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Abstract

Changes in lake iceates and duration are useful indicators for assessingtéony
climate trends and variability in northern countries. Lake ice cover observations are also a
valuable data source for predictions with numerical ice and weather forecasting models. In recent
years, satellite remote sensing has assumed a greater role in providing observations of lake ice
cover extent for both modeling and climate monitoring purposes. Polarimetric radar imaging has
become a promising tool for lake ice mapping at high latitudesexctoud coverand polar
darkness severely limit observations from optical sensors. In this study, we assessed and
characterized the physical scattering mechanisms of lake ice from fully polarimetric
RADARSAT-2 datasets obtained over Great Bear Lake, @anaith the intent of classifying
open water andte coverduring the freezeip and breakip periods. Modebased and eigen
based decompositions were employed to construct the coherency matrix into deterministi
scattering mechanisms, and secondary phyp@rameters were generated following the
polarimetric decompositions. This study presents an application of the Markov Random Field by
introducing radar signals and polarimetric parameters as features. These features were labeled
using theentropyalphaWishart classifierWWe show that the selected polarimetric parameters
can help with interpretation of radee/water interactions and can be used successfully for
waterice segmentation. As more satellite SAR sensors are being launched or planned, such as
the Sentinella/b series and the upcoming RADARSAT Constellation Mission, the rapid volume
growth of data and their analysis require the development of robust automated algorithms. The
approach developed in this study was therefore designed with theahteaving towards fully
automated mapping of lake ice for consideration by ice services.
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1 Introduction

1.1 General Introduction

In Canada, over 4 milliosquare kilometres of watesge covered by ice in winter (Canadian
Ice Service [CIS], 2017). Lake ice, river ice, sea ice, icebergs and other forms of ice are observed,
recorded, and reportdy CIS. Thamonitoringof ice cover is essential due to its profound impacts
on Canadian fie in many ways:aquatic ecology, economicsmarine transportation, fishing,

resource developmergndtourism (CIS, 2017).

Lakesare widespread land femesand are covered by ice for many months of the year
mostregions of Canadacecover isan inportant compon& of the Canadian cryosphere (Duguay
et al., 2006)Ice cover is governed by the followipgocessg supercooling of the water, initial
ice formation, ice thickening, and ice cover breakup (Ashton, 18988 ice phenology (freeze
up, breakup, and durationis strongly influenced bjocal weathefclimate conditions and global
climate change (Duguay et al., 2015); therefore, lake ice has been proven to be a sensitive indicator
of climatic variability and cange Duguay et al., 20063 olbeck, 2012; Brown & Duguay, 2012).
Ice dates and duratigrlay a key role inveather and climatdyalancing cryospheratmosphere
energy interactiongontrolling heat fluxes, anthve an impact importahtdrological ecologtal
and economicaimplications(Duguay et al., 20Q@rown & Duguay, 2012Du et al., 20T). More
specifically,lake ice has a significant influence on aquatic life including the composition and
abundance of aquatic species, and human activities includarghe transportation, fishing,
resource development, and touridbu(et al, 2017 CIS, 2017).

Canadian studies have been conducted on observing, monitoring, and documenting lake ice
for many yearsd.g.Duguay et al., 2006; Geldsetzean derSanden& Brisco, 201(. Due to the
increasing need for monitoringke ice cover across Canada in the context of improved numerical
weather forecastindhe CIS is actively employing remote sensitgchnoloy as an operational
tool. Sincemany lakes are located high latitudesmonitoring of ice cover is limited when using

optical sensorsalone due topolar darknes andextensivecloud cover(Gurney, Foster, &



Parkinson, 1993; Warner, Foody, & Nellis, 2009). Although passive microwave remote sensing
has its urmguevaluefor global mapping, the main drawback of passive ovi@ve sensatis the
coarse spatiaksolution(tens of km) they offefUlaby, Moore, & Fung, 1981Active microwave
remote sensing isot onlyinsusceptible to solar illuminatioconditionsand cloud cover butis
alsocapable oprovidingdetailswith muchfiner spatial resolutiofftens of meters or bettgi)laby,
Moore, & Fung, 1981)Thus active microwaveemote sensingasbecome thereferredchoice

for lake ice monitoring@uguay et al 2002 Nghiem & Leshkevich, 2007Geldsetzeryan der
Sanden & Brisco, 2010; Geldsetzev&n derSanden, 2013 eshkevich & Nghiem, 2013

Synthetic Aperture Radar (SAR)the most common imaging active microwave sensor. In
the 1960s, aSAR was derestricted from military purposes and could be used for civilian
applications, its development flourished (Natural Resources Canada [NRC], 2017). SEASAT, the
first civilian SAT satellite, was launched in 1978 by NASA/JPL. With the growing neesffir
observation RADARSAT-1, launched in 1995 and declared foperational in 2013, proved to
be an invaluable source for managing resources and monitoring global climate change (Canadian
Space Agency [CSA], 2014). The folleen RADARSAT-2, launched in 207, enhanced marine
surveillance, ice observation, resource management and environmerdringrgtobally (CSA,

2015). Theseries of next generation Earth observation immssbeing planned and currently in
orbit, for examplethe Sentinel missiomf the European Space Agency (ESA) ahé upcoming
RADARSAT Constellation Nssion (RCM) bythe CSA,will ensure the continuity of datand
enhance operational use of SAESA, 2017; CSA, 2017). In additiothese missionill not only
enhance the traditionalagh observations and applications, but also brodidein useand the

development o$erviceqe.g. lake ice monitoring)

The CIS has theesponsibility foroperationalmonitoring lake ice, sea ice, and iceberg
conditions in Canadianegionsand adjaceinwaters (Arkett efal., 2013). To accomplisthis
mandatethe CIS primarily relies orvisual interpretation ofatelliteoptical andSAR imagery to
conduct analyses and prepare prod(etg. ice charts for Laurentian Great Lakes and ice fraction
for other large lakes across Canada and the northern. Di$)to theadvanagesof SAR under

polar darkness andoud-covered conditionsfractional ice cover (reported in tenth) frahl39
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Canadianakesis currently monitored by CIS using singt®l (HH or VV) and duapol (HH+VV
or VV+VH) C-band SARand optical imaget® meet its responsibilities. Sinttee performancef
single and duapolaized imagery isimited bythe loss of full polarization and preasmformation
there isa great deal of interebly CISin using polarimetric SAR fdiake and se&e monitoring.
Given the large volume of satellite imagdseady used operationally by C#ad the expected
rapid growth ofmore data fromnew and upcomingnissions exploring atomated image
classificationof SAR imageryis paramount (Arkett et al., 2013; CIS, 2017). In ttinesis we
analyzedthe physical scattering mechanisms of lake usng a quadraturepolarimetric
RADARSAT-2 dataset obtained over éat Bear Lake, Canada, with the intenaafomatically

classifying open water and ice cover during the fragzand breakip periods.

1.2 StudyObjectives

As mertioned above, automated classificat@nSAR imagery isaresearch fieldf high
interest forice cover monitoring. Theefore, theprimary goal of thisthesisis to analyze
polarimetric parameterf®r ice mapping and to propose a classificatioethodfor polarimetric
radar imagingto discriminate open water ande cover The RADARSATF2 quadrature
polarimetric data was used to achieve the following objectives:

1. Analyzepolarimetric parameters in identifying open water and lake ice to improve
understanding of lake ice observations
2. Develop & imageclassificationapproactthat can segment open waserd lake ice

from polarimetric parameters



1.3 ThesisStructure

This manuscripbased thesis is comprised of four chapters which address the objectives
identified in Section 1.2. Thisintroducbry chapter provides the general context related to the
necessity of lake ice monitoring and the remote sensing of lake ice. It iderttikeseed for
automatedlake ice classification.BackgroundChapter 2providesa review of current SAR
research for lake ice mapping amdethodologies being used for dymdl and quagpol
classification. It summarizes the basics of polarized electromagnetic waves, polarimetric radar
scatterings, target decompositions, statistical property of polarimetric parameters and classifiers
relevantto this study. To addresses the objectives listed atioemanuscripthapter (Chapter 3)
implementsthe Markov Random Field to segment open water and ice from polarimetric
paraneters. FourteeRADARSAT-2 polarimetric images are employed to conduct thdysfor
training and testing purposes. The final chap@rapter 4)provides a summary of thibesis. It
alsodiscusses some dtifie limitatiors of the studyandidentifies possible directions for further

research

The manuscripis included in its own format, containing its own introduction, background,
methodology and conclusi@ectionsThis inevitablyresults inthepartial duplication of equations,

background materialnd methodologiesom otherchaptersf the thesis



2 Background

2.1 Introduction

The researclopic of this thesisequires a strong background knowledge in various fields
of researchThis chapter presengsreview ofprevious lake icénvestigationausing radaremote
sensingthebasic principles oélectromagnetic wavand scattering representatiotige extraction
of polarimetric features, and classification algorithms relevant to this shedtion 2.2 reviews
previous studiesn lake icemapping/monitoringising SAR andhe current researcbhallenges
for lake icéopen watediscrimination The necessity of an automated classification method for
lake ice mappingis identified, and previous methodologies for solving the polarimetric
classificationis presentedrom physical andmathematicalaspects respectively.Section 2.3
presents the basprinciplesof monochromatielectromagnetic waves totroducethe basis for
understandinghe representations of polarizatiorSection2.4 andhenpolarimetric scattering in
Section2.5. Section 2.4descibesthe polarization ellipse, which is the basis for the vefdonat
representationf polarization Themonochromatiglane wave can be represented by Jones vector
and Stokes vector, which simulate the status of the polarizations before and aftezriscatt
therefore, the scattering processepalarizationtransferis depicted by the scattering matrix in
Section2.5. Section 2.5beginswith the radar equation that links the power of radar signal and
scatterercharacteristics Section 2.6 presents the polarimetric decomposition theorems. The
decompositionis developed to separate a scatterprgcessto individual basic scattering
mechanisms.Insight into the scattering characteristics can therefbee achieved through
polarimetic decomposition.Section 2.7 introduces ¢h statistical properties gbolarization
intensity and other polarimetric features. The bpgitciplesof the two classifiersEntropyalpha
Wishart classifier (Lee et al., 2009) and Markov Random KMHF), the classifieremployed
in this study are presentedn the Section 2.7.4. Finally, Section 2.8containsa description of
RADARSAT-2 andthedatasetused in this studylhis sectioralso provideshe link between the
RADARSAT-2 quadrature polarizedignalsand the theories of polarizatiashescriptorsand

scattering operators introducedSectiors 2.4 and 2.5, respectively.



2.2 Reviews ofLakelce Mapping and Classification

The changing ice cover regime of lalkdtectslocal and regional weather/climate adivas
aguatic ecosystems and seeonomicactivities. Asa sensitivendicator of climatechangeand
an important component of lale@mosphere interactions at higttitude lake icecoverneeds to
bemonitoredfrequently (ideally on a daily basisJyntheticapertureradar(SAR) has been widely
usedfor lake ice mappinglue of its capacityin operating undedarkness and in all weather

conditions.

The monitoring of ice formation and decay processes and the determinatifveezieup
(ice-on) andbreakup (ice-off) dateshas been the primary focus of most investigatiohs
mentioned in théntrodudory chaptertrends and variabilitin ice dates have been usasl climate
indicators.The task omapping and monitoring lake ice during the freap@and brealup perios
has largely been based on the a6€-band SARIn recent yearsFor instance, muHpolarized
RADARSAT-2 imageshave beeemployed to monitoice cover orshallowArctic lakes during
the breakup period.Methods based on thresholasbackscattehave been usetb distinguish
melting lake ice from open water (Geldsetzem derSanden & Brisco, 2010Rolarimetric and
nonpolarimetric parameters retrieved from RADARS2Thave beewompared for their capacity
in identifying ice and open water during the freegeperiod (Geldsetzer 8an defSanden, 2013).
Trends in freezeip and breakip dates have been documented for many lakes a€asada
during the second half of the 2@entury based on grousdzhsed obseations (Duguay et al.
2006) Radar remote sensing is seen as a useful tool that could replace tbeaw@ng groune

based lake ice observational networks.

Table 2.1 presents a summary of studies that have used SAR imagery to map/monitor ice
cover onCanadian lakes'he earlier investigations have utilized SAR to distinguish between
floating ice and grounded ice @wmctic and subArctic lakes The backscatter from lake ice during
the initial ice formation(i.e. thin ice) has beereported to be lowethan-18 dB (Morris et al.,

1995; Duguay et al., 2002). Floating ioa shallow lakess characterized biiigh backscatter,

which wasoriginally attributed to the double bounce scattering from columnar air inclusions and



ice-water interface, and an incresgn volume scattering (Geldsetzeign derSanden & Brisco,
2010). However, recent experimerdghersupport single bounce scattering (surface scattesing)
the ice-waterinterface aghe dominant scattering mechanism (Atwood et al., 20L&y radar
return occurswhentheice freezego the bottom of lakes in the case of shallow lakes (Duguay et
al., 2002; Atwood et al., 20154 significantdecrease in backscatter casobe observed during
the breakup period due to the microwave absorption by thesmew and specular reflection from
the water or ponds on the ice surface (Duguay et al., ZB8ldsetzeryan derSanden & Brisco,
2010).Co-polarized backscattering atgiven frequency from open water not only depends on
incidence angle, but also retatto the wind speed and wind direction relative to radar looking
direction (Geldsetzer &an derSanden, 2013). However, crgsslarized backscattering
relativelyindependentf wind direction and incidence angle (Vachon/olfe, 2011). Both co
pol and crosgol backscattering from lake ice aaffected bythe geometry of ice surface, ice
structure, dielectripropeties and incidence angle (Duguay et al., 2002; Gelds&zean der
Sanden, 2013). Since single atahlpolarizeddataarelimited by their capability b distinguish
open wateand different ice typesScheuchl et al., 2004; Geldsetzer & Yackel, 20@% dual

pol signals combined with polarimetric parameters magrease the potential foice
discrimination Geldsetzer et al., 2011).-l&and polarimetric and negpolarimetric parameters,
including sigma naught of individual polarization;pol and crosgol ratio, the cepol correlation
coefficient, entropy, anisotropy and alpha angéee beerassessed and sumarized for their
potential to discriminate lake ice and open wateismall, shallow, lake&eldsetzer &an der
Sanden, 2013). has been showthat the singlgol VV is preferredwhen wind speed data is
availablefrom a nearby meteorological statiand incidence angle is low. The-pol ratio has
beenrecommended when the incidence angle is larger thah, 2h&@vhen nowind speed data is
available(Geldsetzer &an derSanden, 203). Anisotropyhasalsobeen shown to be usefuhen
theincidenceangle is lower than 27°6however,it is insensitive to winds well Geldsetzer &
van derSanden, 203). More recently, ashe Canadian RADARSAT Constellation (RCM) and
other future missions are planned and launched, more interest has beenodraempat
polarimetry (CPYor (sea)ice classification due to thadditionalinformation that CP can provide
compared todualpol and wider swath widths than qupdl (Dabboor & Geldsetzer, 2014).

However, the necessity of an efficient and automated segmentatiolassification of SAR



imagery is still paramount to enhance lake ice monitasim¢pkes of all sizes in Canada in view

of theoperationatequirements of weekly lake ice monitoring by @&nadian Ice Service.

Table 2.1: The Summary of Recent Studies of Canadian Lake Ice Mappingsing SAR

Author Year Satellite Methods Parameters Content
Duguay et al. | 2002 RADARSAT Backscatter  HH backscatter Monitoring ice growth,
characteristics decay and related
processes of shallow sub
Arctic lakes
Duguay & 2003 ERS1& Backscatter  VV backscatter Utilizing SAR to
Lafleur Landsat TM differences determine whether lakes
werefrozen to bed
Nghiem & 2007 ERS?2, Backscatter  Co-pol backscatter, Mappingice cover orthe
Leshkevich RADARSAT, signatures co-pol ratio LaurentianGreat Lakes
& Envisat with groundbased radar
and satellitaneasurements
Geldsetzer, | 2010 RADARSAT-2 Backscatter HH and HV Monitoring lake ice dring
van der threshold backscatter spring melt perioan
Sanden, & shallow lakes
Brisco
Geldsetzer 2011 RADARSAT-2 Parameter Multi-polarized and  Investigating the potential
van der evaluation polarimetric SAR of multi-polarized and
Sanden, & parametes polarimetricparameters for
Drouin monitoring river and lake
ice
Geldsetzer & | 2013 RADARSAT-2 Decision tree Single polarized Monitoring of lake ice
van der classifier backscatter, cpol duringfreezeup periodon
Sanden ratio, cross/co-pol shallow lakes
ratio, anisotropy
alpha angle
Leshkevich & | 2013  Envisat ASAR, Ice Multi-polarization, Mappingice cover orthe
Nghiem RADARSAT-2 backscatter  quadpol LaurentianGreat Lakes
library with groundbased radar

and satelliteneasurements



The characteristics of scatterimgchanismfrom ice and open water have been investigated.
Whentheincidence angle is small (lower than°B0scattering is dominated by surface scattering
from open water where water with high relative permittivity has highgotdackscatter than ice
(Leshkevich & Nghiem, 2013Jor large incidence anglesurface scattering is dominant fmth
open water surfacand ice covered areand volume scatdting tends to contribute mofie®m ice
(Nghiem & Leshkevich, 200T,eshkevich & Nghiem, 2013More gecifically, surface scattering
mainly comedrom the airice, airsnow and snovice surfacg€Hossain et al., 2014; Atwoazt al.,
2015. Whentheice surface is smooth enough to be a specular refldidtier,or no backscatter
can beobserved(Cable et al., 2014)Volume scattering is contributed due to the dielectric
discontinuities of the medium and geometry of the ice stru€tdiogsain et al., 2014Pouble
bounce scattering occasionally oczon ice ridges and ice fractar@nd it is reely dominant for
the overall scattering comparexsurface and volume scattering (Scheuchl, Hajnsek & Cumming,
2002).

The scattering matrix generated fropolarimetric signal enables insightinto the
contributing scattering mechanisms framrgets (Atwood et al., 201f therefore, polarized
backscattexrhavewidely beenused for ice discrimination and monitoring (Geldsetzer & Yackel,
2009 Leshkevich & Nghiem, 20135eldsetzer &an derSanden, 2013 Due tothe distributed
nature oftarges (introducedaterin Section 2.5.%, the target or the environment can be depicted
by second order stochastic processes, wihereovariance matrixs employed (Lee et al1,999
Lee & Pottier, 200R Several studiehave been conductefdr understanding the scattering
mechanisms by decomposing the covariance matrix into second order descriptors corresponding
to canonical scatterings or modelled scatterings, which is so called incoherent decomposition
(Huynen, 1970yan Zyl; 1989 Cloude& Pottier, 1996; Freeman & Durden, 1998maguchi
Moriyama, Ishido & Yamada, 2005 Lee, Ainsworth & Wang, 20104 Results from target
decompositions are widely used foassification (Cloude & Pottier, 1997; Lee et al., 1999)
including sea icgScheuch Hajnsek & Cumming, 2002; Gill & Yackel, 2012) atake ice
classification(Geldsetzer &an derSanden, 2013 _eshkevich & Nghiem, 20)3Therefore, the
backscatter intensity, covariance matrix and decomposgguits are employddr classification
in the present thesis



Ice discriminationis challenging fothree reasong-irst, theradar signal is sensitive the
geometryand dielectric properties d@he objects being sensed, which resuit that the object
scatters incoherent sigls orcoherent ginals with different polarizations and intensitisecond
theradar signals easily affected by noise from the environment and the sy3teimd, different
objectsmay have similar scattering under geometric conditions of illuminationdifferent

locations and incident angles.

There are generally two directionssaflvingclassification problemd he first is to consider
the inherent characteristics of the polarimetric features, and classifiers are usually based on the
physical scatteringhechanismd-duynen (1970presentedhe phenomenological theory to extract
the physical properties and the structure of a radar target. The Huynen decomposition theorem
aimsto separate the Mueller matrix as the sum of a single average target and acsiplo@ent
called Ntarget (Cloude & Pottier, 1996; Lee & Pottier, 2008)oude (1985) was the first to
considerigenbased decompositiomhere singular value decomposition was employed. Freeman
& Durden (1993) developed the modelsed decomposition fgrhysically fitting the three
componentscattering model to the covariance matrix or polarimetric observations (Cloude &
Pottier, 1996; Freeman & Durden, 1998; Lee & Pottier, 20B8)jowing from the eigerbased
decomposition, Cloude & Pottier (199pjoposed the entropy based classification, extracting
average scattering parameters to determine the randomness of the 3teteesondlirectionis
to consider themathematical modelling, which includes the traditional image processing,
probabilities statistics, and machine learnin¢ueh et al. (1988) introduced Bayesian theorem for
the complex Gaussian distributed polarimetric returns. Lee €f299) proposed a distance
measure of covariance matrix based on complex Wishart distribution. Theetwiseag classifier
employed the expectation maximization for optimizatiourthermore, Du and Lee (1996)
introduced fuzzy set theory intorkeans (expectation maximization) clustering algorithm for
multi-look polarimetric SAR images to deal with the ca#gere the area covered by a pixel
embraces imprecisgasses. In receears, the succesf deep learning itthe field ofcomputer
vision, image/speedtecognitionhasresurrectedhe use oheural networksHowever,Hara et al.
(1994), Chen et al. (1996and Tzeng & Chen (1998mplementedneural networksfor
polarimetric image classification in the last centuRygnot & Chellappa (1992) proposed an
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optimal region labeling model using maximum a posteriori (MAP) estimate, where MAP

combined the conditimal distribution of polarimetric complex data with a Markov randonufie

for the region labels as prioDther machine learningethods also show thewapabilities on

gualitative or quantitative analysis in remote sensing fidldn-probabilistic binary ihear

classifiers, such asupportvector machine, are widely used because they are easy to apply and

generalize to testing cases without even considering the statistical and physical prajbsgies.

features cannot be linearly separated in ledierensimal space, rapping variables inthigher

order spaces, where these features maipbaly separated, ian alternative wato deal with this

case However, the arse of dimensionidy may arise from organizing data in higlimensional

spaces. Apresentmodels with cheaper computational operations, for instance, kernel methods,

K-nearest neighbors, may be helpful.

2.3 Electromagnetic \&ve

This section presents the basic principles of monochromatic electromagnetic waves to
provide somdasis for understaimth the representations of polarizatidevelopedn Section

2.4 andthenpolarimetric scattering inegtion 2.5.

2.3.1 Equation of Propagation

The behavior of electromagneticaves in time and space is goverrmdthe Maxwell

equations They are presented tcestribe the electromagnetic filed vector and polarization

descriptors,

given by

whi

c h

Wi

Tt
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which arethe differential forns with magnetic and polarizable medighe electric field, electric
displacement field, magnetic field, and magnetic induction are presentedtasfield , , |,
ands) , respectivelyThe total current densit¥is composed of conduction current densitand

magnetization current density and polarization current density as follows:

L o uw IL (2.2)

In the following, it isassumed that monochromaticlectromagnetic wave is propagated in a

linear mediumfree of source (Lee & Pottier, 2009his assumption impliethat magnetization

4 =0, electricpolarization|f:0, the volume chargdensity” 11, andcurrens related to sources
arealsozem(l ml m).Thedi fferenti al fuatons (Eydatio® mwel | 6s

the absence of magnetic and polarizable media canrsfdraned to

I noF — T
i o
ii. ny m
iv. no || ¢t Lot (2.3

The wavepropagation equation is obtained by taking thé aithe curl of electric field

NN —n t - —I (2.4)
and consilering vector identity equation

nonoF MADF N (2.5)

wheren is the Laplace operatolhe Equation 2.4 equals to Equation 2.5, &ridfis zero

according to Equation 2.8hereforethe propagatioequation can be presented as
t-—L npEp m (2.6)

wheret -  plw.
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2.3.2 Monochromatic Plane Wave Solution

Without any loss of generality, the direction of monochromatic wave propagation is
defined az in an orthogonal basix{y, z} . Snce the electric field idependenbnly on the spatial
variable and temporal variable t, the wave equation in one of sipaeasionsX andy) can be

written as follows
— AL (2.7)

In this case, the temporal part of twave function takes the form & , and the spatial part

takes the fornof Q |, so the total wavequation can be represented by
FO 1'Q (2.8)

wherec 1 TQ Positive and negative z represevdve equations travelling inwo opposite
directions inz. In terms of radar imaging, only one directiorziis considered (& take negative
z in this case)thus theelectric field can be expresd in a vector from as follswv
0 A1700 Qa - ® OFTo Qa -
0 AT100 Qd - QOO0EFITO6 Qa .

Q

v n [OJN
FUO (2.9)

Q

The disturbancénstantaneous amplituplandphasearerecorded by the reaind imainary pars
of theradar signalrespectivelyTheydescribe a helical trajectory adirection as general elliptic
polarization caselwo special cases of polarization can be determined by the differepbases
(+ + « ). Linear polarization occurwhens  "Q“ circular polarization occurs when

0“ -.Measuring instantaneous amplituaied phase at four polarizationsaipossibleway to

construct thestokes vector and scattering matrix (Durden et al., 1988ich will be introduced

in Sections2.3.3 and 2.4.2, respectively
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2.4 Polarization Descriptors

With the knowledge of Maxwell equations ahéwave propagatiofunctionfrom section
2.3.1 and 2.3.2he electric field of monochromatic plane wave inetiamd spaceasrepresented

in Equation 2.9This section focleson the concepts of polarization representation.

2.4.1 Polarization Ellipse

The polarized ellipse can bepresented by three parameters: ellipse amplitude A, ellipse

~

orientation%o  —h-, and ellipticity or ellipse aperturen  Tth- . They can beletermined

throughEquation 2.10 to Equation 2.12 as follows:

6 0O © (2.10)
O Acbeo AT<O (2.11)
OEkls —— Obk (2.12)

2.4.2 Jones Vector
To describe the polarization state of a plane monochromatic electrighielhnes vector

is generally employed’he timespace electric field induation 2.9 can be rewritten as
, . 0O Q 0Q Q Q
FrU ahlO o 0o o0 0 O (2.13)
To describe the state of wave polarizata fixed timed 0 ) and a fixed space&( & ), Jones

vector Lis defined fromEquation 2.1@Lee & Pottier, 2009)

0 0 R0t Oea Al
IL 50 Al% OB 1O

0 0 OB Alw DEI (214

where is an absolute phase teriihe unit Jones vector and its associattentation and

ellipticity for some primary polarizeons are presented in Table 2.2
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Table 2.2: The Jones Vectors and the Associated Polarization Ellipse Parameters for

Canonical Polarization States

Polarization State Unit Jones Vector Orientation Ellipticity
Horizontal L P T T
s
Vertical LT o s
P q
Linear 2 p
inear = L P p — n
ng P 1t
Li 2 P
inear L F P — n
g P T
Left circular L PP —
Vic Q T
Right circular L P P -
Vic Q T

2.4.3 Stokes Vector

Besideghe Jones vectorhereis another characterization of polarization states of a plane
monochromatic electric fieldthe Stokes vectorThe Jones vector can be obtained through
acquiring complex quantities acoherent radar systefdowever, h norrcoherent radasystem
where oty power measurement (real quantities of complex signal) is avaitabl8tokes vector

is able to characterize the polarization of a W@ & Pottier, 2009)

As identity matrix k introduced inPauli matricel asQ :

p T p T T 0
a a a o

n (2.15)
T p T p p

P g
TT

the product of a Jones vector and its conjugate transpose (a Hermitian matrix showationEq

2.16) can be decomposed.
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w 09 00 Poa @a wa a
00 00 ¢

N

nQ nQ “Q ’?‘Q -\Q

-9 00 "0 "0 (2.16)
Thus the Stokes vector denotec‘b';s presented:
o O o 00 - ~A0s O
| 2 00 00 lps o ]
g 1 7I'O O(;Z :O g " ::C'Y (0.0)0] -
w0 00 U | osoo
8% & O | 0
WO O h § ATcBA i cd
WO 0 AT@ATD (2.17)
$O 0 AT+Q 6 Ok ich
WO 0 OFBIY o6 Okl

The Stokes parameterbaracterize the polarization state efave, ad three wave ellipse
parametersgllipse amplitude A, ellipse orientatié andellipticity T) can be determined from
Stokes parameters. The unit Stokes vector and its associated unit Jones vector for some primary

polarizations are presented rable 2.3

16



Table 2.3: The Stokes Vectors and the Associated Jones Vectors foanonical Polarization

States
Polarization State Unit Jones Vector Unit Stokes Vector
Horizontal L P p
s p
1 -
T
Vertical L T p
p p
1 .
T
Linear 2 P P
L = P
ng P e
I p
T
. Z
Linear = L P p P
ng P | n
p
T
Left circular L PP p
I/IE Q I Tt
T
p
Right circular L P e p
Vic Q I T
T
p
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2.5 Scattering Operator

With polarization of the wave represented by Jones vector or Stokes vector, the scattering
processes can be described by transforming the status of polarizations before and after the
scattering. This sectidpeginswith theradar equation that links thewer of radar signal and the
characteistics of scatterey and therdescribeghe scattering representatgincluding scattering

matrix and secondrder covariance matrix.

2.5.1 Radar Equation

An electromagnetic wave may reach an object or a targetidecdhct with it The
interaction may result igcattering reflecting), transmittingenergy absorbingandreradiating
The problems arisinfjom the wave interaction with objeat@ise the necessity to characterize the
scattersin a casevhere theada footprint islarger than the size ahobject, the scatters ahdly
viewedwithin the footprint, and it cabe characterized by singleradar cross sectign When
the radar footprint is smaller than the size of an object, the object will be ob@zadthrough
considering its exteranddetermining the averaged radar cross section over a unittlaeese
called scattering coefficient . Changes in power are fundamerasthe result of wave interaction

with objects, they can be describedtbgradar equatiom a monostatic radar systeas follows:

~

o0 —, — (2.18)

where0 is the power detected at the receivtbe peak transmitted powenfn radar is denoted

as0 , antenna gaias’O, and the effective aperture of the received as

Since it is assumed that an isotropic radiator emits equal radiation in all disemtidn
waves propagate in an ideal conditmilinear medium and free of sourg@wer densityYat a

distanca away from radiatocan be expressed as

Y — (2.19)
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If the radiated poer is redirected by radar antennas, it resale redistribution (an increase) of
the power densityn direction of the propagation.his processs characterized by the antenna

gain"0 The antenna gain is related with antenna effective apértuttgough
o — (2.20)

Thepeak transmitted powémom aradar is denoted as , then the power density at incident point

of the target using directiveantenna is given as
Y — (2.21)

The scatterecpowerat the target is denoted @s thus the scattered power densityseen from

the radar, a dtancei away from the target, can be simply represented by
Y — (2.22)
The total poweb receivedby aneffective antenna area is

0 Y (2.23)

The radar cross sectignis an aread ) defined aghe ratio of backscatter density of reflecting

signals in the direction of the receiver:

an
an

(2.24)

an
an

As mentioned above, whehe target is larger than the radar footpritite scattering
coefficient should be employed to model the target characteristics. Thedel reviewed from

the target is integratiin an illuminated area@ in a monostatic radar system
0 A —, — Qi (2.25)

The scattering coefficient , the averaged radar cross section over unit,asea dimensionless
parameterwhich is different from radar cross sectiprfunit: & ). The relationship athesecan

be expressed as:
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— — S (2.26)

2.5.2 Scattering Matrix

Since the polarization ofdanemonochromatielectric field can be described theJones
vector,given L, L of theincident and scattered wave, respectivéig, scattering can be depicted
in the local coordinate systeas follows:

3 3 3 3 0
IL _ o L
1 3 3 3 3 0 (2.27)

Wherethe-|| is defined asscattering matrix, anthe3 is complexscattering coefficient. The

diagonal elements and edfements of| are calledco-polar and crosgolar, respectivelyThe

term—— addresses th@ropagation procesk away fromthetarget tathereceving antennaln a

monostatic radar system, the scattering mdtisx namecthe Sinclair{ matrix (Lee & Pottier,
2009. By considering=quation 2.24the radar cross section can be relevant to the eksrnirethe

scattering matrix as

. TQE (2.28)

In the following discussionghe polarizations are defined the backscatter alignment
(BSA) conventionin a monostatic coordinate systerfhe Sinclair matrixdescribedwith
guadrature polarizatioin linear horizontal and vertical basesn be expressed as

_” 3 3

2 3 (2.29)

The reciprocity theorenm thismonostatic backscattering case constrains the Sinclair matrix to be

symmetricalwhere3 3 (Lee & Pottier, 2009).
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2.5.3 Scattering Vector
For further interpretation of target characteristtbg Sinclair matrix{| canbe converted

to target vectorasfollows:

4 OAKA (2.30)

wheret is basis matricesTwo popular basis setgxicographic basis matrix set and Pauli spin

matrix setasintroduced in Equatio.15, areemployed in this thesis

) P T TP TMTM T (2.31)
mTmT T P TP
pmT p M mMp TE

| P o & (2.32)

As mentioned above, theciprocity theorem constrains the crgsdar to be the same,
therefore the basis matrices carréguced fronfour basesn Equation 2.31 andduation 2.320
three bases as follo{i.ee & Pottier, 2009)

- ﬁ ITTr Mnn n A (2.33)
P
s p-m PP TP (2.34)
nmp TP pT
Their corresponding scatteringctors are
3 "3 ¢3 (2.35)
“m3 3 3 3 ¢3 (2.36)

The purpose of adding thiactorsin the bases sets is to kaepal power of scattering consistent;

therefore,

z

8§ B 8§ S 8 (2.37)

3DA[l 4B8AN
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2.5.4 Polarimetric Parameters
The complex correlation coé&ffents between polarizations an@mportant effects on
statistical distribution of the phase difference and polarization ratio. Those parameters can be

discriminators for recognition and further estimations.

The total power of scatterirgy B AﬂT is provided in Equation 2.3The m@-polarization

ratioi and crosolarization ratio$ can be calculated through

. s s
i PR— (2.38)
i S R — (2.39)
s s s s
The depolarization Ratid is represented by
1 2 (2.40)

Co-polarizationphase differenc#.can be represented by

(@)
N
(@)

% ! O Y o0t - > (2.41)
Co-pdarized correlation coefficierit can be calglated by
" 2 2 (2.42)

2.5.5 Covariance Matrix and Coherency Matrix

The signals received by radar may be averaged or integrated scattering from various
single targetswhich arecalled distributed radar targets distributed scatterd he scatteranay
not be stationary offixed, subject to spatial and temporal variations in a dynamically changing
environmentandtheradaritselfis also moving with respect to the illuminatedaiee & Pottier,
2009. All the abovecircumstancesnay esult in incoherent and partipblarized waveeceived
by radar Due to the premce of speckle noises, it widlsobe an incoherent case on@peckle

filtering hasbeenapplied.Since the coherent scattering maﬂq‘iis able to characterizenly the
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coherent or pure scattereiscoherent averagedovariance matrix and coherency matrix are
introduced tcstatistically analyze stochastic processese precisky. These two represeations

are equivalent to each other.

The covariancer matrix orcoherencyl| matrix areformed from theouterproduct of the

target vector and its conjugate transpose:
(2.43)

(2.44)

where the size of both covariance and coherency matri by 3. Since; can be

transformed to eachtleer through unitary transformation matrix

- (2.45)
where
P TP
T —p T P (2.46)
m WU m
The covarianceg matrix and coherenclf matrix can also be transformed as
1 = (2.47)
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2.6 Target Decomposition

The scattering opators introduced in &tion 2.5can be used to describe the scattering
processes or polarization transfer. However, the insights of the scattering characteristics have not
been interpreted. The target decomposition aims to find a statistical description that represents the

scattering pvcesses through a combination of scattering effects and(heis& Pottier, 2009

Polarimetric deomposition theorems are categorisetb coherent andncoherent target
decompositionsCoherentdecomposition is badeon the scattering matrix, whick @xpressed as

a combinatiorof canonical scattering matrices

1 B 1 (2.48)

Sincethe scattering matrix can characteriagly the scattering process with both ingitlend
scattered wave fully polarized, the coherent decompositions can decoorppske coherent
targes (single or pure scatterg)th coherent scattering. In this caseherent decompositions
ignorethedisturbing environmerdnd speckle noise associated veithglelook dataTo solve the
noise influence,@eckle filters more or less averape data, which leads us to a condition of using

the covariancer matrix or coherency.

Incoherendecomposition is based on the oherently averagedowariance or coherency
matrices.The objective is to decompose the covariance matrix and coherency matrix into the
second order descriptors corresponding to canonical scatté@tegcovariancer matrix and
coherencyl| are most impoent observableneasurements thatcount for local variationsver

the scattering matrix.

2.6.1 PauliDecomposition

The Pauli decomposition expresses the scattering S matrix @mtipéex sum of theaul
matrices as introduced in Equati®32 Thus the canaical scattering mechanisms are associated
with each basis mairiin the Pauli spin matrices as

3 3 m

g v (2.49)

53 P o
n p 1 p

p T _ TP
Tt Tt
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Those four componentduiuiQare considered dsllows: single scattering from a plane surface
(single or odd bounce scattering), diplane scattering (double orbexsrce scattering) with
relative orientatiorof 1t Jdiplane scattering with relative orientatioht v, &nd antisymmetric
components of the scatteriFﬂgmatrix (Lee & Pottier, 2009)The reciprocity theorem in the

monostatic backscattering case result® in . Thereforethetotal power (Spanjs given by

3PAfl 8 s ¢8 s 8 s L;&® LEHE LB (2.50)

The scattering mechanisms which are not visible with the linear lexicographicéasie
enhanced through transformation of basis from linear to Pauli for a clear representation. The Pauli
basis is therefore defined as than and difference of epol, and the sum of crogml in Equation
2.49.The first two elements in Pauli scattering vector represent the scattering frin@daal or
odd-bounce reflector fo8 3 , and from a dihedral or evdaounce reflector fo8 3
(Van zZyl & Kim, 2010). The last termj 3 occupies the crogsolarized components of the
scattering; from a theoretical view, it represents the scattering from a dihedral reflector rotated by
45 degree (Van Zyl & Kim, 2010). In practise, crpsd components are typically derived from a
depolarization of the scattering; since this term involves only the-padsi can be interpreted as

random scattering in most circumstances.

The trihedral scattering characterizes the mechanisms where osepolarization
components occur, gaolarized components are identical, anepotarization components are in
phase. The characteristics for a dihedral reflector are that nopwolas&zed components are
generated in a linear radar signal (horizontatatical) and cepol components are identical but
out of phase. A dihedral reflector rotated by 45 degrees results in cross pol components reaching

the maximum, with no corresponding-pol components.
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2.6.2 EigenDecomposition

The singular value decompogiti factorizeand & complex matrix! into a form
of = # ,wheresisand & unitary matrix; isan@ ¢ diagonal matrix with nomegative
real numbers, and is an¢ £ unitary matrix.Since the covariance matrix or coherenc|
matrix are positive semilefinite matrices, and they are also Hermitian matridm,coherencyﬂ

matrix can be factorized as

J = =

1 % T (2.51)
where is ac o diagonal nonnegativeeal eigenvalue matrix with  _ _ TN
0 ¢ ¢ isaoc ounitary matrix. The K hand¢ are unit eigenvector orthogonal to each
other. In this case, the coherency matrix can be decomposed irgontted three independent
scatteriy mechanismsThe contributionfrom the scattering mechanism is determined by the

correspondingeigervalue_ of the related unitargigenvecto® .. The Eigendecomposition can

be writtenas

If only one eigenvalue is nonzero, the scattering is related to a single scattering matrix from
apure target. If all the eigenvaksiare eqal, three orthogonal scatteringechanisms are included
equally. The target is randomly distributddhe eigenvector§: can be formulated g€loude &
Pottier, 1996)

AT O
o 0 ORIAITGD (259
OETAITTOQ
wherg angle corresponds to the variation from surface scatteringit JJto randomly oriented
dipole scattering ( T v),Jand to double bounce scattering ( w M.JThel angle is the twice
thatof the polarization orientation angléhe] angle is he phase difference betwegn 3
and3 3 ,thel angle is the phase difference betw8en 3 and3 , andthe%.angle

is physicaly equivalento target absolute pha8e 3 (Lee etal., 1999).
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2.6.3 EntropyAlpha Decomposition

Cloude eigenvector decomposition is mathematically unique; however, its interpretation is
not necessarily straightforward, because the eigenvectors are not guaranteed to represent known
physical scattering mechanisms directly (van Zyl & Kid§10). In this case, the coordinate
systems generated from the eigenvectors vary from pixel to piaglnatelya statistical model
over the scatterer can be built as the sum of three eigenvectors with their corresponding

contributions (eigenvalues) lBquation 2.52.

The averaged alpha angle, directly related to three eigenvectors, can identify the

dominant scattering mechanismghichrelies on the mean pf, which is defined as
| By U (2.56)

As introduced in 2.5.2, angle varies from surface scattering to dipole scattering and to double
bounce scattering. Theis the averaged scattering mechanisms obtained by considering the

contributions of each @ependent scattering.

The contribution from each eigenvector can be represented by the prohabilityich

given by

(2.54)

In order to define the degree of statistical disorderach distincscatterer, the polarimetric

entropyOis expressed by
0 B 0aéD (2.55)

The entropy ranges from 0 1o It represents the disorder of the scatterer in@akly depolarized
isotropic ('O ) to totally depolarized random scatteri(@ p). The Figure 2.1suggests
discrete distributions of entropy based on three contributions or pseudo probabilifideen the
scattering system is dominated by a single scattering, the entropy is relatively lower. If the system
is highly depolarized or mixed with distinct scatterings, the entropy is relatively higher.
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Figure 2.1: Discrete distributions of entropy based on three contributions or pseudo
probabilitiesd . When the scattering system is dominated by a single scattering, the entropy is
relatively lower. If the system is highly depolarized or mixed witlitiple scatterings, the entropy

is relatively higher.

2.6.4 FreemarDurden Decomposition

A limitation of Eigen decomposition and tliechotomy ofKennaugh matrixs that they
highly rely on mathematical methodsstead of modeling the physical scatterings. Free&an
Durden (1993) proposed a threeomponent scattering mechanism model to estimate the
contribution to the total backscatter from Bragg surface escatandomly oriented dipoles
(volume) and everbounce scattering mechanismhe volume scattering is an coherent
scattering model, while both of the surface scattering and the dbabfee scattering are

coherent in nature (Lee, Thomas & Yanting, 2014).
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The original idea behind the Freerd@nrden decomposition is to hypothesize that the
covariance matrixan be decomposed into the combinations of predicted scattering covariance
matrices, where the scattering mechanism of random oriented branches is modelechas vol

scattering, the dihedral structure as dotdmence scattering, and the surface scattering

z

Jyoxyoy p 1T m $s | ™ ¢ T W

] Y Y'Y 41 ¢gs o m G |7 pm G mp o

Y Y Y m T T m T T m 1 p
(3.21)

The first componentf the Freemaibburden decomposition models the scattering from
first-order Bragg scatter with a moderately rough surface. In this tasecrosgpol can be

negligible. The scattering matrix for this componesnt be represented by
(2.57)

where2 and2 are associated with local incidenaegle andherelative dielectric constant of

the surface. The corresponding covariance matyiaf {| ycan be represented as

s m22° s T
Fy L1 T T Qo mom (2.58)
22° m s T omop

where’Q @ s corresponds to the contribution of the dalslince scatteringto ti$8 s, and
T2 72 .

Doublebouncescattering is modeled by scattering from a dihedral refleCtur.double
bounce scatterings are contributed mainly from ice ridges and ice frag(hiessain et al., 2014)
RecallFreeana n & D (1998)elesd@igtions othis model The reflection cefficients for
horizontalsurface ar and2 for horizontal and vertical polarizations, respectively. The
reflection coefficients for vertical surface &e and2 for horizontal and vertical polarizations,

respectively. The propagatiterm’Q modekthe intensity attenuation and phabsawges along
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the propagationThe crosspol components are also negligilitethis caseThus the scattering

model of doublebounce is given by

Q 2 2 T
2.59
-”W T Q 2 2 ( )
It yields the corresponding covariance matix
L 2 s m Q 2 2 2 v’
Fr T Tt L1
Q 2 2 2 Y " m L 2 s
%8 m |
Q T 1T (2.60)
|© mop

where' Q @ 2 s represents the contribution of the edmyunce scatteringtotis® s, and

0 — (2.61)

The volume scatterings modeled as radar returns from a daaf randomly oriented
dipoles.The scattering matrix of a horizontally arted dipole can be expressed by

AT

o aw A (2.62)

wherea and b are complex scattering coefficients, AhdA. We simply rotate the horizontal

dipole an angle—thus the scattering matrix eforiented can be derived from

y_  AIGO0EE, Al0 OE}
OE}+AI = RmEL AT-O
WAT & 0OER- o OOERAIT-O (2.63)

o OOBERAT-O WOEF GAl & '

where the crospol components arthe same. Since the volume scattering counts a mixture of
scattering from randomly oriented dipolebie second order covariance matrx can be

represented by

8 s A0 A0 CYQEBT O

30



B s A0 A0 CYQWH O

8 s AAO

3 3° @ &°&0 o

3 3° d HAs 0O IO @30

33° o &&0 $0o (2.64)
where

O Al éQ— —

0 OEFQ— —

2 A A~

L A~

0 . OEHAT-@—mn (2.65)

We assume the orientation anlgs are uniform, which results

(o " o s
$ S TS.AQ SAE ?:IYQ(LOAID

o' " “ o
SN TSAQ SaS ?CI'Y'QW

8¢ AR
33 ° n
3 3 , “ R 0.u v ‘ o
T SA@ §A$ T T
33 ° m (2.66)
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Since we consider the scatter toth cylinder-like scatterers, which result &l A© T, the

Covariance matrixz is given by:

F —de (2.67)

© A4 Q9
4~ 4
Q470
Q
© 3 Q
4, 4
Q4370

Hence,the covariancenatrix Fcan be given by the sum of corresponding covariance matrix of
surface, doubksounce and volume scattering

$§sQ $sQ 00 W I'Q Q0
F T CQ T (2.68)

The next step is to estimate the three parameé®@fe), and’Q. It is easy to determine the
value of’Q from the¢s3 s, and™Q and™Q should be positive real values since they are
proportional to the contribution of surface and double bounce scatt8imgg is the ratio of
horizontal to vertical polarized reflection coefficient fanface scattering, there should be no
phase difference between HH and VV returns, so theoreticadlya positive real vakj however,
in practice] remains to be a complex number whehas been fixedThere are various wayo
fix the value of ardf orto addarelation function between and’ . Van Zyl (1989) determined
the dominant contribution from the real paf8 3 “.If 'YQd8a 3 ° 1 the scattering is
dominated by surface scatteriramd| p is fixed; otherwisef 'Y Qd8d 3 ° 11, double

bounce scattering is dominant, and p8

Although the Freemaburden decomposition is simple to implement, it has two major
deficiency: the reflection symmetry assumption and negative powers of surface anebdouride
scatteringsThe Freemaiburden decompaosition concerns only the reflectionregtry instead of
rotation symmetry or both. The assumption of reflection symmetry denies the correlations existing
between ceol and crosgol (Y , “Y =0). Therefore, all crospol power is assigned to volume
scattering, and volume scattering termlbé overestimated. The overestimatiod otontributes

to the negative power of surface and dotlie&nce scattering, becausken volume scattering is
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determinedthe rest of the elements in the coherency matrix should be undertaken only by surface

ard doublebounce scattering

$8Q ¢sQ 1TQ |Q
Zn, Zn, nQ

(IJ 2.69
Fl o Q| TQ "0 ' (2.69)

w

E1En

This restriction results in an invalid power estimation (negative power), especially when any of

the following conditios areviolated:

v ey om
VIV
YooY Y Y §Ys m (3.22)

Negative power occurshvengd Sis too largeyielding a negative determinaat F|  The
negative powers can kavoided by adjustingthe determinant of g to O through fixing the

magnitude ofo d,

~

&) & (2.70)

§ 3

This methodology has been written into the SNAP ESA softwagerseralized-reemarDurden

decompositionOn the other hand, the rafié can be determined by

B 3

$3 _
— — (2.71)

where¢ is the number of corresponding scattering occurieacer the pixel field. Cgpolarized
ratio for surface and doubl®munce scatteringanbesafelyassumed as equal, and this information
can be retrieved from the distribution of alpha ang(elpha agle is different from the ratio in

FreemarDurden decompositigror entropyalpha angle spac®nce we fix one of the andf or

add the ratid= the residual parameters can be easily estimated from the teseqgtiations.
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When applying théraditional Freemaiurden decomposition, the negative power issue
may occur in open water area especially when the signals received by sensor are weak, which can
be explained by theverestimated volume scattering and negative determinant of covariance
matrix excluding the volume scatteringNote that the replacement of surface scattering by

incoherent scattering model can mitigate the negative power problem in generalized Freeman
Durden decomposition.

In the end, the contribution of each scattgmmechaism can be determined

3PAl 8 s ¢8 s 8s 0 0 0 (2.72)
where
0 p $s'Q (2.73)
0 P $sQ (2.74)
0 YQ (2.75)
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2.7 Statisticsand Classifies Used in This Thesis

The scakering operators and target decompositimeseintroduced in $ctions 2.5 and
2.6, respectively Therefore all the polarimetric featurgbackscatter intensity, covariance
matrix, decomposition parameters and secondary physical pargncatetse generated foan
be used as inputs tbassfiers. In this section, the statistical properties of thesampaterss

summarized and classifieasethenintroduced inSection2.7.4.

2.7.1 Multilooking

In a singlelook complex modethe azimuth resolign is generallyhigher than the
resolutionin range direction, which appk to RADARSAT2 Single Look Complexlata used in
this thesisMultilooking involvestaking the average @f singlelook data in the azimuth
direction (Lee & Pottier, 2009). Theaee two benefits achieved from this processing: it reduces
speckle noisen the one hanayn the other hand, the multilooking pixel spacing is nearly square

in measurements.

Thenumber of looks for a s@ue pixel is calculated through
0 —- (2.76)

wherezi andzare range spacing and azimuth spacing respectively-&ttieincidence angle.
Notethat the pixel spacing is different from the resolutBixel spacing is the distance between
adjacent pixels in an image measured in metres, while spatial resolutemgimum distance

that radar can distinguish between adjacent targets.
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2.7.2 Radar SignaStatisticsfor Intensity

2.7.2.1 Gaussian Distribution of Real and Imagin&ayrtsof Signals

The real and imaginary componeni@ndr, of each polarizatiorhave aGaussian
distribution which is denoted &x ~ * mh, . The probability density functioPDF)is

"Q6s h, —-=0 (2.77)

2.7.2.2 Rayleigh Distribution of Amplitude

The amplitude for individual polarizatian ‘Q n is Rayleigh distributed witlean

-, and variance—, . ThePDFof Rayleigh distribution igiven by

Qs —Q (2.78)

2.7.2.3 GammaDistributions ofMultilooked Intensity

TheintensityO 0 "Q 1 has an exponential distributiotenotecas®. © T '@
— . Its PDFis given by

o — —0 (2.79)

O-B 'O -B Q Aq (2.80)
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Once theeal part and the imaginary partsifinak havebeenstandardized to have a mean
of 0 and stadard deviation of 1,he 0 "Qvill be distributed according to th€hi-square
distribution with 2) degrees of freedopdenoted a® "® ... ¢0 . The PDF of Chisquare

distribution is expressed as

Qo 0D o —aw Q7

60 Q (2.81)

where3 ¢ represents the gamma functidfheng is a positive integer, the gamma function is
3¢ ¢ pA (2.82)

Thus the%™© ¢ andé A® -. Notethat the Nlook amplitude/l0 “®@as a Chi distributian

When signals haveot been standardized, tmeultilooked intensityd @ distributed
according to the Gamma digtution, denoted a8 © @®| - Uh— ¢, , wherg isthe

shape parameter, ardhescale parameter. The PDF of tilobking intensity is given by
Qw 0 Oh— g, —w» Q7 —FF— 00 Q (2.83)

The mean and the variance &8¢0 ¢, and6 A D —.

2.7.2.4 K-Distribution of Multilooked Intensityrom Heterogeneous Scattering

Over homogeneous areas, the intensity of signatShissquare distributed (or Gamma
distributed if not standardized). However, signals from heterogeneous backscattering processes
may be modeled more rationally throughdistribution. The intensityOreceived by a radar
receiver can be modelda/ a prodet of Gamma distribution and aa@ma distributed noise
variable"Qas a texture descriptor (Lee & Pottier, 2009)
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To make thingsimple, we rescalthe multilookedntensitythrough

0o — — (2.84)

Then the normalized multilooked intensity is gamdistributedOt @ | Oh— -, with its

mean%’0 pandé A® - ThePDFisgiven by

00 Gho -

Q (2.85)

On the other hand, multilooked intensity from the heterogeneous scattering may have a

gamma processes on its mean v8ai® * « thus we introducea Gamma distributedexture

de<griptor@ 3 | Oh— - as noises on the mean of normalized multilooked intensity
QC —0Q (2.86)

with its mear2™Q pand6 AQ -

Themultilookedintensityfrom heterogeneouscattering can be expressed as
‘O "0 (2.87)
Its probability function is given by
QO | "QOsQQQAQ (2.88)

where 0sQx | 0h— - can beransformed from Equation 2.8&hich is given by

QOSQ 0 (2.89)

As briefly reviewed hergthe intensityOreceived byaradar receiver can be modeled by a

product ofthe Gamma distributet®© and a Gmma distributed noise variab{e The'Ois gamma
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distributedwith mean@ | 0Oh— - and shape parameter 0. The mean of g is denoted

ast p. Therefore, he PDF of Kdistributed intensity from heterogeneous sraig can be

representedyy

Q0 phoh) + ¢ 0UO (2.90)

where+ (.) is the modified Bessel fiction of the second kind, definbg:
+ 0 —— (2.91)

where) (.) is the modified Bessel function of the first kind, defined by:

) & B —— - (2.92)

2.7.3 ScatteringStatsticsand Coherence Statistibstween Polarizations

2.7.3.1 ComplexGaussiarDistributionof Scattering Vector

In Section 2.43, complex scdering vectors

. are represented iBquation 2.35
and 2.36respectively.The dimension of scattering vectisr denoted a& o on a reciprocal

condition The mean of | ‘ nifor ' Q plt 8 &, so wehaveH . The PDF for

s given by multivariate comple&aussiardistribution:

o«

—0 B B (2.93)

where is the compleyositive definitecovariance matrix

which can béhe unbiased sample

covariance matrix or can lestimated througmaximum likelihoodestimator.

2.7.3.2 Complex Wishart Distribution d€ovariance Matrix or Coherency Matrix

The multilooked polarimetric analysis takes multiple single look complex covariance

matrices. The Nook covariance matrix is expressed as

(2.94)



where h . The matrixse is complex Wishartdistributedsz* 1 Gh , with §

degrees of freedoymvhich is the number of looks in this ca$be PDF off is represented by

" SFS . —

Qsr O h TS Q T (2.95)
whereg is the dimension d With

OOk T B w0 MQp (2.96)
where the Gamma function given hy:€ ¢ p AThe PDF for averaged covariance matrix
F is given by

QrHh —EE_Q ° F (2.97)

hss

2.7.4 ClassificationApproachUsed in This Thesis

2.7.4.1 H-alpha Complex Wishart Classifier

Since radar signals are averaged through multilooking and speckle filteringthenly
covariance matrix or coherency matrix can be employed for analyzing the incoherent targets. It
wasintroduceal in Sction 2.7.3.2hat the covariance matrix and coherentgtrix are complex
Wishart distributed:

Qih —R—0 ° F (2.98)

where Fis the covariance matrix variabl@,is the number of looks, is the dimension of the

target vector, and is the positive definite covariance matrix of moment matching.

The unsupervisedHalpha corplex Wishart classifier developéy Lee et al. (1999) was
proposed to maximize the posterior; $= by applyingBay es 6 r ul e:

07 ¢k % (2.99)
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whereg represents the classes or labels of a scattering \#c®inced £ is an independent

constant numbefbelongs taclasg  QIf0 £ QW] Q 0L W] Qfor

all’Q "QThe’Q N is the model used for the likelihood of a feature given a labetg
Maximizing the posterior is equivalent to minimizing the negativeunaatlogarithm of the

posterior. he maximuma posteior (MAP) function isthereforegiven by
D60 OI QadW L3 0]
@i "QaBQét &) £3 01

O "QaQE0 &l T 0 &1 16 00Yi OOQF 1 TOoR 01 1Is's
I 107

Ol QA QH IYT OBQF Oadsis a ]

(2.100)

Since the priob 7 has an unknown probability, Lee et al., (1999) assumed priors to be
equal, thus this classifierow is equivalent to maximum likelihood estimation instead of a MAP

algorithm We name this maximum likelihood function as loss function:

~

01 hhp &1 QOB GOQF 1 Tss (2.101)

Therefore, the pixels are assigned to the class with minimum of loss to achieve the overall

minimum of the loss function.

This unsupervised classification employaxkpectation maximization (EMhas its
optimizingalgorithm, whichinvolves two iterativesteps In the first expectation step,astimates
the covariance matrix through the methods of momenh the second maximization step, it
reassigsthe pixetto the corresponding classforminimizing theloss function. Those two steps

are iterated until the loss function converges or the termination criterion is met.
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2.7.4.2 Markov Random Field

Sincethe Entropyalpha Wishart classifie@ssumethat the priors foeach class equal at
any time, the objectiveoesnot incorporate prior knowledge. However, regions or clusters are
often homogeneous with neighboring pixels having similar properties and features. To fulfill the
knowledge of neighboring pixels and primobability, the Markov properties are considered due
to the conditional independence of any two+aaljacent pixelsTherefore, Markov Random Field
(MRF), a graphical model of a joint probability distribution by considering the neighboring pixels,
isemgdoyedin this thesis

Leti "61Q denotethe pixel af@Qn the grapRY For each pixei in the imageit has a

feature vectody ; thus,we have the featuré& £ [ ~ Y for thewhole imageEach pixel has
its correspondingpbell N ¥, where ther is the range of the classes the label can choose from
For the whole image, we hawe 1 H ™ Y. According to the Bayéstheorem, the
posteriorid © $& is given by

- L

b ogt —2—2 (2.102)
which measures the probability of labelling given the observed fe&tuiEhe objective of
classifying the whole image is to find an optimal labelling whicaximizesthed ost by
maximum a posteriori (MAP) estimationir®@e0 = is a constant and independent of any classes

to be chosenMAP is equivalent to

AGCO o ost ¢ 0 Lo 0 o (2.103)

The labelling field can be modeled as a Markov Random Field (MRF) if all the
¥d) © T andif foreveryi ¥ "Yii N ¥, we have

~

0] $ A i 071 8 AnvD (2.104)

where theneighbour seb is defined as the surrounding pixels of a pixéesides the neighbours,
a subseb is defined as a clique if every pair of pixelsirare neighboursA cliqued containing

¢ pixels is callecann order clique, thus the set of cliques is denoted as
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6 66 E° 6 (2.105)

The first order and second order clique are named after singleton and doubleton, respectively.

According to the Hammesley-Clifford theorem, the joiniprobabilityd © of a MRF
follows a Gibbs distribution:

Do -Q © -QB+ o (2.106)
where®d B, A@® o isthe normalizing constant, angdenotes all the possible labelling
conditions thew © denotes the clique potential of cliqtie theY ® is called the energy

function, whichrequirestaking the sunof potentials of all cliques:

_ =

Yo B.wo B o] B w1 E (2.107)

In this case, we do not have any hiddayer within the Markov model. Onlthe first order
(singletons) andsecond order cliqguesddubleton¥ are considered for determining the clique

potentialew, which are given by

T oR¢;

w1 h~No ) 0d8i 0 (2.108)
SRR f ONONEN
h N o~ 2.1

where - Tis a parameter tuning the weights of contributions of corresponding clique

potentials.
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The likelihoodd <o is determined by the distributions thfe features themselves. For
instance, themulti-looked intensity from heterogeneous scattering should bdiskibuted
according to th&quation2.90 thescatteringmatrix and covariance matrix are complex Gaussian
distributed and complex Wishalistributed which werdntroduced in Setions2.6.3.1 and 2.6.3.2,
respectivelyThe decomposition parameters are assumed to be Gaussian distributed. The estimate

of the parameters in these PD&re completed through theethod of moments.

The entropyalpha Wishart classifier and MRF classifiegreintroducedabove Note

that the purpose of usinge entropyalpha Wishart clasifier is to labethe images instead of
achieving the final classification outpithe entropyalpha Wishart classifier onincludes the
covariance matrix as input atfte maximizedlikelihood. Howeverthe MRF classifierincludes

more polarimetric features ardnsides the prior knowledge based on neighboring pixels.
Thereforejn this researchthe two classifieswere integratedsa whole, where the posterior

was calculated through the product of maximized likelihood from Wishart classifier and the prior
based on MRF.
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2.8 RADARSAT-2

Data emjoyed in this thesiareRADARSAT-2 Wide Standard Quadrature Polarimetric
images. RADARSAT-2 is equipedwith an active Gband antenna, and takes 24 days to revisit
its original orbit pathWide Standard Quagdol beam modéemages(single look complexSLC,
produc) were used forxracting polarimetric features and thim classification.The images
cover 50 km by 25 km area at ground range by azimuth range. The pixel spacing for the near side is
8.0 m by 5.1 m (slant range by azimuth range), and the pixel spacing for the farlsicem by 5.1
m (MDA, 2016). The slant range resolution is 9.0 m for SQ1 to SQ11ZA8ddr SQ12 to SQ21
The azimuth resolution is 7.6 m. The neeguivalent sigmaero is-35+ dB (MDA, 2016).

2.8.1 Radar Operation

The RADARSAT-2 systenincludesaradar transmitteraradar receiver and a data downlink
transmitter (MDA, 2016). The antenna in the radar transmitter and receiver directs the transmitted
energy in a beam, normal to the satellite track. The elevation profile and angle are adjustetto ensu

that the beam arrives at the earth surface at a certain range of incidence angle (MDA, 2016)

Radar maging can be carried out in different beam modg;h contairtheir ownunique
imaging characteristickor variety of application need§hese chacteristics include nominal
swath widths, pulse bandwidths, sampling rates, and a specific set of available beams at specific
incidence angle$MDA, 2016) The fundamental imaging modesvailableare Single Beam,
ScanSAR, and SpotlighThese beam modese summarized in the Figurg2 (MDA, 2016).
Whentheradar operates in a given beam mode, the receiver receives scattered or reflected signals

after the transmitted signals interacts with the earth surface.
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Figure 2.2: RADARSAT-2 SAR beam modes. It shows the unique imaging characteristics of the
beam modes. These characteristics include nominal swath widths, swath position, and specific set
of beams at specific incidence anglegure rerieved from RADARSAT2 Produd¢ Description

(MDA, 2016).

2.8.2 Wide Standard Quad Polarization Beam Mode

Single Beam modes are stipap SAR modesThe beam elevation and profile arenstant
during the data collectionThe beam mode employed in this thesisthe Wide Standard Quad
Polarization. Theadar transmits pulses @ither horizontal or verticalolarizationsalternatively, and
receives the returnBom each pulse in bothorizontal and verticapolarizations separately but
simultaneouslyMDA, 2016). Therefore, it collects full polarimetric imaging signals at the same time.
The Wide Standard Quad Polarization Beam Mode exstiedwath range up to 3Gn. The incidence
angle, ranging 182 degrees, are covered by 21 beahhe characteristics of ben modes on swath

length andesolution are illustrateish Figure2.3.
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2.8.3 Single Look Complex Product

The products offered by RADARSAZ can be one of three basic types: Slant Range data,
Ground Range data, and Geocorrected data. The slant range is the length measured between the radar
and the target, while the ground range is the length measured betwagound track and the target.
Since it measures the distance in slant range instead of the distance along thetlgeadistince in
slant range always represents less than that in corresponding ground rargi@namdnge scale
distortion occurs, redting in varyingscales from near to far rangegach image, whicts depicted in
Figure2.4. The product employed in this thesssthe Single Look Complex product, which is&
Range data; therefore, mgerpolation into ground range is performedtfus product, and slant range

is therefore converted to ground range by

Q — (3.1)

where—the incidence angl&) andQ are slant range and ground rangspectively.

Each SLC Wide standard Quad Pol image covers 50 km by 25 km area at ground range by
azimuth range. The pixel spacing for the near side is 8.0 m by 5.1 m (slant range by azimuth range),
and the pixel spacing for the far side is 1h&y 5.1 m(MDA, 2016). The slant range resolution is
9.0 m for SQ1 to SQ11 and 12.8 for SQ12 to SQ21 (MDA, 2016). The azimuth resolution is 7.6 m.
The noiseequivalent sigmaero is-35+ dB (MDA, 2016). The incidence angle ranges from 18 to 42

degrees for differerawath positios, which are summarized in Taldd.
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Figure 2.3: Relationship between beam modes aedsor modgincluding swath width and
resolution cell size for RADARSAP producs. The beam positions for each beam mode are also
indicated in parenthesdagure retrieved from RADARSATR Produ¢Description (MDA, 2016).
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Figure 2.4: The relationship between slant range image and ground range ibhaggant range is

the length measured between the radar and the target, while the ground range is the length measured
between the ground track and the targjéts figure is retrieved frorkuropean Space Agency Earth

Online Websitehttps://earth.esa.int/web/guest/missionsigserationaleo
missions/ers/instruments/sar/applications/raaamrses/conter/-
/asset_publisher/qIBc6NYRXfnG/content/ragdaurse2-slantrangegroundrange
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Table 2.4: Incidence Angle and Range Resolution for Specific Swath Position of Wide

Standard Quad-Polarization Beam Mode

Beam/ Near Incidence Far Incidence Nominal Near Nominal Far
Swath Position  Angle (degrees) Angle (degrees) Range Resolution  Range Resolution
(m) (m)

SQ1IW 17.5 21.2 30.0 24.9
SQ2W 19.0 22.7 27.7 234
SQ3W 20.0 23.6 26.3 22.5
SQ4wW 21.3 24.8 24.9 215
SQ5W 225 26.0 23.6 20.6
SQ6W 23.7 27.2 22.4 19.8
SQ7W 24.9 28.3 21.4 19.0
SQ8W 26.1 29.4 20.5 18.4
SQ9W 27.2 30.5 19.7 17.8
SQ10W 28.4 31.6 19.0 17.2
SQ11W 29.5 32.6 18.3 16.7
SQ12wW 30.6 33.7 26.5 24.3
SQ13wW 31.7 34.7 25.7 23.7
SQ14wW 32.7 35.7 24.9 231
SQ15W 33.7 36.7 24.3 22.6
SQ1l6W 34.8 37.6 23.6 22.1
SQ17W 35.7 38.6 231 21.6
SQ18W 36.7 39.5 225 21.2
SQ19W 37.7 40.4 22.0 20.8
SQ20W 38.6 41.3 21.6 204
SQ21W 39.5 42.1 21.2 20.1
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2.8.4 Pixel Representation Radiometric Calibration
In a singlelook complex mode, each pixel is represented by a complex number. The
complexrepresentation consists of two signed integers for the real and imaginaryChads:

The magnitude of the complex number is denoted as

06 Q n (2.110)

Note that the magnitude of the complex number is different from the amplitude of the

electromagnetic wave.

Radiometric calibration of the dats essential to adjust the radiometric values without
contribution of the target characterist{€§chards, 2009)The digital values received byesensor
can be converted toalibrated physical parameterBhe radar backscatter coefficient (sigma
nough, ), radar brightness (beteought ), and Gammanought [ ) are threeof the most

commoncalibrated coefficients that can be scaled from original pixel values.

The backscatter coefficient is the averaged radar cross section per unit ameatathe
brightness corresponds to the backscatter per unit area in slantwdungye requires no prior of
thelocal incident angleGamma corresponds to the backscattering coefficient normalized by the
cosine of the incidence anglEhe scaling procedure ckde derived fronthe following(only the

sigma nought is shown as an example)

, = == (2.111)

whereo is the corresponding range dependent dainsigma noughtThe correspondinggain
value0 of sigma nought, beta nought, and gamma can be found in correspondingfd.dakle

files.
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Calibrated sigma nought, beta nought and gamought can be converted through
, 1 OEI (2.112)
r 1 OAl (2.113)

where| is the local incidence angle. e coefficierg in decibels (dB) can be given lilge

following (only thesigma nought in dB is shown as an example):

, Q6 pmi G (2.114)

With the assumption that the backscattering is constants a pixel, we recallgdation
2.28, which indicated the relationship betwe#me radar cross section and the elements in the

scattering matrixTheelements in the scattering matrix can be related to sigma nought as follows:
i — =8 (2.115)

wherezi andzare range spacing and azimuth spacing, respectiMelgthat sigma nought is
a realvalued coefficient, while scattering matiis valuable only when the elements-(sdled
scattering coefficient oscattering amplitudes) are complex. The direct transformation from the

complex pixel value to scattering amplitude is given by:

Y n

— 'Q Qn (2.116)

where "Yis the elemenin the scattering matrix in equation 2.2%. this stagethe polarization
descriptors including the intensities and amplitudes and scattering operators can be fully built from
the RADARSAT-2 Standard quagdol data.
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2.9 Summary

This chaptereviewedrecentstudieson lake ice mapping and relevant methodologies that
have been used for SAR image classifications. It identified the needs for improvement in the
automated classification methodology teelp operationalizelake ice monitoring using
polarimetric RADARSAT-2 data at CISThe basic principles of monochromatic electromagnetic
wavesare helpful for understanthg the representations of polarization and further scattering
processes. The characteristicpofarimetricscattering processes provide insightiie scatterer
(open water and lake ice); therefore, the statistical properties of polarimetric parameters including
multi-looked polarization intensity, covariance matrix, decomposition results, and secondary
physical parameters (entropy and alpha araye)jntroducd to the classifier for determinirtipe
likelihood function. The MRF provides an approach to calculate the prior probability, therefore
the posterior probability can be achieved by
the radar signal andthe theories of polarization descriptors and scattering operaters
summarized in the &tion 2.8, which is the firdtep to generate polarimetric parameters from
RADARSAT-2 imagesThe next chapter consists of a paper, to be submitted féicgtidn in a
journal, whichusedwWide Standard Quapol beam mode RADARSA®P images with thél-alpha
Wishart classifier and MRfer the classification of lake ice and open water using Great Bear Lake

as the studgprea
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3 Polarimetric Radar Imaging for Lake Ice Mapping

3.1 Introduction

In Canada, over 4 million square kilometres of waters are covered by ice in winter (Canadian

Ice Service [CIS], 2017)Since lakes ara widespread land featun@ many regions of Canada,

lake icecover isan importantcomponenbf the Canadian cryosphere (Duguay et al., 200&e

ice phenologyparameterg¢freezeup, breakup, andice cover durationare highly relevanin the
context ofglobal climate chang@uguay et al., 2015slake ice has begmroven to be a ssitive
indicator of climatic variability and changBguay et al., 2006;olbeck, 2012; Brown & Duguay,
2012).Iceextent and duration have an impactlocal weatheiconditionsand regionatlimate
influencinglake-atmosphere interactionBgguay et al 2006; Du et al., 20). Lake ice also has

a significant influence on aquagcosystemacluding the composition and abundance of aquatic
species,as well as onhuman activities including marine transportation, fishing, resource

development, and touns (CIS, 2017).

Consistent and accurate records of ice phenology provide valuable information for weather
forecastingandfor climate changanalysigDu et al., 201Y. TheCanadian Ice Service (Cl&as
the responsibility for operational monitoriraf lake ice, sea ice, and iceberg conditions in
Canadian Regions and adjacent waters (Arkett et al., 2013). The CIS primarily relies on visual
interpretation of satellite optical asgnthetic aperture radaBAR) imagery to conduct analyses
and preparéakesice products(fractional ice coverage for close to 140 lakes on a weekly basis
and daily ice charts of the Laurentian Great Lak8#&)ce SAR can acquire datander polar
darkness andloud cover conditionst is a tool of primary importance for lake iogonitoring
across Canada&ince the performance of sindkeg. HH and dualpolarized(e.g. HH and HV)
imagery is limited by the loss of full polarization and phase informatimre is agreat deal of
interest in using polarimetric SAtRatafor lakeice monitoring Given the large volume of satellite
images and the expected rapid growth of data fugmomingsatellite missionssuch as the
RADARSAT Constellation Mission (RCM)exploring automated image classificatidor
polarimetricSAR imageryis paranount (Arkett et al., 2013; CIS, 2017).
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Previousresearch usin@AR for freshwater ice mapping/monitoring has largely famus
shallowArctic and subArctic lakesfor the determination of floating argtounded ices well as
determination of freezap andoreakup datesinvestigations of radar backscatter from large lakes
have been more limite@.g.Nghiem & Leshkevich, 2007; Leshkevich & Nghiem, 2RISAR
backscatter fronthin lake ice during the initial ice formatidras beemeported to be lower than
18 dB (Morris et al., 1995; Duguay et al., 2002). Floatingoitshallow lakedater during the ice
season has been characteriagtigh backscatterattributed to the doublbounce scattering from
columnar air inclusions and kseater interface, andnancrease of volume scattering (Geldsetzer,
van derSanden & Brisco, 2010). However, recemrk suppors single bounce scatterirag the
ice-waterinterface aghe dominant scattering mechanism (Atwood et al., 2015). Theréolar
returnshave been repted when icefreezesto the bottom ofhallowlakes €.g.Duguay et al.,
2002; Atwood et al., 20157 decrease in backscatteas also been documenvm floating ice
during the breakip period due toadar signahbsorption by the wet snow and specuédiection
from the water or ponds on the ice surface (Duguay et al., B¥)@dsetzeryan derSanden &
Brisco, 2010)Co-polarized backscattering agavenfrequency from open water not only depends
on incidence angle, biitis also influenced bwind gpeed and wind direction relative ttee radar
look direction (Geldsetzer &n derSanden, 2013). However, crgsslarized backscattering can
be independerdf wind direction and incidence angle (Vachon/olfe, 2011). Both cgol and
crosspol backscattering from lake ice affected bythe geometry of ice surface, ice structure,
dielectric parameter, and incidence angle (Duguay et al., 2002; Geldsetzasr derSanden,
2013). Since single and duabl dataare limited by their capability to distinguish open wéitem
different ice types (Scheuchl et al., 2004; Geldsetzer & Yackel, 2009)pdusignals combined
with polarimetric parameters maycrease the potential face discrimination (Geldsetzet al.,
2011). Gband polarimetric and negpolarimetric parameters, including sigma naught of individual
polarizatiors, co-pol and crosgol ratics, the cepol correlation coefficient, entropy, anisotropy
and alpha angle, were assessed and summarizédeforpotential to discriminate lake ice and
open water (Geldsetzer ¥an derSanden, 2013)The study showethat the singlgol VV was
preferredwhen wind speedneasurements amevailable and incidence angle is low. Thepo
ratio was recommended where incidence angle is larger than 31a8d in such caseyind speed

data is not requiredGeldsetzer &van derSanden, 203). Anisotropy also showed itgreat
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potentialwhen incidence angle is lower than 27 #&nd it is insensitive to winaks well Geldsetzer
& van derSanden, 203).

The characteristics of scattering mechanisms from ice and open water have been investigated.
Using shippeébased and satellite SAR observations of the Great Lakes, it has been sown that
when incidence angle is smébwer than 30), scattering is dominated by surface scattering from
open water where water with high relative permittivity has highepatdoackscatter than ice
(Leshkevich & Nghiem, 2013). For large incidence asjggarface scattering is dominant fath
open water surface and ice covered area, and volume scattering tends to contribute more from ice
(Nghiem & Leshkevich, 2007; Leshkevich & Nghiem, 2013). To be more specific, the surface
scattering is mainly contributed from the-gaie (if no snow) air-snow snowice and icewater
interfacegHossain et al., 2014; Atwood et al., 2018)hentheice surface is smootfand thin)
enough toact as aspecular reflectodpw or no backscatter can lobservedCable et al., 2014)

Volume scattering is contributed due to the dielectric discontinuities of the medium and geometry
of the ice structure (Hossain et al., 2014). Dotdadance scattering occasionally occurs on ice
ridges and ice fragments, and it is rarely dominant for tieeadl scattering compared to surface

and volume scattering (Scheuchl, Hajnsek & Cumming, 2002).

The objective of this study waso develop an automated segmentatmocedureof
polarimetricSAR images fotthe classification ofake iceand open watei he physical scattering
mechanisms of lake iceere analyzedrom a quadrature polarimetric RADARSAX dataset
obtained over Great Bear Lake, Canada, with the intemitoiatically mapping/monitoringpen
water and ice cover during the brea and freee-up periodsof 2015 As the Canadian
RADARSAT Constellation (RCM) andther future missions akeingplannedor launch the use
of compact polarimetry (CPp also drawing attentiofor lake iceclassification (Dabboor &
Geldsetzer, 2014). However, the necessity of an efficient and automated segmepiaach
of SAR imagery(single, dualpol and polarimetric)is still paramount to enhance lake ice

monitoringcapabilities at ice services such@s.
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3.2 Study Area

The SAR datausedin this study were acquired over Great Bear LEEBL), Northwest
Territories, which is the largest lake entirely within Cané@élgure 3.1) The lake straddleghe
Arctic Circle between 65° and 67° N and between 118° and 123° W. Its alstu&&in above
sea level. It is one dhemajor freshwater resourcegnorthern Canada. The surface avé&BL
is 31153 knt. Globally, helakeranks ' in surface areand 1%'in depth(maximum depth: 446
m; average depth 71.7 nBADARSAT-2 image aquired for this studgoveran area of 25 km
by 50 km in the northerpart of GBL (Figure 3.1)
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Figure 3.1: Location of Great Bear Lake within Canada on the left (delineated by solid red line)

and area covered by RADARSAX acquisitions on right (delineated by dashed blue line)
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3.3 Dataand Method

3.3.1 Data

Data employed in this study is RADARSAT Wide Standard QuadraturéSQ)
Polarimetric imageryFourteenSQ imagesof single look complex produatere acquired from
both ascending and descending overpasses during springupresatd fall frezeup of 2015.
RADARSAT-2 was launched in December 14, 2007. The orbit of the satellite is polar, sun
synchronous orbit with a period of approximately 101 minutes. The satellite takes 24 days to revisit
its original orbit path. In the Wid8Q beam modgthe Gband steerable antenna transmits and
receives 5405 MHz microwave pulses separately but simultaneouslgmwagsigned bandwidth
of 100,540 kHz acDonald, Dettwiler and Associates LtiMIDA], 2014). Therefore, full
polarimetric imagery provides widavaths of approximately 50 km with incidence angle from 18
degrees to 42 degrees for 21 swath positions. In the single look complex prodfise &Q mode
images cover 50 km by 25 krin area at ground range by azimuth range. The pixel spacing for the
near side is 8.0 m by 5.1 m (slant range by azimuth range) and the pixel spacing for the far side is
11.8m by 5.1 m (MDA, 2016). The slant range resolution is 9.0 m for SQ1 to SQ11 and 12.8 for
SQ12 to SQ21 (MDA, 2016). The azimuth resolution is 7.6 ne. Adiseequivalent sigmaero
is-35+ dB (MDA, 2016). A summary of radar parameters for all 14 polarimetric imagkeus
in the Table 3.1Note that thedaily temperatureobservations wereetrievedfrom the Déline
meteorological station (65°12° N and 23°26) from the historical climate dtabaseof
Environmentand Climate Chang€anadaThe maximum, minimum and mean naarrface air
temperaturehelp with interpreting the snow cover and ice melting/freezing conditions, which may
influence the backscatteand scattering mechanisms. For instankigh neafsurface air
temperature (over @) will cause wet snow cover and melting on the ice surfacdecfease can
be observed in backscati#ue to the signal being absorbed by the wet snow cover and specula

reflectionover the water or ponds on the lake ice surface (Duguay et al., 2002).
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Table 3.1: Summary of RADARSAT-2 acquisition dates, modes and range of
incidence angles. Also shown are the maximurminimum and mean nearsurface air

temperatures recorded at the closest meteorological station (Déline, NWT)

Data Time Date Year Pass Beam Near Far Near Far Max Min Mean
Number Orbits Swath Incidence Incidence Range Range Temp Temp Temp
Position Angle Angle Resolution  Resolution (°0) (°C) (°C)
(degrees)  (degrees) (m) (m)
Break-up Period
1 01:36 Junlé 2015 ASC SQI8W 36.7 395 225 212 19.0 13 10.2
2 01:07 Junl7 2015 ASC SQIW 17.5 212 30.0 249 16.7 73 12.0
3 1446 Tun17 2015 DES SQIIW 295 326 183 16.7 16.7 73 12.0
4 14:29  Jun21 2015 DES SQ21W 395 421 212 20.1 244 52 14.8
5 14:42 Tun24 2015 DES SQI4W 327 357 249 231 26.6 9.7 18.2
6 01:15 Jun27 2015 ASC SQ5W 2L 26.0 236 206 224 12.1 17.3
7 14:54 Jun27 2015 DES SQ6W 237 272 224 19.8 224 121 17.3
8 01:28 Jun30 2015 ASC SQI3W 31.7 347 25.7 237 20.6 134 17.0
Freeze-up Period
9 01:15 Nov18 2015 ASC SQ5W 225 26.0 23.6 20.6 -14.7 -20.6 -17.7
10 14:54 Nov 18 2015 DES SQTW 249 283 214 19.0 -14.7 -20.6 -17.7
11 01:28 Nov2l 2015 ASC SQI3W 317 347 257 237 -13.6 -19.0 -16.3
12 01:11 Nov25 2015 ASC SQIW 19.0 227 27.7 234 -12 -19.8 -15.9
13 14:50 Nov25 2015 DES SQOW 272 305 19.7 178 -12 -19.8 -15.9
14 01:24 Nov28 2015 ASC SQIIW 295 326 183 16.7 233 -13.4 -84
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3.3.2 Methods

3.3.2.1 Datapre-processin@gnd processing steps

RADARSAT-2 Wide SQpol images weremployed in this study. The distance measured
in Single Look Complexyroduct in slant range was converted to ground range. The number of
looks for each image/ascalculated, and muHboking was implementkto take the average of
thecorrespondinginglelooks in the azimuth direction. The number of looks for these 14 images
are typically from 3 to 5, which is not large enoughritucingthe noise effecfLee & Pottier,
2009) Additional polarimetric speckle filteringgasconsidered to further reduceetmoise. The
polarimetricrefined Leespeckldfilter (Lee, Grunes, & Grandi, 1999) wamployedfor weighted
averaging covariance matrix from the neighboring pixels. The refined Leepikserveghe
polarimetric properties and statistical propertsjdingcrosstalk between polarization channels,
andpreserveshe scattering features, edge sharpness, and point targets (Lee, Grunes, & Grandi,
1999).The abovepre-processg stepsincluding the extraction of polarimetric parametevere

performedn the Sentinel Application Platform (SNARErsion4.0.

The Entropyalpha Wishart classifier proposed by Lee et al. (1999) was used to classify
the images at the first stage. It initialized the original classes based on the entropy and alpha angle
zones prposed by Cloude & Pottier (1997), and only used the covariance matrix for maximizing
the likelihood based on the complex Wishart distribution (Lee et al., 1988)Entropyalpha
Wishart classifier was summarized $ection3.3.2.2. Since Entropgipha Wishart classifier
assumed priors for all classes equal, the posterior did not incorporate the prior knowledge. To
fulfill the prior probability by considering neighboring pixels, thgpervised Markov Random
Field (MRF) was implementedon top of Entropyalpha Wishart classifiewhich is detailed in
Section 3.3.2.3The classification results from Entrojpypha Wishart classifier was used as labels
for training the MRF.The features for MRF classifier includéae cepol and cosspol multi-
looked intensities, coherency mafr FreemarDurden decomposition results as well as two
secondary physical parameters: entropy and alpha.affgeentropy represents the disorder of
the scattering, and the alpha angle, directly relatduté@ eigenvectors, can identify the dominant
scattering mechanismAfter all features were extracted and labels were generated from Entropy

alpha Wishart classifier, 10 cross validation was used for training and testdicigmage was
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separated to 10 lids, 9 foldsof the image were usddr training and the rest foldas retained for
testing.In the training processeprior was calculated through the joint probability by considering
the clique potentiathe parameters for the individual distributiohinput features were estimated

by method of moments. In the teststgpfor each cross validation, the likelihood was determined
by product of the probabilities of individual features with the parameters estimated in the training
process. The posteriarasdeterminedy the multiplication of the likelihood and the prior based
on t he Bay €he dasshwitrehoghest masterior will be selected as the outpetfinal
classes were merged according to the merging amartation criteria proposed Bection 3.4.2.4

The overallprocessing chairof feature extraction, label generation and MBlassifier are

illustratedin Figure 3.2.

The accuracy assessment was conducted by an ice analyst of Canadian Ice Service at
Environment and Climate Change Canada (ECCC). The open water and ice polygons were
delineated through manual (visual) identification based on the RADARSp@dlarimetric imges.
Theseadelineation®f open water and iogeredigitizedas regions of interest and further projected
into an image with the same size as multilooked imagesaccuracy assessment will be detailed
in Section 3.3.2.5.

Pauli Decomposition Polarimetric Features

Original Signal
Multi-Looked Intensity

: 1 |

Covariance Matrix (Filtered)

Markov Random Field Classifier

] ] l,

d Training & Testing

\ 4

Covariance Matrix s A

Output
Incoherent Decomposition Label from H-& Wishart Classifier

Figure 3.2: Theprocessing chaiof feature extraction, label generation and MRF classifier
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3.3.2.2 EntropyAlphaAngle Complex Wishart Classifier

Sinee radar signals weraveraged through multilooking and speckle filtering, athlg
covariarce matrix or coherency matrix could benployed for analyzing the incoherent targets.
The covariance matrix and coherency matrix are complex Wishart distributed:

» o~ SFS . 0 F
orh  —E_—0 (3.3)

where fis the covariance matrix variabl@,is the number of lookg, is the dimension of the

target vector, and is the positive definite covariance matrix of tregiable f.

The unsupervised 4dlpha compx Wishart classifier proposed by Lee et al. (1988)s

to maximizethe posterior:0]1 st by appl ying the Bayesod rul e:

1
01t —— (3.4)

wherg represents the classes or labdls scattering vectd® Sinced < is an independent
constant numbefbelongstoclags Qif0 £ W71 Q 0L W] Qfor
all’Q "QThe"QrHh is the model used for the likelihood of a feature given a labéig
Maximizing the posterior is equivalent to minimizing the negative natural logarithm of the

posterior Themaximum a posterior (MAP) function is given by:
000 GO QUBBEIYI OdBQF Gadtsis a ] (3.5)
Since the priob 7 has an unknen probability, Lee et al. (1999) assumed priors to be equal,

thus this classifier now is equivalent ttie maximum likelihood estimation instead of a MAP

classifier.This maximum likehood functionis called doss function
01 ﬁﬁ|= Wi "QaBQ¥ (I)(I)'QF I 1ss (3.6)

Therefore, the pixels are assigned to the class with minimum of loss to achieve the overall

minimum of the loss function.
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The Entropyalpha Wishart classification is a typical unsuperviskdsification, which
uses the expectation maximization (EM) as its optimization algorithm. The initial classes are
assigned according to the admissible alpha and entropy zones as shown in Figure 3.3. Once the
initial classes are prepared, the followinggadure involves two iterative steps. In the expectation
step, for each class, the covariance matran be estimated through the method of moments; in
the second maximization step, it reassitie pixels to the corresponding classes with the lowest
loss for minimizing the entire loss function. These two steps are iterated until the loss function

converges or the termination criterion is met, which will be presentselcinon3.3.2.4.
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Figure 3.3: Entropy and alpha angimnes (Cloude & Pottier, 1997)

3.3.2.3 Markov Random Feld

Sincethe Entropy-alpha Wishart classifieassumeshat the priors for each class are equal
at any time, the objective did not incorporate the prior knowledge. However, regiclsters
are often homogeneous with neighboring pixels having similar properties and featufeiill
the knowledge of neighboring pixels and prior probahitiig Markov properties are considered
due to the conditional independence of any two-adjcent pixelsTherefore, MRF, a graphical

model of a joint probability distribution by considering the neighboring pixedlsemployed
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Leti "‘@Q denote the pixel &6I0n the graphY For each pixel in the image, it has a
feature vectody ; thus, we have the featute & i ~ Y for the whole image. Each pixehas
its corresponding label N ¥, where ther is the range of the classes the label can choose from.
For the whole image, we hawe 1 H N Y. Accor di ng theoremt thes Bay e

posteriorid ® $& is given by
. L
b ogt —2 (3.7)

which measures the probability of labelling given the observed featuiEhe objective of
classifying the whole imagis to find an optimal labelling which maximizes theo s- by a
MAP estimation. Sincé = is a constant and independent of any classes to be chosen, MAP is

equivalent to

AGCow ost © 0 Lo 0 o (3.8)

The labelling field can be modeled as a MRF if allithe' ¥¢) © ; and if for
everyi ¥ "Yi] N ¥, we have

0] $ h i 01 8 AnND (3.9)

where the neighbour sét is defined as the surroundinixels of a pixel . Besides the neighbours,
a subseb is defined as a clique if every pair of pixelirare neighbours. A cligug containing

¢ pixels is called an'horder clique, thus the set of cliques is denoted as
6 66 E° 6 (3.10)

The first order and second order clique are named after singleton and doubleton, respectively.
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According to the Hammeley-Clifford theorem, the joinprobabilityd © of a MRF

follows a Gibbs distribution:

bo -Q © -QB+ o (3.11)

where®d B, A@® o isthe normalizing constant, angdenotes all the possible labelling
conditions, thew ©® denotesthe clique potential of cliqué, the™ o is called the energy

function, which requires taking the sum of potentials of all cliques:
Yo B.wo B o] B ] E (3.12)

In this case, we do not have any hidden layer within the Mamkodel. Only the first order
(singletons) and second order cliques (doubletons) are considered for determining the clique

potentialw, which are given by

R T QN

1 N
w1 ANDG ) Qai 0 (3.13)
.. 1 (ON O
N
w] h AnND i a0 (3.14)

where-i  Tis a parameter tuning the weights of contributions of corresponding clique

potentials.

The likelihood 0 <90 is determined by the probability density function of the
corresponding features. For instance, the mtoittked intensity from heterogeneous scattering
should be Kdistributed; the PDF can be given by

Q0 phoh) + ¢ 0UO (3.15)

The ®variance matrix is complex Wishartdistributed as presented in Equation 3.3. The
decomposition parameters are assumed to be Gaussian distfibeke& Pottier, 2009) The

parameters in these PDFs1\dze estimated through the method of moments.
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3.3.2.4 Class Merging and Termination Criteria

The number of classes provided by the classifiers is generally more than 2 classes: ice and
open water; thereforelass merging and termination criteria are needed for combining the classes
that indicate the same target and decreasing the number of classes. The number of classes cannot
be specified due tine factthatopen water or differente types may have varus manifestations
in the space of polarimetric featuré®r instance, the surface roughness of water may differ over
time, when water is disturdeby windcreatingwaves. Therefore, scattering from surfacater
may have significant diérence in polariation and polarimetric parametgrsore than one class
should be reserved for wat@e overflowingclasses can be merged according to the following
proposed algorithms. The dispersion is introduced at this stage to measure distance between classes.
The dspersion within clas§O is defined as the averaged distance from the covariance ngatrix

of each pixel in clas$?o thesum ofcovariance matrix .-of the classQ

O —-B Vi dop llss Illes ¢ (3.16)

where0 is the number of the pixels in tiotassQn=3 is the dimension of the covariance matrix.

The distance between two clas§gsis defined as

11s s

(3.17)

ParametelY , originally proposed by Davies & Bouldin (1979 alwaysprovidesan indication

of the separation (Lee, et al., 1999):
Y — (3.18)

where’Y N 1t . When'Y is close to 2, the two class€and’Qs likely to be merged; when it

is close to 0O, the two classes are highly separated.
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The termination criterion can be obtadby an optimization problem defined as
AQCQY¥ AQCQs&B 'Y (3.19)

where¢ is the number of classes, aid Is the maximum separation of the cl&3defined

as
Y i Ay AQ Q (3.20)

The procedure is as foll@atheinitial number of classes is set a®; calculateY for € ; deduct

the number of classes: ¢ p; merge the two classes withe maximumY value If the

currente is larger than 1go back to the second step to calcuMtéteratively until the current

¢ equalsto 1.

3.3.2.5 Accuracy Assessment

The accuracy assessment was conducted by an ice analyst of CIS at ECCC. The open water and
ice polygons were delineated through manual (visual) identification based lwartheopy of
RADARSAT-2 polarimetricmulti-lookedimages, which are the same images for the
classification.These delineations of open water and ice were digitizedraplings ofegions of
interest(ROI) and further projected iatthe multilooked images with the same sizes ghown

on the left ofFigure 3.4, the blue spots were the RObpenwater and gllow spots were the

ROI of ice, which were located within the original delineated open water and ice polygons.
Whenwe hadthe classification results from either Entregipha Wishart classifier or MRF
classifieras shown on the right of Figure 3wle summedhe pixels within the ROI that were
correctly classifiecdnd this number was divided by the overall pixels in the ROI to achieve the
accuracy. For instanc# the pixels in blue ROIs was classifi@s open water shown in black on
the right of Figure 3.4, they were marked as correctly classified pixels. If pixels within orange
ROlswere identifiedaslakeice in the classification resultshey were marked as cectly

classified pixelsThe overallccuracy was achieved by summing all the correctly classified

pixels anddividing it by all the pixels within all ROIs.
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water and ice by the ice analygim CIS The blue ROI represents open water, and orange ROI

represents ice. The image on the right shows an example of classificauits. r&he black

corresponds open water area, and the rest of colored area correspond lake ice.

3.4 Results and Discussion

The multiHlooked intensities are presented Figures 3-3.18 through the Pauli
decompositionA), the diagonal elements of the coherency mgtB) the powers of surface,
double boune and volume scattering froRteemarDurden decompositiofC) as well agntropy
(D) and alpha angl€E). The latels generated from the Entreplpha Wishart classifigiG) and
the correspondintegend(F) for the classification results from the MR¥assifier(H) are also
shown in these figuresThe characteristics of featuraad their physical meanings well as
accura@y assessments the classifier are presentbdlow.
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Figure 3.5: This image was acquired during the bregkperiod on June 16, 2015 at ascending
orbit. See Table 3.1 for further details on image acquisition characteristi€aree features from
Pauli decompositiorRed HH-VV, Green 2HV, Blue: HH+VV); B: Coherency matrix (Bd T11,
Green T22, Blue: T33); C: Surface, double bounce and volume scattering from Fre@ugaen
Decomposition (Rd: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha
angle; F: Legend of labelsnd color codesrom H-alpha classifier; GLabels from Halpha
classifier developed byde et al. (1999); HResults fromthe MRFclassifier.
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RS2SLC-SQIWASC-17-Jun2015_01.07
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Figure 3.6: This image was acquired during the bregkperiod on June 17, 2015 at ascending
orbit. See Table 3.1 for further details on image acquisition characteristi€aree features from
Pauli decomposition (&t HH-VV, Green 2HV, Blue HH+VV); B: Coherency matrix (Bd T11,
Green T22, Blue: T33); C: Surface, double bounce and volume scattering from Fre@ueden
Decomposition (led: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha
angle; F: Legend of labelsnd color codesrom H-alpha classifier; GLabels from Halpha
classifier developed byde et al. (1999); HResults fronthe MRFclassifier.
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RS2SLC-SQ11WDES17-Jun2015 14.46
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Figure 3.7: This image was acquired during the bregkperiod on June 17, 2015 at descending
orbit. See Table 3.1 for further details on image acquisition characteriti€aree features from
Pauli decomposition (&t HH-VV, Green 2HV, Blue: HH+VV); B: Coherency matrix (B T11,
Green T22, Blue: T33); C: Surface, double bounce and volume scattering from Fre@ueten
Decomposition (Rd: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha
angle; F: Legend of kels and color codesrom H-alpha classifier; GLabels from Halpha
classifier developed byde et al. (1999); HResults fronthe MRFclassifier.
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RS2SLC-SQ21WDES-21-Jun2015_14.29
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Figure 3.8: This image was acquired during the bregkperiod on June 21, 2015 at descending
orbit. See Table 3.1 for further details on image acquisition characteriti€aree features from

Pauli decomposition &t HH-VV, Green 2HV, Blue: HH+VV); B: Coherency matrix (Bd T11,
Green T22, Blue: T33); C: Surface, double bounce and volume scattering from Fre@ueaen

Decomposition (ied: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha

angle F: Legend of labeland color codesrom H-alpha classifier; GLabels from Halpha

classifier developed byde et al. (1999); HResults fronthe MRFclassifier.
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RS2SLC-SQ14WDES-24-Jun2015_14.42
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Figure 3.9: This image was acquired during the bregkperiod on June 24, 2015 at descending
orbit. See Table 3.1 for further details on image acquisition characteristi€aree features from
Pauli decomposition (&t HH-VV, Green 2HV, Blue: HH+VV); B: Coherency matrix (B T11,
Green T22, Blue: T33); C: Surface, double bounce and volume scattering from Fre@ueten
Decomposition (Rd: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha
angle; F:Legend of labelsand color codedrom H-alpha classifier; GlLabels from Halpha
classifier developed byde et al. (1999); HResults fronthe MRFclassifier.
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RS2SLC-SQ5WASC-27-Jun2015_01.15
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Figure 3.10: This image was acquired during the bregkperiod on June 27, 2015 at ascending
orbit. See Table 3.1 for further details on image acquisition characteristi€aree features from
Pauli decomposition (&t HH-VV, Green 2HV, Blue: HH+VV); B: Coherency matrix (Bd T11,
Green T22, Blue: T33); C: Surface, double bounce and volume scattering from Fre@ueten
Decomposition (Rd: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha
angle; F: Legend of kels and color codesrom H-alpha classifier; GLabels from Halpha
classifier developed byde et al. (1999); HResults fromthe MRFclassifier Note that the red
area pointed by red arrow cannot be interpreted as dboblece scattering dominating open

water surface.
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RS2SLC-SQ6WDES27-Jun2015 14.54
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Figure 3.11: This image was acquired during the bregkperiod on June 27, 2015 at dasding
orbit. See Table 3.1 for further details on image acquisition characteristi€aree features from
Pauli decomposition (&t HH-VV, Green 2HV, Blue: HH+VV); B: Coherency matrix (Bd T11,
Green T22, Blue: T33); C: Surface, double bounce amdlume scattering from Freem&urden
Decomposition (Rd: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha
angle; F: Legend of labelsnd color codesrom H-alpha classifier; GLabels from Halpha
classifier developed byde et al. 1999); H:Results fromthe MRFclassifier.Note that the red
area pointed by red arrow cannot be interpreted as dbohbiece scattering dominating on open

water surface.
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RS2SLC-SQ13WASC-30-Jun2015 01.28
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Figure 3.12 This image was acquired during the bregikperiod on June 30, 2015 at ascending
orbit. See Table 3.1 for further details on image acquisition characteriti€aree features from
Pauli decomposition (&t HH-VV, Green 2HV, Blue: HH+VV); B: Coherency matrix (Bd T11,
Green T22, Blue: T33); C: Surface, double bounce and volume scattering from Fre@ueten
Decomposition (led: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha
angle; F: Legend ofabelsand color codesrom H-alpha classifier; GLabels from Halpha
classifier developed byde et al. (1999); HResults fromthe MRFclassifier.
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RS2SLC-SQ5WASC-18-Nov-2015 01.15
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Figure 3.13. This image was acquired during tfreezeup period on November 18, 2015 at
ascending orbitSee Table 3.1 for further details on image acquisition characteriatiddree
features from Pauli decompositiong® HH-VV, Green 2HV, Blue: HH+VV); B: Coherency
matrix (Red T11, Green T22, Blue: T33); C: Surface, double bounce and volume scattering from
FreemarDurden Decomposition @I: doubleébounce Green volume Blue: surface; D: Entropy
(H); E: Alpha angle; F: Legenaf labelsand color codefom H-alpha classifier; GLabels from
H-alpha classifier developed byee et al. (1999); HResults fromthe MRFclassifier.Note that
the red area pointed by red arrow cannot be interpreted as dmubiee scattering dominagjron

open water surface.
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RS2SLC-SQ7WDES18-Nov-2015 14.54
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Figure 3.14: This image was acquired during tfreezeup period on November 18, 2015 at
descending orbitSee Table 3.1 for further details on image acquisition characteristidiree
features from Pauli decomgition (Red HH-VV, Green 2HV, Blue HH+VV); B: Coherency
matrix (Red T11, Green T22, Blue: T33); C: Surface, double bounce and volume scattering from
FreemarDurden Decomposition @I: doubleébounce Green volume Blue: surfacg; D: Entropy
(H); E: Alpha angle; F: Legend of labedsid color codefom H-alpha classifier; GLabels from
H-alpha classifier developed byet et al. (1999); HResults fromthe MRFclassifier.Note that
the red area pointed by red arrow cannot be interpreted as dmubize scattering dominating on

open water surface.
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RS2SLC-SQ13WASC-21-Nov-2015 01.28
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Figure 3.15: This image was acquired during tfreezeup period on November 21, 2015 at
ascending orbitSee Table 3.1 for further details on image acquisition characteriatid$ree
features from Pauli decompositi (Red HH-VV, Green 2HV, Blue HH+VV); B: Coherency
matrix (Red T11, Green T22, Blue: T33); C: Surface, double bounce and volume scattering from
FreemarDurden Decomposition @I: doubleébounce Green volume Blue: surfacg; D: Entropy
(H); E: Alphaangle; F: Legend of labetnd color codefom H-alpha classifier; GLabels from
H-alpha classifier developed bgg et al. (1999); HResults fronthe MRFclassifier.
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RS2SLC-SQ2WASC-25-Nov-2015 01.11
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Figure 3.16: This image was acquired during theezeup period on June 25, 2015 at ascending
orbit. See Table 3.1 for further details on image acquisition character&ti€aree features from
Pauli decomposition (&t HH-VV, Green 2HV, Blue: HH+VV); B: Coherency matrix (Bd T11,
Green T22, Blue: T33); C: Surface, double bounce and volume scattering from Fre@ueten
Decomposition (Rd: doublebounce Green volume Blue: surface; D: Entropy (H); E: Alpha
angle; F: Legend of kelsand color codesrom H-alpha classifier; GLabels from Halpha
classifier developed byde et al. (1999); HResults fronthe MRFclassifier.
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