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Abstract
A classi�cationsystemfor obtainingtheseaiceconcentrationfrom satellitebasedsingle-polarized
SARdatais presented.Themethodis basedonasupervisedneuralnetwork classi�cationof
second-ordergrey level statisticsfeatures.LearningVectorQuantizationis usedfor describingthe
boundariesbetweenthesurfaceclasses.FiveRADARSAT ScanSARWide imagesof theseaiceoff
of theEastandWestcoastof Greenlandwereclassi�edwith resultingclassi�cationaccuraciesfrom
80 to 98percent.Thealgorithmis robustto theselectionof trainingdatawhich wasmeasuredby
classifyingthesamedatasettwiceusingmultipleexpertsfor selectingtrainingdata.Thus,the
precisionby which seaiceandopenwaterwasassessedto beapproximatelytwo percent.The
classi�cationaccuracy is dependenton theseastate,especiallythedegreeto which thewateris
roughenedby wind. Thecurrentclassi�cationsystemis notableto distinguishbetweenhigh
backscatterseaiceandhighbackscatteroceanareasandthereforeareasof wind roughenedseawater
aremaskedout afterclassi�cation.
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1. Intr oduction
Thepresentedwork is partof theIOMASA project1(IOMASA, 2002a)in which amaingoalis to
achieve improvedremotesensingof seaicewith moreaccuratedeterminationof seaice
concentrationof theArctic Seas.In theIOMASA project,passivemicrowave iceconcentration
algorithmsareemployed,andfor thevalidationof thesealgorithms,high resolutionice
concentrationmeasuresarenecessary(IOMASA, 2002b).This reportdescribesanew methodbased
on texturemeasuresandneuralnetworksfor obtaininghigh resolutionseaiceconcentrationfrom
single-polarizedwide swathSAR datafrom theRADARSAT andENVISAT satellites.

Currently, iceconcentrationis availablefor selectedareasof theArctic Seaon anoperationalbasis
from navigationalicecharts.However, theiceconcentrationfrom icechartsareonly accuratewithin
aninterval of 10-20%andarebasedonsubjective judgementsandgeneralizingof theice
concentration.Opticalsensorsin thevisible or infraredrangeof theelectromagneticspectrumareof
little usein theArctic dueto pooror little sunlightin thewinter monthsanddueto theextensive
cloudcoverof theregion. To validatetheglobalcoverageof today'spassivemicrowaveradiometers
andscatterometers,theonly feasiblesourceof datais swathSAR data(typical swathwidthsof 500
km).

In this reportanaccurateandobjectivemethodfor obtainingahigh resolutionandindependentice
concentrationmeasureis presented.Themethodis semi-automaticandrequiresuserinteractionin
theselectionof trainingareasand�ne-tuning of theclassi�cationresult.

Firstly, theSAR datais pre-processedandmanualselectionof trainingdatais carriedout by ice
chartingexperts.ThentheSAR imageis classi�edusingtheLearningVectorQuantization(LVQ)
algorithmasdescribedby Kohonen(2001)andHastieetal. (2001).Thealgorithmis a fastand
�e xible neuralnetwork-likealgorithm.Second-ordergrey level statistics(calculatedusing
Grey-Level CooccurenceMatrices)areusedasfeaturesandtheLVQ algorithmusesthetrainingdata
to classifytheSAR imageinto anumberof relevantclasses(e.g.calmwater, roughwater, highand
low backscatterseaice). Theclassi�cationframework is basedon extensionsto softwareby Lars
Kaleschkeof theUniversityof Bremen,whousedLVQ for seaiceclassi�cationusingERS-2SAR
images(Kernetal., 2003).Finally, post-processingis carriedout to producea classi�cationmaskto
indicateareasof successfulclassi�cation.

2. Data
For thedevelopmentandtestingof theclassi�cationsystem� ve representativeRADARSAT
ScanSARWide imagesareclassi�ed. Theimagesdisplayvaryingconditionsof seaiceand
meteorologicalconditions;from verysimpleto moredif�cult to interpret.TheScanSARWide
images(listedin table3.1)haveanoriginalpixel sizeof 50x50m andaswathwidth of 500km.

Thefollowing sectionwill giveashortdescriptionof eachdataset.The�gures showing theimages
areshown in AppendixA.

Scene1 (FigureA.1): RADARSAT imagefrom WestCoastof Greenland.Theimageis easyto
interpretdueto thegoodweatherconditions(little wind). Therearefew differentsurfacetypes:First
yearice, fasticeandopenwater(calmandturbulent).Fromvisualinspectionthesurfacetypes

1IOMASA (IntegratedObservationandModelingof Arctic Seaice andAtmosphere),a 'ResearchandTechnological
Development'-projectof theEuropeanCommissionundercontractEVK3-CT-2002-00067

www.dmi.dk/dmi/sr05-04 page 4 of 39



Danish Meteor ological Institute
Scienti�c Repor t 05-04

RADARSAT ScanSARWide CH H data
no date orbit area
1 2000-05-24 23765 Disko Bay, WestCoastof Greenland
2 2000-07-22 24607 ScoresbySund,EastCoastof Greenland
3 2001-12-16 31932 Disko Bay, WestCoastof Greenland
4 2001-12-22 32018 Disko Bay, WestCoastof Greenland
5 2001-12-26 32075 Disko Bay, WestCoastof Greenland

Table 3.1: Imagedata

appearsto bewell separated.

Scene2 (FiguresA.2 andA.3): RADARSAT imagefrom EastCoastof Greenland.Theimageis
morecomplex vdueto many differentsurfaceclasses:Firstandmulti-yearice �oes of varying
concentrationsaswell asregionsof calmandturbulentwater. Thesurfacetypesaremixed.

Scene3 (FigureA.4): RADARSAT imagefrom WestCoastof Greenland.Moderatelycomplex
imagedueto turbulencein thewaterregionsandoverareasof the�rst yearice �oes. Theimage
show poorcontrastof theseaiceareasin thefar rangeof theimage.

Scene4 (FigureA.5): RADARSAT imagefrom WestCoastof Greenland.Lessturbulenceover the
icecoveredareasmakesthis imagefairly easyto interpret.Largetonalvariancefrom thenearto the
far rangeof theimage.

Scene5 (FigureA.6): RADARSAT imagefrom WestCoastof Greenland.Moderateamountof
turbulence,similar to scene4. Someareasof thin ice (dark).

No groundtruth datawasavailableto supporttheinterpretationof theimages,however, trainedice
expertsfrom theDanishMeteorologicalInstitute(DMI) assistedin theinterpretationof theSAR
imagesandin theselectionof trainingdata.

3. Method
Classifyingseaice from SAR imagesis not a trivial task.Selectionandextractionof features,
selectionof trainingdata,andthechoiceof classi�cationmethod,all in�uence theoutcomeand
accuracy of theclassi�cation.Furthermore,theinterplaybetweentheradarsystemparameters
(wavelength,polarization,incidenceangle,numberof looks,etc.)andthesurfaceproperties,i.e.
how theiceandwatersurfacesre�ect thesignal,is animportantconsiderationin designinga robust
andsuccessfulclassi�cationscheme.

It is dif�cult to dessignauniversallyvalid seaice concentrationalgorithmoperatingon
single-polarizedSAR data.This is dueto thelargevariabilitiesin theenvironmentin which seaice
occurandthemodeof operationof theSAR sensor. Oftenclassi�cationschemesarelimited to
operateon imagesfrom aparticularsensor, in aparticularseasonof theyear, overaparticular
geographicalarea.At worst,theclassi�cationmethodwill belimited to providing usefulresultsona
singleimageonly.

In thiswork thegoalwasto designamethodfor obtainingaccurateiceconcentrationfrom arangeof
differentimagesandareas.Thereforetheselectionof featuresandtrainingdataaswell asthe
parametersof theneuralnetwork werenotbasedona singlereferenceimageonly.
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Figure4.1: Theneuralnetwork classi�cationscheme.

Theclassi�cationschemewasdesignedto allow for �ne-tuning to accommodateto theindividual
challengesof eachimage.Themanual�ne-tuning is carriedoutby aniceexpert,andallows for
changingthenumberof surfaceclassesaswell asselectingdifferenttrainingareas.A �o w chartof
theclassi�cationschemeis shown in Figure4.1.

Preprocessing
RADARSAT data,having aspatialresolutionof 100m, but apixel sizeof 50 m, waspre-processed
by asimpledownsamplingto a pixel sizeof 100m. Thisdecreasesthecomputationtimeaswell as
suppressessomeof thespecklenoiseinherentto SAR imagery. ENVISAT ASAR datawasnot
downsampledprior to featureextractiondueto a loweroriginalpixelsizeof 75m which is
comparableto thedownsampled100m RADARSAT resolution.

SARimagery, andespeciallywide swathSAR imagery, oftendisplaya tonalvariationin therange
directionof theimage(seeFigure4.2,left). This is dueto thevaryingincidenceanglebetweenradar
raysandtheEarth'ssurfaceaswell asthechangingdistancefrom theradarto thetarget.These
effectscanpartiallybecorrectedfor by absolutecalibrationof theSAR image.However, for this
work apragmaticsolutionto rangecorrectionwasapplied:Theaveragevariationof backscatter
acrossrangefor seaicewasmodelledby anexponentialcurveandsubsequentlyappliedto theSAR
imagesto correctfor thiseffect. Thiscorrectionis notusedfor RADARSAT imagesbut only
ENVISAT images,dueto thefactthatENVISAT displaysa morepronouncedrange-brightness
variationdueto it' swider rangeof incidenceangle.In Figure4.2theeffectof therangecorrection
canbeseen.

Feature selection and extraction
Dueto speckleinherentin SAR datait is notpossibleto accuratelyclassifySAR datausingthe
amplitudeor thenormalizedbackscatteringcrosssectiononly. Thereforeanimportantissueto
consideris theextractionof reasonablefeaturesfrom thedata.
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Figure4.2: Left: UncorrectedENVISAT WSM scene.Right: CorrectedENVISAT WSM scene.

Many differentfeaturesandtheir combinationshavebeeninvestigatedin the�eld of seaice
classi�cation,but nouniversalfeatures,invariantto dataresolution,seasonalor weatherconditions,
hasbeenformulated.A commonapproachis to useregionbasedfeatures,i.e. to calculateameasure
of a local regionaroundeachpixel. Examplesof thisapproachis theuseof second-ordergrey level
statistics,distributionmatchingandadaptive thresholdingmethods.

Texturepatternsfrom second-ordergrey level statisticshavebeenshown to providevaluable,but not
alwaysunambiguous,informationaboutthesurfaceclasses.Severalstudiespresentsuccessful
resultsin discriminatingseaice in thetexturefeaturespace,e.g.Shokr(1991),BarberandLeDrew
(1991)andKaleschkeandKern(2002).It waschosento elaborateon thesemethodsby using
second-ordergrey level statisticsderivedfrom theGrey-Level Co-occurrenceMatrix (GLCM) as
de�ned originally by Haralicketal. (1973).

ThetexturefeatureswerecomputedusingtheGrey Level Co-occurrenceLinkedList, which makes
fastcomputationof second-ordergrey level texturespossible.Thealgorithmwasdescribedby
ClausiandJernigan(1998)andlaterusedfor seaiceclassi�cationby KaleschkeandKern(2002).
This implementationallows for thecomputationof eightsecond-orderstatisticsaslistedin table4.1,
whereCij is theprobabilityfor thecell ij in theGLCM, � x is thestandarddeviationof row i , � y is
thestandarddeviationof columnj , � x is themeanof row i , � y is themeanof columnj , G is the
numberof grey levels.

Thedifferenttexturemeasuresre�ect thedegreeof smoothnessandthehomogeneityof thesurface
andis normallygroupedinto threegroupsasindicatedin table4.1.Within thesmoothnessandthe
homogeneitygroupsthetexturemeasurestendto becorrelated.Therefore,acommonapproachin
selectingtexturefeaturesfor classi�cationis to chooseonly oneor a few featuresfrom eachgroup.

Therearea numberof parametersto considerbeforecalculatingtheGLCM for theSAR images:
quantizationof theinputdata,sizeof theGLCM andthedirectionin which theGLCM is calculated.

For thisproject,aftersomeinitial tests,it waschosento quantizetheoriginal256grey level (8 bit)
imagesto 64 levels(6 bit). Thisvgivesaconsiderablefastercomputationof thegrey-level
co-occurrencematriceswithout lossof information.Clausi(2002)reportedthata toohighor too low
quantizationresultedin decreasedclassi�cationaccuracies.
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Homogeneitytexture measures

ASM Angular SecondMoment(or En-
ergy)

ASM =
G� 1X

i;j =0

C2
ij

ENT Entropy EN T = �
G� 1X

i;j =0

Cij logCij

Smoothnesstexture measures

CON Contrast CON =
G� 1X

i;j =0

Cij (i � j )2

DIS Dissimilarity DI S =
G� 1X

i;j =0

Cij ji � j j

HOM Homogeneity H OM =
G� 1X

i;j =0

Cij

1 + (i � j )2

INV InverseDifferenceMoment I N V =
G� 1X

i;j =0

Cij

1 + ji � j j

Other texture measures

COR Correlation COR =
G� 1X

i;j =0

(i � � x)( j � � u)Cij

� x � y

MU Mean M U =
G� 1X

i;j =0

iC ij

Table4.1: TheeightGrey Level Co-occurrenceTextureMeasures.

Thewindow sizeof theGLCM hasbeendiscussedby for exampleShokr(1991)andanappropriate
boxsizeof 9x9pixelswaschosenaftersometrails usinglargerandsmallwindow sizes.Thespatial
scaleof thetextures,aswell asthespatialresolutionof theRADARSAT ScanSarWide imageswere
alsotakeninto account.Too largeawindow causesblurringof theimage,especiallycominginto
effectat theboundariesbetweeniceandwater, whereastoo smalla window sizedoesnot allow the
detectionof thedesiredtextures.A smallerwindow sizeis preferableif computationtimeof the
GLCM is of importance.

TheGLCM canbecalculatedfor a rangeof differentdirections,allowing thedetectionof textures
thatarealignedat speci�c directions.BarberandLeDrew (1991)concludesthataGLCM calculated
with anorientationparallelto thelook directiongivesmaximumdiscriminationof seaice,however
for thiswork this statementhasnotbeeninvestigatedandit waschosento useanaveragingof
directionsby makingtheGLCM rotationallyinvariant.

Number of features
Fromthebodyof researchinto classi�cationof seaiceusingsecond-orderstatisticsit is, as
mentionedealier, notpossibleto concludewhich featuremeasuresarethebest.Clausi(2002)uses
secondorderstatisticson RADARSAT ScanSARimagesandconcludesthatif only threefeatures
areto beused,thecontrast(CON), theentropy (ENT), andthecorrelation(COR)measuresare
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preferred.KaleschkeandKern(2002)usesquitesimilar featuresonERS-2SARdata,
recommendingtheuseof theentropy (ENT), mean(MU), contrast(CON)aswell asa lee-�ltered
image(specklereducing�lter).

However, theoptimalchoiceof featuresmight besuspectedto bequitecloselyconnectedto the
speci�c datasetused.On thisbackgroundit wasdecided,for thedevelopmentof thismethod,to
investigatetheoptimalcombinationandnumberof featuresovera rangeof typical images.

Usingthefull setof texturefeaturesin onesingleclassi�cationis notexpectedto providegood
results,i.e.ahighclassi�cationaccuracy. This is becauseusingall of thefeatureswill make it
dif�cult for thetrainingsamplesto modelthefull featurespace.Furthermore,many of theGLCM
texturefeaturesarecorrelatedandwill thereforenot improveon theclusteringof thedatabut only
make thefeaturespacemorenoisy. Theinvestigationon thetopicof optimalfeatureselectionandits
resultsis presentedin thelaterchapter5, ResultsandDiscussion.

Examplesof thetextureimagescanbeseenin FigureB.1 in AppendixB whereall ninefeaturesfor
scene2 is shown.

Training data
Selectionof trainingareasfor theclassi�cationhasto becarriedoutwith specialcareto ensurea
goodstatisticaldatamaterialfor theneuralnetwork trainingandclassi�cation.Campbell(1996)
mentionsstudiesshowing thattheselectionof trainingdatais equallyimportantto theclassi�cation
accuracy asthechoiceof theclassi�cationalgorithmandits parametersitself.

In theselectionof trainingdatait wasassuredthathomogeneousareas,containingonly onesurface
classwereselected.Furthermore,areaswereselectedevenlydistributedover theentireimage(if
possible).Thisensuresthatall thevariationswithin theclassis representedwithin thetrainingdata.

In theFiguresA.1 to A.6 thedistributionof thetrainingareasfor eachRADARSAT scenecanbe
seenascoloredrectangles.

Themethodis notdependenton theability to selectequalnumberof trainingpixelsto beselectedfor
eachclass.After themanualselectionof trainingareas,anequalamountof trainingdatais extracted
randomlyfrom themanualselectedareas.For scene1, 2a,2b,3 and4, a total of 2000trainingpixels
perclasswereextracted,whereasfor scene5 only 1300pixelsperclasswereextracted.

For thevalidationof theclassi�cation,thetrainingdatais dividedrandomlyinto two subsetsof data.
Onefor training theneuralnetwork andonefor testingtheaccuracy of theclassi�cationby
calculatinghow well theneuralnetwork classi�esthedata.This is describedin section4,
Classi�cationAccuracy.

Traning data selection software

Selectingtrainingdatafrom remotesensingimagesrequirestheexperienceof a trainedimage
analyst.For thismethoddevelopment,icechartingexpertscarriedout thework.

A softwareextensionfor theErdasImagineimageanalysissystemwasdeveloped(seeFigure4.3).
Theice expertsareusedto working in ErdasImaginefor icechartingwhich wasthereasonthis
softwarewaschosen.TheGUI-basedextensionenablestheuserto loadaSARimageandannotateit
with anumberof trainingclasses.Thetrainingclassesaredisplayedwith differentcolorsandare
assignedaclassname.Theannotatedimageis eventuallyexportedinto a �le formatreadableto the
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Figure4.3: Trainingdataselection.An extensionto ErdasImagine.Top left: File management.Top
middle:Annotationtools.Top right: Trainingclassmanagement.Bottom:SAR imagewith training
dataoverlay.

classi�cationsoftware.

Number of classes
For thepurposeof seaiceconcentrationretrieval thenumberof surfaceclassescanbekeptrelatively
small,asit is notnecessaryto beableto discriminatebetweendifferentice types,e.g.�rst-year ice
andmulti-yearice. However, for theclusteringof thedatain thefeaturespaceit is oftenvaluableto
have individualclassesfor eachice type.Laterthesearecombinedinto oneiceclassfor achieving
seaiceconcentration.

Thechoiceof classesfor the� ve imagesanalyzedin this studytypically consistof two seaice
classesandoneor two openwaterclasses.Theseaiceclassesare:1) smooth,low backscattering
ice,and2) rough,highbackscatteringice. Thewaterregionswereeitherchosento consistof calm
waterandturbulentwaterasseparateclasses,or in thecasesof scene3, 4, and5 to only includeone
waterclassandignoretheturbulentwaterclass.This is donebecauseof a frequentoverlapbetween
turbulentopenwaterandtheroughiceclasseswasfound.This is discussedin theResultsand
Discussion,chapter5.
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Classi�cation method
Thechoiceof classi�cationalgorithmis, like thechoiceof features,not trivial either. Thismethod
usesasupervisedclassi�cationschemeby themeansof anarti�cial neuralnetwork. Many statistical
modelsfor classi�cation,suffer from theassumptionthatthedatafollowsa certainprobability
distribution(BenediktssonandSveinsson,1997).Neuralnetworksallows for model-free
classi�cationthatarebothfastand�e xible. However, thereis a trade-off in thatthemethodworks
muchlikeablackboxwheretherelationsbetweenthefeaturesandtheclassis not easilydeductible.
Neuralnetworksarealsoknown to performwell on datasetsof noisyandpoorlyde�ned data
(Silipo, 1999),whichmakesit reasonableto usetheneuralnetwork on SARdata.

A widely appliedneuralnetwork in the�elds of statisticalpatternrecognitionandclassi�cationis
theLearningVectorQuantization(LVQ) asformulatedby Kohonen(2001).Hastieetal. (2001)
groupsLVQ togetherwith K-meansClusteringcalling themPrototypeMethods. Thetrainingdatais
representedby asetof pointsin thefeaturespace,andtheclassi�cationis basedonadistance
measure(oftentheEuclideandistance).

RemoteSensingapplicationsof LVQ have foundthealgorithmto beaccurateand�e xible as
reportedby for exampleKaleschkeandKern(2002).For thisprojecttheLVQ_PAK implementation
Kohonenetal. (1996)of LearningVectorQuantizationwasused.

TheLVQ algorithmis basedon thedescriptionof theclassesby socalledcodebookvectors, which
areessentiallytrainingpixelsviewedasvectors(seeFigure4.4).

Figure4.4: Four featuresandthecodebookvector.

LVQ - neural netw ork training
Thecodebookof vectorsis constructedthrougha learningor trainingphasein which thefeature
vectorsareadjustedandpositionedin anoptimalway, sothatthey donot intermingleandcause
overlappingclassboundaries.

For theactualtrainingof theLVQ a total of 10 % of thenumberof trainingsamplesperclasswere
chosenasthenumberof codebookvectors.Thus,thenumberof codebookvectorswas200for scene
1-4,but only 130for scene5. After initializationof thecodebook,thelearningphaseadjuststhe
positionof thecodebookvectorson thebasisof input vectorsfed from thetrainingdata.If theclass
of theinput vectoragreeswith theclassof theclosestcodebookvector, thenthecodebookvectoris
movedtowardstheinputvector. This trainingstageis repeateda prede�nednumberof stepsandthe
distanceby with thecodebookvectorsaremovedis decreasedsimultaneouslyasspeci�edby the
learningrate.Ideally, this iterativeprocessreachesstability.
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Thecodebookwhich is theresultof thelearningphasecanbeillustratedby theVoronoi tessellation
in which theboundariesbetweentheVoronoicellsconstitutetheclassboundaries.This is shown in
Figure4.5.However, this is the2D case.In thenormalcasetheboundariesbetweenclassesare
hyperplanes.

Figure4.5: TheVoronoitessellation.Dotsareoptimizedcodebookvectors,linesareboundaries
betweenclasses.

A commonphenomenonin the�eld of neuralnetworksis over-learning. Over-learningis what
happenswhentheneuralnetwork becomes�ne-tunedto thetrainingdataandthuswill notbeableto
generalizeto new data(Silipo, 1999).However, by usingtheLVQ3 variantof theLVQ algorithm,
over-learningis notof concern.LVQ3 is self-stabilizingasdescribedin Kohonenetal. (1996),
meaningthattheoptimalplacementof thecodebookvectorsdo notchangewith extendedlearning.
Thenumberof learningstepswasthereforesetto a highvalueof 500.000,thelearningratesetto a
low valueof 0.03,therelative learningrateparameterto 0.1andthewindow width parameterto 0.3.
Theoptimizationof theseparametersfor theclassi�cationaccuracy hassofarnot beeninvestigated
fully in thework of thisproject.

Classi�cation and its accurac y
After thetrainingby LearningVectorQuantization,the�nal codebookcanbeusedto classify
unlabeledfeaturevectors.An unlabeledfeaturevectoris assignedtheclassof theclosestcodebook
vectorgivenby theEuclideandistancebetweenthem.This is usedto computethe�nal classi�ed
imageproductwhich is usedfor iceconcentrationcalculation.

Assessmentof theclassi�cationaccuracy wasdoneby establishingtheconfusionmatrixof the
trainingandthevalidationvectors.Fromthisanoverallaccuracy for eachclassi�cationwas
computed.In AppendixC theconfusionmatricesfor eachclassi�edRADARSAT imagecanbeseen.

A visualway to evaluateon theclassi�cation'sability to classifythedata,is to makeSammonplots
(Kohonenetal., 1996).A Sammonplot is a methodfor mappinghighdimensionaldataontoa lower
dimensionalspace,usually2-D. By plotting thetrainedcodebooksandtheir labelsin thisway, it can
beevaluatedwhethertheclustersof classesareoverlappingor not. Figure4.6showsaSammonplot
of thetrainedcodebookvectorsof scene1. Fourwell-separableclassesareseen,which corresponds
well with thehigh recognitionaccuracy of thatspeci�c classi�cation.
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Figure4.6: Sammonplot for scene1. Thefour classesarewell-clusteredandnon-overlapping

Assessment of classi�cation and �ne-tuning
After theclassi�cationphase,theclassi�ed imageis assessedby aniceexpertby comparingthe
classi�edimagewith theoriginal imageandthetextureimages.If theclassi�cationis erroneous,the
operatorcanchooseto �ne-tune thenumberandplacementof trainingareasasillustratedin the
classi�cation�o wchart,Figure(4.1). Signsof theclassi�cationbeingin errorcanbetheoverlapping
of classes,e.g.poordiscriminationbetweenfor examplehighbackscatteringiceandturbulentwater.
This is acommonproblemfor seaiceclassi�cationfrom single-polarizedSARdataasalsoreported
by Gill (2002).

Choosingdifferentcombinationsof features,addingor removing trainingareas,changingthe
numberof surfaceclassescanimprovetheclassi�cation.After the�ne-tuning theclassi�cationis
performedagain.

Classi�cation mask
The�nal stepin theclassi�cationprocedureis to makeaclassi�cationmask.Themaskseparates
areasof well classi�edareasfrom misclassi�edareasandis basedon manualimageinterpretation.
Obviousmisclassi�edareassuchasareasof wind roughenedwaterconfusedwith highbackscatter
seaiceandverycalmwaterconfusedwith low backscattericearethemaintargetfor themasking.
Furthermore,landareasarealsomaskedout,producinganimageshowing only well classi�edareas
of seaiceandwater.

In Figure4.7andexampleof themaskingprocedureis shown.
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Figure4.7: Left: OriginalSARscene.Middle: Classi�cationresult.Right: Maskingout
misclassi�edareas.

4. Results and Discussion
Thischapterreportson theresultsof thesix differentclassi�cations,but �rstly theinvestigationsof
thechoiceof texturefeaturesandtheir impacton theclassi�cationaccuracy is vdescribed.

Selecting optimal number of features and their combinations
Oneof theexperimentsin thedevelopmentof thismethodwasto investigatetheeffectof thenumber
of texturefeaturesandtheir combinationson theclassi�cationaccuracy. Theexperimentwascarried
outby trainingtheneuralnetwork for all possiblecombinationsof theninefeatures:Angular
SecondMoment(ASM), Entropy (ENT), Contrast(CON),Dissimilarity (DIS), Homogeneity
(HOM), InverseDifferenceMoment(IDM), Correlation(COR),Mean(MU) andLee.Thisequals
512differentfeaturecombinationsfor which therecognitionaccuracy wascomputedfor eachclass
aswell asfor theaverageoverall theclasses.Theaverageoverall classescanbeconsideredagood
measurefor theability of theindividual featurecombinationto classifytheimage.

To getanoverview of theclassi�cationresults,theclassi�cationaccuracy wasplottedfor each
feature(Figure5.1). A distinctandsimilarpatterncanbeseenfor eachdifferentimage.Thereare
two groupsof classi�cationaccuraciesfor eachimage.Onegroupshowing ahighaccuracy andone
groupshowing a loweraccuracy. Surprisinglythesegroupsconsistof thesamecombinationsof
featuresfor all classi�cations.Thismeansthatcertaincombinationsof featuresconsistentlyyield
highaccuracieswhile somecombinationsconsistentlyyield loweraccuracies.

The�gure 5.1alsoshowsthatasthenumberof featuresincreases,themaximumclassi�cation
accuracy decreases.This supporttherecommendationsof Clausi(2002)to limit thenumberof
texturefeaturesin seaice classi�cation.On thisbasisit waschosento analysethefeature
combinationsof four or lessfeaturesbelongingto thegroupof highclassi�cationaccuracies.This
groupis indicatedin Figure5.1astheareasin thetop left dottedbox. Theseareaseachcontainthe
same153combinationsof features.Thus,theoptimalfeaturecombinationfor the� veclassi�ed
imagesshouldon thisbackgroundbechosenfrom thosegroups.

Assigningascoreto eachcombination,by weighingit with theclassi�cationaccuracy from each
image,it waspossibleto makea list of thetop20 bestfeaturecombinationsfor all � ve images
(Figure5.1). In AppendixD thetop20accuracy scoresarelistedfor eachindividualclassi�cation.
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Figure5.1: Classi�cationaccuracy for classi�cationsusingdifferentnumberandcombinationsof
features.

FromAppendixD (TableD.1 to D.7) to it canbeseenhow thecontrast(CON),angularsecond
moment(ASM), entropy (ENT) andthelee�ltered image(LEE) areconsistentlyusefulfor
classifyingtheSAR data.Occasionally, theinversedifferencemoment(INV) andthecorrelation
(COR)featuresareuseful.

Classi�cation and sea ice concentration results
To illustratetheseaiceclassi�cationcapabilitiesof thedescribedclassi�cationsystem,this section
presentstheresultsof theclassi�cationof eachof the� veRADARSAT scenes.Theclassi�ed
imagescanbeseenin AppendixE, �gures E.1to E.6,wheretheclasseshavebeenmergedinto only
two classes,water(blue)andice (white), to make theresulteasierto interpret.

Theimageswereclassi�edwith thecombinationof featureswhichgave thehighestrecognition
scoreaslistedin thetop 20scoresfor eachimagein AppendixD.

Image1. Theimagewasaccuratelyclassi�edwith anaverageaccuracy of almost98%.Thefour
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MU
LEE INV HOM ENT DIS COR CON ASM ACCURACY

0 1 0 0 1 1 0 1 1 92.09
0 0 0 1 1 1 0 1 1 92.02
0 1 0 0 1 0 1 1 1 91.97
1 1 0 0 1 0 0 1 1 91.80
0 1 0 0 1 0 0 1 1 91.76
1 0 0 0 0 0 0 1 1 91.74
0 0 0 0 1 0 0 1 1 91.72
1 0 0 0 1 0 0 1 1 91.70
0 0 0 1 1 0 1 1 1 91.68
1 0 0 1 1 0 0 1 1 91.57
1 1 0 0 0 0 1 1 1 91.54
1 1 0 0 0 1 0 1 1 91.51
0 0 0 0 1 1 1 1 1 91.51
0 0 0 1 0 1 0 1 1 91.51
1 0 0 1 0 1 0 1 1 91.48
0 1 0 1 1 0 0 1 1 91.48
0 1 0 0 0 0 1 1 1 91.48
1 0 0 0 1 0 1 1 1 91.46
0 0 0 0 1 0 1 1 1 91.44
0 1 0 1 0 0 1 1 1 91.44

Table5.1: Top 20averagedaccuracy scoresandtheir featurecombinations.1 indicatesthatthe
featurewasused,0 indicatedthatit wasomitted.

surfaceclasseschosenfor theclassi�cation(two iceclassesandtwo waterclasses)provedto beable
to classifytheimagesuccessfully. Therewereno problemswith overlappingclassesandvery few
areasseemto bemisclassi�ed.

Image2a. Theimagewasclassi�edtwicewith differenttrainingareas(seeFigureA.2 andA.3) to
illustratethe�ne tuningcapabilitiesof theclassi�cationscheme.The�rst classi�cation(scene2a)
usedtrainingsamplesfrom theentireimageandascanbeseen,this resultedin poorrecognitionof
vbothseaiceandtheopenwaterin betweentheice �oes. Thereasonfor this is probablyoverlapping
of theroughiceandturbulentwaterclasses.Theseaiceareasareunderestimatedandthereforethe
seaiceconcentrationwouldnotberepresentative for thearea.

Image2b. In thesecondattemptto classifytheimage,thewind roughenedwaterareain thewestof
theimagewasignoredfrom theclassi�cationandno trainingpixelswereselectedin thisarea.
Furthermore,additionaltrainingareasfor thelow concentrationseaicewereaddedto strengthenthe
recognitionof this class.This resultedin animprovedrecognitionof theseaiceclass(FigureE.3),
andtherecognitionaccuracy wasincreasedfrom 90.55%of thescene2ato 98.38%for thescene2b
classi�cation.

Image3, 4 and 5. Thesethreeimageswereclassi�edwith thepurposeof retrieving goodice
concentrationmeasuresfrom theicecoveredareasof theimages.Thereforetheclassi�cationresult
over theopenwaterregionswerenotconsideredto beof importanceto thesuccessof the
classi�cations.Theresultfor scene3 (FigureE.4)sufferedfrom very low contrastin thefar rangeof
theimage,but still gaveahigh recognitionaccuracy of 98%.Scene4 (FigureE.5)shows troublein
classifyingtheseaicecorrectlyin thefar range(left handside)of theimagedueto similar low
contrastof intensityvalues.However, for mostof theicecoveredareaof theimageagoodestimate
of theseaiceconcentrationis achieved.Therecognitionaccuracy was89%.Scene5 gavea low
recognitionaccuracy (80%)becauseof misclassi�edareasof turbulentopenwater. Thisshouldbe
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correctedin a �ne-tuning of theclassi�cation,but still theclassi�cationresultis satisfyingover the
icecoveredareas.

Robustness of classi�cation
A SAR scenewasclassi�edtwice to testtherobustnessandprecisionof theclassi�cationalgorithm
in regardsto theselectionof trainingareas.It is importantthattheiceconcentrationretrieval method
is notdependenton thesubjectiveselectionof trainingareas.

TheRADARSAT ScanSARWidescenefrom June21st2004wasclassi�edtwiceby two different
iceexperts.Thedif�culty of thescenewasmedium,i.e. nowind-roughenedwaterandhigh ice
concentration.Threeclasseswereused:calmwater(class1), low backscatterice (class3), andhigh
backscatterice (class4). Thecomparisonof thetwo classi�cationscanbeseenfrom theerrormatrix
in table5.2.

Table 5.2: Errormatrix, two classi�cations.Numberof pixelsfor classes1-4.

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

Fromtheerrormatrix theinter-classi�cationprecisioncanbecomputed:

ice/waterconfusion:(354177+267422+29206+2)/30757891= 2.1%

Theresultsshow thatthealgorithmis very robusttowardsthechoiceof trainingdatain thattheice
andwaterclassesareclassi�edwith a precisionof 2.1%.

5. Conc lusion
Theclassi�cationsystemdescribedin this reportallows for retrieval of highaccuracy seaice
concentrationfor at leastpartsof single-polarizedRADARSAT ScanSARWidescenes.

Second-ordergrey-level statisticsareusedasfeaturesin asupervisedclassi�cationschemebasedon
learningvectorquantization.Trainingdatais selectedmanuallyby experticeanalystsusinga
customtrainingselectiontool. After optional�ne-tuning of thetrainingdataabinarymaskis
producedto maskoutareasof misclassi�edpixels.

A specialinvestigationinto theclassi�cationaccuracy for awide rangeof texturefeature
combinationswascarriedout. Certainfeaturesconsistentlyyield highclassi�cationaccuracies,
namelythecontrast,theangularsecondmoment,theentropy, andthelee�ltered image.Other
featuresoccasionallyproveduseful:theinversedifferencemomentandthecorrelation.Usingtoo
many featuresgaveriseto lower recognitionaccuracies.

Fromtheclassi�cationof the� veRADARSAT imagesit wasshown thatspecialcarehasto betaken
in theselectionof trainingdata.Theimageanalystmustbeawareof thelimitationsof thedata,that
is, know whichclassesareambiguousin thefeaturespace.In particulartheroughseaiceclassand
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theturbulentwaterclasses,but alsothin iceandcalmwaterclasses,constitutepotentialclasspairsof
confusion.

A recommendedsolutionis to ignoreareasof turbulentwaterandconcentratetheclassi�cationon
theareasof seaiceandnot toowind roughenedwater. Subsequently, high resolvedseaice
concentrationcanberetrievedfrom thesesubsetsof theimage.
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Appendix

A. Images and training areas

FigureA.1: Scene1. Amplitudeimagewith trainingareas.Red= calmwater, green= turbulent
water, yellow = seaicesmooth,blue= seaice rough.
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FigureA.2: Scene2a.Amplitudeimagewith trainingareas.Red= calmwater, green= turbulent
water, yellow = seaice low concentrationblue= seaicehighconcentration.
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FigureA.3: Scene2b. Amplitudeimagewith trainingareas.Red= calmwater, green= turbulent
water, yellow = seaice low concentrationblue= seaicehighconcentration.
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FigureA.4: Scene3. Amplitudeimagewith trainingareas.Red= water(turbulent),green= seaice.
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FigureA.5: Scene4. Amplitudeimagewith trainingareas.Red= calmwater, green= seaice rough,
blue= seaicesmooth.
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FigureA.6: Scene5. Amplitudeimagewith trainingareas.Red= calmwater, green= seaicehigh
backscatter, blue= seaice low backscatter.
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B. Samples of texture images

FigureB.1: Featureimagesfor 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 entries 98.38 %

---------------------------- ---- ----- ---- ----- ---- ----- ---- -
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SCENE 3
1: 1000 entries 96.50 %
2: 1000 entries 99.50 %

Total accuracy: 2000 entries 98.00 %

---------------------------- ---- ----- ---- ----- ---- ----- ---- -

SCENE 4
1: 1000 entries 99.20 %
2: 1000 entries 86.80 %
3: 1000 entries 81.10 %

Total accuracy: 3000 entries 89.03 %

---------------------------- ---- ----- ---- ----- ---- ----- ---- -

SCENE 5
1: 650 entries 67.69 %
2: 650 entries 99.69 %
3: 650 entries 73.08 %

Total accuracy: 1950 entries 80.15 %

---------------------------- ---- ----- ---- ----- ---- ----- ---- -
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D. Top 20 accurac y and feature combinations scores

TableD.1: Top 20averagedaccuracy scoresandtheir featurecombinations.1 indicatesthatthe
featurewasused,0 indicatedthatit wasomitted.
ALL
MU LEE INV HOM ENT DIS COR CON ASM ACCURACY
0 1 0 0 1 1 0 1 1 92.09
0 0 0 1 1 1 0 1 1 92.01
0 1 0 0 1 0 1 1 1 91.97
1 1 0 0 1 0 0 1 1 91.80
0 1 0 0 1 0 0 1 1 91.76
1 0 0 0 0 0 0 1 1 91.74
0 0 0 0 1 0 0 1 1 91.71
1 0 0 0 1 0 0 1 1 91.70
0 0 0 1 1 0 1 1 1 91.68
1 0 0 1 1 0 0 1 1 91.57
1 1 0 0 0 0 1 1 1 91.54
1 1 0 0 0 1 0 1 1 91.51
0 0 0 0 1 1 1 1 1 91.51
0 0 0 1 0 1 0 1 1 91.51
1 0 0 1 0 1 0 1 1 91.48
0 1 0 1 1 0 0 1 1 91.48
0 1 0 0 0 0 1 1 1 91.48
1 0 0 0 1 0 1 1 1 91.46
0 0 0 0 1 0 1 1 1 91.45
0 1 0 1 0 0 1 1 1 91.44

TableD.2: Top 20accuracy scoresandtheir featurecombinations.1 indicatesthatthefeaturewas
used,0 indicatedthatit wasomitted.
Scene1
MU LEE INV HOM ENT DIS COR CON ASM ACCURACY
0 1 1 1 0 0 0 1 1 98.90
0 1 0 0 1 0 0 1 1 98.88
0 0 1 1 0 0 0 1 1 98.88
0 0 1 0 1 0 0 1 1 98.88
0 1 0 1 1 0 0 1 1 98.85
0 0 0 1 1 0 0 1 1 98.85
0 0 0 0 1 0 0 1 1 98.83
0 1 1 0 1 0 0 1 1 98.80
0 0 0 1 1 1 0 1 1 98.80
1 1 0 0 1 0 0 1 1 98.78
1 0 0 1 0 1 0 1 1 98.78
1 0 0 0 1 0 0 1 1 98.78
0 0 1 1 1 0 0 1 1 98.78
1 1 0 0 0 1 0 1 1 98.75
1 0 1 0 0 0 0 1 1 98.75
0 0 0 0 1 1 0 1 1 98.75
1 0 0 0 0 1 1 1 1 98.72
0 1 0 0 1 1 0 1 1 98.72
0 0 1 0 0 0 1 1 1 98.72
0 0 0 1 1 0 0 1 0 98.72
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TableD.3: Top 20accuracy scoresandtheir featurecombinations.1 indicatesthatthefeaturewas
used,0 indicatedthatit wasomitted.
Scene2a
MU LEE INV HOM ENT DIS COR CON ASM ACCURACY
0 1 0 0 1 1 0 1 1 91.23
0 1 0 0 1 0 1 1 1 90.77
0 0 0 1 1 1 0 1 1 90.77
0 0 0 0 0 1 1 1 1 90.77
1 1 0 0 0 0 1 1 1 90.53
0 0 0 1 1 0 1 1 1 90.53
0 0 0 0 0 0 1 1 1 90.53
1 0 0 0 0 1 1 1 1 90.50
0 1 0 0 1 0 0 1 1 90.47
1 1 0 0 1 0 0 1 1 90.43
1 0 0 1 1 0 0 1 1 90.43
1 0 0 0 1 0 0 1 1 90.43
0 0 0 1 0 0 1 1 1 90.37
0 0 0 0 1 0 0 1 1 90.37
0 0 0 0 0 1 0 1 1 90.30
1 0 0 1 0 1 0 1 1 90.27
1 0 0 1 0 0 1 1 1 90.27
1 0 0 1 0 0 0 1 1 90.27
0 1 0 0 0 0 1 1 1 90.27
1 0 0 0 0 0 1 1 1 90.23

TableD.4: Top 20accuracy scoresandtheir featurecombinations.1 indicatesthatthefeaturewas
used,0 indicatedthatit wasomitted.
Scene2b
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
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TableD.5: Top 20accuracy scoresandtheir featurecombinations.1 indicatesthatthefeaturewas
used,0 indicatedthatit wasomitted.
Scene3
MU LEE INV HOM ENT DIS COR CON ASM ACCURACY
0 1 1 0 0 0 1 1 1 98.30
0 0 1 0 1 1 0 1 1 98.25
0 1 1 0 0 0 0 1 1 98.15
0 1 1 1 0 0 0 1 1 98.10
0 1 1 0 0 1 0 1 1 98.10
0 0 1 0 0 1 1 1 1 98.10
1 1 1 0 0 0 0 1 1 98.05
1 0 1 0 0 0 1 1 1 98.05
0 0 1 1 0 0 1 1 1 98.05
0 1 1 1 0 0 0 1 0 97.95
0 0 1 0 0 0 1 1 1 97.95
0 0 1 0 0 0 1 1 0 97.95
0 0 0 0 1 1 1 1 1 97.95
1 0 1 1 0 0 0 1 1 97.90
1 0 1 1 0 0 0 1 0 97.90
1 0 0 0 1 0 1 1 1 97.90
0 0 1 1 0 1 0 1 1 97.90
0 0 1 1 0 0 0 1 1 97.90
0 0 0 0 1 0 1 1 1 97.90
1 0 1 0 0 1 0 1 0 97.85

TableD.6: Top 20accuracy scoresandtheir featurecombinations.1 indicatesthatthefeaturewas
used,0 indicatedthatit wasomitted.
Scene4
MU LEE INV HOM ENT DIS COR CON ASM ACCURACY
0 1 0 0 1 0 1 1 1 91.83
1 1 0 0 1 0 0 1 1 91.47
0 1 0 0 1 1 0 1 1 91.43
0 0 0 1 1 1 0 1 1 91.40
0 1 0 0 1 0 0 1 1 91.27
1 0 0 1 1 0 0 1 1 91.23
1 1 0 0 0 0 1 1 1 91.03
0 0 0 1 1 0 1 1 1 91.00
0 1 0 1 0 0 1 1 1 90.93
0 0 0 0 1 0 0 1 1 90.87
0 1 0 0 0 0 1 1 1 90.83
0 0 0 1 1 0 0 1 1 90.80
1 0 0 1 0 0 1 1 1 90.73
1 0 0 0 1 0 0 1 1 90.67
1 1 0 1 0 0 0 1 1 90.63
0 0 0 0 1 1 0 1 1 90.63
0 0 0 1 0 0 1 1 1 90.60
0 1 0 0 0 1 1 1 1 90.57
0 0 0 0 1 0 1 1 1 90.57
0 1 1 0 1 0 0 1 1 90.53
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TableD.7: Top 20accuracy scoresandtheir featurecombinations.1 indicatesthatthefeaturewas
used,0 indicatedthatit wasomitted.
Scene5
MU LEE INV HOM ENT DIS COR CON ASM ACCURACY
0 1 0 0 1 1 0 1 1 82.56
0 0 0 1 1 1 0 1 1 82.51
0 0 0 1 0 1 0 1 1 82.36
1 0 0 0 0 0 0 1 1 82.05
1 1 0 0 0 1 0 1 1 81.90
0 1 0 0 1 1 0 1 0 81.74
0 1 0 0 1 0 1 1 1 81.74
0 1 0 0 0 1 0 1 1 81.74
1 1 0 0 1 0 0 1 1 81.69
0 0 0 1 0 1 1 1 1 81.69
0 0 0 0 1 0 0 1 1 81.69
0 1 0 0 0 1 0 1 0 81.64
0 0 0 1 1 1 0 1 0 81.64
1 0 0 0 1 0 0 1 1 81.59
0 0 0 0 1 1 1 1 1 81.59
1 0 0 0 1 1 0 1 1 81.54
1 0 0 0 0 0 1 1 1 81.49
0 0 0 0 0 1 1 1 1 81.49
1 0 0 1 0 1 0 1 1 81.44
0 0 0 0 1 1 0 1 1 81.33
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E. Classi�ed images

Figure E.1: Scene1. Final classi�cation.Blue= water, white= seaice.
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Figure E.2: Scene2a.Final classi�cation.Blue= water, white= seaice.
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FigureE.3: Scene2b. Final classi�cation.Blue= water, white= seaice.
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Figure E.4: Scene3. Final classi�cation.Blue= water, white= seaice.
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Figure E.5: Scene4. Final classi�cation.Blue= water, white= seaice.
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Figure E.6: Scene5. Final classi�cation.Blue= water, white= seaice.
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Previousreportsfrom theDanishMeteorologicalInstitutecanbefoundon:
http://www.dmi.dk/dmi/dmi-publikationer.htm
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