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Abstract

A classi cationsystentfor obtainingthe seaice concentratiorirom satellitebasedsingle-polarized
SAR datais presentedThe methodis basedn a supervisedeuralnetwork classi cationof
second-ordegrey level statisticsfeaturesLearningVectorQuantizationis usedfor describinghe
boundariebetweerthe surfaceclassesFive RADARSAT ScanSARWide imagesof the seaice off
of the EastandWestcoastof Greenlandvereclassi edwith resultingclassi cationaccuracie$rom
80to 98 percent.Thealgorithmis robustto the selectionof trainingdatawhich wasmeasuredby
classifyingthe samedatasetwice usingmultiple expertsfor selectingrainingdata.Thus,the
precisionby which seaice andopenwaterwasassessetb be approximatelytwo percent.The
classi cationaccurag is dependenbn the seastate especiallythe degreeto which thewateris
roughenedy wind. Thecurrentclassi cationsystemis notableto distinguishbetweerhigh
backscatteseaice andhigh backscatteoceanareasandthereforeareasof wind roughenedeawater
aremasledout afterclassi cation.
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1. Introduction

Thepresentedvork is partof theIOMASA project(IOMASA, 2002a)in which amaingoalis to
achieve improvedremotesensingof seaice with moreaccuratedeterminatiorof seaice
concentratiorof the Arctic SeaslIn thelOMASA project,passve microwave ice concentration
algorithmsareemployed,andfor the validationof thesealgorithms high resolutionice
concentratioomeasurearenecessarflOMASA, 2002b).This reportdescribes nev methodbased
on texture measureandneuralnetworksfor obtaininghigh resolutionseaice concentratiorirom
single-polarizedvide swath SAR datafrom the RADARSAT andENVISAT satellites.

Currently ice concentrations availablefor selectedareasof the Arctic Seaon anoperationabasis
from navigationalice charts.However, theice concentratiorirom ice chartsareonly accuratevithin
aninterval of 10-20%andarebasedn subjectve judgementandgeneralizingof theice
concentrationOpticalsensorsn thevisible or infraredrangeof the electromagnetispectrumareof
little usein the Arctic dueto pooror little sunlightin thewinter monthsanddueto the extensive
cloudcover of theregion. To validatethe global coverageof today's passve microwave radiometers
andscatterometersheonly feasiblesourceof datais swath SAR data(typical swathwidthsof 500
km).

In thisreportanaccurateandobjectve methodfor obtaininga high resolutionandindependenice
concentratioomeasuras presentedThe methodis semi-automati@ndrequiresuserinteractionin
theselectionof trainingareasand ne-tuning of the classi cationresult.

Firstly, the SAR datais pre-processedndmanualselectionof trainingdatais carriedout by ice
chartingexperts.Thenthe SAR imageis classi ed usingthe Learning\ector Quantization(LVQ)
algorithmasdescribedy Kohonen(2001)andHastieetal. (2001). Thealgorithmis afastand

e xible neuralnetwork-like algorithm.Second-ordegrey level statisticscalculatedusing
Grey-Level Cooccurencdatrices)areusedasfeaturesandthe LVQ algorithmuseghetrainingdata
to classifythe SAR imageinto a numberof relevantclassege.g.calmwater roughwater high and
low backscatteseaice). Theclassi cationframavork is basedn extensiongo softwareby Lars
Kaleschle of the University of Bremenwho usedLVQ for seaice classi cationusingERS-2SAR
imagegKernetal., 2003).Finally, post-processing carriedoutto producea classi cationmaskto
indicateareaof successfutlassi cation.

2. Data

For the developmentandtestingof the classi cationsystem ve representatie RADARSAT
ScanSARWide imagesareclassi ed. Theimagesdisplayvaryingconditionsof seaice and
meteorologicatonditions;from very simpleto moredif cult to interpret. The ScanSARWide
imageqlistedin table3.1) have anoriginal pixel sizeof 50x50m anda swathwidth of 500 km.

Thefollowing sectionwill give ashortdescriptionof eachdataset. The gures shaving theimages
areshowvn in AppendixA.

Scenel (FigureA.1): RADARSAT imagefrom WestCoastof GreenlandTheimageis easyto
interpretdueto the goodweatherconditions(little wind). Therearefew differentsurfacetypes:First
yearice, fastice andopenwater(calmandturbulent). Fromvisualinspectionthe surfacetypes

JOMASA (IntegratedObsenationandModeling of Arctic Seaice andAtmosphere)a'ResearchandTechnological
Development'-projectf the EuropearCommissiorundercontractt VK3-CT-2002-00067
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RADARSAT ScanSARWide Cy data

no | date orbit | area

2000-05-24| 23765| Disko Bay, WestCoastof Greenland
2000-07-22| 24607 | Scoresbysund,EastCoastof Greenland
2001-12-16| 31932 | Disko Bay, WestCoastof Greenland
2001-12-22| 32018| Disko Bay, WestCoastof Greenland
2001-12-26| 32075| Disko Bay, WestCoastof Greenland

g b~ WNPE

Table 3.1 Imagedata

appearso bewell separated.

Scene2 (FiguresA.2 andA.3): RADARSAT imagefrom EastCoastof GreenlandTheimageis
morecomplex vdueto mary differentsurfaceclassesFirstandmulti-yearice oes of varying
concentrationaswell asregionsof calmandturbulentwater The surfacetypesaremixed.

Scene3 (FigureA.4): RADARSAT imagefrom WestCoastof GreenlandModeratelycomplex
imagedueto turbulencein thewaterregionsandover areasof the rst yearice oes. Theimage
shav poor contrasiof the seaice areasn thefarrangeof theimage.

Scened (FigureA.5): RADARSAT imagefrom WestCoastof GreenlandLessturbulenceoverthe
ice coveredareagmakesthisimagefairly easyto interpret.Largetonalvariancefrom thenearto the
farrangeof theimage.

Sceneb (FigureA.6): RADARSAT imagefrom WestCoastof GreenlandModerateamountof
turbulence similarto scenet. Someareaf thin ice (dark).

No groundtruth datawasavailableto supporttheinterpretatiorof theimageshowever, trainedice
expertsfrom the DanishMeteorologicalnstitute(DMI) assistedn theinterpretatiorof the SAR
imagesandin the selectionof trainingdata.

3. Method

Classifyingseaice from SAR imagess not atrivial task.Selectionrandextractionof features,
selectionof trainingdata,andthe choiceof classi cationmethod all in uence the outcomeand
accurayg of theclassi cation. Furthermoretheinterplaybetweertheradarsystemparameters
(wavelength polarization,incidenceangle ,numberof looks,etc.) andthe surfacepropertiesj.e.
how theice andwatersurfacesre ect thesignal,is animportantconsiderationn designingarobust
andsuccessfutlassi cationscheme.

It is dif cult to dessigrauniversallyvalid seaice concentratioralgorithmoperatingon
single-polarize SAR data. This is dueto the large variabilitiesin theervironmentin which seaice
occurandthemodeof operationof the SAR sensarOftenclassi cationschemesrelimited to
operateonimagesfrom a particularsensoyin a particularseasorof theyear overaparticular
geographicahrea.At worst,the classi cationmethodwill belimited to providing usefulresultsona
singleimageonly.

In thiswork the goalwasto designa methodfor obtainingaccuratace concentratiorirom arangeof
differentimagesandareas.Thereforethe selectionof featuresandtrainingdataaswell asthe
parametersf the neuralnetwork werenot basedn a singlereferencamageonly.
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Figure 4.1 Theneuralnetwork classi cationscheme.

Theclassi cationschemevasdesignedo allow for ne-tuning to accommodatéo theindividual
challenge®f eachimage.Themanual ne-tuning is carriedout by anice expert,andallows for
changinghe numberof surfaceclasseaswell asselectingdifferenttrainingareas A o w chartof
theclassi cationschemas shawvn in Figure4.1.

Preprocessing

RADARSAT data,having a spatialresolutionof 100m, but a pixel sizeof 50 m, waspre-processed
by asimpledownsamplingo a pixel sizeof 100m. This decreasethe computatiortime aswell as
suppressesomeof the specklenoiseinherentto SAR imagery ENVISAT ASAR datawasnot
downsampledrior to featureextractiondueto alower original pixelsizeof 75m whichis
comparableo thedowvnsampled.0O0m RADARSAT resolution.

SARimagery andespeciallywide swath SAR imagery oftendisplayatonalvariationin therange
directionof theimage(seeFigure4.2,left). Thisis dueto thevaryingincidenceanglebetweerradar
raysandthe Earth's surfaceaswell asthe changingdistancerom theradarto thetarget. These
effectscanpartially be correctedor by absolutecalibrationof the SAR image.However, for this
work a pragmaticsolutionto rangecorrectionwasapplied: The averagevariationof backscatter
acrosgangefor seaice wasmodelledby anexponentialcurve andsubsequentlgppliedto the SAR
imagedo correctfor this effect. This correctionis notusedfor RADARSAT imagesbut only
ENVISAT imagesdueto thefactthatENVISAT displaysa morepronouncedange-brightness
variationdueto it' swider rangeof incidenceangle.In Figure4.2 the effect of therangecorrection
canbeseen.

Feature selection and extraction

Dueto speckleinherentin SAR datait is not possibleto accuratelyclassifySAR datausingthe
amplitudeor the normalizedbackscatteringrosssectiononly. Thereforeanimportantissueto
consideis the extractionof reasonabléeaturedrom the data.
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Figure 4.2 Left: UncorrectedENVISAT WSM sceneRight: CorrectedENVISAT WSM scene.

Many differentfeaturesandtheir combinationshave beeninvestigatedn the eld of seaice

classi cation,but no universalfeaturesjnvariantto dataresolution seasonabr weatherconditions,
hasbeenformulated.A commonapproachs to useregion basedeaturesij.e. to calculatea measure
of alocalregion aroundeachpixel. Examplesof this approachs the useof second-ordegrey level
statisticsdistribution matchingandadaptve thresholdingnethods.

Texture patterndrom second-ordegrey level statisticshave beenshown to provide valuable but not
alwaysunambiguousinformationaboutthe surfaceclassesSeveral studiespresensuccessful
resultsin discriminatingseaice in thetexturefeaturespaceg.g. Shokr(1991),BarberandLeDrew
(1991)andKaleschle andKern(2002).It waschoserto elaborateon thesemethodsoy using
second-ordegrey level statisticsderivedfrom the Grey-Level Co-occurrencatrix (GLCM) as

de ned originally by Haralicketal. (1973).

Thetexturefeaturesverecomputedusingthe Grey Level Co-occurrencéinkedList, which makes
fastcomputatiorof second-ordegrey level texturespossible.Thealgorithmwasdescribedy
ClausiandJernigan(1998)andlaterusedfor seaice classi cationby Kaleschle andKern (2002).
Thisimplementatiorallows for the computatiorof eightsecond-ordestatisticsaslistedin table4.1,
whereCj; is theprobabilityfor thecellij in theGLCM,  is thestandardieviationof row i, y is
the standardieviation of columnj, , isthemeanofrowi,  isthemeanof columnj, G isthe
numberof grey levels.

Thedifferenttexture measurese ect the degreeof smoothnesandthehomogeneityf the surface
andis normallygroupednto threegroupsasindicatedin table4.1. Within the smoothnesandthe
homogeneitygroupsthe texture measuresendto be correlated Thereforeacommonapproachn
selectingtexturefeaturedor classi cationis to chooseonly oneor afew featuresrom eachgroup.

Therearea numberof parameterso considerbeforecalculatingthe GLCM for the SAR images:
guantizatiorof theinput data,sizeof the GLCM andthedirectionin whichthe GLCM is calculated.

For this project,aftersomeinitial tests,it waschoserto quantizethe original 256 grey level (8 bit)
imageso 64 levels(6 bit). This vgivesa considerabléastercomputatiorof the grey-level
co-occurrencenatriceswithoutlossof information. Clausi(2002)reportedhatatoo high or too low
quantizatiorresultedn decreasedlassi cationaccuracies.

www.dmi.dk/dmi/sr05-04 page 7 of 39



ki Danish Meteor ological Institute
LBl Scientic Report 05-04

Homogeneitytexture measues
& 1
ASM  Angular SecondMoment(or En- ASM = Cij2
emgy) =0
& 1
ENT Entropy ENT = Cjj logCj
i;j =0
Smoothnesdexture measues
1
CON Contrast CON = Ci(i j)?
DIS  Dissimilarity DIS= Ciji Jj
iij =0
. & 1 Cj
HOM Homogeneity HOM = -
i;j =0 l + (I J )2
. LG
INV  InverseDifferenceMoment INV = —
i;j =0 1 + JI J J
Other texture measures
& 1 (; i ,
COR Correlation COR = (W0 WG
i;j =0 Xy
& 1
MU  Mean MU = iICjj
i;j =0

Table 4.1 TheeightGrey Level Co-occurrenc@exture Measures.

Thewindow sizeof the GLCM hasbeendiscussedby for exampleShokr(1991)andanappropriate
box sizeof 9x9 pixelswaschoserafter sometrails usinglargerandsmallwindow sizes.The spatial
scaleof thetextures,aswell asthe spatialresolutionof the RADARSAT ScanSakWide imageswere
alsotakeninto account.Too largeawindow cause®lurring of theimage,especiallycominginto
effectattheboundariedbetweerice andwater whereagoo smallawindow sizedoesnot allow the
detectionof thedesiredtextures.A smallerwindow sizeis preferablaf computatiortime of the
GLCM is of importance.

The GLCM canbecalculatedor arangeof differentdirections allowing the detectionof textures
thatarealignedat speci c directions.BarberandLeDrew (1991)concludeghata GLCM calculated
with anorientationparallelto the look directiongivesmaximumdiscriminationof seaice, however
for this work this statemenhasnot beeninvestigatedandit waschoserto useanaveragingof
directionsby makingthe GLCM rotationallyinvariant.

Number of features

Fromthebodyof researchnto classi cationof seaice usingsecond-ordestatisticst is, as
mentioneckalier not possibleto concludewhich featuremeasuresrethe best.Clausi(2002)uses
secondrderstatisticson RADARSAT ScanSARmagesandconcludeghatif only threefeatures
areto beusedthecontras{CON), theentrofy (ENT), andthe correlation(COR) measuregre
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preferred Kaleschle andKern (2002)usesquite similar featureson ERS-2SAR data,
recommendinghe useof theentroy (ENT), mean(MU), contras{ CON) aswell asalee- Itered
image(specklereducing lter).

However, the optimal choiceof featuregnight be suspectedbo be quite closelyconnectedo the
speci ¢ datasetused.On this backgroundt wasdecidedfor the developmentf this method to
investigatehe optimalcombinatiorandnumberof featuresover a rangeof typicalimages.

Usingthefull setof texturefeaturesn onesingleclassi cationis notexpectedo provide good
results,.e. ahigh classi cationaccurag. Thisis becauseisingall of thefeatureswill make it

dif cult for thetrainingsamplego modelthefull featurespace Furthermoremary of the GLCM
texturefeaturesarecorrelatedandwill thereforenotimprove onthe clusteringof the databut only
make thefeaturespacanorenoisy. Theinvestigationon thetopic of optimalfeatureselectionandits
resultsis presentedh thelaterchapters, ResultsandDiscussion.

Examplesf thetextureimagescanbe seenin FigureB.1in AppendixB whereall nine featuredor
scene? is shown.

Training data

Selectionof trainingareador theclassi cationhasto be carriedout with specialcareto ensurea
goodstatisticaldatamaterialfor the neuralnetwork trainingandclassi cation. Campbell(1996)
mentionsstudiesshaving thatthe selectionof trainingdatais equallyimportantto theclassi cation
accurag asthechoiceof theclassi cationalgorithmandits parametergself.

In the selectionof training datait wasassuredhathomogeneouareasgcontainingonly onesurface
classwereselectedFurthermoreareasvereselectedevenly distributedover theentireimage(if
possible).This ensureghatall thevariationswithin the classis representevithin thetrainingdata.

In the FiguresA.1 to A.6 thedistribution of thetrainingareador eachRADARSAT scenecanbe
seemascoloredrectangles.

Themethodis notdependenon theability to selectequalnumberof training pixelsto be selectedor
eachclass.After themanualselectionof trainingareasanequalamountof trainingdatais extracted
randomlyfrom the manualselectedareas For scenel, 2a,2b, 3 and4, atotal of 2000trainingpixels
perclasswereextracted whereador scenes only 1300pixelsperclasswereextracted.

For the validationof the classi cation,thetrainingdatais dividedrandomlyinto two subset®f data.
Onefor training the neuralnetwork andonefor testingthe accurag of theclassi cationby
calculatinghow well the neuralnetwork classi esthedata.Thisis describedn sectiord4,

Classi cationAccurag.

Traning data selection software

Selectingrainingdatafrom remotesensingmagesequiresthe experienceof a trainedimage
analyst.For this methoddevelopmentjce chartingexpertscarriedout the work.

A softwareextensionfor the Erdasimagineimageanalysissystemwasdeveloped(seeFigure4.3).
Theice expertsareusedto workingin Erdasimaginefor ice chartingwhich wasthereasorthis
softwarewaschosen.The GUI-basedxtensionenablegheuserto loada SAR imageandannotatet
with anumberof training classesThetraining classesredisplayedwith differentcolorsandare
assignedh classname.The annotatedmageis eventuallyexportedinto a le formatreadableo the
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Figure 4.3 Trainingdataselection An extensionto Erdasimagine.Top left: File managementlop
middle: Annotationtools. Top right: TrainingclassmanagemenBottom: SAR imagewith training
dataoverlay.

classi cationsoftware.

Number of classes

For the purposeof seaice concentratiometrieval the numberof surfaceclassexanbekeptrelatively
small,asit is not necessaryo be ableto discriminatebetweerdifferentice types,e.g. rst-year ice
andmulti-yearice. However, for the clusteringof the datain the featurespacat is oftenvaluableto
have individual classedor eachice type. Laterthesearecombinednto oneice classfor achiezing
seaice concentration.

Thechoiceof classedor the veimagesanalyzedn this studytypically consistof two seaice
classesandoneor two openwaterclassesTheseaice classesre: 1) smooth|ow backscattering
ice,and2) rough,high backscatteringce. Thewaterregionswereeitherchoserto consistof calm
waterandturbulentwaterasseparatelassesor in the caseof scene3, 4, and5 to only includeone
waterclassandignoretheturbulentwaterclass.This is donebecaus®f a frequentoverlapbetween
turbulentopenwaterandtheroughice classesvasfound. This is discussedn the Resultsand
Discussionchapters.

www.dmi.dk/dmi/sr05-04 page 10 of 39



ki Danish Meteor ological Institute
LBl Scientic Report 05-04

Classi cation method

Thechoiceof classi cationalgorithmis, lik e the choiceof featuresnottrivial either This method
usesasupervisealassi cationschemeby the meansof anarti cial neuralnetwork. Many statistical
modelsfor classi cation,suffer from theassumptiorthatthe datafollows a certainprobability
distribution (Benediktssomnd Swveinsson1997).Neuralnetworks allows for model-fee

classi cationthatarebothfastand e xible. However, thereis atrade-of in thatthe methodworks
muchlik e a blackbox wheretherelationsbetweerthe featuresandthe classis not easilydeductible.
Neuralnetworksarealsoknown to performwell on datasetsof noisyandpoorly de ned data
(Silipo, 1999),which makesit reasonabléo usethe neuralnetwork on SAR data.

A widely appliedneuralnetwork in the elds of statisticalpatternrecognitionandclassi cationis
theLearningVectorQuantizationLVQ) asformulatedby Kohonen(2001).Hastieetal. (2001)
groupsLVQ togethemwith K-mean<Clusteringcalling themPrototypeMethods Thetrainingdatais
representedly a setof pointsin thefeaturespaceandtheclassi cationis basedn a distance
measurdoftenthe Euclideandistance).

RemoteSensingapplicationof LVQ have foundthealgorithmto beaccurateand e xible as
reportedby for exampleKaleschle andKern(2002).For this projectthe LVQ_PAK implementation
Kohoneretal. (1996)of LearningVectorQuantizatiorwasused.

TheLVQ algorithmis basedn the descriptionof the classedy socalledcodebookrectos, which
areessentiallytraining pixelsviewedasvectors(seeFigure4.4).

Codebook vecto:r

LEE ‘ o

ASM ‘ .

CON ‘ -

ENT O

H [

Figure 4.4 Fourfeaturesandthe codebookvector

LVQ - neural network training

Thecodeboolof vectorsis constructedhroughalearningor training phasein which thefeature
vectorsareadjustedandpositionedn anoptimalway, sothatthey do notintermingleandcause
overlappingclassboundaries.

For the actualtrainingof the LVQ atotal of 10 % of the numberof trainingsamplegperclasswere
choserasthenumberof codebookvectors.Thus,thenumberof codebookrectorswas200for scene
1-4,but only 130for scenéb. After initialization of the codebookthelearningphaseadjuststhe
positionof the codebookvectorson the basisof input vectorsfed from thetrainingdata.If theclass
of theinputvectoragreeswith the classof the closesicodebookvector thenthe codebookvectoris
movedtowardstheinputvector Thistrainingstageis repeated prede nednumberof stepsandthe
distanceby with the codebookvectorsaremovedis decreasedimultaneouslyasspeci ed by the
learningrate.Ideally, thisiterative processeachestability.
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The codebookwhichis theresultof thelearningphasecanbeillustratedby the Voronoitessellation
in whichtheboundariepetweerthe Voronoicells constitutethe classboundariesThisis shavnin
Figure4.5. However, thisis the 2D case.In thenormalcasethe boundariebetweerclassesire
hyperplanes.

Figure 4.5 TheVoronoitessellationDotsareoptimizedcodebookvectors linesareboundaries
betweerclasses.

A commonphenomenoin the eld of neuralnetworksis over-learning Over-learningis what
happensvhenthe neuralnetwork becomesne-tunedto thetrainingdataandthuswill notbe ableto
generalizeo new data(Silipo, 1999).However, by usingthe LVQ3 variantof the LVQ algorithm,
overlearningis notof concernLVQ3 is self-stabilizingasdescribedn Kohonenetal. (1996),
meaninghatthe optimalplacemenbf the codebookvectorsdo not changewith extendedearning.
Thenumberof learningstepswasthereforesetto a high valueof 500.000thelearningratesetto a
low valueof 0.03,therelative learningrateparameteto 0.1 andthewindow width parameteto 0.3.
Theoptimizationof theseparameter$or theclassi cationaccurag hassofar not beeninvestigated
fully in thework of this project.

Classi cation and its accuracy

After thetrainingby LearningVectorQuantizationthe nal codebookcanbeusedto classify
unlabeledeaturevectors.An unlabeledeaturevectoris assignedhe classof the closestcodebook
vectorgivenby the Euclideandistancebetweerthem. Thisis usedto computethe nal classi ed
imageproductwhich is usedfor ice concentratiorcalculation.

Assessmentf theclassi cationaccurag wasdoneby establishinghe confusiormatrix of the
trainingandthevalidationvectors.Fromthis anoverall accurag for eachclassi cationwas
computedln AppendixC the confusionmatricesfor eachclassi ed RADARSAT imagecanbeseen.

A visualway to evaluateontheclassi cation's ability to classifythedata,is to make Sammorplots
(Kohoneretal., 1996).A Sammorplot is a methodfor mappinghigh dimensionablataontoa lower
dimensionakpaceusually2-D. By plotting thetrainedcodebooksndtheir labelsin thisway; it can
be evaluatedwhetherthe clustersof classesreoverlappingor not. Figure4.6 shavs a Sammorplot
of thetrainedcodebookvectorsof scenel. Fourwell-separablelassesareseenwhich corresponds
well with the high recognitionaccurag of thatspeci c classi cation.
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Figure 4.6. Sammorplot for scen€l. Thefour classearewell-clusteredandnon-overlapping

Assessment of classi cation and ne-tuning

After theclassi cationphasetheclassi edimageis assessely anice expertby comparinghe
classi edimagewith theoriginalimageandthetextureimages.If theclassi cationis erroneousthe
operatorcanchoosdo ne-tune thenumberandplacementf trainingareasasillustratedin the
classi cation o wchart,Figure(4.1). Signsof theclassi cationbeingin errorcanbetheoverlapping
of classese.g. poordiscriminationbetweerfor examplehigh backscatteringce andturbulentwater
Thisis acommonproblemfor seaice classi cationfrom single-polarize SAR dataasalsoreported
by Gill (2002).

Choosingdifferentcombinationsf featuresaddingor removing trainingareaschanginghe
numberof surfaceclassecanimprove theclassi cation. After the ne-tuning theclassi cationis
performedagain.

Classi cation mask

The nal stepin theclassi cationproceduras to make a classi cationmask.Themaskseparates
areaf well classi edareadrom misclassi edareasandis basedn manualimageinterpretation.
Obviousmisclassi edareassuchasareasof wind roughenedvaterconfusedwith high backscatter
seaice andvery calmwaterconfusedvith low backscatteice arethe maintargetfor the masking.
Furthermorelandareasarealsomasledout, producinganimageshaving only well classi edareas
of seaice andwater

In Figure4.7 andexampleof the maskingproceduras shown.
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Figure4.7: Left: Original SAR scene Middle: Classi cationresult. Right: Maskingout
misclassi edareas.

4. Results and Discussion

This chaptereportson theresultsof the six differentclassi cations,but rstly theinvestigationof
thechoiceof texturefeaturesandtheirimpacton the classi cationaccuray is vdescribed.

Selecting optimal number of features and their combinations

Oneof theexperimentsn thedevelopmenbf this methodwasto investigatehe effect of the number
of texturefeaturesandtheir combinationontheclassi cationaccurag. Theexperimentwascarried
outby trainingthe neuralnetwork for all possiblecombinationf the ninefeatures:Angular
SecondMoment(ASM), Entropy (ENT), Contrast{CON), Dissimilarity (DIS), Homogeneity
(HOM), InverseDifferenceMoment(IDM), Correlation(COR),Mean(MU) andLee. Thisequals
512differentfeaturecombinationdor which therecognitionaccurag wascomputedor eachclass
aswell asfor theaverageoverall the classesTheaverageover all classesanbe considerec good
measurdor theability of theindividual featurecombinatiorto classifytheimage.

To getanoverview of theclassi cationresults theclassi cationaccurag wasplottedfor each
feature(Figure5.1). A distinctandsimilar patterncanbe seenfor eachdifferentimage.Thereare
two groupsof classi cationaccuracie$or eachimage.Onegroupshaving ahigh accurag andone
groupshawving aloweraccurag. Surprisinglythesegroupsconsistof the samecombinationsof
featuredor all classi cations.This meanghatcertaincombinationf featuresconsistentlyyield
high accuraciesvhile somecombinationsonsistentlyyield lower accuracies.

The gure 5.1alsoshavsthatasthe numberof featuresncreasesthe maximumclassi cation
accuray decreasesT his supportthe recommendationsf Clausi(2002)to limit thenumberof
texturefeaturedn seaice classi cation. Onthis basisit waschoserto analysehefeature
combinationsf four or lessfeatureselongingto the groupof high classi cationaccuraciesThis
groupis indicatedin Figure5.1 astheareadn thetop left dottedbox. Theseareasachcontainthe
samel53combination®of features Thus,the optimalfeaturecombinatiorfor the ve classi ed
imagesshouldon this backgrounde choserfrom thosegroups.

Assigninga scoreto eachcombinationpy weighingit with the classi cationaccurag from each
image,it waspossibleto make alist of thetop 20 bestfeaturecombinationgor all veimages
(Figure5.1). In AppendixD thetop 20 accurag scoresarelistedfor eachindividual classi cation.
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Figure 5.1 Classi cationaccurag for classi cationsusingdifferentnumberandcombinationf
features.

FromAppendixD (TableD.1to D.7) to it canbe seenhow thecontrasi{ CON), angularsecond
moment(ASM), entrofy (ENT) andthelee Itered image(LEE) areconsistentlyusefulfor
classifyingthe SAR data.Occasionallytheinversedifferencemoment(INV) andthecorrelation
(COR)featuresareuseful.

Classi cation and sea ice concentration results

To illustratethe seaice classi cationcapabilitiesof the describedlassi cationsystemthis section
presentsheresultsof theclassi cationof eachof the ve RADARSAT scenesTheclassi ed
imagescanbeseenin AppendixE, gures E.1to E.6,wherethe classehase beenmemgedinto only
two classeswater(blue)andice (white), to make theresulteasierto interpret.

Theimageswereclassi ed with the combinationof featuresvhich gave the highestrecognition
scoreaslistedin thetop 20 scoredor eachimagein AppendixD.

Image 1. Theimagewasaccuratelyclassi edwith anaverageaccurag of almost98%. Thefour
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LEE INV HOM ENT DIS COR CON ASM ACCURACY

c

92.09
92.02
91.97
91.80
91.76
91.74
91.72
91.70
91.68
91.57
91.54
91.51
91.51
91.51
91.48
91.48
91.48
91.46
91.44
91.44
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Table5.1: Top 20 averagedaccurayg scoresandtheir featurecombinationsl indicateshatthe
featurewasused,0 indicatedthatit wasomitted.

surfaceclasseshoserfor the classi cation(two ice classesandtwo waterclassesprovedto beable
to classifytheimagesuccessfullyTherewereno problemswith overlappingclasseandvery few
areasseemo bemisclassi ed.

Image 2a. Theimagewasclassi edtwice with differenttrainingareaqseeFigureA.2 andA.3) to
illustratethe ne tuningcapabilitiesof the classi cationschemeThe rst classi cation(scene2a)
usedtrainingsampledrom the entireimageandascanbe seenthis resultedn poorrecognitionof
vbothseaice andthe openwaterin betweertheice oes. Thereasorfor thisis probablyoverlapping
of theroughice andturbulentwaterclassesThe seaice areasareunderestimatedndthereforethe
seaice concentratiowould not berepresentatie for the area.

Image 2b. In the secondattemptto classifytheimage,thewind roughenedvaterareain the westof
theimagewasignoredfrom theclassi cationandno training pixelswereselectedn this area.
Furthermoreadditionaltrainingareador thelow concentratiorseaice wereaddedo strengtherthe
recognitionof this class.Thisresultedn animprovedrecognitionof the seaice class(FigureE.3),
andtherecognitionaccurag wasincreasedrom 90.55%o0f the scene2ato 98.38%for the scene2b
classi cation.

Image 3, 4 and 5. Thesethreeimageswereclassi ed with the purposeof retrieving goodice
concentratioomeasurefrom theice coveredareasof theimages.Thereforethe classi cationresult
overtheopenwaterregionswerenot consideredo be of importanceo thesucces®f the

classi cations.Theresultfor scene3 (FigureE.4) sufferedfrom very low contrasin thefar rangeof
theimage,but still gave ahighrecognitionaccurag of 98%. Scened (FigureE.5) shavstroublein
classifyingthe seaice correctlyin thefar range(left handside)of theimagedueto similar low
contrasbof intensityvalues.However, for mostof theice coveredareaof theimagea goodestimate
of the seaice concentrations achieved. Therecognitionaccurag was89%. Scenes gave alow
recognitionaccurag (80%)becaus®f misclassi edareasof turbulentopenwater This shouldbe
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correctedn a ne-tuning of theclassi cation,but still the classi cationresultis satisfyingoverthe
ice coveredareas.

Robustness of classi cation

A SAR scenewasclassi edtwice to testthe robustnesandprecisionof the classi cationalgorithm
in regardsto the selectionof trainingareaslt is importantthattheice concentrationmetrieval method
is notdependenbn the subjectve selectionof trainingareas.

The RADARSAT ScanSARWide scendrom June21st2004wasclassi edtwice by two different
ice experts.Thedif culty of thescenevasmedium,i.e. nowind-roughenedvaterandhighice
concentrationThreeclassesvereused:calmwater(classl), low backscatteice (class3), andhigh
backscatteice (class4). The comparisorof thetwo classi cationscanbe seenfrom the errormatrix
in table5.2.

Table 5.2 Error matrix, two classi cations.Numberof pixelsfor classed -4.

1 3 4 Totals
1 8375543| 29206 2 8404749
3 354177 | 10639648| 277474 11271299
4 267422 | 682735 | 10131684| 11081843
Totals| 8997142| 11351589, 10409160 30757891

Fromthe errormatrix theinter-classi cationprecisioncanbe computed:
ice/waterconfusion:(354177+267422+29206+2)/30757892.1%

Theresultsshav thatthealgorithmis very robusttowardsthe choiceof trainingdatain thattheice
andwaterclassesreclassi edwith a precisionof 2.1%.

5. Conclusion

Theclassi cationsystemdescribedn this reportallows for retrieval of high accurag seaice
concentratiorfor atleastpartsof single-polarizedRADARSAT ScanSARWide scenes.

Second-ordegrey-level statisticsareusedasfeaturedn a supervisealassi cationschemebasecn
learningvectorquantization.Trainingdatais selectednanuallyby expertice analystausinga
customtrainingselectiontool. After optional ne-tuning of thetrainingdataa binary maskis
producedo maskout areasf misclassi edpixels.

A specialinvestigationinto theclassi cationaccurag for awide rangeof texturefeature
combinationsvascarriedout. Certainfeaturesconsistentlyyield high classi cationaccuracies,
namelythe contrasttheangularsecondnomenttheentrogy, andthelee Itered image.Other
featuresnccasionallyproveduseful: theinversedifferencemomentandthe correlation.Usingtoo
mary featuregyave riseto lower recognitionaccuracies.

Fromtheclassi cationof the ve RADARSAT imagest wasshavn thatspecialcarehasto betaken
in the selectionof trainingdata. Theimageanalystmustbe awareof thelimitations of the data,that
is, know which classesareambiguousn thefeaturespaceln particulartheroughseaice classand
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theturbulentwaterclasseshut alsothin ice andcalmwaterclassesgonstitutepotentialclasspairsof
confusion.

A recommendedolutionis to ignoreareasof turbulentwaterandconcentratéhe classi cationon
theareasf seaice andnottoo wind roughenedvater Subsequentlyhighresohedseaice
concentratiortanberetrievedfrom thesesubset®f theimage.
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Appendix
A. Images and training areas

- -3 o

Figure A.1: Scenel. Amplitudeimagewith trainingareas Red= calmwater green= turbulent
water yellow = seaice smooth blue= seaice rough.
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Figure A.2: Scene€2a. Amplitudeimagewith trainingareas Red= calmwater green= turbulent
water yellow = seaice low concentratiorblue = seaice high concentration.
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Figure A.3: Scene2b. Amplitudeimagewith trainingareasRed= calmwater green= turbulent
water yellow = seaice low concentratiorblue = seaice high concentration.
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Figure A.4: Scene3. Amplitudeimagewith trainingareas Red= water(turbulent),green= seaice.
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Figure A.5: Scenet. Amplitudeimagewith trainingareas Red= calmwater green= seaice rough,
blue= seaice smooth.
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Figure A.6: Sceneb. Amplitudeimagewith trainingareas Red= calmwater green= seaice high
backscattetblue= seaice low backscatter
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B. Samples of texture images

Figure B.1: Featuramagesfor scene2. Top row from left to right: MU, LEE, INV. Middle row:
HOM, ENT DIS. Bottomrow: COR,CON,ASM
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C. Classi cation accuracies
SCENE 1
1: 1000 entries 100.00
2: 1000 entries 98.30
3: 1000 entries 93.90
4: 1000 entries 99.60
Total accuracy: 4000 entries 97.95
SCENE 2a
1: 1000 entries 100.00
2: 1000 entries 80.60
3: 1000 entries 97.60
4: 1000 entries 84.00
Total accuracy: 4000 entries 90.55
SCENE 2b
1: 1000 entries 100.00
2: 1000 entries 99.20
3: 1000 entries 98.20
4: 1000 entries 96.10

Total accuracy: 4000
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SCENE3
1: 1000
2: 1000
Total accuracy: 2000
SCENE4
1: 1000
2: 1000
3: 1000

Total accuracy: 3000

SCENES
1: 650
2. 650
3: 650
Total accuracy: 1950
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73.08
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D. Top 20 accurac y and feature combinations scores

Table D.1: Top 20 averagedaccurayg scoresandtheir featurecombinationsl indicatesthatthe
featurewasused0 indicatedthatit wasomitted.
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Table D.2: Top 20 accurag scoresandtheir featurecombinationsl indicateshatthefeaturewas

used indicatedthatit wasomitted.
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Table D.3: Top 20 accurayg scoresandtheir featurecombinationsl indicateshatthefeaturewas

used 0 indicatedthatit wasomitted.
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Table D.4: Top 20 accurag scoresandtheir featurecombinationsl indicateshatthefeaturewas

used 0 indicatedthatit wasomitted.

SceneZb

MU LEE INV HOM ENT DIS COR CON ASM| ACCURACY
0 1 0 1 1 0 0 1 1 91.35
0 0 0 1 1 0 1 1 1 91.35
0 0 0 1 1 1 0 1 1 91.33
0 0 0 1 0 0 1 1 1 91.33
0 1 0 1 0 0 1 1 1 91.30
1 0 0 0 1 0 0 1 1 91.25
0 1 0 0 1 1 0 1 1 91.20
1 0 0 1 1 0 0 1 1 91.17
0 1 0 0 1 0 0 1 1 91.12
1 0 0 1 0 1 0 1 1 91.08
0 0 0 0 1 1 1 1 1 91.08
1 0 0 0 0 0 0 1 1 91.05
0 0 0 0 1 1 0 1 1 91.05
0 0 0 0 1 0 0 1 1 91.03
1 0 0 0 1 1 0 1 1 91.00
1 0 0 1 1 0 0 1 0 90.97
1 0 0 1 0 0 0 1 1 90.95
0 1 0 0 1 0 1 1 1 90.95
1 1 0 0 0 0 0 1 1 90.92
0 1 0 1 0 1 0 1 1 90.92

www.dmi.dk/dmi/sr05-04

page 30 of 39



Danish Meteorological Institute
Scientic Report 05-04

Table D.5: Top 20 accurayg scoresandtheir featurecombinationsl indicateshatthefeaturewas

used indicatedthatit wasomitted.
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Table D.6: Top 20 accurag scoresandtheir featurecombinationsl indicateshatthefeaturewas

used indicatedthatit wasomitted.
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Table D.7: Top 20 accurayg scoresandtheir featurecombinationsl indicateshatthefeaturewas

used indicatedthatit wasomitted.
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E. Classied images

Figure E.1: Scenéel. Final classi cation. Blue = water white = seaice.
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Figure E.2: Scene?a. Final classi cation. Blue = water white = seaice.
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Figure E.3: Scene2b. Final classi cation. Blue = water white = seaice.
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Figure E.4: Scene€3. Final classi cation. Blue = water white = seaice.
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Figure E.5: Scened. Final classi cation. Blue = water white = seaice.
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Figure E.6: Sceneb. Final classi cation.Blue = water white = seaice.
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