Wishart homogeneity Hrw(C) obtains a much be er characterization of the C set homogene-
ity.

In a split and merge scenario, as it is the case in the BPT construction algorithm, where dif-
ferent sets are frequently merged, an efficient computation of the homogeneity measure H is
essential to obtain a reasonable computing time. Speci cally, when the set C is constructed as
the merging of two disjoint sets A and B, that is C = A ∪ B, H(C) should be computed in
constant time in terms of ZA, ZB, H(A) and H(B). As mentioned in Section . . , in order to
maintain the BPT construction algorithm complexity at O(nlogn), the region merging merg-
ing process, including the region model and homogeneity calculation, should be computed at
constant time.

For an efficient computation of the Φ measure de ned in ( . ) the Total Sum of Squares
(TSS) [ ] is employed in the BPT construction process. For a given set C, the TSS(C) is
de ned as the sum of squared euclidean distances from all samples to its center of mass. In the
case of the sample covariance matrices employed as a region model, this corresponds to

TSS(C) =
N∑
i=

‖Zi − ZC‖F. ( . )

Having this measure, when a new set C is generated by merging A and B, expressed as C =

A∪ B, then the corresponding measures Φ(C) andTSS(C) of the new set may be computed in
terms of TSS(A) and TSS(B) as [ ]

TSS(C) = TSS(A) + TSS(B) + ‖ZA − ZB‖F
NANB

NA + NB
( . )

whereNA andNB are the number of samples of the sets A and B, respectively. Note that ( . )
does not contain any summation depending on the number of samples and, consequently, it
may be computed in constant time as long as the TSS values for each set are stored. With the



TSS(C) value, the homogeneity measure Φ(C)may be directly computed in constant time as

Φ(C) =
NC‖ZC‖F

TSS(C) ( . )

whereNC = NA + NB correspond to the number of samples of the C set.

. . T P C R

When having a set of pixels A, they are usually characterized by the average sample covariance
ZA
C, as mentioned before. When comparing the set A with another set of pixels B, their central

valuesZA
C andZB

C are compared through themetric measure d, for instance, the revisedWishart
dissimilaritydrw de ned in ( . ). is cluster center comparison is depicted inFig. . , where
the enveloping of the set of pixels has beenmarked with a dashed line and its central value with
a cross.

Figure 6.17: Representation of the similarity computation between cluster centers employ-
ing the centroid model.

In some situations, the central value of a cluster may not be a good representative of the set
of pixels, specially if it is composed by not homogeneous samples. is effect has been stated in
Section . . , where the limitations of the sample covariancematrix as a regionmodel were dis-
cussed. In this situation, the central value may even fall outside the cloud of points it represent,
as illustrated inFig. . . As itmaybe seen, a set of pixels composedbyA∪Bhas been compared
with another D employing the central value, as stated before. In this case, the obtained mean
value ZA∪B

C falls outside the two sets A and B which it represents. Consequently, the obtained



similarity measure drw(ZA∪B
C ,ZD

C) becomes completely unrealistic, as it not represents properly
the similarity between the sets A ∪ B andD.

Figure 6.18: Similarity comparison between cluster centers may obtain unrealistic results
over inhomogeneous sets.

e issue of the centroid representation previously mentioned, is not a problem of the drw
measure itself, but it is a limitation of the employed model, which is not able to represent such
a situation. More complex models may be employed as a descriptors, taking into account a
mixture of distributions or the data texture, for instance. However, more complicated models
require a larger number of parameters and, consequently, they are more difficult to determine,
requiring a larger number of samples for a reliable estimation.

. . A L D M

In order to solve the previous problem, instead of de ning a more complex model, another
possibility is to avoid the need for a parametric model and the necessity of cluster similarity
computation within this model space. Having de ned the drw similarity between points, the
average linkage between all the cluster values, also known as Unweighted Pair Group Method
with Arithmetic mean (UPGMA) [ ], may be used, in order to avoid the employment of a
representative value. is similarity measure, denoted as dal may be de ned as

dal(A,B) = NaNb

Na∑
i=

Nb∑
j=

drw(ZA
i ,Z

B
j ) ( . )

As it may be seen, it is a similar concept to the generic homogeneity measure ( . ) but, in



this case, thedistance is evaluatedbetweeneachpossible pair of values of the two sets compared.
is idea has been represented in Fig. . .

Figure 6.19: Similarity comparison between two sets employing an average linkage
Wishart measure.

If this average linkage measure is employed to analyze the similarity between not homoge-
neous sets, as in the scenario depicted inFig. . , amore appropriatemeasuremaybeobtained.

is situation has been represented in Fig. .

Figure 6.20: Similarity comparison between the inhomogeneous sets A ∪ B and D employ-
ing the average linkage measure.



. . T ZY R M

e previous average linkage Wishart similarity measure between two sets may take into ac-
count data inhomogeneity and also the texture of the two different pixel sets. Moreover, it is
not assuming any shape over the points sets, being able to compute the similarity between ar-
bitrary collections of points. e only assumption performed is embedded within the metric d
employed for the computation, which corresponds to the geometry of the space. However, the
computation of dal may be very resource consuming as it requires to compare all the possible
pixel pairs through the dsw measure, that is Na · Nb comparisons, as it may be deduced from
( . ).

Nonetheless, in order to avoid this computational explosion, an extension to the centroid
representation is proposed. Expanding the drw measure ( . ) into ( . )

dal(A,B) = NaNb

 Na∑
i=

Nb∑
j=

tr(ZA−

i ZB
j ) +

Na∑
i=

Nb∑
j=

tr(ZB−

j ZA
i )

− p ( . )

the linear properties of the matrix trace may be applied to obtain

dal(A,B) = NaNb

tr

 Na∑
i=

Nb∑
j=

ZA−

i ZB
j

+ tr

 Na∑
i=

Nb∑
j=

ZB−

j ZA
i

− p

=
NaNb

tr

 Na∑
i=

ZA−

i

Nb∑
j=

ZB
j

+ tr

 Nb∑
j=

ZB−

j

Na∑
i=

ZA
i

− p. ( . )

Note that, as stated before, the center of a set of pixels Amay be computed as

ZA
C =

Na

Na∑
i=

ZA
i . ( . )

Similarly, the average of its inverses may be de ned, which in the following will be referred
to as YA

C

YA
C =

Na

Na∑
i=

ZA−

i . ( . )

With this notation, the average linkageWishart similarity measure dal de ned in ( . ) may



also be expressed in terms of these matrices

dal(A,B) = NaNb

(
tr
(
NaNbYA

CZ
B
C
)
+ tr

(
NaNbYB

CZ
A
C
))
− p

= tr
(
YA
CZ

B
C
)
+ tr

(
YB
CZ

A
C
)
− p. ( . )

In the following, this set representation based on the YC and the ZC average matrices will be
called the ZYmodel. Employing this idea, as itmay be seen, the computation of the dalmeasure
maybe as simple as the computationof the classical symmetricWishart similaritymeasure ( . )
or even faster, as it just requires twomatrixmultiplication and trace computations, not requiring
any matrix inversion. On the other hand, it has the disadvantage of requiring a larger amount
of memory, as two different matrices,Z and Y, are stored in themodel. e computation of the
union model of two sets A ∪ Bmay also be easily obtained as

ZA∪B
C =

NaZA
C + NbZB

C

Na + Nb
( . )

YA∪B
C =

NaYA
C + NbYB

C

Na + Nb
. ( . )

It is worth mentioning that this model requires an initial ltering or matrix regularization of
the original data, in order to have full-rank matrices. e computation of the Ymatrix requires
invertible original pixelmatrices. is problemmaybe circumventedby applying an initial small
multilook ltering or by amore complex adaptive ltering in order to preserve the resolution of
the original data, as, for instance, the proposedDBF technique [ ], proposed in Section . . .

Additionally, the YA
CZB

C matrices allow a similar interpretation to the A− Bmatrices studied
in Section . , as they correspond to the average of these matrices for each pair of points of the
two sets.

e proposed ZY model also allows the efficient computation of the Wishart homogeneity
measureHrw(A) de ned in ( . ). To do so, the same mathematical development may be ap-



plied to compare all the points of the region Awith its average sample covariance matrix ZA
C

Hrw(A) = NA

NA∑
i=

d(ZA
i ,Z

A
C)

=
NA

NA∑
i=

(
tr
(
ZA−

i ZA
C

)
+ tr

(
ZA−

C Zi

))
− p

=
NA

(
NA∑
i=

tr
(
ZA−

i ZA
C

)
+

NA∑
i=

tr
(
ZA−

C ZA
i

))
− p

=
NA

(
tr

(
NA∑
i=

ZA−

i ZA
C

)
+ tr

(
ZA−

C

NA∑
i=

ZA
i

))
− p

=
NA

(
tr

(
NA∑
i=

ZA−

i ZA
C

)
+ NAtr

(
ZA−

C ZA
C

))
− p

=
NA

(
tr

(
NA∑
i=

ZA−

i ZA
C

))
− p

= tr

(
NA

NA∑
i=

ZA−

i ZA
C

)
− p

which yields to the expression

Hrw(A) = tr(YA
CZ

A
C)− p. ( . )

If instead of the Wishart homogeneity Hrw(A), the average distance among all the A points
is evaluated, that is, dal(A,A), then it may be obtained

dal(A,A) = tr(YA
CZ

A
C)− p = Hrw(A). ( . )

is expression may be easily obtained from ( . ) when ZB
C = ZA

C and YB
C = YA

C.

However, in this case, the eigenvalues of the YA
CZA

C matrix do not correspond to the average
polarimetric contrast. Note that this measure is de ned among all the points within the same
setA and, consequently, instead of change, itmay be interpreted as the homogeneity or variabil-
ity within A. As it may be deduced from ( . ), in this case, YA

CZA
C corresponds to the average

of ZA−
i ZA

j + ZA−
j ZA

i , for each pair of points ZA
i and ZA

j within A. Equivalently, its eigenvalues
correspond to the average of the generalized eigenvalues and its inverse λi + λ−i as it is based
on the Wishart measure, that may be de ned in the same terms, as denoted in ( . ). Con-
sequently, the eigenvalues of the YA

CZA
C matrix, denoted as λYZi , are always larger than , that



is, λYZi ≥ ∀i. en, their value may be interpreted as amount of variability in the A set, in
terms of the Wishart dissimilarity measure. e larger the λYZi , the larger the variability on the
corresponding polarization state de ned by the associated eigenvector vYZi .

. . P SAR T S ZY R M E

When processing PolSAR time series, as described in Section . . , the temporal evolution of
the target may be included within the region model in order to improve its characterization,
assuming that a target is de ned by its polarimetric temporal evolution. is assumption, then,
leads to the extended Ze model, de ned in ( . ), on page .

Similarly, the extended Ye matrix can be de ned, following the same rationale

Ye =


Y − · · · −
− Y · · · −
...

... . . . ...
− − · · · YNN

 ( . )

where N represents the number of acquisitions in the dataset and Yii represents the Y matrix
corresponding to the i-th acquisition, as expressed in ( . ). On ( . ), the off-diagonal el-
ements other than the ones contained within the Yii matrices are not considered, as only the
polarimetric information will be employed in the following. With the ZA

e and YA
e matrices, the

extendedWishart homogeneity measureHrwe(A) of the region A can be computed as

Hrwe(A) = N

N∑
i=

tr(YA
iiZ

A
ii )− p ( . )

Similarly, the extended average linkage dale(A,B) dissimilarity measure may also be de ned
in terms of the extended Ze and Ye matrices of the A and B regions

dale(A,B) = N

N∑
i=

(
tr(YA

iiZ
B
ii) + tr(YB

iiZ
A
ii )
)
− p. ( . )

Additionally, a temporal stability measure tsal(A) may be de ned in the same way as the ts
measure de ned in ( . ), on page , but in terms of the average linkage dissimilaritymeasure
dal

tsal(A) = N(N− )

N∑
i=

N∑
j=i+

(
tr(YA

iiZ
A
jj ) + tr(YA

jjZ
A
ii )
)
− p. ( . )



. . C C M S

To see the bene ts obtained when employing the ZY regionmodel in combination the average
linkage similaritymeasures, the Flevoland andBarcelona datasets, presented in Sections . and
. . have been processed with the TE BPT employing the average linkage dale dissimilarity
measure for BPT construction and the extendedWishart homogeneityHrwe for pruning.

(a) TE BPT, dg, Φe, δp = − dB (b) TE BPT, dale , Hrwe , δp = dB

Figure 6.21: Pauli RGB images of the first acquisition from the TE BPT results over the
Flevoland dataset processed with the dg and Φe measures over the classical model and with
dale and Hrwe dissimilarity and homogeneity measures over the ZY model (|Shh + Svv|, |Shv +
Svh|, |Shh − Svv|).

Fig. . shows the rst acquisition of the processed Flevoland dataset when employing the
previously proposed extended region model Ze, dissimilarity and homogeneity measures, de-



ned in Sections . . and . , in comparisonwith theZYmodel and the dale andHrwe measures
de ned in Section . . . It is worth mentioning that since the extended Wishart homogeneity
measure Hrwe is based on a different measure than Φe, a different range of values of the prun-
ing threshold δp parameter are required in both situations in order to obtain a similar result.

en, in Fig. . a a pruning threshold δp = − dB has been employed whereas on Fig. . b a
δp = dB value has been set in order to obtain a comparable level of detail in the results.

Apparently Fig. . a and . b present similar results but, when they are examined in detail,
some differences may be observed. Figs. . a and . b show a detail of these results over the
rst acquisition. It may be observed, in the le part of the image, some green elds correspond-
ing to zones that are vegetated among all the acquisitions of the Flevoland dataset. ese areas
presumably have a larger spatial variability or texture and, consequently, they appear segmented
intomany regions in Fig. . a. Due to this larger variability, the classicalZe is not able to prop-
erly group all these small regions as it is not able to model inhomogeneous regions accurately.
When the ZY model is employed be er results are obtained, as observed in Fig. . b, since
the average linkage dissimilarity measure dale and the revised Wishart homogeneity measure
Hrwe are more suited for the comparison and modeling of heterogeneous regions, as they are
not based on the centroid representation, as stated in Section . . . With this approach these
areas are properly merged together and they appear as a single region. To see more clearly this
effect, Figs. . c and . d show only the contours between the regions obtained. It may be
observed that over the agricultural areas on the right part of the image both approaches achieve
similar results whereas, for these elds having high spatial variability, only the ZYmodel is able
to properly identify and separate them. Indeed, when employing the ZY model, no signi cant
difference is observed on the results obtained among these elds and the other ones.

e Barcelona dataset has been also processed employing the TE BPT with the ZY model
and the dale and Hrwe dissimilarity and homogeneity measures. Fig. . b shows the temporal
stability tsal measure results, de ned in ( . ), obtained employing this representation. ese
results are compared with the ones obtained in Fig. . a employing the classical model, dis-
similarity and homogeneity measures for the TE BPT and the temporal stability measure ts, as
described in Section . . . In these results, the DBF technique, de ned in Section . . , has
been employed for matrix regularization in both cases.

As it may be observed in Fig. . , the average linkage concept may also improve the results
obtained in terms of the temporal stabilitymeasure. When employing the tsal measure based on
this notion, the same changes are detected but amuch larger contrastmay be observed between
the change and no change areas. Note that with the ZYmodel the different regions of the scene



(a) Pauli, dg, Φe, δp = − dB (b) Pauli, dale , Hrwe , δp = dB

(c) Contours, dg, Φe, δp = − dB (d) Contours, dale , Hrwe , δp = dB

Figure 6.22: Pauli RGB detail images and contours of the first acquisition from the TE
BPT results over the Flevoland dataset processed with the dg and Φe measures over the
classical model and with dale and Hrwe dissimilarity and homogeneity measures over the ZY
model (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

maybe be er identi ed, specially those having large spatial variability, as seen before. Addition-
ally, the tsal measure is able to calculate more accurately the polarimetric changes among these
regions, as it employs all the pixel values instead of the centroid, resulting into a more reliable
temporal stability outcome. In fact, the results in Fig. . b are less noisy and more contrasted
than those on Fig. . a, being easier to identify the corresponding changes over the scene.



(a) Geo-coded ts, TE BPT with the classical model and dg and Φe
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(b) Geo-coded tsal , TE BPT with the ZY model and dale and Hrwe
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Figure 6.23: Geo-coded temporal stability measures ts and tsal over the Barcelona dataset
employing the TE BPT with the classical model and dg and Φe measures and the ZY
model with dale and Hrwe dissimilarity and homogeneity measures. In both cases the DBF
technique has been employed for matrix regularization with 5x5 local window V, 3 itera-
tions of the weight refinement scheme, and dpw, σs = , σp = . parameters.





To get different results, you have to do something different.

Albert Einstein

7
Multidimensional SARData Classi cation

T BPT to be a useful multidimensional SAR data representation for different
applications. As described in Chapter , it is a region-based approach that describes homoge-
neous connected areas of the image. Going one step further in this direction, different areas of
the scene identi ed by some particular traits may be grouped together into classes. e process
of assigning the different samples, or regions, from the data into a nite set of classes is known as
classi cation. is chapter introduces some progress that has been developed within the course
of this thesis in this eld, based on the BPT representation and concepts.

As indicated in Section . , classi cation techniques may be decomposed into two main
types: supervisedandunsupervisedclassi cation. Onsupervisedclassi cation, an initial knowl-
edge of the scene is required in order to provide the training set, which is a set of regions that
are known to belong to each class. en, the rest of the data is assigned into one of the supplied
classes by the technique. On unsupervised classi cation no a priori knowledge of the scene or
classes is assumed and, consequently, the technique automatically de nes the classes according
to the most differentiated areas of the data.

e rst section of this chapter de nes a supervised classi cation technique taking into ac-
count the same similaritymeasures that have been employed for theBPTbased processing. e



second section employs the k-means clustering approach to obtain unsupervised classi cation
results from theBPTpruning results. It is worthmentioning that, since these techniques are de-
ned in terms of the BPT, they may also be applied to the previously described representations
for PolSAR images and also for PolSAR time series datasets, providing a classi cation technique
that naturally takes into account the temporal evolution of the scene.

. S R S C

e proposedBPTconstruction process, described in Section . , is based on an iterativemerg-
ing of the two most similar adjacent regions on the scene. e conceptual framework behind
this idea is based on the similarity measures, which evaluate the closeness among two regions.
Moreover, these measures have been adapted to the extended model for processing PolSAR
time series, as described in Section . . . It has been shown that taking into account the polari-
metric temporal evolution of the target results into an increase of region differentiation. In fact,
this information may also be useful for classifying the different regions of the scene.

As mentioned before, the BPT pruning process results into a set of homogeneous regions
of the image. Note that, for a region-based supervised classi cation approach, a training set
should be provided consisting of a collection of regions for each class. Accordingly, in order
to obtain a supervised classi cation technique based on the BPT, the same similarity measures
employed for its construction may be employed also to identify the closest training region of
any prunednode, but, in this case, without the termdepending on the region size. Note that this
termwas incorporated for theBPTconstruction process, in order to ensure a propermulti-scale
structure while favoring the merging of smaller regions rst. In this case, the aim is to de ne a
classi cation technique independent of the region size. en, the geodesic similarity measure
dgc, for instance, may be employed for classi cation, based on the geodesic measure dg, de ned
in ( . ) on page

dgc(A,B) =

√√√√ N∑
i=

∥∥∥log(Z− /
Aii ZBiiZ

− /
Aii

)∥∥∥
F

( . )

where ZAii stands for the sample covariance matrix of the i-th acquisition within the extended
region model Ze of the region A.

Fig. . shows an example of this classi cationprocedure in theFlevolandPolSAR time series
dataset, described in Section . . In this case, the classical by multilook has been employed
as initial ltering and the extended geodesic dg and Φe measures for TE BPT construction and



pruning, respectively. In the pruning process a δp = − dB threshold parameter has been em-
ployed, corresponding, then, to the same results shownpreviously in Fig. . b, on page , and
analyzed in Section . . Fig. . a shows the value of the proposed dgc measure, as described in
( . ), corresponding to the similarity to the regionmarked inmagenta in this gure. In order to
obtain the similar regions to a given one, a maximum value may be set over the similarity mea-
sure in order to obtain a mask, as shown in Figs. . b and . c. As it may be observed, a larger
value of this threshold parameter results into a larger amount of similar regions. Note that these
results correspond to the set of regions of the dataset that are following a similar polarimetric
temporal evolution among all the different acquisitions of the dataset.

(a) dgc similarity values (b) Similar regions dgc < (c) Similar regions dgc < .
dgc0 8

Figure 7.1: Region similarity to the field marked in magenta in (a). A threshold over the
similarity measure conforms a similar regions classification, as represented in (b) and (c).

In order to obtain a supervised classi cation of the data a certain number of classes are pro-
vided within the training set and, consequently, each region is assigned to the class of the most
similar region of this set. Over the Flevoland dataset, a ground truth classi cation of the agri-
cultural elds is available, represented in Fig. . . is ground truth has been built by collecting
the information related with the crop type in ground, provided as part of the ESA AgriSAR



Figure 7.2: Flevoland agricultural crop type ground truth. Each color represents a type of
crop.

campaign. Note that only a part of this ground truth falls within the scene covered by the
Flevoland dataset, shown in Fig. . .

From the ground truth presented in Fig. . , different types of crop has been selected for
classi cation: winterwheat, onions, sugarbeet andpotatoes. ese crop typeshasbeen selected
since a large number of these elds may be found within the scene of the Flevoland dataset
presented before. As a training set, two elds have been randomly selected for each crop type.

en, the obtained polarimetric temporal evolution for each pruned region of the TE BPT has
been tested for similarity, according to the dgc measure, to these training set elds. Accordingly,
they have been assigned to the class of the most similar training eld. In order to avoid the
labeling of very different areas of the scene, a threshold of dgc < . has been set for all the
region similarity, as represented in Fig. . . us, those regions that have a similarity above .

from all the elds of the training set are not labeled.

e corresponding supervised classi cation results are shown in Fig. . . On this gure, the
pruned regions have been lled according to the color of the class they have been assigned to,
whereas the contours of the elds have been colored according to the ground truth data. Al-
though there are some regionsmiss-classi ed, a high degree of successmay be observed among
the agricultural elds. From this results it may be inferred that a reliable supervised classi ca-
tion resultsmaybeobtainedwhenemploying theTEBPT for scene type classi cation, specially
over agricultural elds.



Figure 7.3: Geo-coded Flevoland agricultural crop type supervised classification results
and ground truth. The regions are filled according to their classification result whereas the
contours of each field are represented with the color of the ground truth data. Colors cor-
respond to Winter wheat, Sugar beet, Potatoes and Onions.

is performance is mainly achieved due to taking into account the complete polarimet-
ric temporal evolution of the agricultural elds, as it increases substantially the differentiation
among them, as it has been stated in Section . . In order to see clearly the bene ts of employ-
ing this information in practice, the same supervised classi cation approach has been employed
over the dataset conformed only by the rst acquisition. Fig. . shows a detail of the results ob-
tained a er applying this technique with different types of ltering processes. Fig. . a corre-
spond to the detail of the results shown in Fig. . , employing the TE BPT over the whole time
series dataset, having acquisitions. On the other hand, Fig. . b shows the results obtained
when applying the same TE BPT and supervised classi cation techniques over the rst acqui-
sition only of the Flevoland dataset. Note that on each result of Fig. . a different type of data
or ltering is employed and, then, the applied threshold values for the dgc similarity measure
have been tuned in each case in order to obtain comparable results. As it may be observed, the
performance of the obtained classi cation decreases substantially when only one acquisition
is available, specially for Winter wheat and Onions classes. Probably, these classes are mainly
distinguished by their polarimetric temporal evolution and only one image may be not enough
in order to properly identify them.



(a) TE BPT employing 8 acquisitions, dgc < .

(b) TE BPT employing 1 acquisition, dgc < .

(c) 7x7 multilook employing 8 acquisitions, dgc < .

Figure 7.4: Comparison of geo-coded Flevoland agricultural crop type supervised classifi-
cation results for the TE BPT employing 8 and 1 acquisition and for the 7 by 7 multilook
employing the 8 acquisitions. Colors correspond to Winter wheat, Sugar beet, Potatoes and
Onions.



Additionally, in order to re ect the bene ts of employing the TE BPT representation for ho-
mogeneous region segmentation and ltering, Fig. . c shows the results obtained a er apply-
ing the same supervised classi cation employed in Figs. . and . a over the original images
ltered with a by multilook. Note that, in this case, the polarimetric temporal evolution
among all the acquisitions is also available but estimated employing the multilook instead of
the TE BPT. erefore, roughly the same areas than on Fig. . a may be guessed in Fig. . c
but they are considerably more noisy as they are more contaminated due to the speckle. is
example clearly shows the advantage of employing the TE BPT for segmentation and polari-
metric estimation. Since it results into almost one region per agricultural eld, the effect of the
speckle noise over the data is strongly reduced producing a noticeably clearer result. Moreover,
as it is a region-based approach, the classi cation process over the BPT is signi cantly more ef-
cient from a computational point of view, as it has to test the dgc measure only once per region
instead of once per pixel as in the case of the by multilook.

. K-M U C

is section is focused on the de nition of an unsupervised classi cation technique based on
the BPT representation. Indeed, the results shown on the previous section suggest that, due to
the clear differentiation among the different agricultural elds, an unsupervised classi cation
technique may be useful to determine automatically the different areas of the scene.

In machine learning and data mining the clustering or cluster analysis is the process of group-
ing samples in such a way that the samples within a group or cluster are more similar to each
other than those in other groups. en, it corresponds to the unsupervised classi cation proce-
dure. e k-means is a well-known method for cluster analysis in data mining [ ]. Moreover
this technique may be also de ned in similar terms to those of the BPT based processing. e
following sections describe and analyze a PolSARclassi cation technique based on the k-means
clustering.

. . K-M D L

e k-means concept was originally employed for signal processing [ ] as proposed by S.
Lloyd [ ]. However, the rst algorithm was published by E.W. Forgy [ ] and, consequently,
it is also referred to as the Lloyd-Forgy algorithm.

Originally, in the k-means clustering approach, a set of n multidimensional observations,
which are denoted by (x , x , . . . , xn), are assigned to a nite k sets S = (S , S , . . . , Sk), having



k ≤ n, in order to minimize the within-cluster sum of squares

argmin
S

k∑
i=

∑
xj∈Si

‖xj − μi‖ ( . )

where μi refers to themean of all the observations assigned to Si. For region-based PolSAR data
and time series datasets, the xj and μi may be considered as region models, corresponding to
the sample covariance matrices Z or the extended Ze matrices.

e k-means is an iterative algorithm that may be decomposed into two main alternating
stages, assignment and update steps:

. During the assignment step, each observation is tested for similarity among all the cluster
centers μi. Finally, it is assigned to the set Si having the closest center μi. at is, for the
iteration t, the set S(t)i may be de ned as

S(t)i =
{
xp : d(xp, μ

(t)
i ) ≤ d(xp, μ

(t)
j ) ∀j, ≤ j ≤ k

}
( . )

where d(xp, μ
(t)
i ) denotes the distance between the p observation and the mean of the

i-th cluster at iteration t.

Originally, the distance d refers to the squared euclidean distance de, de ned as

de(xp, μ
(t)
i ) = ‖xp − μ(t)i ‖ , ( . )

but for PolSAR data any of the previously de ned dissimilarity measures without the re-
gion size termmay be employed as, for instance, the dgc measure de ned in ( . ). Note,
however, that this fact involves that ( . ) is not ful lled, as they correspond to distinct
measures. Additionally, in order to ful ll a similar expression when substituting the eu-
clidean de by the geodesic dgc measure, the cluster means μi should also be computed ac-
cording to the geodesic mean [ ], to be consistent with the space geometry employed
in the similarity measure, which is not the case.

. In theupdate step themeansor centroidsμi are re-computed for eachclusterSi, according
to the new assignments performed during the previous assignment step. is may also
be expressed as

μ(t+ )
i =

|S(t)i |

∑
xj∈S(t)i

xj ( . )

where |S(t)i | denotes the cardinality of the S
(t)
i set.



ese two steps are repeated until a convergence criterion is achieved, usually when there is
no change among the assignments or when a given number of iterations has been performed.

It is worth mentioning that nding the exact or optimum solution of the k-means method
is a NP-hard problem [ ]. is means that no solution is known in a polynomial execution
time and, consequently, an exact solution may not be found in practice even for relatively small
datasets due to the large computational complexity. e Lloyd-Forgy algorithm previously de-
scribed corresponds to an approximation of the problem. erefore, this algorithm typically
converges to a local optimum but, however, there is no guarantee that it converges to the global
optimum. In fact, the performance of the results obtained strongly depends on the initial clus-
ter assignments, also called seeds. As a consequence, some initialization methods have been
proposed in order to perform a robust initialization for different types of data. Accordingly, in
Section . . , an initialization method is adapted for the PolSAR data BPT pruning results.

It should benoted that theWishart classi cation technique [ ], previously described in Sec-
tion . . , may also be considered as a k-means clustering algorithm, as it is based on the same
principles. In this case, the employed polarimetric distance dwc(Zp,Ci) between the estimated
covariance matrices of the p sample Zp and the cluster centerCi may be considered as

dwc(Zp,Ci) = ln |Ci|+ tr(C−
i Zp). ( . )

Note, however, that this technique is limited to or classes, depending on the initializa-
tion employed, that is, the H/ᾱ or the H/A/ᾱ classi cation. Indeed, since PolSAR data are
strongly contaminated by speckle noise, a good initialization of the cluster centers is crucial in
order to obtain meaningful results. en, the initial classi cation based onH/A/ᾱ parameters
is employed as it provides a reasonably good initialization at the cost of restricting the number
of classes parameters k.

. . R I K-M : K-M ++

Asmentionedpreviously, the initializationor seedingprocess is crucial for the k-meansmethod.
Moreover, this process is even more important for PolSAR data, since it is strongly contami-
nated by speckle.

Recently, the k-means++ [ ] method has been proposed in order to generate a robust ini-
tialization for the k-means technique. It speci es a randomized procedure to initialize the clus-
ter centers, prior to the k-means clustering. A randomized algorithm employs some degree of
randomness to guide its behavior in order to achieve a good performance in the average case
[ ]. Under some situations, only randomized algorithms are able to ensure a certain level of



approximation to general problems [ ]. In this regard, with the k-means++ initialization, the
Lloyd-Forgy algorithm previously described is guaranteed to nd an expected approximation
ratio O(log k) to the optimal k-means solution [ ], where k refers to the number of clusters.
Note that the original k-means algorithmmay nd clusters arbitrarily worse than the optimum
[ ].
In order to obtain a good initialization of the k cluster centers, they should be spread out

around the range of values of the dataset. is is, indeed, the intuition behind the k-means++
approach. It initializes each of the cluster centers to one sample of the dataset, trying to en-
sure that all the obtained centers are far away from each other. e k-means++ initialization
algorithmmay be described according to the following steps:

. e rst cluster S gets initialized to one sample taken uniformly random among all the
samples of the dataset. If the sample xk has been chosen, the corresponding rst cluster
center is set to it accordingly μ = xk.

. For each data sample xi, the minimum distanceDm(i) between it and the nearest center
μj of the already chosen sets Sc already chosen is computed

Dm(i) = argmin
j∈Sc

d(xi, μj). ( . )

. A new cluster Sn is assigned to a new sample xi, which is chosen randomly according to
a weighted probability proportional to Dm(i) for each sample i. at is, the probability
P(i) of choosing the xi sample as the new cluster center μn may be de ned as

P(i) =
Dm(i)∑n
j= Dm(j)

. ( . )

. e steps and are repeated until the k different sets have been initialized.

. Finally, the standard k-means clustering process, de ned in Section . . , is applied with
this initialization.

In order to apply the k-means++method previously described for PolSARdata and temporal
series, the dissimilarity measures may be employed over the sample covariance matrices. For
instance, the dgc measure, de ned in ( . ), may be applied. However, in order to apply this
algorithm over the regions obtained from the BPT, some changes have to be made. Note that
the k-means++ is a randomized algorithm and, since regions of different sizesmay be found, the
number of samples for each region has to be taken into account.



e k-means++ is a randomized algorithm that de nes a probability for choosing each one
of the input samples. However, the BPT is a region-based approach and, consequently, each
region is composed by an arbitrary number of samples. en, the probability P(i) of selecting
the sample i, de ned in ( . ), may be rede ned in a region-based fashion as Pr(i), taking into
account the region size parameter

Pr(i) =
Dm(i) · Ni∑NR
j= Dm(j) · Nj

( . )

where Ni refers to the number of samples of the region i and NR refers to the total number of
pruned regions.

e computation of this initialization may be much more complex than employing a ran-
dom or xed seeding as, for instance, the xed H/ᾱ or H/A/ᾱ initial classi cation. en, the
k-means++ requires an additional amount of time to the classical k-means technique. However,
according to the authors, the k-means classi cation may converge faster due to a be er initial-
ization, resulting into a global processing time reduction [ ].

. . O D R K-M

In statistics, an outlier may be considered as an observation that is unusually distant from other
observations [ ]. An outlier observation may be produced due to the inherent variability in
the observation or due to an experimental error. In the later case, those samples are usually
excluded from the dataset.
For unsupervised classi cation techniques, the outliers may pose a problem. Since they are

far away from all of the other data, this situationmay result into one big cluster grouping almost
all the data within and small clusters around it for the outliers themselves. en, for this appli-
cation, the elimination of the outliersmay be interpreted as the removal of non-signi cant small
details in order to obtain a more detailed analysis over the signi cant data.
Inorder tode ne a reliableoutlier removal technique, a clear de nitionof this concept should

be available. However, up to date there is no rigid mathematical de nition of what constitutes
an outlier. ere are different methods for outlier detection [ ][ ]. Typically, a model is
employed to characterize the data, assuming a normal distribution, and the observations that
are considered as unlikely based on the mean and standard deviation are removed. However,
these approaches have the inconvenience of resulting into a systematic elimination of a part of
the data. Other applications are based on a distance measure in order to remove those samples
that are relatively far from the closest sample [ ][ ]. Nevertheless, these techniques only
work for isolated samples. When a group of samples constitute an outlier, these distance-based



approaches do not detect them properly.

Consequently, a different approach for outlier detection and removal is proposed. In a gen-
eral sense, within the context of the unsupervised classi cation an outlier may be considered as
groupor class that is small enough tobe considered asnot signi cant. Whenadataset composed
ofN samples is classi ed into k clusters, it may be considered that the average size per cluster is
N/k. en, a set Si will be considered as not signi cant if it contains less than % samples of this
average size. Consequently, the k-means algorithm, described in Section . . , is modi ed in
order to remove the samples corresponding to each stable cluster Si having less thanN/( k)
samples. When the samples assigned to the non-signi cant Si cluster have not changed among
two consecutive iterations, these samples are labeled as outliers and removed from the classi -
cation. e free Si cluster is then re-assigned according to the k-means++method, as described
in ( . ).

. . BPT U C R

In this section, theproposedunsupervised classi cation technique, basedon the k-means++ ini-
tialization method and the Lloyd-Forgy algorithm is evaluated with real PolSAR data. Fig. .
shows the results of applying the proposed unsupervised classi cationmethod to theOberpfaf-
fenhofen PolSAR image presented in Fig. . a, on page . Fig. . a shows the result obtained
a er classifying the image into clusters employing the BPT with the classical sample covari-
ance matrix Z model, as presented in Chapter , and the dgc measure ( . ) for classi cation.
On the other hand, Fig. . b shows the same result when employing the ZY model, described
in Section . . , and the dal measure ( . ) for classi cation. In both cases, the number and,
consequently, the color of each class is random, as it depends on the k-means++ randomized
initialization method.

It may be observed from Fig. . that the structure of the image is much less clear from
Fig. . a than from Fig. . b. e obtained classes when employing the ZYmodel have a be er
correspondence with the different areas of the scene, as some parts like the runway and agricul-
tural elds are distinguished into different classes. Indeed, as mentioned in Section . . , the
classical model has the limitation of being unable to properly represent inhomogeneous areas
of the image. is effect becomesmore dramatic for the classi cation application, as all the dif-
ferent targets of the scene are grouped into a small number of groups, resulting into amixture of
different statistics within each cluster. In this situation, the classical model is unable to properly
represent the different clusters and, consequently, the dissimilarity measurements obtained are
also affected, resulting into a poor nal performance. On the other hand, the ZYmodel and the



(a) k = , dgc, classical model δp = − dB (b) k = , dal, ZY model δp = dB
Class1 8

Figure 7.5: Clustering into 8 classes of the Oberpfaffenhofen PolSAR image presented in
Fig. 4.10a. The classical model and dgc measure has been employed in (a) whereas the ZY
model and the dal dissimilarity measure has been employed in (b).

average linkage dissimilarity measure have been proposed in Sections . . and . . in order
to circumvent this limitation, resulting into be er unsupervised classi cation results as they are
able to deal more effectively with inhomogeneous statistics.

e outlier removal method presented in Section . . has been employed in the results
shown inFig. . . On these images, theoutliers arenot represented, as they arenot classi ed, ap-
pearing in black color. To see themmore clearly, Fig. . shows the outlier pixels obtained from
these two results. As it may be observed, muchmore outliers are detected when employing the
classicalmodel, in Fig. . a, thanwith theZYmodel, in Fig. . b. Again, this is a consequence of



(a) Outliers k = , dgc, classical
model δp = − dB

(b) Outliers k = , dal, ZY
model δp = dB

Figure 7.6: Outliers detected during the clustering into 8 classes of the Oberpfaffenhofen
PolSAR image presented in Fig. 4.10a. The classical model and dgc measure has been em-
ployed in (a) whereas the ZY model and the dal dissimilarity measure has been employed in
(b).

the inability of the classical model to deal properly with the different inhomogeneous clusters.
In Fig. . b it may be observed that most of the outliers correspond to strong targets in urban
areas that are very different to the rest of the image, according to the dal measure, and they are
not enough representative to constitute a cluster by themselves. e number of detected out-
liers in Fig. . a is pixels ( . ), whereas on Fig. . b only pixels ( . ) have
been labeled as outliers.
One of the main advantages of the k-means++ initialization algorithm, as described in Sec-

tion . . , is that it may be employed to initialize the Lloyd-Forgy unsupervised classi cation
algorithm with an arbitrary number of classes while providing a reasonably robust results. is
eliminates the limitation of theWishart classi er, that only produces or classes, as it has to
rely on the xedH/ᾱ orH/A/ᾱ polarimetric segmentation in order to obtain a robust initializa-
tion. To show this ability, Fig. . shows the results obtained when clustering the Oberpfaffen-
hofen PolSAR image into , and clusters. In these cases, the ZYmodel and the dal measure



(a) k = , dal, ZY model
δp = dB

(b) k = , dal, ZY model
δp = dB

(c) k = , dal, ZY model
δp = dB

Class1 2 Class1 4 Class1 12

Figure 7.7: Clustering into 2, 4 and 12 classes of the Oberpfaffenhofen PolSAR image
presented in Fig. 4.10a. The ZY model and the dal dissimilarity measure has been em-
ployed in all cases.

have been employed for the BPT processing and classi cation. It may be seen that when the
number of clusters k gets increased, the additional classes are spread into further details of the
image.

is classi cation procedure may also be extended to process PolSAR time series, employ-
ing the BPT structures de ned in Chapter . Fig. . shows the classi cation results obtained
over the complete Flevoland dataset for k = . On Fig. . a the extended Ze region model,
the dg dissimilarity and theΦe homogeneity measures have been employed for BPT processing
whereas the dgc measure has been employed for the unsupervised classi cation. On the other
hand, Fig. . b presents the results when employing the extended ZYmodel and dale andHrwe

dissimilarity and homogeneity measures for BPT based processing, described in Section . . ,
and dale also for the clustering process. In both cases the by multilook has been employed
as initial ltering for matrix regularization. It may be observed that in this dataset, the dgc mea-
sure and the classical extendedmodel obtain a more reliable results than over one single image,
as previously seen in Fig. . , since having the polarimetric temporal evolution information in-
creases the separability among the different regions of the scene. However, it may also be seen



that employing the extended ZY model results in an improvement, as a be er separation into
different clusters is observed within the agricultural crop elds area. Moreover, the number of
outliers, appearing in black color, is larger in Fig. . a than on Fig. . b, specially over the urban
areas.

(a) k = , dgc, extended model δp = − dB (b) k = , dale , ZY model δp = dB
Class1 16

Figure 7.8: Clustering into 16 classes of the complete Flevoland dataset. The classical
model and dgc measure has been employed in (a) whereas the ZY model and the dale dis-
similarity measure has been employed in (b).

Fig. . depicts the clustering results for different k values over the Flevoland dataset. e ZY
region model has been employed, with the dale measure for BPT construction and pruning, as



in the results shown in Fig. . b. It may be seen that for k = , in Fig. . a, the two obtained
classes correspond to the sea and land areas of the scene. Additionally, some roads of the scene
are also included in the class representing the sea, as theypresent a similar polarimetric temporal
evolution, dominated by surface sca ering among all the acquisitions. When two more classes
are allowed, as shown in Fig. . b, the land area of the scene is divided into three distinct classes.
Two of them correspond to different types of agricultural elds, whereas the third one groups
the forest and urban areas having a larger backsca ering power. For k = , represented in
Fig. . c, more classes are observed over the elds and urban areas. is behavior continues
when the number of classes k parameter gets further increased, as it may be seen in Fig. . b,
specially over the agricultural crops area, as different polarimetric temporal evolution trends are
detected in this part of the scene.

(a) k = , dale , ZY model
δp = dB

(b) k = , dale , ZY model
δp = dB

(c) k = , dale , ZY model
δp = dB

Class1 2 Class1 4 Class1 8

Figure 7.9: Clustering into 2, 4 and 8 classes of the Flevoland PolSAR time series dataset
presented in Fig. 5.3. The ZY model and the dale dissimilarity measure has been employed
in all cases.

In order to evaluate the correspondence of the obtained classes with the ground truth in-
formation and, consequently, with the real content of the scene, Fig. . shows a detail of



the geo-coded results shown in Fig. . b, corresponding to the classi cation into clusters.
On Figs. . a to . f, the contours of different crops types have been marked in black color,
according to the ground truth information. It may be observed that the different classes ob-
tained by the classi cation technique correspond to the different types of agricultural crops of
the scene, specially for those crop types having a larger number of elds over the image, as for
onions, potatoes, sugar beet and winter wheat, marked on Figs. . c to . f, respectively. It is
worthmentioning that, in this case, no training information has been provided, as the proposed
technique is an unsupervised classi cation method. en, the different polarimetric temporal
evolution of the distinct agricultural elds is automatically detected and separated into different
clusters.



(a) Grass (b) Maize

(c) Onions (d) Potato

(e) Sugar beet (f) Winter wheat
Class1 16

Figure 7.10: Detail of the geo-coded clustering results of the Flevoland dataset into 16
classes and the region contours of some agricultural fields from the the ground truth data.
The ZY model and the dale dissimilarity measure has been employed.





I think what a life in science really teaches you is the vastness
of our ignorance.

David Eagleman

8
Conclusions and Future Research Lines

. C

e processing of multidimensional and multitemporal SAR data has been addressed in this
thesis. Instead of performing this task directly over the original pixels, a data abstraction has
been proposed, the Binary Partition Tree (BPT). It is a hierarchical representation of the data,
which may be considered as a region-based and multi-scale description of the data. is work
has dealt with the adaptation and the exploitation of this novel representation for PolSAR data
and also for polarimetric time series datasets. A er this detailed study, the BPT has proven to
be a useful representation for the processing and analysis of multidimensional SAR data.

A generic BPT based processing scheme has been proposed, which is composed of two dif-
ferent steps: the BPT construction and its exploitation. Moreover, these two steps isolate the
application dependent and independent parts of the technique. en, the application indepen-
dent part only has to be performed once per dataset, as it only exploits the internal relationships
within the data. Additionally, the exploitation of this abstraction is de ned in terms of a BPT
pruningmechanism, dissociating the application rationale from the data arrangement. is fact
has allowed, for instance, the employment of the same algorithms for speckle ltering and seg-
mentation over PolSAR images and over time series datasets. It is worth mentioning that all



these methods have been de ned in terms of two straightforwardmathematical concepts: a re-
gion model and a similarity measure within the space de ned by this model. en the BPT
based processing scheme may be considered as a framework for the systematic exploitation of
these two concepts.

e BPT based processing scheme has been adapted to process PolSAR data. To do so, the
sample covariance matrix Z has been proposed as a region model, as it corresponds to the sta-
tistical descriptor employed in most of the PolSAR techniques and parameter inversion mod-
els. Some similarity measures have been proposed over this covariance matrix space, being the
most successful theWishart measure, based on the statistical distribution of the data under the
Gaussian hypothesis, and the geodesic measure, which is based on the geometry of the posi-
tive de nite matrix cone. However, it is worth mentioning that the variation observed among
the different similarity measures is relatively subtle, showing the robustness of the BPT in this
sense. Conceptually, the similarity measure encapsulates all the knowledge about the region
model space and, in practice, it allows the systematic employment of all the polarimetric infor-
mation contained within the covariance matrices, which was one of the limitations of some of
the speckle ltering techniques in the literature.

Different applications have been developed based on the BPT abstraction during the course
of this thesis. Nonetheless, special a ention has been paid to the polarimetric information es-
timation or speckle ltering of the data. is application may be considered as the main pillar
of this thesis. A er an extensive analysis of the literature on this topic, a common trend has
been observed on some state-of-the-art techniques towards the adaptation of their local win-
dow to the structure of the scene. e ultimate goals of this tendency are both to increase the
amount of available samples for estimation and to avoid the mixture of heterogeneous sample
distributions. e BPT structure continues with the same essential approach in a region-based
fashion, assuming that although a SAR image is composed by heterogeneous data, it may be
decomposed into a set of homogeneous regions, which are the basic entities of this technique.
In this regard, the proposed region homogeneity based pruning strategy has proven to be ca-
pable of adapting to the structure of the scene independently of its content complexity. is
independence has allowed the employment of the same pruning threshold values for different
images and datasets, resulting into similar degree of ltering. anks to themulti-scale nature of
the BPT representation, this technique has shown its ability to obtain, simultaneously, large re-
gions over homogeneous areas while also preserving the small details and the spatial resolution
of the scene. Distinct pruning processes over the same tree have shown that the image mor-
phology may be extracted at different detail levels and they have also demonstrated the large
amount of useful information contained within the BPT representation of the data.



Detailed analyses have been conducted, including real and simulated data, to evaluate the
performance of the proposed BPT based speckle ltering approaches. It has been proven that it
does not introduce any bias or distortion over the data, as the estimation process is based on the
Maximum Likelihood Estimator (MLE) within each homogeneous region. Additionally, since
it has the ability to achieve arbitrarily large regions over homogeneous areas, a massive amount
of ltering may be a ained over these areas, unparalleled in other pixel-based approaches. As a
consequence, the BPT based approach has outperformed other speckle ltering techniques in
the conducted analysis in terms of noise reduction and spatial adaptation capabilities.

Additionally, the exibility of the BPT structure has allowed the development of another ad-
ditional application: coastline segmentation. In this case, the whole PolSAR image has been
divided into the two most different regions, corresponding automatically to the land and sea
areas. anks to the capability of the BPT to preserve the small features of the scene and the
spatial resolutionof the data, all the details and thin structures of the coastline are also preserved
in the obtained results. Unlike in the speckle ltering application, which is focused on the ho-
mogeneous regions of the BPT, this application is focused on the larger nodes of the tree and,
thus, it shows that the BPT exploitation may be performed at completely different detail scales
and, consequently, it may be useful for a wide range of applications.

is thesis has also studied the processing of PolSAR time series datasets. e analysis and
exploitation of the temporal information in PolSAR data is a big challenge that is now starting
to be studied and developed. In this thesis, two different alternatives have been proposed to
deal with the temporal dimension of the data. On the one hand, it may be assumed that a tar-
get is characterized by its particular PolSAR response. Under this assumption, samples from
different acquisitions may be combined as long as there is no substantial changes in their re-
sponse, since they correspond to the same target. Consequently, this approach results into a
three-dimensional ltering in the space and time dimensions. e data abstraction that is ob-
tained under this assumption is called the Space-Time BPT (ST BPT). On the other hand, it
may be assumed that targets are evolving among the temporal dimension and, thus, they may
be characterized by their particular polarimetric temporal evolution. en, this evolution is a
feature of the target which should be included within the model for its proper characterization
and exploitation. In this context, the objective is to combine samples of the scene following the
same polarimetric temporal evolution. Employing this concept, the Temporal Evolution BPT
(TE BPT) representation is de ned.

e main advantage of the ST BPT is that it may combine samples from different acquisi-
tions in order to enlarge the available data and improve the polarimetric response estimation.
Additionally, as it is a three-dimensional data representation, it has the exibility to properly



represent details of the scene not having xed contours among the temporal dimension. How-
ever, as a counterpart, this exibility hinders the interpretation of the obtained results as, due
to the changing contours, the obtained regions may not be directly related with a particular
area of the scene. Moreover, the combination of samples among acquisitions prevents the ex-
ploitation of the interferometric information of the data. Conversely, the TE BPT improves
the characterization of the target by taking into account its complete temporal evolution. e
main inconvenience in respect to the ST BPT is that it is only capable to properly represent
spatially xed contours. However, most of the contours over the land areas of the scene may be
considered as spatially xed, limiting the impact of this inconvenience. Furthermore, its results
may be easily interpreted as its regions uniquely correspond to a spatial area of the scene and,
additionally, the interferometric information is naturally included within the region model, al-
lowing the exploitation of the PolInSAR information. In this regard, it is worthmentioning that
exploiting the temporal evolution for target characterization improves signi cantly the ability
to distinguish among the different areas of the scene and the accuracy of the obtained contours.

According to the aforementioned ndings, it has been deduced that the space-time represen-
tationmay bemore suitable for areas not having spatially xed contours or where no signi cant
informationmaybe extracted fromthe interferometric information. is is particularly the case,
for instance, of the sea or water areas. However, over the land areas, most of the contours may
be considered as xed and, in this situation, employing the polarimetric temporal evolution
for target characterization may result into more precise results. Furthermore, these results are
simpler to interpret as they uniquely correspond to an area of the scene. It is worth noticing
that some of these conclusions related with the temporal information characterization can be
extrapolated to other processing techniques and, consequently, they are contributions of this
thesis that go beyond the BPT based processing of the data.

e twoBPTtime seriesdata representationshavebeenanalyzed in the context of the speckle
ltering application with real time series datasets. A region homogeneity based pruning has

been de ned over these structures, in the same fashion as in the single PolSAR image BPT ex-
ploitation. e adaptation of this exploitation procedure has been straightforward due to the
decoupling of the application rationale from the data achieved thanks to the BPT as an inter-
mediate layer in the processing scheme. e TE BPT and the ST BPT have proven to achieve a
large amount of noise reductionwhile also preserving the polarimetric information and its evo-
lution. Additionally, the TE BPT extended model has demonstrated a be er region and con-
tour differentiation thanks to the improved characterization due to the complete polarimetric
temporal evolution.

e analysis of the variability of the scene has been studied, resulting into the change de-



tection application. On the ST BPT the changes are directly detected, appearing as temporal
contours. Consequently, amap indicating the number of temporal contours per pixels has been
proposed to analyze the variations over the scene. However, this approach does not take into
account the signi cance of the detected changes. Conversely, the TE BPT contains the target
evolution information within the region model. en, the temporal stability measure has been
proposed over the extended model to assess the relevance of the temporal changes of each re-
gion among all the acquisitions. is approach has proven to be able to precisely detect human
made changes as, for instance, the building construction and transportation activities. For this
application, the ability of aggregating samples having the same polarimetric temporal evolution
into the regions of the TE BPT is essential, as it avoids the mixture of pixels having different
dynamics. Moreover, the region-based BPT change detection approach has also proven to out-
perform a pixel-based state-of-the-art polarimetric change detection technique in terms of sep-
arability between change and no-change areas.

is thesis has also a empted to overcome some of the detected limitations of the developed
techniques. One of these limitations of the BPT based and most PolSAR techniques is that, in
order to exploit the full polarimetric information, they require an initial ltering for matrix reg-
ularization. A by multilook is employed as a pre-processing step in the BPT, resulting into
a small spatial resolution loss. In this thesis, the Distance-Based Filtering (DBF) technique has
been proposed to circumvent this drawback. It has been analyzed as a standalone speckle lter-
ing technique, resulting into a good polarimetric estimation and an improved spatial resolution
preservation with respect to the multilook, the adaptive Lee and IDAN lters. It is worth men-
tioning that this technique is based on the same similarity measures and models than the BPT
but, in this case, in a pixel-based fashion. is contributes to give an idea of the great potential
of these simple concepts in practice. In conjunction with the BPT, it has improved the spatial
resolution of the obtained results both in speckle ltering and change detection applications.
Additionally, the mathematical concepts for the sample covariance matrix generalized eigen-
values have been proposed to perform a fully polarimetric analysis of the changes between two
different acquisitions.

Another downside analyzed has been the inability of the polarimetric Gaussian model to
properly represent inhomogeneous regions. emean sample covariancematrix is based on the
centroid representation, which may not be sufficient when heterogeneous samples are mixed.
More complex statistical distributions may be applied as region models but, usually, they in-
volve a larger number of elements in order to properly initialize and estimate the model. Con-
versely, a non-parametric representation has been proposed, the ZY regionmodel, allowing the
estimation of the average Wishart similarity measure among all the sample pairs. e linear



properties of the trace are exploited in order to achieve an efficient computation of these mea-
sures. When employed for the BPT based processing, since this measure is not based on the
centroid representation, it has demonstrated an improved capability to identify and represent
areas of the scene having large spatial variability or texture. Moreover, an improvement has
been also observed for the change detection application, when this model and the associated
full-linkage measures are employed for the temporal stability measurements.

Finally, the supervised and unsupervised BPT based classi cation have also been developed
applying the same notions previously exploited: a region-based approach employing a polari-
metric model and a similarity measure in this space. For the supervised classi cation appli-
cation, the previously employed dissimilarity measures have been capable of detecting similar
agricultural elds to a given one. Moreover, the region-based BPT approach has been com-
paredwith themultilook pixel-based approach in this framework, showing a clear improvement
when employing the BPT-based technique. For the unsupervised classi cation, the k-means
method has been proposed to exploit the similarity measures for grouping similar regions into
clusters. Special a ention has been paid to the initialization process, employing the k-means++
randomized method, and to the outlier detection and removal, which have been de ned in a
region-based fashion in order to achieve reliable results. e proposed technique has proven
to be able to obtain a good separation of the scene content into an arbitrary number of classes.
Additionally, thanks to the BPT generalization for PolSAR time series, the classi cation of the
scene taking into account the temporal evolution of the different targets has been achieved. e
temporal information has demonstrated to produce a considerable improvement in the classi-
cation of agricultural elds, as different types of crops may be properly identi ed according to
their polarimetric temporal dynamics. Another important conclusion extracted from this anal-
ysis is that, in the unsupervised classi cation, the obtained clusters are composed of a mixture
of different targets, as all the scene content is grouped into a small set of classes. en, the em-
ployment of a regionmodel being able to properly deal with heterogeneous distributions, as the
ZYmodel, is even crucial for this application.

. F R L

As mentioned previously, the central topic of this thesis is the employment of the BPT data
abstraction for the speckle ltering of multidimensional SAR data. However, as this structure
has proven its usefulness for many other elds, some additional applications have been pro-
posed and analyzed. In fact, the employment of the BPT representation for different multidi-
mensional SAR applications seems very promising. en, one future line of research would be



the exploitation of this framework for additional applications as, for instance, vessel detection,
mapping land-use and cover, agriculture monitoring, forestry, city planning and control, or, in
general, object identi cation and segmentation.
Additionally, when the different proposed BPT pruning mechanisms have been analyzed

with simulated data, it has been shown that an optimum value exist for the pruning parameter.
Although this information may not be clearly obtained from real data, since no ground truth
information is available, it might seem reasonable to investigate an automatic prune criteria to
avoid the need for the pruning parameter. is method could be based, for instance, on the
evolution of the homogeneity measure from the tree leaf to the root node in order to identify
automatically the be er pruning location for each branch of the BPT.
One of the advantages of the TE BPT representation is that the interferometric information

is naturally contained within the extended region model, as mentioned before. However, this
information has not been employed for the BPT construction or processing. en, in the fu-
ture this informationmay be taken into account to generate region-based PolInSAR processing
techniques, whichmight also bene t from the improved estimation capabilities of theBPTover
homogeneous areas and the ability to preserve small details as point sca ers. is future line ts
perfectly with some forthcoming SAR missions that are focused on this direction, as the ESA
BIOMASS mission or the TanDEM-X and TamDEM-L missions. Moreover, this information
might also be specially useful for classi cation, as it may help to differentiate and characterize
different types of targets, particularly human-made structures.
During the course of this thesis, the limitations of the classical sample covariancematrix have

been stated and the ZY region model has been introduced to overcome some of these limita-
tions. However, thismodel could alsobe employed to characterize the texturewithin the region,
in conjunction with the generalized eigenvalues and eigenvectors study proposed. Moreover,
an automatic fully polarimetric change analysis and characterization among all the acquisitions
could be performed, by extending the generalized eigenvalue decomposition toN acquisitions.





If people do not believe that mathematics is simple, it is only
because they do not realize how complicated life is.

John Von Neumann

A
Eigendecomposition Perturbation Analysis

Asmentioned previously, the statistical characterization of PolSAR data is based on the sample
covariancematrix statistical descriptor. is appendix describes brie y the study of the stability
of the different eigendecomposition parameters of this matrix based on the perturbation analy-
sis. Additionally, some conclusions are presented relating the obtained results with the Entropy
(H), Anisotropy (A) and averaged alpha angle (ᾱ) decomposition, described in Section . . .

A er the matrix estimation or ltering process, the matrix T̂ is obtained, which, in fact, will
be different to the real covariance matrix T due the estimation errors produced due to the em-
ployment of a nite number of samples. Since the sumof twoHermitianmatrices is aHermitian
matrix, it is possible to model this error as E [ ][ ]

T̂ = T+ E. (A. )

e objective, then, is to determine the eigendecomposition of T̂ and its relation with T in
termsof the perturbationE. e perturbationmatrixEmaybe interpreted as the speckle contri-
butions that corrupt the estimation ofT. Consequently, the in uence of this termwill decrease
by increasing the number of averaged independent samples or improving the speckle ltering



technique. In order to quantify the effect of the error matrix, (A. ) may be expressed as

T̂ = T+ εB (A. )

where ε = ‖E‖ quanti es the perturbation magnitude and B = E/ε.

According to [ ] the sample eigenvalues λ̂i(ε)may be expressed as a function of the true
eigenvalues λi, for an ε sufficiently small, as a convergent power series in ε

λ̂i(ε) = λi + ki ε + ki ε + . . . . (A. )

e quantities λ̂i(ε) correspond to the eigenvalues of T̂or, equivalently,T+εB. As observed,
when ε → , λ̂i(ε)→ λi and |̂λi(ε)− λi| = O(ε), whereO(ε) is the big O or Landau notation
describing the limiting behavior of a function. In a similar way [ ], the sample eigenvectors
ûi(ε)may be expressed as a convergent power series in ε, for ε sufficiently small, where the con-
stant term corresponds to true eigenvector ui

ûi(ε) = ui + zi ε + zi ε + . . . . (A. )

Since the set of eigenvectors ui, for i = , . . . ,m forms a basis ofCm, zij may be expressed as

zij =
m∑
k=

sikjuk (A. )

where sikj is a scalar. Introducing (A. ) into (A. )

ûi(ε) = ( + εsii + ε sii + . . .) ui

+
m∑

k= ,k6=i

(εsik + ε sik + . . .) uk. (A. )

In order to eliminate the multiplicative factor, one may divide the previous expression by the
factor ( + εsii + ε sii + . . .) as this term in not zero for sufficiently small ε. en

ûi(ε) = ui +
m∑

k= ,k6=i

(εtik + ε tik + . . .) uk (A. )

that holds for unitary vectors ui. Nevertheless, it only holds for a normalized ûi(ε)when ε = .
When ε 6= , ûi(ε) needs to be normalized to norm one.



e eigenvector u, or right-eigenvector, of a square matrixT is a vector u 6= such that

Tu = λu (A. )

where λ is the eigenvalue associated with the eigenvector u. Similarly, the le -eigenvector f is a
vector f 6= such that fHT = λfH. In case of Hermitian matrices, le and right-eigenvectors
are equal. When considering (A. ) for the perturbed case

(T+ εB) ûi(ε) = λ̂i(ε)ûi(ε). (A. )

According to [ ], the rst order perturbation of the eigenvalues is [ ]

λ̂i(ε) = λi + εβii + O(ε ). (A. )

where

βij = fHi Buj (A. )

si = fHi ui. (A. )

Finally, the rst order perturbation of the eigenvectors is [ ]

ûi(ε) = ui + ε
m∑

k= ,k 6=i

βki
λi − λk

uk + O(ε ). (A. )

e same analysismay be performed to obtain the second-order perturbation approximation
[ ]. For the eigenvalues this approximation may be expressed as [ ]

λ̂i(ε) = λi + εβii + ε
m∑

k= ,k6=i

|βik|
λi − λk

+ O(ε ). (A. )

Similarly, the second order perturbation of the eigenvectors is

ûi(ε) = ui + ε
m∑

k= ,k6=i

βki
λi − λk

uk

+ ε
m∑

k= ,k 6=i


(∑m

j= ,j6=i
βjiβkj
λi−λj

)
− βiiβki

λi−λk

λi − λk
uk

+ O(ε ). (A. )



In order to relate the perturbation with the speckle, the statistical model of the speckle noise
has to be included within the expression (A. ) [ ]. en, the perturbation magnitude ε is
equivalent to the inverse of the number of looks n− and the expectation of the perturbed eigen-
values may be de ned as

λ̂i = E{λ̂i(ε)} = λi + n

m∑
k= ,k6=i

λiλk
λi − λk

+ O
(
n−
)
. (A. )

Similarly, the expectation of the perturbed eigenvectors may be de ned as

ûi = E{ûi(ε)} = ui + n

m∑
k= ,k6=i

λiλk
(λi − λk)

uk + O
(
n−
)
. (A. )

With this information, the expected values for the H/A/ᾱ polarimetric decomposition pa-
rameters may also be extracted

Ĥ = E{Ĥ(ε)} ' H−

(
n

∑
i=

pi log (pi)
m∑

k= ,k 6=i

λk
λi − λk

)
−

n ln( )
+ O

(
n−
)
. (A. )

ks =
m∑

k= ,k6=

λ λk
λ − λk

+
m∑

k= ,k6=

λ λk
λ − λk

(A. )

kd =
m∑

k= ,k6=

λ λk
λ − λk

−
m∑

k= ,k6=

λ λk
λ − λk

(A. )

Â ' A−
n

λ − λ
(λ + λ )

ks + n
λ − λ

(λ + λ )
(λ + λ )

−
n

λ − λ
(λ + λ )

+
n (λ + λ )

kd + O
(
n−
)
. (A. )

α̂ ' α −
∑
i=

pi
n

(
|ui( )|+

|ui( )|
) m∑

k= ,k6=i

λiλk
(λi − λk)

·
(

R

{
uk( )
ui( )

}
−
)
+ O(n− ). (A. )



Asmentioned in [ ], the entropy bias has a linear dependence with its value. en, a linear
regression may be performed for the estimation and further removal of this bias [ ], as it may
be observed on Fig. A. .
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Figure A.1: Ĥ is represented by red dots and regression curves by black lines [91].

e effect of this bias correction in practicemay be observed in Fig. A. , over a portion of the
Oberpfaffenhofen dataset, presented in Section . . .
Another important conclusion that may be extracted from the perturbation analysis of the

matrix eigendecomposition is that, if the eigenvalues are sufficiently separated, the eigenvec-
tors are more stable with respect to the speckle than eigenvalues, as the denominator of (A. )
depends on the square of the eigenvalue separation (λi− λk) , whereas (A. ) depends only in
this separation (λi − λk).



(a) (b)

(c) (d)
H0 1

Figure A.2: Original and corrected entropies employing the multilook filter. (a) Entropy
estimated with a × multilook, (b) Corrected entropy estimated with a × multilook,
(c) Entropy estimated with a × multilook, (b) Corrected entropy estimated with a ×
multilook [91].



B
Additional Results

is appendix presents some additional results from other datasets that have been obtained
during the course of this thesis. In many cases, these results have not been analyzed as in detail
as those presented inChapters and . However, they have been included in this thesis in order
to show the ability of the proposed technique to process different types of data from different
SAR sensors.

B. ALOS F P SARD

Fig. B. a shows the Pauli representation of the original fully polarimetric SAR data acquired by
the ALOS sensor, at L-band, from Catalunya, Spain. is acquisition was acquired the th
of April, . Figs. B. b and B. c show the obtained results with the BPT region homo-
geneity based pruning, employing the Φ measure, with pruning threshold parameter values of
δp = − dB and δp = − dB, respectively, as described in Section . . . e by multi-
look initial ltering and the geodesic dissimilaritymeasure dsg have been employed for the BPT
construction process.
As it may be seen, the amount of speckle reduction achieved in this case is also noticeable,

resulting into amore contrasted image. e effect of changing the pruning threshold parameter



(a) Original (b) BPT δp = − dB (c) BPT δp = − dB

Figure B.1: Pauli representation of the results obtained from the ALOS dataset from
Catalunya, Spain. The original image is presented in (a), whereas (b) and (c) present the
results obtained employing the BPT region homogeneity based pruning with δp = − dB
and δp = − dB pruning thresholds, respectively. The images have been reduced in the
azimuth direction, represented in the vertical direction, by a factor of 25% (|Shh + Svv|,
|Shv + Svh|, |Shh − Svv|).



may be seen specially at the bo om part of the image, where some of the details are ltered for
high values, as for δp = − dB in Fig. B. c.

B. FSAR A F P SARD

A portion of a PolSAR image acquired by the FSAR airborne sensor, from the DLR, is repre-
sented inFig. B. a. Itwas acquired atX-bandwith a cmby cmspatial resolutionnearKauf-
beuren, in Germany. is image have much be er resolution than the other images employed
previously and, then, it a good example of the results obtained with the BPT based processing
scheme over very high resolution images. In this case, the ZY region model and the dal dis-
similarity and Hrw homogeneity measures have been employed for the BPT construction and
pruning, as described in Section . . . Additionally, the DBF ltering has been employed for
matrix regularization, employing a by local window, σs = and σp = . parameters and
iterations of the weight re nement scheme, as described in Section . . . e results obtained
for a pruning threshold of δp = − dB are shown in Fig. B. b.

(a) Original (b) BPT δp = − dB

Figure B.2: Pauli of the results obtained from the FSAR dataset at X-band from Kauf-
beuren, Germany. Original Pauli image (a) and results obtained with the BPT region ho-
mogeneity based pruning (b) at δp = − dB (|Shh + Svv|, |Shv + Svh|, |Shh − Svv|).

Additionally, in order to see more clearly the results, a detailed area of these results is shown
in Fig. B. a. e BPT based obtained results for δp = − dB and δp = dB are represented in



(a) Original detail

(b) BPT δp = − dB (c) BPT δp = dB

Figure B.3: Pauli representation of a detailed area of the results obtained from the FSAR
dataset at X-band from Kaufbeuren, Germany. The original image is presented in (a),
whereas (b) and (c) present the results obtained employing the BPT region homogeneity
based pruning with δp = − dB and δp = dB pruning thresholds, respectively (|Shh + Svv|,
|Shv + Svh|, |Shh − Svv|).

Figs B. b and B. c, respectively. e effect of speckle reduction may be clearly seen from these
results and also the larger amount of ltering when increasing the pruning threshold δp up to
dB. e ability of the proposed technique to obtain large regions over homogeneous areas
while also maintaining the spatial resolution and the small details of the image may be clearly
seen on Fig. B. c.



B. T SAR-XD P T S D

e TE BPT representation and the temporal stability ts measure, de ned in Chapter , have
also been employed to process a dual polarimetric TerraSAR-X time series dataset. is dataset
consists of acquisitions havingHHandVVpolarization states from the city ofMurcia, Spain.

e acquisition campaign started the th, February and ended the th, January .
A crop having by pixels has been selected for each image and they have been co-
registered. e extended model and geodesic dissimilarity measure dg have been employed for
BPT construction. e DBF method has been employed for matrix regularization, with a by
local window, σp = and σs = . parameters and weight re nement iterations. Fig. B.

shows the geo-coded temporal stability measure ts, as described in Section . . , as an overlay
with an optical image of the area [ ].
Fig. B. c shows adetailed area of the results shown inFig. B. . In order to identify the changes

detected, two optical images of the zone from and are represented in Figs. B. a and
B. b, respectively. As it may be seen, in this area a street has been constructed in the top part of
the image and two buildings have been erected over the right part. ese buildings are clearly
detected, appearing as red areas. Over the street, however, there is no detected polarimetric
change as in both optical images, shown in Figs. B. a and B. b, the observed type of sca ering
may be, from to , surface sca ering, resulting into no change from the radar response
point of view among all the acquisitions of the dataset. However, due to the good spatial resolu-
tionof the sensor, some small dots are observedover the street, corresponding to the streetlights
that have been built. ese small details may be detected thanks to the good spatial resolution
preservation of the DBF and the TE BPT.



ts
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2.5

Figure B.4: Geo-coded ts measure for the Murcia dual-pol TerraSAR-X time series
dataset, in Spain [1]. The TE BPT with extended region model has been employed with
a δp = − dB pruning threshold.



(a) Optical image 2008

(b) Optical image 2011

(c) Geo-coded ts measure

ts
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Figure B.5: Optical images from 2008 (a) and 20011 (b) and geo-coded ts measure (c)
for the Murcia dual-pol TerraSAR-X time series dataset, in Spain [1]. The TE BPT with
extended region model has been employed with a δp = − dB pruning threshold.
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