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GoalsGoals ofof thethe studystudy

To To examineexamine meritsmerits ofof decisiondecision treestrees to to 
extendextend thethe kernelkernel--basedbased reclassificationreclassification
((BarnsleyBarnsley andand BarrBarr 1996) to map 1996) to map habitatshabitats
usingusing a a veryvery highhigh resolutionresolution satellitesatellite imageimage
HabitatHabitat classificationclassification ofof a a biodiversitybiodiversity hothot--
spotspot in SW in SW SloveniaSlovenia accordingaccording to EUNIS to EUNIS 
nomenclaturenomenclature (EEA 2002)(EEA 2002)



VHR VHR satellitesatellite imageryimagery

SpatialSpatial resolutionresolution ofof satellitesatellite imageryimagery
improvedimproved dramaticallydramatically sincesince 1972 (1972 (LandsatLandsat--
MSS, 1972 MSS, 1972 QuickBirdQuickBird, 2001), 2001)
GapGap betweenbetween availableavailable spatialspatial resolutionresolution
andand conventionalconventional image image classificationclassification
methodsmethods
NoiseNoise in VHR in VHR imageryimagery nneedeed to to considerconsider
alsoalso spatialspatial contextcontext ofof thethe pixelpixel kernelkernel--
basedbased techniquestechniques ((HaralickHaralick etet al. 1973)al. 1973)



METHODS METHODS –– KernelKernel--basedbased
reclassificationreclassification (KRC) (KRC) approachapproach

Originally by Originally by BarnsleyBarnsley and Barrand Barr (1996) in (1996) in 
urban urban settingsetting
2 2 stagesstages ofof thethe KRC KRC algorithmalgorithm::
–– InitialInitial perper--pixelpixel classificationclassification ((supervisedsupervised, , 

unsupervisedunsupervised))
–– ReclassificationReclassification basedbased on on classclass coocurrencescoocurrences / / 

spatialspatial arrangementarrangement withinwithin squaresquare kernelkernel



METHODS METHODS –– TheThe 2nd 2nd stagestage ofof thethe
KRC KRC approachapproach ((reclassificationreclassification) ) ––

ComputeCompute templatetemplate AEMsAEMs
ForFor eacheach ofof thethe reference reference pixelspixels (i.e. (i.e. pixelspixels withwith a a 
knownknown classclass))
–– ExtractExtract thethe kernelkernel belongingbelonging to to thisthis pixelpixel
–– ComputeCompute anan AdjacencyAdjacency EventEvent MatrixMatrix (AEM) (AEM) forfor eacheach

kernelkernel

–– ffijij denotesdenotes adjacencyadjacency frequencefrequence ofof classesclasses i i andand jj
ComputeCompute templatetemplate AEMsAEMs forfor eacheach classclass



METHODS METHODS –– ExampleExample AEM AEM 
computationcomputation



METHODS METHODS –– TheThe 2nd 2nd stagestage ofof thethe KRC KRC approachapproach
((reclassificationreclassification) ) –– ComputeCompute similaritysimilarity indexindex valuesvalues
ForFor everyevery pixelpixel in in thethe imageimage
–– GetGet kernelkernel
–– ComputeCompute AEM AEM forfor eacheach kernelkernel

AEMAEMijij ... element ... element ofof thethe AEMAEM
TkTkijij ... ... correspondingcorresponding element element ofof thethe templatetemplate AEM AEM forfor classclass kk
N ... N ... totaltotal numbernumber ofof adjacenciesadjacencies in a in a kernelkernel
C ... C ... NumberNumber ofof outputoutput classesclasses

ResultResult: a : a setset ofof classclass--specificspecific similaritysimilarity imagesimages



METHODS METHODS –– TheThe 2nd 2nd stagestage ofof thethe
KRC KRC approachapproach ((reclassificationreclassification) ) ––

FinalFinal reclassificationreclassification
Original Original approachapproach byby BarnsleyBarnsley andand BarrBarr (1996): (1996): 
assignassign eacheach pixelpixel to to thethe outputoutput classclass forfor whichwhich ∆∆kk
is is maximummaximum
OurOur extensionextension ofof thethe original original approachapproach: : 
–– assignassign thethe outputoutput classclass ofof eacheach pixelpixel usingusing a a decisiondecision

treetree, , whichwhich reconsidersreconsiders thethe wholewhole setset ofof similaritysimilarity valuesvalues
((∆∆kk))

–– useuse machinemachine learninglearning fromfrom examplesexamples ((QuinlanQuinlan’’s See5, s See5, 
www.www.rulequestrulequest..comcom) to ) to generategenerate thethe decisiondecision treetree

http://www.rulequest.com/


METHODS METHODS –– ClassificationClassification accuracyaccuracy

KappaKappa statisticstatistic (k): (k): indicatesindicates thethe extentextent to to 
whichwhich thethe correctcorrect vauesvaues are are duedue to to truetrue
agreementagreement vsvs. . chancechance agreementagreement..



METHODS METHODS –– SetupSetup ofof thethe studystudy
1.1. IImage data premage data pre--classsificlasssificationcation using two perusing two per--pixel pixel 

classification approachesclassification approaches ......
–– ununsupervisedsupervised: ISODATA : ISODATA clusteringclustering (( 10 10 abstractabstract classesclasses))
–– ssupervisedupervised ((used as a baseline approachused as a baseline approach): minimum ): minimum distancedistance to to 

nearestnearest classclass--meanmean in image in image channelschannels spacespace (MINDIST) (MINDIST) 10 10 
EUNIS EUNIS classesclasses

2.2. ... ... andand a a texturetexture basedbased approachapproach
–– panchromaticpanchromatic texturetexture homogeneityhomogeneity image (image (HaralickHaralick etet al. 1973) al. 1973) 

histogram histogram equalizationequalization 8 8 discretediscrete homogeneityhomogeneity classesclasses
3.3. ReclassificationReclassification usingusing KRC KRC similaritysimilarity imagesimages (+ (+ 

classifiedclassified mapsmaps accordingaccording to original to original BarnsleyBarnsley--BarrBarr
approachapproach))

4.4. KernelsKernels: 3x3, 5x5, 7x7, 9x9: 3x3, 5x5, 7x7, 9x9
5.5. FinalFinal decisiondecision treetree--basedbased reclassificationreclassification usingusing setssets ofof

similaritysimilarity imagesimages ((decisiondecision treestrees generatedgenerated usingusing machinemachine
learninglearning fromfrom examplesexamples))



METHODS METHODS –– SetupSetup ofof thethe studystudy



DATA DATA –– StudyStudy areaarea

CoversCovers 1952 1952 hectareshectares in SW in SW SloveniaSlovenia
PartPart ofof a a proposedproposed regionalregional park, park, 
biodiversitybiodiversity hotspothotspot
FeaturesFeatures grasslandsgrasslands, , wetlandswetlands, , forestsforests



DATA DATA –– StudyStudy areaarea



DATA DATA –– SatelliteSatellite datadata

IkonosIkonos satellitesatellite imageimage
–– 1 1 panchromaticpanchromatic image image channelchannel, 1 m , 1 m spatialspatial

resolutionresolution
–– 4 4 multispectralmultispectral image image channelschannels ((blueblue, , greengreen, , 

red, IR), 4 m red, IR), 4 m spatialspatial resolutionresolution
–– Image Image acquiredacquired on on OctoberOctober 14, 2001 14, 2001 

((unfavourableunfavourable datedate: : lowlow sunsun elevationelevation longlong
shadowsshadows))



DATA DATA –– SatelliteSatellite datadata



DATA DATA –– GroundGround truthtruth datadata (EUNIS)(EUNIS)

ConsistConsist ofof 2166 2166 polygonspolygons belongingbelonging to 10 EUNIS to 10 EUNIS 
classesclasses
PolygonsPolygons werewere delineateddelineated usingusing image image 
segmentationsegmentation andand identifiedidentified usingusing stereoscopicstereoscopic
aerialaerial photophoto--interpretationinterpretation
OnlyOnly central central partsparts ofof polygonspolygons takentaken intointo accountaccount
to to mitigatemitigate thethe boundaryboundary effecteffect withwith kernelkernel
algorithmalgorithm
A A randomrandom samplesample ofof pixelspixels drawndrawn, , distributeddistributed intointo
2 2 setssets ((forfor classificationclassification andand forfor accuracyaccuracy
estimationestimation), ), eacheach containgcontaing 380 380 pixelspixels perper classclass



DATA DATA –– GroundGround
truthtruth datadata (EUNIS)(EUNIS)

EUNIS EUNIS codecode DescriptionDescription
D5.2D5.2 BedsBeds ofof largelarge sedgessedges normallynormally withoutwithout freefree--standingstanding waterwater
E1.5E1.5 MediterraneoMediterraneo--montanemontane grasslandgrassland
E2.2E2.2 LowLow andand mediummedium altitudealtitude hayhay meadowsmeadows
E3.4E3.4 MoistMoist oror wetwet eutrophiceutrophic andand mesotrophicmesotrophic grasslandgrassland
F3.2F3.2 MediterraneoMediterraneo--montanemontane broadleavedbroadleaved deciduousdeciduous thicketsthickets
F9.2F9.2 WillowWillow carrcarr andand fenfen scrubscrub
G1G1 BroadleavedBroadleaved deciduousdeciduous woodlandwoodland
G3G3 ConiferousConiferous woodlandwoodland
G5.6G5.6 EarlyEarly--stagestage naturalnatural andand semisemi--naturalnatural woodlandswoodlands andand regrowthregrowth
JJ ConstructedConstructed, , industrialindustrial andand otherother artificialartificial habitatshabitats



RESULTS RESULTS –– ClassClass--specificspecific similaritysimilarity imagesimages ((exampleexample))
Similarity to class D5.2 Similarity to class E1.5

Similarity to class E3.4 Similarity to class F3.2

Similarity to class G1 Similarity to class G3

Similarity to class E2.2

Similarity to class F9.2

Similarity to class G5.6

Similarity to class J



RESULTS RESULTS ––
DecisionDecision treetree

ExampleExample DTDT
DT to DT to reclassifyreclassify
combinedcombined ISODATA ISODATA 
andand HOMOGEN HOMOGEN basedbased
similaritysimilarity valuesvalues intointo
EUNIS EUNIS classesclasses
KernelKernel sizesize 7x77x7



RESULTS RESULTS –– InitialInitial perper--pixelpixel MINDIST MINDIST prepre--
classificationclassification

KappaKappa accuracyaccuracy (10 (10 classesclasses) = 0,48) = 0,48



RESULTS RESULTS –– KernelKernel--basedbased reclassificationreclassification ofof
ISODATA (original ISODATA (original approachapproach))

KernelKernel sizesize = 7x7 = 7x7 
KappaKappa accuracyaccuracy (10 (10 classesclasses) = 0,56) = 0,56



RESULTS RESULTS –– DTDT--basedbased reclassificationreclassification ofof
ISODATA ISODATA andand HOMOGEN HOMOGEN similaritysimilarity imagesimages

KernelKernel sizesize = 7x7= 7x7
KappaKappa accuracyaccuracy (10 (10 classesclasses) = 0,60) = 0,60



DISCUSSION DISCUSSION –– VHR VHR imageryimagery

SpatialSpatial contextcontext becomesbecomes importantimportant in VHR in VHR 
imageryimagery whenwhen pixelpixel sizesize fallsfalls belowbelow thethe sizesize
ofof objectsobjects ofof interestinterest
ThereforeTherefore thethe leastleast accurateaccurate is is thethe perper--pixelpixel
classificationclassification duedue to to itsits inabilityinability to to considerconsider
spatialspatial contextcontext



DISCUSSION DISCUSSION –– SpatialSpatial contextcontext

AccuracyAccuracy is is improvedimproved byby applyingapplying anyany
reclassificationreclassification takingtaking intointo accountaccount spatialspatial
contextcontext ((bebe it KRC it KRC oror DT), DT), eveneven withwith smallestsmallest
kernelkernel (3x3)(3x3)
TradeoffTradeoff: : lossloss ofof spatialspatial detaildetail, , inherentinherent to to 
kernelkernel--basedbased algorithmsalgorithms



DISCUSSION DISCUSSION –– ComparisonComparison ofof
reclassificationreclassification approachesapproaches

LookingLooking atat justjust one one kernelkernel sizesize
(e.g. 7x7)(e.g. 7x7)
TheThe leastleast accurateaccurate is is 
KRC(HOMOGEN) KRC(HOMOGEN) –– partlypartly
becausebecause homogeneityhomogeneity is is justjust
one one ofof manymany possiblepossible texturaltextural
measuresmeasures ((ofof justjust one one ofof image image 
channelschannels))
FollowedFollowed byby KRC(ISODATA) KRC(ISODATA) 
andand DT(ISODATA)DT(ISODATA)
TheThe highesthighest accuracyaccuracy is is 
achievedachieved byby
DT(HOMOGEN+ISODATA)

Classification accuracies for HOMOGEN and ISODATA input images
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DISCUSSION DISCUSSION –– InputInput datadata

MergingMerging prepre--classifiedclassified ISODATA ISODATA andand
HOMOGEN HOMOGEN imagesimages to to maximizemaximize informationinformation
contentcontent beforebefore applyingapplying KRC?KRC?
NO, NO, becausebecause::
–– MergedMerged prepre--classifiedclassified image image withwith largelarge numbernumber

ofof classesclasses (e.g. 10x8=80) (e.g. 10x8=80) wouldwould yieldyield largelarge
AEMsAEMs, , whichwhich is is costlycostly to to computecompute

–– LargeLarge AEMsAEMs necessarilynecessarily havehave manymany 0s (0s (onlyonly a a 
limitedlimited numbernumber ofof classclass coocurrencecoocurrence typestypes cancan
bebe expectedexpected) ) AEMsAEMs statisticalystatisticaly not not significantsignificant



DISCUSSION DISCUSSION –– DT / KRC DT / KRC comparisoncomparison
MergingMerging severalseveral prepre--classifiedclassified imagesimages in in thethe
contextcontext ofof KRC is KRC is thereforetherefore not not practicalpractical
HoweverHowever, , setssets ofof similaritysimilarity imagesimages resultingresulting fromfrom
differentdifferent prepre--classifiedclassified imagesimages cancan bebe mergedmerged
usingusing a DTa DT
TheThe abilityability to to considerconsider more more inputinput informationinformation is is 
thethe mainmain advantageadvantage ofof DT DT overover KRC as KRC as detecteddetected
in in thisthis studystudy
ThereforeTherefore furtherfurther accuracyaccuracy improvementsimprovements are are 
possiblepossible usingusing DT DT approachapproach byby incorporatingincorporating
ancillaryancillary informationinformation (e.g. (e.g. multimulti--datedate satellitesatellite
imageryimagery, , multiplemultiple texturaltextural measuresmeasures, , thematicthematic GIS GIS 
layerslayers))



ThankThank youyou forfor youryour attentionattention
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