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ABSTRACT

Informationonthelatestlandcovercanbeobtainedfrom remotesensingdataprocessing,butmany
dostilluseopticalimagery.Infact,Indonesiaisthenextcountrytropicalsothatthepossibilityofdisrupted
cloudcoverthroughouttheyearisenormous.Therefore,itisnecessarythatimagerycanpenetratethecloud
coveroftheradarimage.Behindtheexcess,thereisaweaknessofradarimageryisasaltandpaperdisorder
thatappearsbitnik-blackandwhitespotsonimagery.ThisSaltandpapercanhaveapixelvaluethatis
thereforelessprecisewhenapixel-basedclassificationisperformed.Itisnecessarytodoaclassification
thatnotonlyconsidersthepixelvalueofobject-basedclassification.Thisresearchaimstosegmentobjects
intheform oflandcoverandcalculatetheaccuracyofthesegmentationresults.

Thisresearchwasconductedusingaradarimage,namelyCitraSentinel-1Awith10mx10m resolution.
Thesegmentationprocesscarriedoutusingamultiresolutionsegmentationalgorithm.Basedontheresults
ofthestudy,thebestsegmentationhasaninputchannelparameterweightof1,0.5,1,outputparameter
weight25,shapeparameterweight0.3andcompactnessparameterweight0.9.Thevalueofsegmentation
accuracy produced by considering five parameters in the shape of oversegmentation (OSeg),
undersegmentation(USeg),rootmeansquareerror(D),areafitindex(AFI),andqualityrate(Qr)is57%.Low
accuracyvaluebecauseradarimagesfocusonobjectmorphologyintheshapeofaltitudeandsurface
conditions.Whereasinalandcovertheobject'smorphologycanvaryandsurfaceroughnesscanvary.
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1.INTRODUCTION

ThecoveroflandaccordingtoTurneretal(1995,inBriassoulis,2000)isthebiologicalconditionofthe
Earth'ssurface.Landcoverisaconditionorconditionoflandsurfacesuchascropland,forestandforests,
whileMoser(1996,inBriassoulis,2000)definesthecoveroflandreferstothetypeortypeofvegetationthat
Covertheexpandedsurfaceofthelandsoitincludesman-madestructuressuchasbuildingsandother
aspectsofthephysicalenvironment.

Oneofthecausesoflandcoverchangeistheincreaseofpopulation.Theincreasingnumberofpeoplein
aplacewillhaveanimpactonrisingchangesinlandcover.Thechangeoflandcoverhasanimpactonthe
environmentbothpositiveandnegative.Inordertominimizetheadverseeffectsthatmayoccur,thechange
oflandcovermustbecontrolledforthedevelopmentoftheregioninabetterdirection.Therefore,ittakes
informationaboutthelandcoverthatiscontinuouslyupdatedasabasisfordecisionmakingandplanningof
aregion.Thereforeittakestechnologythatcanmapthisdynamiclandcover.AccordingtoSampurno(2016)
Remotesensingisaneffectivemeanstomapthelandcoverspatiallymoreefficientlythaninconventional
ways.

ExtractionofinformationusingSARdatathatisoftendonestillusespixel-basedextraction.Eventhough
SAR datahasspecklenoisethatcanaffectpixelvalues​​whenpixel-basedclassificationisperformed.
AccordingtoSarjanietal.,(2017),oneofthecharacteristicsofSARimagesistheemergenceofspeckle
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noise,whichappearsasthetextureofdarkbrightspotsthatarerandomlydistributedintheimage.Speckle
noisearisesduetovariationsintheintensityofpixels,andthisvariationisconsideredapatternofnoiseon
SARdata.SpecklenoiseinSARdataprovidesdifficultiesintheprocessofimageinterpretationandanalysis
ofSARdata,butitcanalsoreducetheeffectivenessofimagesegmentationintheSARdata(Putra,P.P,etal.,
2015).

Overtimeandthedevelopmentofscienceemergedextractionmethodsthatdidnotonlyconsider
spectralaspects,namelyobject-basedclassification.Object-basedclassificationisaclassificationprocess
approachthatdoesnotonlyconsiderspectralaspectsorinformationcontainedinonepixelbutalso
considersthespatialaspectsofobjects.

Inthisstudyobject-basedclassificationwascarriedoutformappinglandcover.Landcoverisaphysical
appearanceonthesurfaceoftheearth.Informationaboutlandcoverisveryimportantbecauseitcanbe
usedformodelingandunderstandingphenomenathatoccuronthesurfaceoftheearth(Sampurnoetal.,
2016).Thepurposeofthisstudyistosegmentandcalculatetheaccuracyofthesegmentation.

2.METHODOLOGY

TheimageusedisSentinel-1AImagewhichisusedtohavetheacquisitionofIW (InterferometicWide)
modeGRDH(GroundRangeDetectedHigh)mode.IW orInterferometicWideSwathisthemainobservation
methodonlandwithaspatialresolutionof5m x20m.TheGroundRangeDetectedHigh(GRDH)canproduce
acombinationofrecordingwidthof250km withmedium spatialresolution(AzimuthxresolutionRange:22x
20m).

ResearchlocationislocatedinpartofBanguntapanvillageandBaturetnoVillage,DistrictBanguntapan
BantulRegencyofSpecialregionofYogyakarta,in434136–434864mTand9137520–913860mU.The
reasonforthisstudyareaisduetoitsflattopographyconditionssothatPerbedaanketinggiandoesnot
affectradarimageclassificationandthelocationofthestudyareahasvariedlandcovervariations.Thestudy
Areahasaextentionofabout615704.36m²

Theimageusedisgeometricallycorrected,andradiometricallycorrected.Correctedimage,lessspeckle
interferencewithfilteringtechnique.Thefilterusedisaleefiltertosoftenspecklenoiseintheimageby
maintaining image sharpness and detailwhile reducing noise in the image.Then the radarintensity
conversioniscarriedoutintheform ofadigitalnumberthatislineartothedecibell(dB)scale.Tomakeit
easiertodoobject-basedclassificationacompositeprocessiscarriedout.Thiscompositeimageisdoneto
facilitatevisualobservation.Compositeimageryutilizesacombinationofpolarizationfrom Sentinel-1A
namelyVVandVHonfigure1.

Figure1.Compositeimagery.

Object-basedclassificationmethodisbasedontheprocessofimagesegmentationinahomogeneous
areausingshapes,textures,andcontextsrelatedtothepatternsothatitbecomesamoreadvancedbasisfor
imageanalysis(Marpu,2009).Thesegmentationmethodusedismultiresolutionsegmentation.Accordingto
Wuetal.,(2010)theaccuracytestonobject-basedclassificationisnotonlyinthethematiccategoriesof

Proc. of SPIE Vol. 11311  113110S-2



objectsbutalsototestthespatialaccuracyofobjectboundariescomparedtoreferencemaps.Tofindout
this,aquantitativeaccuracytestcanbecarriedoutbytakingintoaccountfiveparametersofsegmentation
accuracy.The five parameters forcalculating segmentation accuracy are oversegmentation (OSeg),
undersegmentation(USeg),rootmeansquareerror(D),areafitindex(AFI),andqualityrate(Qr).This
segmentationaccuracytestcalculationisbasedonreferencecovermapsonfigure2thathavebeenmade
throughfieldsurveys.Thereferencemapproducesfiveclassesoflandcover.

Figure2.ReferenceMap.

3.RESULT

Thesegmentation algorithm used in thisresearch isa multiresolution algorithm segmenting.The
multiresolutionalgorithm ofsegmentationconsidersseveralparameterstherearetheweightoftheinput
channel,theoutputweight(scale)andthehomogenityconsistingofashapeandcolorparameters(colour)
andcompactnessandsmoothness.Thissegmentationiscarriedouttrialanderrorinweightgivingeachto
getagoodsegment.

Theinputchannelparametermeansgivingmoreweighttothemoredominantlayerorchannel.The
selectionofthedominantlayerisinfluencedbysensitivitytoobjects.WhereVVpolarizationissensitiveto
groundobjects,theVHPolariasiandthesyntheticbandVH/VVaresensitivetovegetationobjects.Onthe
firstchannelisVHpolarization,onthesecondchannelisfilledbyVVpolarizationwhileonthethirdchannelis
filledbythesyntheticbandVH/VH.

Scalesareparametersthatsettheminimum numberofpixelsinthesegmentationresults.Theamountof
weightinthisparameteraffectsthesizeoftheresultingsegment.Thebiggertheweight,themorepixelsyou
enterinapolygon,thelargerthesizeorbreadthofthesegment.Iftheresultingsegmentistoolargeitwill
likelybeanundersegmentationwhereinonesegmentconsistsofmorethanoneobject.Incontrast,whenthe
resultingsegmentistoosmallthereisapossibilityofoversegmentationwhereoneobjectisdividedinto
severalsegments.

Theshapeandcolorparametersareaunitofoppositevalue.TheTotalweightoftheshapeandcolor
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parametersis1,iftheshapehasaweightof0.4thentheweightofthecolorparameterisautomatically0.6.
However,theweightvalueofashapeorcolorparametershouldnotbemorethan0.9.Segmentationresults
aresprinkledwithreferencemapstomakeiteasiertoeliminatesegmentstocontinuetothenextstage.
Segmentationresultsareoverlayedwithreferencemapstomakeiteasiertoeliminatesegmentstonot
proceedtothenextstage.

Thecompctnessandsmoothnessareonewiththetotalweightof1,thesameastheshapeandcolor
parameters.Supposeifthesolidarityisgivenavalueof0.2thenautomaticallythesmoothnesswillhavea
valueof0.8.Theweightingoftheseparametersdependsonthecommistnessoftheobjectinthefield.An
objectcalledCompactisanobjectwhoseobjecthasadistancebetweenthecenterpointandtheedgeofthe
objectalmostthesameasthesquare,rectangleorcircle.

Basedonareferencemapusedthattheresultinglandcoverpolygonshaveafairlyorderlyshape
resemblingasquare,andarectangle.Basedonthereason,thesimulationcarriedoutatthisleveluses
greatercompresdityweightsof0.5,0.6,0.7,0.8,and0.9.Thesimulationisappliedtosegmentswithinput
channelweightsof1,0.5,1withoutput25andtheweightofparameters0.5,0.4and03.Thereare15
simulationresultsinfigure3andfigure4.

Figure3.Theresultofsegmentastionsimulation
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Figure4.Theresultofsegmentastionsimulation

Segmentationaccuracytestsareconductedtodeterminetheaccuracyvaluegeneratedby15segments
ofsimulatedresultsthatareexecuted.Theaccuracytestperformedisaquantitativeaccuracytestwithfive
calculationparameters.Fiveparameterstocalculatesegmentationaccuracyareoversegmentation(OSeg),
Undersegmentation (USeg),rootmeans faultsquare (D),FitIndex(AFI)area,and qualityRate (QR).
Oversegmentation(OSEG)occurswhenthevisitefficacyisinasegmentbutefficacytoseveralsegmentsor
segmentation offlavors on a single visit.The opposite is undersegmentation (USEG)which cannot
distinguish differentvisit.Thispermissibleisinserted in differentsegments,itdoesnotdough.Error
oversegmentation doesnotfullyaffecttheoutcomeofpoorclassification becausethiserrorcan be
addressedthroughastrategyofsettingagoodrulebeforetheclassificationprocess(Syarif,2017).

Thecalculationofsegmentationaccuracytestinvolvestheareaofthesegmentsresultingfrom 15
simulationsofeachlandcoverclass.Calculationsaredifferentiatedintoeachlandcovertodeterminethe
capabilityofCitraSentinel-1AwiththecompossiiVH,VV,VH/VHbestinsegmentingthelandcoverobject.
Theclassificationoflandcoverproducedonlyfourlandcover,namelyricefields,vegetationcoverage,
residentialbuildingsandotherbuildings.Thisisbecausesegmentationandimageryusedarenotableto
distinguishasphaltroads.Basedontheseresultsitcanbenotedthatinthisresearchthecoverofalandthat
iseasilydistinguishedistheresidentialbuilding.Becausetheresidentialbuildingsinthestudyareahavea
uniform heightofaboutthreetofourmeterswithasimilartexture.Whilethevegetationcoveragehasalow
accuracyofthesegmentduetothevegetationcoverisnotuniform bothinheight,typeandtexture.Itisvery
influentialbecausetheimageryusedisaradarimage,wheretheradarimageworksbysendingenergythat
willberecordedresponseofsuchenergyreturnastheresponseoftheobject.

Thebestsegmentationbycalculationissegmentationwiththeinputchannelweightis1,0.5,1.Thescale
weightis25,theweightoftheshapeparametersis0.3andtheweightoftheparametersofcompactnessis
0.9.Accuracyobtainedby0.57987or57,987%.Theresultofbestsegmentationonfigure5.
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Figure5.SegmentationMap.

4.CONCLUSION

Segmentationisdoneusingmultiresolutionalgorithms.Thebestsegmentationhasaninputchannel
parameterweightof1,0.5,1,outputparameterweight25,shapeparameterweight0.3andcompactness
parameterweight0.9.Theresultingsegmentationaccuracyvalueis57%.
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