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Abstract

The RADARSAT Constellation Mission (RCM) was launched in June 2019. RCM, in addi-
tion to dual-polarization (DP) and fully quad-polarimetric (QP) imaging modes, provides
compact polarimetric (CP) mode data. A CP synthetic aperture radar (SAR) is a coherent
DP system in which a single circular polarization is transmitted followed by the reception
in two orthogonal linear polarizations. A CP SAR fully characterizes the backscattered
field using the Stokes parameters, or equivalently, the complex coherence matrix. This is
the main advantage of a CP SAR over the traditional (non-coherent) DP SAR. There-
fore, designing scene segmentation and classification methods using CP complex coherence
matrix data is advocated in this thesis.

Scene classification of remotely captured images is an important task in monitoring
the Earth’s surface. The high-resolution RCM CP SAR data can be used for land cover
classification as well as sea-ice mapping. Mapping sea ice formed in ocean bodies is im-
portant for ship navigation and climate change modeling. The Canadian Ice Service (CIS)
has expert ice analysts who manually generate sea-ice maps of Arctic areas on a daily
basis. An automated sea-ice mapping process that can provide detailed yet reliable maps
of ice types and water is desirable for CIS. In addition to linear DP SAR data in ScanSAR
mode (500km), RCM wide-swath CP data (350km) can also be used in operational sea-ice
mapping of the vast expanses in the Arctic areas. The smaller swath coverage of QP SAR
data (50km) is the reason why the use of QP SAR data is limited for sea-ice mapping.

This thesis involves the design and development of CP classification methods that
consist of two steps: an unsupervised segmentation of CP data to identify homogeneous
regions (superpixels) and a labeling step where a ground truth label is assigned to each
super-pixel. An unsupervised segmentation algorithm is developed based on the existing
Iterative Region Growing using Semantics (IRGS) for CP data and is called CP-IRGS.
The constituents of feature model and spatial context model energy terms in CP-IRGS are
developed based on the statistical properties of CP complex coherence matrix data. The
superpixels generated by CP-IRGS are then used in a graph-based labeling method that
incorporates the global spatial correlation among super-pixels in CP data.

The classifications of sea-ice and land cover types using test scenes indicate that (a)
CP scenes provide improved sea-ice classification than the linear DP scenes, (b) CP-IRGS
performs more accurate segmentation than that using only CP channel intensity images,
and (c) using global spatial information (provided by a graph-based labeling approach)
provides an improvement in classification accuracy values over methods that do not exploit
global spatial correlation.
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Chapter 1

Introduction

1.1 Domain

The RADARSAT Constellation Mission (RCM) was launched in June 2019, supporting
Canada's need for enhancing the operational use of synthetic aperture radar (SAR) data
for maritime surveillance, disaster management, and environmental monitoring [1]. In
addition to single, dual polarization (DP), and quad-polarimetric (QP) imaging modes,
RCM provides wide-swath compact polarimetric (CP) SAR data for which the SAR system
receives two coherent linear polarizations in response to a circularly-polarized eld on
transmit. Moreover, the RCM has the bene t of near daily coverage of all of Canada's
coastal areas improving the dynamic monitoring of the Arctic areas [2].

A CP SAR has many advantages over traditional DP SAR systems such as minimum
sensitivity to noise and cross-channel errors, being relatively simple to implement, and
self-calibration property [3]. Also, the data from a CP SAR is expected to be \as good
as" those of a ne QP SAR [4]. More importantly, like DP SAR, CP SAR sensor is able
to capture a wide swath width. An important shortcoming of QP SAR is its inability to
produce wide swaths which limits the use of QP data [5].

Scene classi cation is an important task in monitoring the Earth's surface. The high-
resolution RCM CP SAR data can be used for land cover classi cation as well as sea-ice
mapping [6, 7]. Freezing of the ocean surface results in forming sea-ice which is mostly
formed in polar regions where, on average, it covers about 25 million square kilometers
of the Earth's surface. In the Arctic, sea-ice can be an obstacle to shipping. The extent
of sea-ice in the Arctic can vary from year to year, which can greatly a ect climate [S].



Therefore, sea-ice maps are important for environmental monitoring and climate change
modeling[1, 2, 9].

Remote sensing satellites are the main source of image data for sea-ice observation.
These satellites acquire images in visible, infrared, and microwave spectral ranges. Me-
teorological satellites (NOAA AVHAR, VIIRS, MODIS, Sentinel-3) provide visible and
infrared images with the resolutions of 250m - 1km. Satellites operating in passive mi-
crowave with coarser resolutions of 6 - 70km (AMSR2, NOAA AMSU, SSMIS) have cloud-
penetrating capability suitable for sea-ice observation. Most importantly, active microwave
SAR satellites (RADARSAT-2, Sentinel-1, TerraSAR-X, COSMO-SkyMed, ALOS-2, and
RCM satellites) provide data with better resolution (10 - 100m) [10].

Since the polar regions are dark roughly half of the year and often cloud-covered, SAR
satellites, which capture images with appropriate resolution and in all-weather and daylight
conditions, are very useful in sea-ice mapping [11{13]. Linear dual polarization (DP) SAR
data are used by the Canadian Ice Service (CIS) for sea-ice monitoring. CIS uses the
wide-swath 500km DP ScanSAR data to generate ice maps of Canadian waters on a daily
basis. After the launch of RCM satellites, using RCM CP data along with the DP data is
of interest of the CIS.

1.2 Thesis Objectives

Many SAR scenes are processed daily by human analysts, which is very time consuming.
CIS personnel classify di erent ice types in terms of stage of development in the form of ice
charts associated with \egg codes". Egg codes contain the ice concentration information
interpreted from SAR scenes by CIS experts [3]. This process involves some approximations
and can lead to di erent results through various interpretations. These all make automated
SAR scene classi cation approaches attractive. Although there are many classi cation
methods using SAR data for sea-ice mapping proposed in the literature [11{14], there are
a limited number of scene classi cation studies dealing speci cally with CP SAR data [9,

{17].

There are a number of challenges when designing a classi cation method using CP
SAR images. The input data in DP SAR classi cation are HH and HV intensity images,
and in the case of QP SAR data, are either the 3 3 complex covariance matrix or a set
of decomposition features. Unlike DP and QP, CP provides two di erent data sources:
the 2 2 complex coherence matrix and a set of features that are derived from the four-
element Stokes vector. The challenge when processing CP SAR data is to design a method



that integrates the special characteristics of CP data. If the data source used is the
complex coherence matrix data, the statistical characteristics of this data type need to
be incorporated in the classi cation method. If the input data to the method are Stokes
vector-derived features, an understanding of the nature of each feature is necessary for the
analysis of classi cation results.

Several characteristics of CP data make this data type unique compared to DP data
type. The intensity images of DP (HH and HV images) each provides di erent source
information, however, since the mean signal values in the two channels of CP (RH and RV
images) are at the same level and the rst and second order statistics in the channels are
identical [3], RH and RV are similar data sources. Another distinction of CP over DP is
that DP SAR has the disadvantage of received vertical polarization being cross-polarized
(with a horizontally-polarized wave on transmit). However, neither of CP channels is cross-
polarized. Also, CP provides Stokes vector which can be used to derive decompositions
such asm orm [18] to apply a more accurate classi cation than the case using DP
data.

A common-sense approach to scene classi cation is a two-step method [11]. In the
rst step, a segmentation is applied on SAR data to determine the homogeneous regions
each of which containing one ground truth class. In the second step, the regions spec-
i ed in the segmentation step are labeled by the use of a supervised or semi-supervised
labeling method. Due to the challenges in sea-ice classi cation using SAR images such as
the existence of speckle noise, similar backscatter for di erent ice types, and intra-class
backscatter variability (di erent backscatter values for the same ice type in di erent parts
of a SAR scene), incorporating spatial context through modeling the spatial correlation
among pixels is e ective in both segmentation and labeling steps.

Developing a region-based segmentation that models the spatial context information
reduces the impact of speckle noise in SAR imagery [11]. A main objective of this thesis
is to develop a region-based contextual image segmentation method using CP SAR data.
Markov random eld (MRF) image segmentation methods are advocated for their use of
contextual information [19]. Iterative Region Growing using Semantics (IRGS) is a region-
based segmentation algorithm [20] that incorporates edge strength information in MRFs.
IRGS segmentation is also adapted to be used for full QP SAR data [21], DP SAR scene
classi cation [11], and hyperspectral images [22]. To the best of our knowledge, no research
has been done in contextual segmentation of CP SAR data.

Using a contextual segmentation, a CP SAR scene is divided to regions, also called
superpixels, that are assumed to be homogeneous. Classication then involves labeling
to assign ground truth labels to the segmentation regions. A labeling method that in-



corporates the global correlation among the superpixels is developed and evaluated. The
labeling method utilizes graph learning to predict labels in a semi-supervised manner.
Through modeling the global spatial context information by the graph-based method, the
labeling approach tackles the issue of intra-class variability over a SAR image. This is
because the correlation among superpixels from one certain ground truth class all over the
scene is integrated in to the classi cation model.

The contribution of the thesis resides in three main aspects:

1. The performance of scene classi cation using reconstructed full QP (namely pseudo-
QP) from a CP SAR scene and the derived features from the Stokes vector is in-
vestigated, and the result accuracy of CP data is compared to that of DP and full
QP data . In particular, a region-based QP-based segmentation models the spa-
tial context information using pseudo-QP data from CP and provides homogeneous
regions in a SAR scene. Then, a pixel-based labeling classi cation using the CP
Stokes vector-derived features is performed. The combination of the segmentation
and labeling results leads to the nal classi cation maps. A thorough performance
analysis of QP reconstruction from CP for the application of sea-ice mapping was
also performed (Chapter 2).

2. The statistical properties of complex CP SAR data is described, and an unsupervised
segmentation method based on the statistical model of complex CP SAR data is
developed. IRGS, a well-known region-based segmentation algorithm, is extended to
complex CP data. First, it is demonstrated that the multilook complex (MLC) CP
data is complex Wishart-distributed. Then, the unary and pairwise constituents of
IRGS are derived speci cally for multilook complex CP data type (Chapter 3). From
operational perspective, a contribution of the proposed unsupervised segmentation
in sea-ice mapping is that the segmentation method segments a CP scene to a certain
number of classes, where each class can then be assigned to an ice types by an ice
expert.

3. A CP classi cation methodology is designed that exploits the superpixels generated
by the unsupervised segmentation and performs labeling with a graph-based ap-
proach. Such a method includes the global correlation among superpixels by utilizing
the spatial distance between superpixels as well as the statistical signi cance between
the MLC matrices associated with superpixels. This is discussed in Chapter 4.



1.3 Thesis Structure

Each of Chapters 2, 3, and 4 proposes a novel classi cation method for CP SAR data. The
three chapters are based on three published/submitted journal manuscripts [23{25]. The
introduction to the chapters and the underlying theory in the three chapters may provide
overlapping information.

Following the two-step classi cation methodology (segmentation followed by labeling),
Chapter 2 aims to provide a full-scene classi cation method of sea-ice types using CP
SAR data. To use an existing QP-based segmentation method, QP data is reconstructed
from CP data. An SVM labeling method is then performed to assign ice type labels to
segmentation regions.

Since QP reconstruction from CP entails invoking certain symmetry arguments that
might be not valid, directly using complex CP data is more desirable. Chapter 3 proposes
an unsupervised region-based segmentation method based on the statistical properties of
complex CP SAR data. The segmentation method developed in Chapter 3 can be used to
identify homogeneous regions (superpixels) in the image. To model the spatial correlation
among all the superpixels in the image, a graph is used. Chapter 4 describes a semi-
supervised classi cation method which is based on the graph built on superpixels. A
summary of contributions and conclusions are provided in Chapter 5 where, nally, the
future work is described.



Chapter 2

Sea-Ice Type Classi cation
Methodology

The purpose of this chapter is to implement a CP dedicated automatic full scene classi -
cation approach for sea-ice mapping. A two-step methodology comprising an unsupervised
segmentation method (to segment ice-class homogeneous regions) and a supervised la-
beling method (to classify the ice-type labels for each homogeneous region) is designed.
Two complex quad-polarimetric RADARSAT-2 scenes are used to mathematically derive
corresponding CP scenes for algorithm testing. This chapter is a refereed journal publica-
tion [23].

2.1 Introduction

Sea-ice maps are important for ship navigation, environmental monitoring, and climate
change modeling. Satellite synthetic aperture radar (SAR) imagery has been the most
important asset for sea-ice mapping for over two decades. The current SAR imagery, that is
acquired in any weather and day-light conditions, has proven to be bene cial, speci cally for
Arctic regions [11{13]. Linear dual polarization (DP) SAR data provided by RADARSAT-2

is currently the primary SAR data source used by the Canadian Ice Service (CIS) for sea-
ice monitoring. CIS uses the wide-swath 500km DP ScanSAR data to generate ice maps
of Canadian waters on a daily basis. Recently, the RADARSAT Constellation Mission
(RCM) was launched supporting Canada's need for enhancing the operational use of SAR
data for maritime surveillance, disaster management, and environmental monitoring [1].



In addition to single, DP, and quad-polarimetric (QP) imaging modes, RCM will pro-
vide wide-swath coverage CP SAR data for which the SAR system receives two coherent
linear polarizations in response to a circularly-polarized eld on transmit. Moreover, the
RCM has the benet of near daily coverage of all of Canada's coastal areas improving the
dynamic monitoring of the Arctic areas [2]. A CP SAR has many advantages over other
DP SAR systems such as minimum sensitivity to noise and cross-channel errors, being
relatively simple to implement, and self-calibration property [3]. More importantly, like
a DP SAR, a CP SAR is able to capture a wide swath necessary for operational sea-ice
mapping. An important shortcoming of QP SAR is its inability to produce wide swaths
(limited to 100km in RADARSAT-2) which limits the use of QP data for operational sea-ice
mapping [5].

Many SAR scenes are processed daily by human analysts which is very time consuming,
making automated scene classi cation approaches attractive. Although there are many
classi cation methods using SAR data for sea-ice mapping proposed in the literature [11{

], there are a limited number of papers published dealing speci cally with CP SAR data
for ice-type mapping [9, 15{17]. To the best of our knowledge, there is no study that
utilizes the contextual information in CP SAR data to classify ice types. Incorporating a
region-based segmentation that models the spatial context information reduces the impact
of speckle noise in SAR imagery [11]. Here, we develop a multi-class ice-type classi cation
method that uses region-based segmentation for CP data.

Markov random eld (MRF) image segmentation methods are advocated for their use
of spatial-context information [19]. We apply the unsupervised segmentation algorithm
called IRGS [26] to determine the homogeneous regions of ice types and open water. Other
than modeling spatial-context information, IRGS is advantageous since it is region-based,
and by using the statistical properties of regions, it is less sensitive to speckle noise and the
intra-class backscatter variability induced by incidence angle in SAR images [11]. Also,
a region-based segmentation method is preferred in terms of computation speed as the
number of regions/superpixels, which are used to construct region adjacency graph (RAG),
is usually signi cantly less than the number of pixels [20].

IRGS, similar to other superpixel segmentation methods such as simple linear iterative
clustering (slic) [27], preserves image boundaries by generating homogeneous superpixels
that contain only one ground-truth class. However, a main advantage of IRGS is that
IRGS is adaptive, i.e., it captures the important local details without having to utilize
many superpixels in homogeneous regions. IRGS method models the backscatter based
on Gaussian statistics and changes the initial boundaries from a watershed algorithm [28]
by merging the regions to obtain the nal segmentation image. A complex QP extension
of IRGS called PolarIRGS has also been published and applied to a land cover type data
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set [21]. PolarIRGS algorithm is performed here for sea-ice scene segmentation using
reconstructed QP data from CP data. This contributes to utilizing all the information
which can be extracted from a CP data set in a contextual segmentation.

Since the segmentation is unsupervised, a separately trained SVM model is used to
assign true ice-type labels to the regions. SVM classi cation algorithm has already proven
to be e ective in discriminating between SAR signatures of ice and water [11,29]. The
segmentation maps are combined with the ice-type classi cation results obtained from the
SVM algorithm to generate the nal ice-type maps.

The proposed sea-ice type classi cation method which combines the IRGS-based seg-
mentation and the SVM classi cation is applied to assess the capability of CP SAR data in
sea-ice type mapping compared to DP data. The performance of the classi cation method
is tested using a pair of ne complex quad-polarization SAR scenes from which the CP
data is derived (to mimic the RCM CP data).

Section 2.4 provides a literature review of the classi cation methods using CP SAR
data. In Section 2.2, a review of CP SAR features is provided. A review on the methods of
QP reconstruction from CP data is presented in Section 2.3. Section 4.4 presents the steps
of the proposed methodology. Section 2.6 describes the study area and the data used in
this chapter, and Section 2.7 presents the experiments and the corresponding results and
analyses.

2.2 Compact Polarimetric SAR Theory

The polarization of an electromagnetic wave characterizes the behavior of its electric eld.
The polarization can be represented in general by the Jones vectr30]

COS cOosS jsin sin

E=Ad : )
SIn Cos + ] COS sSIn

(2.1)
whereA, , and parameterize the \polarization ellipse", which is the trajectory of the
electric eld at a xed location along the propagation direction. A is the ellipse amplitude,
and and are called the orientation angle and the ellipticity angle, respectively [31].
Also, the term is an absolute phase term. The relationship between the incident eld in
radar E; and the backscatter eldE; is described by [30]

jkr jkr
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where S is the scattering matrix. The term r is the distance between the target and
the radar antenna, andk is the wave number of the illuminating wave [32]. This is the
case where the transmitting and receiving antennas are at the same location (monostatic
backscattering case). Therefore, the incident and scattered Jones vector are expressed in
the same orthogonal basis with horizontalH ) and vertical (V) unit vectors (Oy;0y). In

the case of a reciprocal propagation medium, the vector reciprocity theorem [32] requires
that the matrix S be symmetric, with Sy = Sy .

A SAR system that provides a complete scattering matrix is called a full QP SAR.
Despite the complete data source that a QP SAR provides, a QP SAR system requires
a higher frequency of pulse repetition than that of a DP SAR to transmit and receive in
two orthogonal polarizations. The pulse repetition frequency in QP system is twice the
frequency as in a single or DP SAR for a given coverage area [4]. The data requirements
restrict the use of ne QP SAR data in wide swaths when mapping vast expanses of
ice/water in oceans, and make wide-swath dual- and, especially, CP modes more favorable.

The rst application of CP is attributed to Souyris et al.[33], who proposed using ¥ 4-
mode", and reconstructed full QP data. In this mode, in response to a linearly-polarized
transmitted eld with a 45 inclination, two coherent linear polarizations are received. The
CTLR-CP mode [3], where a circular polarization on transmit is followed by two coherent
orthogonal linear polarizations on receive, is another implementation of CP. This mode
has been more appealing due to the simpler and more robust implementation than that of
the other conventional coherent dual-polarized modes [4]. Raney al. [34] described the
properties of the hybrid-polarity modes and compared the CTLR mode with the other CP
modes.

In the case of a CP SAR, a complex measurement vectiérof the backscattered eld,
which is the multiplication of scattering matrix (S) and the transmit polarization is used

Ecp = EH o SO;; (2.3)
Ev
whereg; is the unit Jones vector associated with the transmit wave. For instance, according

to (2.1), in the CTLR mode ( =0, = ), the unit Jones vector ispl—é[l iT", and
therefore,E-; g can be given by

n #
S Swv PS5 1 Suw  jShv
E = £ = — . : 2.4
SCTLR Suv  Svv L i9_2 Suv  ISvv (2:4)

To characterize the scattering properties of a random medium using a CP SAR, the
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2 2 Hermitian positive semide nite coherence matrix J) given by multiplying E by its
complex conjugate transpose [32] is used

J:y« £ g1 . hEwi®E hEWE,]
L = —CP=CP ™ HEVE,i hjEyj?

i=1

(2.5)

where< > shows temporal or spatial averaging|, represents the transpose operator,
indicates the complex conjugate, andl is the number of looks used for averaging. Accord-
ing to (2.4) and (2.5), the sample coherence matrix in the CTLR mode can also be given

by

Sl hSwiA QMSaS,i |, hSwiE 1]
2

jMSyvShyi hjSuwj? 2 j 1
+1— 2lm (!‘SHH SHV |) - hSHH SHVi + fSHV.SVVi (2 6)
2 MSun Syyi + MSyvSyy i 2Im (MSyv Sy 1) '
Consider the classical unitary Pauli matrix group [30]
_ 1 0. _ 1 0 . _ 01, _ 0 j .
0 — O 1 ) 1= 0 1 ) 2 = 1 0 ’ 3~ J O . (27)

To represent CP data by real values, equation (2.5) can be decomposed as [30]:

J

1
éfso 0t St 1+S 2+ S3 30

1 Sy+Sii hS, Sai

T2 NS, +jSsi hSy S (2.8)

where the real-valued parameterESy; S;; S,; Szg form what is called the Stokes vector [32]

So = EnEy + EvEy = JExj*+ JEv)?
S; = EwE, EvE, = JE4j® | Evj?
S, = 2Re(E{E,)

S; = 2Im(E4E,):

(2.9)

The Stokes vector fully characterizes the backscattered eld by four real parameters.
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Table 2.1: List of CP features used in the ice-typing method.

Name Description #1
s scattering mechanism parameter [35] 1
c circular polarization ratio [4] 1
u conformity coe cient [7] 1
correlation coe cient of RH and RV [7] 1
relative phase angle between RH and RV [4,7] 1
m degree of polarization [18] 1
Hi Shannon entropy, intensity component [7] 1
Hp Shannon entropy, polarimetric component [7] 1
m m-chi decomposition of CP data [18] 3
m m-delta decomposition of CP data [4] 3
RH; RV intensity values of RH and RV channels [36] 2
So; 5 Ss Stokes vector components [37] 4

1This column indicates the number of features in each category.

The Stokes parameters can also be represented as a function of polarization ellipse pa-
rameters, i.e.,A; ; [32]. Several quantitative features characterizing the backscattered
eld can be derived from the Stokes vector. Thealegree of polarization circular polar-
ization ratio, relative phase conformity coe cient , and the m-chi decomposition features
are examples of Stokes-vector-derived features. A list of some commonly-known CP SAR
features is presented in Table 2.1.

2.3 QP Reconstruction from CP Data

For a QP SAR, in some cases (e.g., distributed targets [32]), the scattering matrix can
not fully describe the scattering properties of all radar targets [31]. Therefore, the second-
order target descriptors such as covariance matrix are needed. Assuming reciprocity in the
monostatic radar case, 3 3 multilook complex covariance matrix is given by [30]

SR « . .
D _hJSHH jzl ZI’SHH SHVI ph_SHH S\/Vl
C=4" 21y Syy i 2hiSuy ji 2hShy Sy yi® ; (2.10)
hSyvSuy | 2hSyvSyyi  hjSyvjd
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Figure 2.1: TraverseP, and incident P planes involved in re ection symmetry (This gure
is based on Fig. 1 by Souyrigt al. [38].)

which is a Hermitian positive semi-de nite matrix, in which the main diagonal elements
are the real-valued intensities of the polarimetric channels, and the o -diagonal elements
represent their complex covariances.

The reconstruction of full QP from CP SAR data allows us to analyze the reconstructed
QP (pseudo-QP) data using the state-of-the-art full polarimetric SAR classi cation meth-
ods?. To construct pseudo-QP 3 3 covariance matrix using 2 2 CP coherence matrix
JcTLr » according to (2.10) and (2.6), there are four equations (using one compl&x and
two real measurementsl;;; J,,) and nine unknown variables (three real elementS,;; C,,,

Css, and three complex one<C,,; C;3, and Cy3). To solve this underdetermined system
of equations, some assumptions regarding the symmetry of geophysical media have been
made [38,39]. A review of reconstruction methods is provided next.

The rst QP reconstruction method is proposed by Souyrigt al. [38] where they made
two symmetry assumptions. The rst assumption is re ection symmetry [38,40]. As-
sume the linear orthogonal basis( ; &y) in Fig. 2.1 is oriented such that ¢ty ? P) and
(0y k P) where P is the plane containing the incident wavek and P, is the traverse
plane which is normal to the incident wave. Re ection symmetry occurs where the tar-
get is symmetrical about the planeP. Geophysical media such as ocean water, forest,
snow, and sea-ice can have re ection symmetry properties [38]. With this type of symme-

2As will be discussed later in this section, the symmetry assumptions that are made to reconstruct the
3 3 full QP covariance matrix from a2 2 CP coherence matrix coerce the QP covariance matrix to be
sparse. Therefore, not all the QP classi cation methods will be applicable using pseudo-QP data.
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try, the correlation between the co- and cross-pol coe cients is approximated to be zero,
hSpn S,y 1 = MSuy Sy i = 0. Accordingly, the covariance matrix is formed as [40]

2 .3
hJSHHJI 0 hSHH S\/Vl
c=4 0 2hjSuy j2i 0o 5; (2.11)
hSyvSyy i 0 hjSv vj?i

and the CTLR coherence matrix with this assumption is given by

Jerm = b MSw P RSw (S Syl b Sw )0
CTHR ™ 2 (hSuu Syyi hj Suvi?i) hjSvvj?i + hiSuy j°i

Rotation symmetry is another type of scattering symmetry. For a target with rotation
symmetry around the incident wave, covariance matrix coe cients are invariant to the
rotation of the orthogonal basis @ ; 0y ) by any arbitrary angle (see Fig. 2.1). Under
rotation symmetry assumption, Nghiemet al. (equations (34)-(38) [40]) provide a set of
equations which relate the scattering coe cients

iSuni® = iSwvi? (2.13)
hiSuv % _ hiSuvi®i _ 1 vy .
hiSun j4i hiSyvjdi 2
. 2.14
_ hSun Sy (214)
HHVV —

| od 5 YR -
hjSun j2ThjSyvj?i
where yuyyv IS the correlation coe cient betweenSyy and Syy. The second assumption

in Souyris's method is similar to (2.14) (or equivalently equation (41b) by Nghienet
al. [40]) with making di erentiation between hjSyy j2i and hjSy vj?i

hiShv j2i _ 1 vy,
hiSun j2i + hiSyvj?i 4 .
Therefore, this assumption is not based on a complete rotation symmetry but only one

condition of this type of symmetry. Souyriset al. derived (2.15) by linearly extrapolating
between two limits: fully polarized and fully depolarized waves [38].

(2.15)

After making these assumptions, the system of equations can be iteratively solved to
reconstruct QP covariance matrix [36, 38]. According to (2.12) and (2.14), the correlation
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coe cient ppyy can be calculated by

hiSuvj4i 2312

(2.16)

HHVV = P = — - —,
; (2311 hj Spvj2i) (2322 hj Sy j2i)
and (2.15) can be rewritten as
iSuvj? = (Juz+ J22)(A ] HHVVj): (2.17)

3 wuvv]

Initially, hjSyyv j?i is set to zero and vy is calculated. Using this vy Value, hjSpy j2i

is calculated. The new value diijSyy j?i is injected back into (2.16), and this loop is iterated
until the di erence between hjSyy j%i values from the current and previous iterations is
less than a threshold. Whenevej yyyvyv ] becomes greater than one for a pixel, or the
denominator of (2.16) is the square root of a negative valug¢,nyyvy j IS set to 1 and
hjSyv j?i = 0 and the iterations are stopped [38]. After convergence, using the estimated
value ofhjSyy j2i, we can form the reconstructed sample covariance matrix elements (2.11).
Note that, as seen in Eq. (2.16), all the elements can be written in terms bSyy j%i and
CP coherence matrix elements.

Nord et al. [39] proposed a modi ed version of Souyris's reconstruction method. They
demonstrated that the assumption (2.15) may not hold for some datasets. They used a QP
scene from urban and forest areas and demonstrated that Eq. (2.17) is not a strict equality
for terrain dataset [39]. Based on an inequality relating the arithmetic and geometric
means of co-pol term#$jSyy j2i and hjSyvj?i, they derived

hijSuy ji _ 1 vy,
S l?+ v N (249
where the termN is given by
hiSun  Svvj?
N = P — ; 2.19
hiShv j2i ( )

which the ratio of double-bounce backscattehSyy Sy vj?i) to cross-pol power bjShy j2i).
The term N is the only di erence between Nord's and Souyris's methods. The reconstruc-
tion algorithm then involves iterating between (2.16) and a modi ed version of (2.17) as

_ 2311+ J32)A | ownvvi).

iSuvi = : . 2.20
Jonv] N+2(1 ] wavvl]) ( )
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To start the iteration, N is initially set to 4, and the pseudo QP covariance matrix is
reconstructed. The valueN is then estimated from (2.19) using the reconstructed covari-
ance matrix elements, and used for reconstructing the new pseudo QP covariance matrix
afterwards. Note that the following equation holds’

jSun  Svvi® = [Suui® + [Svvi®  2ReSun Syyi): (2.21)

Espesethet al. [17] proposed two methods to estimate the cross-pol temiSyy j2 i: one
based on the degree of polarization (DoP), and the other based on the eigenvalues of CP
sample coherence matrix. In the DoP-based approach, the depolarized power is related to
the cross-pol intensity term. The authors assume that all the response power generated in
the cross-pol channehjSyy j?i originates from the depolarization e ects. Accordingly, the
surface scattering is assumed to have no contribution to the cross-pol channel power [17].
The cross-pol termhjSyy j2i is assumed to be related to the power of depolarized scattering

mechanismPy as

1 1
—Pd = é(l DOP)S(),

p

jSHVj2
S (2.22)
SZ2+ S+ S3

So

whereSy; : :: S; are the elements of the Stokes vector. By estimatingSyy j2i, the pseudo
QP covariance elements can be calculated from (2.11) and (2.12). The main limitation of
the approach is the assumption of assigning all the cross-pol intensity to the depolarized
power [17]. The eigenvalue (Eig)-based method attempts to nd the fraction of the total
power of the backscattered wave that belongs to the cross-pol intensity

DoP =

2 jSwvj® = So (2.23)

where the term is proposed to be approximated by the ratio of two eigenvalues of the
sample coherence matrid, 1; »

q___ q___ (2.24)
2 1=S+ S2+S2+8S%  2,=5 S2+ S2+ S

3This equation holds for any pair of complex values such aS§yy and Syy . This equality has also been
used in Eqg. (B5) in the work by Nord et al. [39]. Also, as noted by Collinset al. [41], the term (1 j j)in
Eq. (B5) [39] is misplaced and should be moved to the beginning of the last line.
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Therefore, according to (2.23) and (2.24), the cross-pol intensity is given by

(2 DoP) _

= 2(1+DoP) (2.23)

jShv i
As compared to the Souyris's and Nord's methods, the DoP-based and Eig-based recon-
struction methods noticeably execute faster. Therefore, the cross-pol intensity values es-
timated from the DoP- and eigenvalue-based methods can be used as the initial value for
the Souyris's and Nord's method.

2.4 Intelligent Systems for Satellite Scene Interpreta-
tion Using CP SAR Data

In this section, a brief review of the recent work in SAR scene classi cation using CP data
is presented. Then, the CP SAR classi cation methods speci cally for sea-ice mapping
are described. Existing classi cation algorithms using CP SAR data can be divided into
two categories: classi cation algorithms using reconstructed full QP data from CP data or
features derived directly from CP data.

In the rst category, the quad-polarimetric covariance matrix is estimated from CP
data [38], producing a pseudo-QP covariance matrix that can be used with QP scene
classi cation methods. Souyriset al. [38] proposed the reconstruction of QP data from CP
data and used the reconstructed QP data in crop eld classi cation. They presented the
full-scene classi cation images as well as the quantitative results of the classi cation, and
showed the high level of information content preserved in the pseudo-QP data as compared
with the QP data. Ainsworth et al. [42] demonstrated that pseudo-QP data generated from
CP provides almost the same result of the classi cation of crop elds and forested areas as
those directly from CP data.

Li et al. [43] proposed a QP reconstruction method that is suited to the oil spill de-
tection on water surface where Bragg scattering is assumed to be dominant. In a work by
Collins et al. [44], an oil-water mixing index is derived from the reconstructed QP data for
oil spill characterization. In a more recent study, Zhanget al. [45] used the reconstructed
co- and cross-pol coe cients from CP data to calculate the relative phase parameter, and
proposed an unsupervised classi cation scheme to distinguish oil slicks from ocean water.

In the second category, the features derived from the Stokes vector such as decom-
position features [3, 35] are used in classi cation. A multifrequency analysis of tropical
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vegetation classi cation utilizing CP data was done by Lardewet al. [46]. An SVM clas-

si cation using CP data was performed by Souist al. [47] to classify di erent types of
land cover. In another study [48], after extracting two main sets of features (one directly
from CP covariance and the other from the pseudo-QP covariance data each in di erent
CP modes), Aghabalaeet al. performed an SVM classi cation on a feature set selected by
a genetic algorithm to classify forest species. CP data was also utilized for other applica-
tions of classi cation, such as lake-ice breakup monitoring using a thresholding scheme on
a number of CP features derived from Stokes vector data [49] and rice monitoring using a
decision-tree classi cation [50].

Shirvany et al. [51], used the CP degree of polarization parameter for discriminat-
ing man-made objects and oil spills from the sea surface in dierent CP modes. Sal-
berg et al. [52] derived a coherence measure from CP data under a two-scale Bragg scat-
tering model, and demonstrated that this retrieved parameter from CP performs well in
suppressing lookalikes in oil spill detection. They also evaluated a number of CP-derived
measures in oil spill detection [52].

There have been other studies where based on either sea surface scattering in terms of
surfactants and wind conditions [53], or a physical scattering model called X-Bragg [54], a
number of parameters extracted from CP data were evaluated in distinguishing oil spills
from lookalikes. In another study by Buoncet al. [55], the X-Bragg scattering model have
been used to compare two CP modes with full QP SAR data based on the performance of
three parameters derived from both CP coherence and QP covariance data.

Given the recent developments in CP for earth resource management, there are limited
papers that consider its use for sea-ice type classication. Dabboet al. [7] applied
a maximum likelihood classi er trained and tested using selected pixels from the same
image (i.e., not a full scene classi cation). They analyzed the capability of CP features
to distinguish open water, rst-year ice, and multi-year ice. Zhanget al. [15] investigated
di erent CP modes for sea-ice classi cation. They also determined the type of CP mode
that leads to the highest reconstruction accuracy of a number of polarimetric features.
Geldstezeret al. [9] used 26 derived CP features and assessed their discrimination capability
for di erent sea-ice types. These studies indicated the most useful set of CP-derived
features for sea-ice classi cation.

An analysis of the performance of m-chi decomposition parameters extracted from CP
data in distinguishing between sea-ice types was done bydti al. [16] and the results were
compared with those obtained using classic decomposition parameters, entropy and scat-
tering angle, which are extracted from the true QP SAR data. Decomposition results were
discussed in a quantitative manner, however, no classi cation was performed. Espeseth
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al. [17] proposed two new methods for reconstructing pseudo-QP data from CP data. The
methods are based on degree of polarization and eigenvalues of the CP covariance matrix.
The authors investigated the performance of their proposed reconstruction methods com-
pared with Souyris's method [38] depending on the frequency of radar. In a recent study
by Singhaet al. [14], 21 polarimetric features extracted from RISAT-1 CP SAR data were
ingested into an arti cial neural network classi er to di erentiate sea-ice types. Full scene
classi cation images as well as a feature information content analysis were reported in the
paper. Only a pixel-level classi cation was performed without using any spatial context.

To the best of our knowledge, there is no CP SAR sea-ice publication that performs
full scene classi cation with multiple classes and using spatial context. Our approach in
this chapter is a region-based segmentation integrated with SVM classi cation to provide
full scene, multi-class classi cation using CP data. Results of our algorithm are compared
to those when using DP and full QP data in the same context.

2.5 Classi cation System

The components of the sea-ice type classi cation methodology are described in this section.
After an overview of the proposed method, the details of the segmentation approach,
labeling method, and, nally, the method of combining segmentation and labeling results
are provided.

2.5.1 Overview

The ice-type classi cation methodology consists of three components as shown in Fig. 2.2.
The input data for the algorithm consists of the acquired SAR scene with the landmask
associated with the scene and trained labeling model. The landmask le is a binary image
that masks the land pixels. The labeling model is trained using the training sample data
collected from the SAR data set. The algorithm starts with a segmentation process of the
SAR data which is shown in the left part of Fig. 2.2. Unsupervised IRGS segmentation
approach [11,20,21] is used to identify homogeneous regions of ice types. The details of
IRGS segmentation approach for real-valued and complex-valued SAR data are described
in Section 2.5.2.

Since the segmentation process is unsupervised, the initial labels associated with the
regions are arbitrary, and do not correspond to ice types. Therefore, a pixel-based SVM
classi cation that was trained using a list of SAR features is applied to label the CP SAR
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Figure 2.2: General block diagram of the proposed sea-ice classi cation approach.
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scene under analysis. This step is shown in the right part of the block diagram of Fig. 2.2,
and is independent of the unsupervised IRGS segmentation. The SVM labeling step is de-
scribed in Section 2.5.3. The IRGS segmentation and SVM labeling are then combined in a
majority-voting process explained in Section 2.5.4. Using this combination, the contextual
information provided by IRGS is used to improve the noisy results of the SVM labeling
method. The nal results of the ice-type classi cation method is a classi cation map of
di erent ice types.

The problem of image segmentation using IRGS is described next. First, we consider
the segmentation of real-valued SAR satellite data. Afterwards, the segmentation problem
formulation for complex full QP SAR data is provided. The labeling method is explained
at the end of this section.

2.5.2 Unsupervised segmentation

The capability of reducing the impact of intra-class variations in an image, which can be
a serious problem when dealing with wide-swath SAR scenes, using the spatial context
information makes MRF-based segmentation bene cial. A region-based solution to the
MRF-based segmentation is obtained by a region-growing method that keeps merging
regions in a pre-oversegmented image in an iterative manner. The algorithm is called
IRGS [20]. IRGS has been successfully used for sea-ice classi cation using SAR imagery [12,

,56{59]. Polarimetric IRGS (PolarlIRGS), which is the IRGS extension for complex QP
data, was created by Yuet al . [21]. In this chapter, we analyze the use of PolarIRGS for
sea-ice type classi cation. Since the input data to PolarlRGS algorithm is complex QP
covariance matrix, the pseudocovariancenatrix, which is reconstructed from complex CP
coherence matrix, is used here.

Segmentation of real-valued CP SAR data

This section describes the image segmentation problem using a SAR image that contains
real numbers for each pixel. The image can include a scalar (e.g., a CP SAR intensity
image) or a vector of real numbers for each pixel (e.g., dierent CP channel intensity
images). AssumingS indicates the two-dimensional lattice (i.e., the image) and 2 S
denotes a site on the lattice (i.e., an image pixel), Ie&X = f Xsjs 2 Sg be a set of discrete-
valued random variables with eachX having a value fromL = f1;:::; Cg that indicates

the set of labels for the pixels. Therefore, the image is to be segmented if@oclasses.
Also, letY = fY¢js2 Sg be arandom eld onS. Y ¢ represents the measurement vector
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at site s. Givenx = fx¢jxs2L;s2 Sgandy = fysjs 2 Sg as the realizations ofX and
Y , respectively, the image segmentation process estimates a solutiogiven imagey.

IRGS, as a region-level segmentation method, is based on the region adjacency graph
(RAG) representation of an image [20]. A RAG is de ned byG = (V;E) whereV and E
represent the set of vertices and arcs, respectively. Each vertex2 V denotes an image
region with S, indicating the set of image sites inside that region. Also, each asc2 E
determines the boundary between two adjacent regions. The random eld con guration
based on region-level representation is de ned as" = fX[jX| 2 L;v 2 Vg, with the
superscript \r" indicating the region-level de nition. IRGS, as an MRF-based approach,
assumesx" = fx{jx{ 2 L;v 2 Vg is a realization of X" and attempts to nd the optimal
label eld con guration x" that satis es [20]

X" =arg max p(yjx")P(x") (2.26)

where p(yjx") is the conditional probability density function of the observed imagey
given the label eld con guration x" and P(x") is the probability of a specic label eld
con guration x". p(yjx") and P(x") are respectively called the feature model, which models
the distribution of features, and the spatial context model, which models the distribution
of x". Under class conditionally independent assumptiom(yjx") is given by

_ ¥ Y Y _ _
p(yjx") = p(ysixy = 1) (2.27)

i=1 Sy2  s2Sy

where the termp(ysjx}) is the probability of obtaining value ys assuming the sites belongs
to the class speci ed byx],. Any con guration includes C disjoint subsets ;::: ¢, where

i indicates the regions with class label P (x") follows the Gibbs distribution [19,58] and
sums up the clique potentials over all possible cliques #1 according to the speci c MRF
model chosen [19]. To solve equation (2.26), it is converted into an energy function and,
therefore, the products are changed into sums

x" =arg rrnzlg E: (y;x")+ Es(x") (2.28)

whereE; (y; x") and Es(x") correspond to the feature model and the spatial context model,
respectively. Based on the multivariate Gaussian distribution, as extensively used in the
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SAR sea-ice segmentation literature [11,20,26,68; (y;x") is de ned as

1€ X X1 I |
Ei(y;x")= = f-log ij+ s(ys u) 7(¥ys Uui)g (2.29)
n i=l Sy2 s2Sy 2 2

whereu; and ; denote mean vector and covariance matrix of class To calculate the spa-
tial context model energy termEs(x"), IRGS uses the multi-level logistic (MLL) model [19]
with a di erence that IRGS incorporates an edge penalty function [20]

K 1X X
Es(x") = a(r s) (2.30)
i=1 j=i+1 2@ |\ @

whereg(r ) is the edge penalty term, and@ ; denotes all the boundary sites that separate
the regions assigned to clasdrom other regions. The term@ ;\ @ ; determines the shared
boundary sites between classésand j. The parameter determines the weight of spatial
context model with larger leading to smoother segmentation. Addingy(r s) to the
spatial context model, IRGS penalizes each boundary sisebased on the amount ofy(r ),

a monotonically decreasing function of the edge strengths. This approach attempts to
assign adjacent regions to the same class only when the strength is weak [20].

IRGS algorithm starts with an oversegmentation using watershed algorithm [28]. Then,
it assigns each node a label using K-means algorithm to initialize the algorithm. After that,
based on a merging criterior@ E[58] that is the con guration energy di erence computed
according to the equation (2.28) before and after merging for each pair of regions and
merges the pair with the most negative@E This semantic region growing technique
only tests the regions that belong to the same class and have shared boundaries [20]. The
merging continues until no more negativé Eremain or the maximum number of iterations
is achieved. The nal output is an unsupervised segmentation map of the scene with
arbitrary classes.

Segmentation of complex pseudo-QP SAR data
The image segmentation problem with full Q_P complex covariance data using PolarlRGS

algorithm is explained hereafter. LetQs = ., .7 be the full QP complex mea-
surement at the sites. The matrix Qs has a complex Wlshart distribution [61]. Based on
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Wishart distribution as the feature model, we have

.. (det(Qs)- ¢ exp tr C,'Qs
PQX = 1= g D(L)::: (L d+1)jCHj

(2.31)

which corresponds top(ysjx{, = i) in (2.27). Here, det() is the determinant operator,
tr is the trace of a matrix, and is the Gamma function. C; is the ith class covariance
matrix which is estimated by taking the average of training covariance matrix samples from
classi. The valued is the number of elements in the vector_(d = 3 under reciprocity
assumption). By substituting (2.31) into (2.27), Yuet al. derived [21]

X X X
Ef(y;x") = fInjCij+tr C,'Qs o (2.32)
i=1 Sy2 ;s2Sy

To measure the edge strength ¢ in full QP data, two main sets of approaches were
proposed by Yuet al. [21]. In the rst set of approaches, they used gradient magnitude
of either decomposition features or amplitudes of polarimetric channels HH, HV, and VV.
Second set of approaches was using complex polarimetric edge strength measures, which as
reported by Yu et al. do not show the consistency of the rst approach in testing di erent
full QP scenes and, therefore, they used the gradient magnitudes as the edge measure [21].

2.5.3 Supervised labeling

The labels associated with the regions in unsupervised segmentation results are arbitrary
and do not represent the actual ground truth ice type labels. A supervised classi cation
has to be performed to assign the regions labels associated with the di erent ice types.
The SVM classi cation has proven to be bene cial in sea-ice classi cation using SAR
images [11]. The SVM classi er is designed to seek the boundary that provides maximum
margin between a subset of training samples called support vectors in a high-dimensional
space. Letx be the test feature vector to be classi ed and; be the support vectors. The
SVM decision function is given as

X
f(x)= iYi K (Xi;X) (2.33)
8i

wherey; 2 f 1, 1g are the labels associated with the support vectors, are the Lagrange
multipliers, and K (x;; x) is the kernel function. After solving this optimization problem by
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formulating it as a dual-Lagrangian problem [62], the classi cation label can be de ned for
any test vector. Non-linear decision boundaries suited to the non-linear SAR signatures of
ice types, short training time, and quick testing of a trained SVM on a large SAR scene
are among the advantages of the SVM classi er. However, SVM alone lacks the spatial
context information and does generate spatially noisy results. As a result, we combine the
SVM pixel-level labeling results with the unsupervised segmentation results to incorporate
contextual information into the SVM.

2.5.4 Combining segmentation and labeling

By performing IRGS segmentation, we identify the regions for dierent ice types. To
assign real labels to the regions, the region-based IRGS segmentation and pixel-based
SVM labeling results are combined. We perform a majority voting of the SVM class labels
for each region in the segmentation results. In particular, the number of pixels assigned to
each class of ice types by SVM within a region is counted and the label associated with the
maximum number of pixels is assigned to the region. Similar majority voting schemes have
been used in the literature [63{65]. Alternatively, one can perform an aggregation function,
such asaverageor median for the features associated with the pixels within each region,
and, afterwards, apply the trained SVM on the aggregated feature set to determine the
region label. Since the feature set calculated through the aggregation process might not
be a good representative for the whole region, the majority voting method is preferable.
However, using an aggregated feature set when combining IRGS segmentation and SVM
labeling results has the advantage of lower computation than using majority voting. This
is because applying the trained SVM model to each region (as per the aggregate method)
is faster than applying to each pixel in the scene (as per the majority voting method).

The overall ice-typing algorithm using CP data is described below (see Fig. 2.2):

1. RH and RV channel intensity images as well as other CP features for the SAR scene
are extracted. The CP coherence matrix, which is derived from the Stokes vector
elements using (2.8), is used to reconstruct QP data.

2. PolarIRGS is used to perform unsupervised segmentation using the reconstructed QP
data.

3. The trained SVM classi er is used to label the scene pixels with four di erent ice
types. Note that all the CP features are used for training the SVM classi er.

4. The IRGS and SVM results are combined leading to the nal ice-typing map.

24



(@)

(b) (© (d) (€)

Figure 2.3: (a) The locations of the two RADARSAT-2 ne QP scenes in the Barrow Strait.
Scenes (b) 231156 and (c) 231158 images in m-chi RGB composite along with (d)-(e) the
images of the rst element of Stokes vector with the ground truth overlaid. As presented
in the legend, the samples of the classes OW & NI, YI, FYI, and MYI are shown with
colors pink, purple, green, and red, respectively.
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Table 2.2: The number of training and testing samples.

Name Description # of train  # of test
OWI/NI open water and new ice 5183 5227
YI young ice 5889 5575
FYI rst-year ice 6396 6067
MYI multi-year ice 5750 5637

The performance of the proposed method using CP data is compared with the cases where
DP, and the original QP data are used. The description of the test data set used in this
chapter is provided next.

2.6 Study Area and Data Set

The study area is the Barrow Strait, located near Somerset Island in the Canadian Arctic.
We used two RADARSAT-2 ne quad-polarized images acquired over the area with a time
di erence of only two seconds identi ed as 231156 and 231158 (see Fig. 2.3(a)). Scene
231156 is used by Dabboast al. [7] to train a maximum likelihood classi er with selected
pixels and test on another set of selected pixels. The data were collected on May 5, 2010
at an incidence angle range between 30 and 3200 for the rst scene, and 3020 and
3199 for the second one. The sampled pixel and line spacing for the data sets were 4.73m
and 5.61m, respectively.

The area covers approximately 23km by 14km, and contains open water and di erent ice
types including new ice, young ice, rst-year ice, and multi-year ice, identi ed by experts
in the Canadian Ice Service. Roughly, 1000 samples per scene are identi ed by the CIS
experts. Based on the samples acquired by the CIS experts, we collected the remaining
samples for the classes. In the experiments, we have ensured that no pixels in the training
set are included in the test set, and no pixels in the test set are included in the training set.
The number of training and testing sample data for each class are presented in Table 2.2.

Four classes considered in this study are as follows: (1) open water and new ice
(OWINI), (2) young ice (Y1), (3) rst-year ice (FYI), and (4) multi-year ice (MYI). The
classes OW and NI were combined because their backscatter signatures are very similar.

Scene 231156 is used for training and scene 231158 used for testing. Since scene 231156 had
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insu cient OW/NI samples, independent training and test data for OW/NI were obtained
from scene 231158.

Fig. 2.3 (a)-(b) depicts the m-chi decomposition color-coded images [18] of the two
scenes, where Red indicates double-bounce, Blue corresponds to single-bounce (and Bragg),
and Green is related to random volume scattering [18]. The ground truth labeled sam-
ple data are also overlaid on the images of the rst element of Stokes vect&,;, which
represents the total power of the backscatter eld [30], and shown in Fig. 2.3 (c)-(d).

2.7 Experimental Results

The ice-type classi cation results are presented in this section, and the performance of the
classi cation is discussed for four cases:

Case 1. DP HH and HV channel intensity images as input to original IRGS and SVM
labeling methods

Case 2: CP RH and RV channel intensity images as input to original IRGS and SVM
labeling methods

Case 3: complex pseudo-QP data as input to PolarIRGS method and CP-derived
features ( 2.1) as input to SVM labeling method

Case 4: complex QP data as input to PolarIRGS and QP-derived features ( 2.5) as
input to SVM labeling method.

The intention is to assess the capability of CP data as compared to those of DP and
QP data in discriminating between di erent ice types, and evaluate whether using all
the information inherent in CP data including the Stokes vector and its derived features
can lead to more accurate results than those obtained using only intensities. To setup the
input data, an RCM-data simulator [4] was used. The simulator extracts the CP coherence
matrix from the QP scattering matrix, and based on the data speci cations in each beam
mode of the RCM, the coherence matrix is resampled. The Stokes vector is then extracted
from the resampled coherence matrix. A box-car averaging Iter is applied on the Stokes
vector elements resulting in the nal Stokes vector that is used to derive features [G6].
Here, the CP products are derived in the medium resolution RCM mode with the pixel
spacing equal to 50m 50m (range azimuth). Also, the averaging lter window size is
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