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Abstract  

NewsaほIlj【e sensors arenow providing a huge number orlime5eriesorremotely  

SenSedimages of the earth，s surhce・Thereis anincreaslng need k〉rimproved  

【echnique5rO cXtraCt払わrmation aboローlhe earth ecosyslems丘om thESe remOtely  

SenSeddata，becauseremotesenslngistheonlycomprehensiveapproachtomonitorthe  
globaleTIViTOr）ment・However，unti】recently，lhere have beeniもw studies on the  

techniquesk）rrnOnitonngcomplexnatuTalecosystemssuchaswetlands・  

ThisreportinvestlgateSneWteChniquesk）renvironmentalmonitorlnguSlngremOtely  

SenSedimages，Wilh a specialemphasis onwetland monitorlng・There are3m叫Or  

Onglnalcontributionsinthisreport：Firstisthedevelopmentofnewspectralindices，  

SUCh as PVI（PerpendicularⅥgetationlndex），WTI（Water TurbidityIndex），and  

VSWl（Vegetalion－Soil－Waterlndex），thatcanbeusedtomonitorthevegetation，Wa（er，  

and soilconditionsinwetland areas．Theseindices allow assessment ofthe states of  

Wetland environments andchangesinthem・Secondis the development ofa new  

unmixlngmethodca11edthesubspacemethod．ThisnewunmixlngmethodisefEective  

fordelineatlngCOntinuousvegetatiorLdistribution uslngSPeCtralimage data．Thirdis  

thedevelopmentofanewclassificationmethodusinggaussianprocessmodeling・This  

newmethodisefEicierLtinclassifyingsensorRISiondata・Allthesenewmethodsare  

theoretica11yfQrmulatedandthensubjected toexperiment uslngVarious time series，  

SpeCtral，andradardata．  

ThereportiscomposedoflOch叩terS‥  

【nChapterl，thefundamentalrelevanceofwetlandmonitorlngandremotesenslngln  

generalisdiscussed，andbriefdescrlptionsareprovidedofspectralindices，unmixlng，  

Classification，andtheBayesianapproach・  

InChapter2，SeVeralmultivariateanalysesareconductedusingmultitemporalLandsat  
TMimage datato analyze the relationship betweeninundationby nooding and the  
responsebyvegetation．  

InChapter3，neWSPeCtralindices－PerpendicularVegetationlndex（PVT）andWaler  

Turbidity tndex（WTI）－are developedformonitoring！he degreeofinundationand  

Vegetationchange・TheWTtalongtheturbidwaterline（TWL）andthePVIわrpaddy  

rice，are defined・The relationships between flooding，Water turbidity，and the  

VCgetationchangcoFpaddyricearcanalyzedusingtheseindiccs・  

tnChap【er4，thePVtisfurtherdevelopedtoaⅥgelation－SoiトWaterlndex（VSWt）・   



1V  

Analgorithm that can automaticaJJy determine the end－member spectralpolntS Or  

Vegetation，SOil，andwateTisdeveloped．TheVSWtisappliedtowetlandmoni10rlng  

uslngmultitemporalL”ldsatTMdata・   

fnChapter5，aneWaPPrOaChofunmiⅩlngbythesubspacemethodisdeveloped，and  

appliedtowetlandvegetationunmixlnBuSlnghyperspectralimagedata・Unmixlrlgby  

thesubspace methodissuperiorto conventionalmethodsinnumericalstabilityand  

COmputationaJspeed丘）rhyperspectralimagery・  

InChapter6，byapplylngfeature－Selectionmethods，efEectivebandcombjnation5丘）r  

ClassifyingwetlandvegetationtypesareinvestlgatedusingairborneMSSdata・Feat11re  

SeJectionisperformeduslngameaSureOfseparability，Whichisthencross－Validated・  

Aneffectivebandcombinationisselectedandu5edtopTOduceawetlandvegeIalion  

maP・  

InChapter7，the rnethodofwetland vegetationclassification uslng multitemporal  

remotely sensed datais established usjngmultjtemporalLandsa！TM data・AIso，by  

COnductingbiornasssamplingandfromspeCtralreflectancemeasurements，1establish  

thatwetlandvegetationtypeShavedistincttemporalspectralpatteTnS・  

In Chapter8，Wetland vegetatjon classjfjcaIion js a‡lempfed uslng high－reSOluljon  

airborne speCtralimage data（CASI），and the relationship between vegetation and  

eleva（ionisanalyzedbyoverlaylngadigitalelevationmodelontheCASlimage・  

lnChapter9，aneWC］assification method forc】assi勺′ingweりandvege（a（jon type5  

usingLandsatTM，JERSISAR，andERSISARdatabasedontheGaussianprocessis  

formulatedandtestedexperimentally．The accuracylSaSSeSSedbycomparisonwith  

maximum likelihood and Bayesian neural network methods. The Caussian process 

methodoutperformsothermethods，eSpeCiallyforsensorfusiondata・  

In ChapterlO，the contributions of this report are summarized，and the possible  

appljcaHons ofnew】y devdoped advanced－echnjques上br monitor1月g We【lands and  

Other complex ecosystems are discussed，and伽ally the remainlng PrOblems and  

directionsR）rfutureresearcharedescribed．   



V  

1払bleofColltentS  

1 Imtroduction   

l．1   GlobalWetlandMonitorlng  

1   

3   

4   

6   

7   

9   

10   

11   

14   

14   

15   

16   

16  

1．2  PrincIPlesofRemoteSenslng  

1・3   Spectral Indices 

1．4  Unmixlng  

1．5  Classification  

1．5．1SupervisedClassification  

1．5．2 MaximumLikelihoodMelhod  

1．6  Feature Selection 

1．6．1Separability  

l．6・2 Divergence  

1．6．3 Jeffries－MatusitaDistance  

BayesianLearnlng  1．7  

1・7・1Bayesianand Frequentist Approaches………・什……17  

1．7．2 ModelsandLikelihood  

1．7．3 BayesianLearningandPrediction  

1、7・4 LeamingComplicatedModels…………………………・・”・19  

OutlineoftheThesis  1．8  

2  FloodingAnalysisusingMullitemporalImageI）ata  

2．1   lnlroduction  

2・2  StudyAreaandImageData  

2．3  Mcthod  

2．4  CorrelationAnalysIS  

2．5  RiceYieldEstimation  

2．5．1 DataUs6d  

2・5・2 MullipleRegressionAnalysIS  

2．5．3 RiceYieldEstimalionMap  

2．6  Flood－DamagePatternClassification  

2．6・1 PrincipleComponentAnalysIS  

2．6．2 Clusterlng   



Vl  

2・6・3 F】00d－DamageReJationships  

2．7  Conclusion  

3 SpectrallndiecshrFloodingAnalysIS  3タ   

39   

40   

43   

44   

44   

44   

44   

46   

49  

3．1   Ⅰ甘けoductioJl  

3・2  StudyAreaan（‖mageData  

3．3  Method  

3．4  ResultsandDiscussion  

3.4.1 Scatter Diagram . 

3．4．2  TurbidWaterLjnc  

3．43  WTIandPVI  

3．4．4  PVlandRiceYield  

3.4.5 PVI in August and September 

3・4・6 WTIinAugus霊andPVIjnSeptember………………‥ 49  

3．5  ConcIusjoll  

4 SpeclralIndicesbrVcgetation，SoilandWater  52   

52   

55   

56   

56   

57  

4．1   1ntroduction  

4・2  PrjJIClp】esoftheVSWI  

4．3  AlgorithmfbrEnd－memberPoints  

4．3．1 Red－NIRScatterFunction  

4．3．2  EstimationoflnitialValues  

43．3  End・MemberPointDetermination……，…．．．．一．．．．．．．．… 57  

App】icatjoれtOmultjtempora】山口dsatTMData………………．58  4、4  

4・4・1 StudyAreaand［mageData  

4・4・2 AssessmentofVSWlndexColorComposite…・・・・・59  

DiscussiononVSWl  

Conclusion．  

5  Unmi扇ngSpectralImageData  

5．1   1ntroduction  

5．2  UnmixingbytheSubspaceMethod  

5－2．1 Slaljslica】UnmjxingMctho由   



vii  

5．2．2 PrincIPlesoftheSubspaceMethod．・・・   ．．68  

5．23  EnhancedCLAFICMethods  

5・2．4 UnmixingbytheSubspaceMethod・………………‥・・・．71  

5．3  UnmixingExperimentusingCASIData  71   

73   

73   

75   

75   

78  

5・3・1 StudySite  

5．3．2 Unmixlng  

5．3．3 ProcedureofUnmixlng  

5・3．4 ComparisonofMethods  

5．3．5 ResullsofUnmixlng  

5・3．6 EvaluationofUnmixingMethods．．．・    ‥・・・・79  

5．4  Conclusion  

‘  FeatureSelectionRIrClass摘cation  

6．1   1ntroduction  

6．2  DataandMethods  

6・2．1 StudyAreaandWetlandClassification”……………‥ 81  

6．2．2  AirborneMSSData  

6．2．3 BandSelectionbyJMdistance  

6．2．4 BandSelectionbyAccuracyofTesIData…‥．．・．．．．．87  

6．3  ResultsofBandSelection  

63・1 SpectralCharacteristicsofVegetation・・‥   ・88  

6．3．2  SelectedBand  

6．3．3  AssessmentofBandSelection  

6・3．4 RelationshipwithClassi鮎ationAccuracy……・・‥… 93  

VegetationClassificationMap  

Conclusion  

Classit盲cationusingMullitemporaLImagcData  97   

97   

98   

98   

99  

7．1  1ntroduction  

7．2  SludyArea  

73  SeasonalityofWetlandVegetation  

7・4  SeasonalityoflheSpectralSignature  

7・5  ClassificalionusingMultitemporalImageData………………・101   



v山  

7．5．1 AnaJyzedlmages  

7.5.2 Registration of Image Data 

7．5．3 TrainingDataSelection  

7．5．4  MaximumLikelihoodClassification…………………‥103   

7．5．5  AssessmentofClassificationResult………………．．．．．．106  

Conclusion  7．6   

8 Classi爪calion11SlngSpectralImageDala  

8．1   1ntroduction  

8・2  DataAnalyzed  

8・3  Three－DimensionalDisplayofWetlands‥．”    …・・113  

8．4  Wet］andVegetatior）C］assificatjon  

8・5   Relationship betweenVegetationandElevation……………‥116  

8．6  CorlC】usioll  

Cla5Si爪cationusimgtheGaussiamProcess  

9．1   1ntroduction  

ClassificationMethodusingtheGaussianProcess…   122  

ExperimentsandAssessmentofAccuracy………………………125  

9．3．1 ClassificationusinghndsatTMscenes……………‥128  

93・2 ClassificationuslngJERSlandERSISAR・・・………128  

9．3．3 ClassificationusingTMandSAR‥・・・   ・131  

9．4  Conclusion  

10 CorICIudingRemarksandFuturet）it－CCtions  

10．1 MajorContributionsofthisThesis  

10．2 App】jcationforMonjtoringWe11ar）ds  

10．3 lmplicationsbrMomitoringComplexEcosystems…・ ＝139  

10．4  Direcljons丘）rFulureRe5earCh  

142   B拍Iiography  



Chapter 1 

Introduction  

Our undel■Standing of oul．Planetis sadly deficient．True，We have gl－OWll  
familiarwithspacecl－aftphotos ofthatlonely－looking globehanglngln the  
VOid，COVeredwithalifesustainlngbiospherethatmakesourplanetunlquely  
beautifulandleavesitumquelyfragile・Yetweknownexttonothingaboutthe  
WOrklngSOfEarth’secosystem．（Myers1984，P．258．）  

EnvironmentalchangeshavebeenexpandingfromreglOnaltoglobalissuesduetothe  

rapidgrowthoftheworld’spopulationandtotechnologydevelopments・Environrnental  

Pl●OblemssuchasglobalwarmlngaremaJOl．issuesforhumanklndinthenextcentury  

（Mintzer1992）．Wehavetomakeastartonthel・Oadtowardsensiblestewal・dshipofour  

Planet・Howevel■，Oul．understandingoftheEarth’secosystemispool一，aSitisbasedon  

limitedresearchandinsufhcientobsel●vationaldata．Fol－eXamPle，SCientistsdonoteven  

agree，Withinanol●derofmagnitude，OnhowmuchwetlandthereisonEarth（Mathews  

1987，Aselmann andCrutZen1989），CruCiallyimportantasthatistoglobalwarming  

modeling．  

Theuseofremotelysenseddatainthestudyofenvironmentalchangesissubstantial・  

Remotelysenseddatalikeaerialphotosareusefulatthelocalscale，butattheglobal  

SCaletheyarevital・Globalenvironmentalpl●Oblemsrequlreinformationattheglobal  

SCale・Earth observation from space offers unlque OPPOl●tunities to obtain that  

information．Moreimpol．tantly，L．emOtely sensed data can be used to parametelLIZe  

environmentalmodels（FoodyandCun■an1994）．  

Givenl’emOtelysenseddata，thereis anincl－eaSing need forirnproved techniques to  

extl・aCt the envil・Onmentalinformation fl・Om the data．Moreovel・，neW Satellite sensし）L’S  

al・enOW Pl・OViding ahugeamountortimesel・iesda［aforenvironmentalmonitol・lng・  

However，COnVentionall’eSe山■Ch programs arellOtWelldeveloped to use these high  

dimensionalda［a．Investlgationhasfocusedpl・1mal・ilyonanalysesot’simplelLlndcovel一   
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types uslng SCeneS froml・emOtely sensedimages・MoI－itol・1ng Or COmPlex natural  

ecosystems such as wetlands uslng time series and speCtl・alimage data has been  

neglected・  

This thesisinvestlgateS neW teChniques for analyzlng high dimensional，1・emOtely  

sensed data acquired by opticalandl・adar sensorsISPeCi土ically focuslng On［heir  

applicationto wetland monitonng・TheresearchincludesmostimpollantaSPeCtS Of  

l・emOte SenSlng teChniques，SpeCtralindices，unmixlng▼and classification・SpeCtral  

indicesmeasuretheconditionoftheearthsurface，unmixユngteChniquesdecomposethe  

end－memぬ・S汀om 血mixed pixe15（mjxeユ5）in【he5Cene，While cla55i貞cation  

techniquesdiscl－iminatelandcovertypesfromtheplXels・  

Thenewmethodsthathavebeenspecincallydevelopedinthisthesisareasfollows：  
First，neWSPeCtralindiceshavebeendevelopedforwetlandrnonitonng・TheylnCludea  

PerpendicularⅥさgetationIndex（PVI），aWaterTurbidityIndex（WTI），anda鳩getation，  

SoilandWaterIndex（VSWI），Second，aneWunmixingalgorithrnusing thesubspace  

method（SM）has been devised to unmixeffectively the high dimensional，SpeCtral  

imagerydata・Third，multitemporalandhyperspectralremotelysensedimagedatahave  

beentestedforclassifyingwetlandvegetationtypeS・Fourth，inordel・tOSelecteffective  

band combinations，the feature selection method uslng CrOSS－Validation has been  

employedforselectlngeffectivebandsforwetlandclassincation・And丘nally・thelatest  

Bayesianappl・OaCh，Bayesianneuralnetworks（BNN），andtheGaussianprocess（GP）  

have been tested forclassification uslng multitempol・alsensorfusion ofoptlCaland  

micl・OWaVeSenSOrdata．In this thesis，allthesenew methodologleS are theoretically  

formulatedandtestedexperim即血1yfor山eireげectⅣeneSS・  

Thisintroductorychapterdiscussesthefundamentalrelevanceofwetlandmonitorlng  
andl・emOteSenSlnglngeneral，andprovidesbl・iefdescrlptlOnSOfconventionalmethods  

forspectl・alindices、unmixlng，andclassification・Finally，thelatesttheol・eticalBayesian  

appl・OaChisbrieflydescribed・Thebasicknowledgedescl・ibed hereisimportantfol・  

understandingthemainchaptersorthisthesis・  

Thestl・uCtureOrthechaptel・isasfo1lows：thefirstsectiondesclibestheimportanceor  

globalwetlandmonitorlng・Withthespecialemphasisonitsconnectionwiththeglobal  

wallTlll－gPrOblem・Thesecondsectionexplainst・emOteSenSlngmethodoIogylngeneral，  

aswe11asthepl・1nClplesandchal・aCtel・isticsorthesensol・SuSedintheユnユIyses・The   
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thirdsectiondesclibesbrienyseveralconventionalspectl▲alindices・The［oul′thsec〔ion  

explainsthebasicideaoftheunmixlngapPrOaCh・The蝕hsectiondescl●ibes5upel－vised  

CIassi貞ca【ion，Wi【h5PeCialempha5ison the maximu1111ikelihood method・The sLxth  

SeCtion explains the pl・1nClples of the statisticalfeature selection meしhod for  

Classification．And thefinalsection descl・ibes【helatest Bayesianapproach，Whichis  

employedasanewclassi土icationmethodinthisthesis・Withel一一Phasisonthedifference  

betweentheBayesianandconventionalstatisticalapproaches・Thischap〔erCOnCludes  

withanoverviewof－thestruC【ureOf【hethesis．  

l．1GlobalWetlandMonitoring  

Wetlands are animportant component of the eal’th geosphere－biosphere system・  

Wetlands have existed on Land thl・Oughout the history of－〔he Eal’【h・During the  

Pleistocene，iargec王ima〔icoscilla〔ions resul（edin widelychanslngWetland patterns，  

whichcontinuedtoalesserextentduringtheHolocene（Masingetal・1990）・Atpresent，  

wetlandsarestronglyinfluencedbyman，andtheirdistributionandextenthavebeen  
largelychangedbyhumanactivitiesoverthelastcentury・ManyoftheEarth’swetlands  

lie within the permafl・OStal・eaS at highlatitude・The amountofwetlandsin humid  

clirnatesandtroplCalzolleSisnotknown，rlOrhasthesizeofthehighlyastaticwetla11ds  
Withinaridl－eglOnSbeende〔ermined・  

Methaneisatracegasintheatmosphel、ewhoseconcelltratiollhasbeenincreaslng at  

therateofl％pel■yeal・inthelastdecade・Metharleisoneofthestrongestgreenhouse  

gasesanditscontributiontoglobalwal・mlnglSalmostcomparabletothatofcarbon  

dioxidetAlthough maJOrSOurCeS Ofmethane have beeniden［ified，there exis【1aTge  

uncertaln亡iesin〔hees【ima（esOf［hesourcestrengths．Severalinvestlgationshaveshown  

thatlO－40％oftotalmethaneemissionis from wetlands（Cicerone andOremlund  

1988）．Anirnportantsourceofmethaneisanaerobicdecompositioninwetlands and  

irrlgatedriceflelds・1tisalsDprOducedbyentericfermentationinruminants，biomass  

burnlng，decompositioninlandnlls，and fossilfuelexploration，tranSPOrt and  

COmbustion．  

The widel・ange ofestim正on oflTle［hane emissionin wetlands arises frornlarge  

uncertaintiesaboutwetlandsthemselvesaswellasabouttheiremissionchal・出eL、istics，  

Thetotulsizeorwetlandal・eaShasbeenestimatedbyseveL・alauthol・s．Howevel・，thereis  

littleint－ol・maLion about theil、geogl・aPhic distl・ibution ol・eCOIuglCLLichLIL・LICtじL・isLics   
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（M山hews1987）．Estimateso［globalwetlandareasrungebeLWeen2nnd3．6xlO6kmヱ．  

Some oftheseestimatesconsidero111yswumpsandmul－Shes、Whel■eiLSOthel－Sinclude  

peatland・However†the甘enOlpeatl辻ndalollel・a▲－g巳S什om2・3to4・OxlOPkm：・Thesg  

nurnbers show that due to dif［e】・en【Classj貞cation，the dis（ribu【ion alld the extent oE  

We［landsal●eSubjec【〔O ratherhigh uncertainties．Datarelatedtoseasonality brought  

about by flooding and freezlng areeSpeCiallylmpOrtantforestimatlngthe meth江ne  

emissionl、a【e・AselmannandCrutzen（1989）haveincludedthesedatainestimatingthe  

geographicaldistributionofwetlandsbycompiliJlgPUblishedmaps・TheyarrlVeda【a  

globalweぬndal・eaoF5・7xlO6km二  

AccurateestlLnationo［globalwe［1anddistribu〔ionrequlreSSeaSOnalinformationatthe  

globalscale，and remote senslnglS the only methodology that can pl・OVide such  

information・Inaddition，remOtelysensedda【aCanbeusedtopal・ameterizemodelsof  

SuCh we［iand conditions as amount of vegetation biomass and deBl・ee Of wa（er  

inundation．  

1・2 PrinciplesofRemoteSensing  

RemotesenslngCanbedefinedasthescienceofobserva【ionfl・omadistance．Thus，itis  

COntraStedwithinsitusenslng，1nWhichmeasul’1ngdevicesareeitherirnmersedinornt  

least touch the objec【Of observation and measurement（Barret and Curtis1992）．  

RemotesenslngOftheEarth’ssurfacebeganwi［htheuseofaerialphotographyinthe  

early1900s′Aerial－mapPlngCameraSandphotointerpretationwerethetooIsuseduntil  

thelate1960s，Whenthenrs【mul【ispectralscannersys［ernSWereflownonaircraft，In  

【he1960s，1－ernOte SeI－Slng becarne a distinct丘eld ofstudy・Thelaunch ofthehrst  

LANDSAT satellitein1972was actua11y the realstartlng POlnt Ofl■emote SenSlng  

Studies・Since the LANDSAT series of satellites，digitalimage processlng and  

Classification have becomeincreas－nBly jmpor（ant aSPeCtS Of remo【e SenSlng  

（Sわowengl℃drl卵3）、  

SiJICe1983，NASAhasbeeninvoIvedirlaprqeCtOnearthscience，nOWCalledEarth  

SystemScience．Thispro」eCtStudiestheearthasanintegra［ed，dynamicwho】e．Remo亡e  

SenSlnghasbeenakey（eChnoJogyin【hispl－qjec［，andanewsateiliteplatt●ol－mrOrmilny  

earth obseL’vution sensoI’S，thc Earth Obsel■ving Systern（EOS），has beelldesigned  

（Cul●ranetal．1990）．   
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Remoしely sensedirmgeL－y data acquil・ed fromilil’boITle and satellite sensol－s al●e  

availableindigitalrol．mat．Theimagel●ydataal’eCOmpOSedofdiscretepICtul●eelements  

（pixels）・The digitalvalue oreach pixeiis radiometrically quantizedinto discrete  

brightnesslevels・Thegreatadvantageofdigitaldataisthattheycanbeprocessedby  

COmputer，eitherforfurthtrprocesslngOrforanalysis・  

AmostimportarltCharacteristicofremotelysensedimagedataisthewavelengthband・  

Somesensol・S meaSure re上1ected solarradiationin the ultl・aViolet，Visible，and n已ar－tO－  

middleinfrared bands，ln themicrowaveband，the sensol■S meaSure thel▲elativel・eturn  

from the Earth’s surface ofthe energy actually transmitted frorn the satelliteitself・  

Sensorsofthistypearereferred亡OaSaC［ive，becausetheenergysourceisproYidedby  

theremotesenslngplatform．Sensorsthatdependonanexternalenergysource，SuChas  

thesun，肛eCalledpassive．  

Thepropertiesofthesensorsarecharactenzedby the numbel●andlocation oftheir  

SPeCtralbands，the groundl●eSOlution（pixelsize），and the radiorne［ricI’eSOlu【iorl  

（dynamicl・ange）．Radiometric resolution means the range and number of discrete  

brightnessvalues（OrS／Nratio）・Frequently，radiometricl●eSOlutionisdesclibedbybits  

（8bitshas2561evelsofbrigh（neSS）．Foz・eXamPle，theLandsa工Thema【icMapperhas7  

wavelength bandswith8－bitl－adiometric resolution，60f which have30－m Spatial  

resolutionandathelⅧalbandthathasaspatialresolutionof120m・  

Thepurposeofl・emOteSenSlnglStOidentifyandquantifysul’facematel●ials，Landcovel－  

typecanbeidentifiedifthesensol’hassufhcientwavelengthbands・Forexample，iirhe  

SerlSOl■has red and neal’－infrared bands，it should be easy to discrimimte between  

Vegetation，SOilandwaterbecausevegetationisbrightel’intheneaトinfral－edbandand  

darkinEheredband，Whiユesoilappearsbl．ightir）bothbandsandwatel－isblackinboth  

bands．Ifmore than two bands areavailable more precise discrimination should be  

POSSible，eVenWithlandcovertypesthatarespectral1ysimilartoeachother・Recently，  

thenumberofbandsinsensorsforremotesenslnghasbeenrapidlyincreasing・  

A similar argument also applies to micl・OWaVeimage da【il・SeveraldiLferen（  

WaVelengthscanbeusedtoidentifylandcovertypesbasedonthediffel－en［SCattenrlg  

CrOSS－SeCtion with wavelength．However，furtherinforrnatio11Can be obtilined using  

micl・OWiLVeimagltlg、h・Omthespccificchal・actel・isticofthemicrowaveband；thLltisthe  

polal・izLltion of the transrnitted and scattered radiation・The polal・ization ofiLn   
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electl・Omagneticwaveret七l・StOtheol・ientationorthepl・OPugatedelectl・ic上1eld・Duling  

SCattel・1ng by sul・face matel・ials，SOmepOlarizationchanges occul・andenel・gyCaI－be  

receivedashol－izontallyaTld／orver【icallypolarized．Thedegl・eeOfpolarizationrota［ion  

thatoccul・SCanalso beausefulindicatorofsurFacemat巳l・ial．  

1．3 SpectralIndices  

Spectralindiceshavebeenoneofthemostactivelystudiedsubjectsinremotesenslng  

duringthelasttwodecades・Vegetationindicesinparticularhavebeenthefocalpolnt  

Ofenvironmen亡almo一山o11ng．  

ThespectralreflectanceofaplantcanopylSaCOmbinationoftherenectancespectl●aOf  

Plantandsoilcomponents，gOVernedby theoptlCalpropertiesoftheseelements and  

pho【OneXChange5Wi【hin血e canopy・A5班e vege【a【ion grows，〔厄soilcon血bu〔ion  

progressivelydecreasesbutmaystillremainslgnificant，depending onplantdenslty，  

roweffects，CanOpygeOmetry，Windeffects，andsoon．  

The cellsin plantleaves are very effec［iveat sca（Iennglight becau5e Ofthe high  

contrastin theindex of refraction between the water－1・ich cellcontents and the  

intercellularairspaces，V三getationisvel●ydarkinvisiblebands（400－700nm）because  

Ofthehighabsorptionbypigments（rnalnlychlorophyil）inleaves・Thereisaslight  

increaseinl’eflectivityaround550nm（visiblegl●een）becausethepiBmentSal▲eleast  

absorptivethel－e．InthespeCtl’alrangeof700－1300nm，plantsareverybright・From  

1300nm to about2500nm，Vegetationis relatively dark，Pt・imari1y because ofthe  

ab50rp110れbyleaf wa【eエCelユulo5e，1i即in，aれd o【her pla爪【marerials also ab50rb  

radialioninthisspectralrange．  

Basedonthesespectralpl’OPertiesofvegetationreflectance，SPeCtralindiceshavebeen  

developed fol－ mOnitol－1ng，Most or them areindices for moni（Onng Yege（Lltjon  

parametel■S・The vegetationindexis a number genel・ated by some combination of  

l’ernOteSenSll－gballdsandhassomeemplricallytestedrelationshipwiththeamountof  

VegetationinaglVenimagepIXeL．Mos［Vegeta【ionindiceshavebeendefinedbasedon  

combinations of visible and near－infl・aredl■e上1ectance＄，SuCh as the normalized  

differencevegetationindex（NDVl）andsirnplel－atio（SR），Whichhavebeen usedin  

l・emotesenSlngStudies．Theseindicesal・eCloselyrelatedtothevegetationbiomass，but  

al■e also5en5i【ive【Olbc【01■S5UCh aぶ∫enぶ0王・look－angle，肌d soil止血山mOSPhel－ic   
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COnditions・These filCtOrSCOmPlicateintel▲P（etationol－the tal▲getl’eflectance，Sevel・aL  

tleWindices、SuChasSAVl（soil－aO）uStedvegetatic）nindex）andARVI（atmosphel・ically  

resistant vegetationindex）and combinations of both（SARVZ）．have also been  

developedinanattempttominimizetheseinfluences（Rondeauxetal．1996）・  

Abasicassumpt10nForthesevegetationindicesisthatallbaresoilspectl■ainaremotely  

SenSedimageformalineinspeCtl■alspace．ThisisreLatedtotheconceptofthesoilline・  

Nearly allofthecommonlyusedvegetationindicesareonlyconcel－ned with red and  

neal●－infrared（RedqNIR）space，SOared－near－infraredlinefol－baresoilisassumed．This  

lineisconsideredtobethelineorzerovegetation．Thesoi‖1neisahypo［he［icallinein  

SpeCtralspacethatdescribesthevariationinthespectrumOfbaresoilintheimage・The  

lineis found bylocatlng tWO Or mOre patChesofbare sou pLXelsin theimage and  

findingthelineofbestntamongtheminspectralspace・  

Vegetationindicescanbegroupedintotwotypesbasedontheiso－Vegetationlineinthe  

Red－NIRspectralspace：  

1）lso－Vegetationlines convel’ge at a Simple point：Theindices that use this   

assumptlOn al●e theいl■atio－based”iTIdices，Which measure the sIope of thelir）e   

betweenthepolntOfconvergenceandtheplXelspectrum．NDVl，SAVI，andRVI   

areorthistype．  

2）Alliso－Vegetationlinesremainparalleltothesoilline：Theseindicesaretypically   

Called“pel－Pendicular”indices and theymeasuretheperpendiculal●distancefl－Orn   

thesoilline［0［hepIXelspec［rum．PVI，WDVI，andDVIareof血s［ype．  

NDVIis sensitive to vegetation change and has the highest dynamicl．ange amOng  

Vege［a【ionindices．NDVIis modeL－a（ely sensi【ive（O fhe soilbackgl‘Ound and to  

atmosphel’ic effects．PVlhas a sma11er dynamic range andis also sensitive to  

atmosphericeffects．Itisl．elativelyeasytousebutthesoillinehastobedetel’mined  

長1．St・PVIwol●ks bet【er（hanNDVIwhenthereislessvegetaIjon cover．Manyofthe  

indices based on thesoi11ineal・einadequateifno atmosphericcoITeCtion has been  

performed，undallvege［ationindiceschangeasthelook－anglerromthesensorchanges・  

1・4 Unmixing   
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Statisticalunmixlnghasbeenintensivelystudiedinl℃Centdecadesandnowitisahirly  

We］le5（ablished methodinl●emote senslng S［udies．However，【he methods used are  

difnculttoapplytounmixlnguSlngVel・yhighdimensional，l・emOtelysenseddata・In  

thissection，thebasicprlnClplesandlimitationsofstatisticalunmixlng，eSPeCiallythe  

linearunmixユng】¶Odeユ，al■ebI■iellyde5Cl弛ed．  

Incaseswhengroundresolutionisalmostthesameasthegl・Oundcoverunitsormuch  

larBer，OZ’weneedtos［udyreglOnSOfna［uralorsemi－naturalvege【a（ionwhereground  

Surfacecoverchangescontinuously，aSuitablewayofextractlnginformationistotryto  

estimatehowtheareaofeachgroundpixelisdividedupamongthedifEerentcover  

とype5・Thi5aPPrOaChi5u5uallyhowna5mixturemode】ing仇・unmixlng・Byunmixlng，  

WeCanprOducequantitativemapsoftheconcentrationofdifferentcovertypesacross  

thescene．  

Inunmixlng，Weneedtoestimateforeachpixelintheirnagethepropol・tionscovered  

byeachgroundcategory，glVenthespectrumoftheplXel・Theestimationshouldbe  

basedonamodelofthespeC［ralmix［ureOfthecompoTleT7（S．Ideally，Weneed【Oknow  

theexactfunction ofthe speCtralmixture、Thelinear mixlng mOdelisthe simplest  

approach，althoughevenhere，thefunctioncannotalways，beinvertedunambiguously．  

Ambiguous inversion happens when we have more ground cover components than 
SPeCtralbands・Themixturefunctiondependsonthereflectancespectraofthecover  

typeSOfwhichthesceneiscomposed・Howevel・，inadequatecalibrationofanimageand  

a【mOSPheliceffectsof（enpreven〔［hecalibra［ionof［heda［atO［hereflec【ancevalues；  

hence，1abol■atOry reflectances cannot be used for unmixing．A much morelikely  

Situationisthatwehavedetailedneldknowledgeofproportionalgroundcoverfora  
numberofpixels；（hen，based on the numberofpixeis forwhich bo血themixture  

function and speCtrum Ofeach componentare known，WeCarlunmix the modelby  

statisticalinference．  

ThebasicphysicalassumptlOnunderlylngthelinearmixlngmOdelisthatthel・eisno  

Slgnificant multiple scattel・lng between the different cover types；eaCh photon血t  

l－eaChesthesensorhasintel■aCtedwithjustonecovertype・Undertheseconditions．the  

l．eCeivedenergycanbemodeledasthesirnplesumofenergleSl－eCeivedforcovertypeS  

inthatfieldandthecoefficientofthemodelisproportionaltotheareacovered・The  

groundcoverpt●OPOrtionsal’eWeildefinedandadduptounlty・   
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Purecomponentspectraofthelandcovertypesarerefen．edto astheend－member  

SpeCtra，and［heca【egOl・iesthemselvesas［heend－members・Thetermend－memberhere  

meansthespectralresponseWi（hou亡noise・Eachend－membel・SPeCtrumisapolntin  

SpeCtl・alspace，Pixelsthataremixturesofjust【wOCOmPOnentSWill、jntheabsenceof  

noise，1ieinfeaturespacealongthelineJOlmTlgthepolntSCOrTeSPOnding tothetwo  
endTmember speCtra・Similarly，mixtures of thl・ee end－membe｛SPeC【ra With non－  

negativepl●OPOrtionsshouldlieinsideatriangle．Inhigherdimensionalspace，mixed  

pixels（rnixels）liein the hyperplane defined by the endTmember spectra of the  

COmpOnentS・  

Let c be the numbel・Of theland cover types and′7be the number of speCtrum  

dirnensions・In thelinear unmixlng mOdel．from the theory oflinearequations，the  

solutionoftheunmixlngwi11beunlqueifc＝n十1，andifc＞n＋1therewillbeaninfinity  

ofexactsolutions．Finally，When c＜n＋1theremay wellbe noexactsolution・The  

conditionmustbemodifiedton＜Cifwearerelaxlngthesum－tO－unltyCOnStraint．The  

numberofdimensionsofthespectrahereisnotreallythenumberofspectralbands・but  

ratherthein（rinsic dimensionalnumberofthe spectl・aldata thatcan beknown by  

prlnCIPalcomponentanalysis・Inthecaseofthe6bandsofLandsatThematicMapper  

data．ifwefind［ha亡班e丘fthandsix（hpTincIPalcompDn巳ntSOfthedatacontainnothing  

butnoise，then the tl・ue dirnensionalnumbel・0［the da【ais fouJlln this case we can  

unmixonlyupto5cornponentsusingthesedata（SetrleandDrake1993）・  

1deallytheendTmemberspeCtraShouldbedeteminedbylabol′atOrymeaSuremenLSOf  

theend－membercomponents・tlowever，thereare sometimessubs【antialproblemsin  

correcting satellite data su疏ciently wellfor atmospheric effects（Oallow diLTeC【  

comparisonbetweenlabot・atOrydataandremotelysensedimagedata・Thus，theend－  

memberspectraareoftendeterminedfrompureplXelvaluessampledfl・Omtheimage  

itselr．  

1．5 Classi坑catio  

The most widely used method for exLtraCtlnginformation on surface cover from  
z・ernOtelysenseddataisimaBeClassincation・Withthistechnique，eaChimageplXelis  

auoca【ed exclusively（00ne Ofasmal】numberorknown cutegol・ies，pl・Oducing an  

imagecontainlngthematicinfol・mation・Thel・esul血g thermticmupcan beしLSed to   
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estimatetheareaofeachcategol・y，ifthenumberso［boundarypIXelsol・Lnixedpixels  

al・eSmall．  

In this thesis，Classincation studies uslng multitempol・aland hyperspeCtrall・emOtely  

5en5eddatainCh坤el・56and7，anda150【わeたatul‘e5eユection5tUdyinChapぬ■8・are  

allconducted uslngthesupervisedmaximumlikelihoodclassification method・New  

classificationmethodsuslngtheBayesianapproachdevelopedinChapter8arealso  
compared with the maximumlikelihood method・Because thelatter forms the  

fc．undationofthestatisticalclassincationapproach，itisimportanttobeawareofthe  

detailsofthismethodinordertounderstandthestudiesinthisthesis．lnthischapter，  

thebasicpnncIPlesofthesupervisedclassificationmethodandmaximumlikelihood  
methodaredescl・ibedfollowingRichards（1986）・  

1．5．1SupervisedClassi鮎ation  

Supervised classi員cationis the most common technique forremote sensingimage  

analysis・ItclassifleStheplXelsinanimagetooneofthecovertypes，OrClasses・Many  

algorithmshavebeendevelopedfol・this・Someal・ebaseduponprobabilitydistribution  

modelsforthe classesofinterest；Othel・SPal・titlOl－the multispeCtralspaceinto class  

reglOnSuSlngOPtlma11ylocatedsurfaces・Irl・eSpeCtiveoftheparticularrnethodchosen，  

theessentialpracticalstepsare：  

1・DeterTninethesetofgroundcovertypesintowhichtheimageistobesegmented・   

Thesearelandcoverclasses，SuCh aswater，urbanreglOnS，CrOPland，andrange   

lands．  

2・Chooserepl・eSentativeol・prOtOtypeplXelsfl・OmeaChofthedesiredsetsofclasses・   

ThesepIXelsarecalledtralnlngdata・TrainlngSetSforeachclasscanbeestablished   

uslng grOund truth by site visits，maPS，aerialphotographs，01・eVen photo   

interpl・etationofcolor－COmpOSiteproductsformedfromtheimagedata・Oftenthe   

trainlngPIXelsforaglVenClasswi111ieinacommonreglOnenClosedinaborder・   

ThatreglOnisthenoftencalledatrainlngarea・  

3．Use the truinlng data to estimute the pal・ametel・S O「the particuhl・Classifier   

algol・ithmstobeused；theseparameterswillbethepl・OPel・tie”上■thepl・Obubility   

modelusedol・willbeequationsthatde上il－ePLu・tiしionsinthelTlulti叩eCtl・alspace・   
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TheseLOfLpulLumetel－S t’ol－uglVen Chssissometimescalled theslgnatul■e o［that  

cla5S．  

4・Usingthe［l．ainedclass摘er，1abelorclassifyevel●yPIXelintheimageintoopeoFthe   

desil●edgroundcovertypes．Herethewholeimageisclassified．  

5・Producetabuhrsummariesorthematic（class）mapswhichsummarizethel●eSults  

of【heclassilicaLion．  

1．5．2 MaximumLikelihoodMethod  

Maximumlikelihoodisthemostcommonsupervisedclassificationmethod・Whenthe  

distributionsofthespeCtraarenOlⅧal，itcanbeshowntheoreticallythatthemaximum  

likelihoodmethodgivesthebestperformance，1nthefouowlng，theprlnClplesofthe  

maximumlikelihoodmethodal・edescribed．  

Letthelandcovel●classesbeL’epreSentedby  

（1．1）  叫，J＝1，・・・，〟   

WhereMisthetotalnumberofclasses，ThemethoddeterminestheclassofaplXelata  

location x by conditional probabilities 

p（叫Ix），f＝1，…，〟  （1．ユ）  

Here，Xisavectorofbrightnessvaluesforthepixel・Theprobability p（a）tJx）gives  

thelikelihoodthatthecorrectclassis a）1foraplXelatposition x．Then，Classification  

Canbeperfol－medaccordingto  

（1．3）  X∈叫ifp（叫Ⅹ）＞〆叫X）foltallノ≠J   

Thepixelat xbelongstoclass wjif p（a）iLx）ishighest・Thisintuitivedecisionl－uleis  

aspecialcdSeOfamol・egenel・alrulein whichdecisionscan be biasedaccol・dingto  

differentdegl・eeSOfslgni丘cance beingattached toditferentincoITeCtClassifications・  

ThegeneralapproachiscalledBaye，sclassiEication・   
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HoweveL・，the p（a）L（x）values are generally unknown・Ifsu爪cie■一t（1’aining dam are  

availablefol・eaChlandcovertype，thenthesedatacanbeusedtoestimateapl・Obability  

distribution p（xla）i）foracovertypethatdescribesthechanceoffindingapixelfl’Om  

Class a）Lattheposition x．Therewillbeasmany p（xIa）L）astherearegroundcover  

classes・In othel・WOrds．foraplXelataposition xin multispectl・alspace，a SetOf  

Pl・ObabilitiescanbecomputedthatglVethel・elativelikelihoodthattheplXelbeloIlgStO  

eachavailableclass．  

Thedesired p（a）jEx）in（l．3）andtheavailable p（Xla）i）－eStimatedfromtrainingdata－  

al・erelatedbyBaye’stheorem：  

（1．4）  〆叫X）＝〆Ⅹl叫）p（叫）／〆X）   

Where p（a）i）is the probability thatclass wL OCCurSin theimage，and p（x）is the  

Pl・Obabilityof血dingapixelfromanyclassatlocation x・Although p（x）itselfisnot  

importantforclassification，itcanbecalculatedas  

〟  
〆X）＝∑〆Xl叫）p（叫）  

l＝l  

（1．5）  

The p（a）j）arecalledapl・iori（orpriortoanalysis）pL’Obabilities，Since theyarethe  

probabilities with which class membership of a pixel could be guessed before 
classification．By comparison the p（a）ilx）al・ecalled a posteriori（Ol’afterthe fact）  

probabilities．Using（1．4）itcanbeseenthattheclassincationru1eof（1・3）is  

（1．6）  Ⅹ∈叫ifJフ（Ⅹ1叫）p（叫）＞〆X」叫）〆のノ）rorallノ≠∫   

where p（X）hasbeenremovedasacommonfactor・Theru1eof（l，6）ismoreacceptable  

thanthatof（1．3）sincethe p（a）iIx）areknownfrornu・ainingdata，anditisconceivable  

thatthe p（a）i）al・ealsoknownol・Canbeestimatedfromtheanalyst’sknowledgeofthe  

image・FoI・ma［hema【icalcorlVenience，if［hede伽i【ion  

（1．7）   gi（X）＝1n（p（xla）1）p（叫））＝lnp（xLo）i）＋lnp（a）i）  

isused，Wherelnisthellaturalloganthm，then（1．6）caLlberestatedas  



1Introduction  13  

ir g′（x）＞gノ（Ⅹ）i－oraiり≠f  （十8）   

whel・e gL（X）arereferredtoasdiscriminantfunctions・Thisis，WiLhonemod頂cationto  

fo1low，thedecisionruleusedinmaximumlikelihoodclassi土ication，  

Atthisstage，itisassumedthattheprobabilitydistributionsforeachclassareofthe  

forrnofnormalmultiva由一emodels．ThisisanassumptlOn，rathel－【hanademonsErable  

PrOPertyOfnaturalspectralorinformationclasses・Howeveritleadstomathematical  

Simplihcationintheね110Wlng・  

In（1．7）therefore，itisnowassumedforNbandsthat  

〆叫）＝伽「∨′附”2expト‡い叫）′∑㌻1（叩＝  
（1・9）  

where miand∑iarethemeanvectorarLdcovariancematrixorthedatainclass叫，  

一1n（2花）  iscommol－tOallgf（X）anddoesnotaid  ・reSpeCtively・Thel●esultingtel■m  

discrimination．Consequently，itislgnOred and the nnalfol－m Of the discriminant  

functionformaxirnumlikelihoodclassincationis  

梱＝1np（頼略卜いmf）′∑㌻1（x－mj）  （1・10）  

OftentheanalysthasnousefulinfomlatlOnabou（【he p（a）L），inwhichcaseequalplior  

probabilitiesareassumedこaSareSultlnp（a）L）canberemovedfrom（1．10）sinceitis  

thesameforalli．Inthatcasethel／2commonfactol●Canalsoberemovedleavlng，aS  

thediscriminantfullCtion：  

＆（x）＝－1n】∑～l－（x－mj）′∑γ1（x一叫）  （1．11）  

Imp】ementationofthemaximumlikelihooddecisionruleinvoIvesusingeither（1・10）or  

（1．11）in（1．8）．  

Asameansfol・aSSeSSlngthecapabilitieso［Lhemaxirnumlikelihooddecisionl・ule，itis  

userultodeterminetheshapesofthesul・faceth山SePal・ateOneClassfromanothel・in  

multispectralspace・Thesesul・fhcescanbedetel・minedinthefo1lowIElgmanTlefl   
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SpeCtralclasses are defined by those regiol－Sin multispectl・alspuce where their  

discriminantfunctionshavethehighestvalues・Cleal・1ythesereglOnSal・eseparatedby  

Surfaceswherethediscl●iminantfunctionsforadjoinlngSPeCtralclassesal・eequal．The  

ithandjthspectralclassesal●eSeparatedthereforebythesurface  

gf（x）－gノ（X）＝0  （1．12）  

Thisisl・efelTed to asadecisionsurface、Sinceifallthesurfacesseparatlng SpeCtral  

Classesareknown・decisionsaboutclassmembel・ShipofanimagepIXelcanbemadeon  

thebasisofthepositionrelativetothecompletesetofsurfaces．   

Theconstruction（x－mi）L∑Jl（x－mi）in（1，10）and（1．11）isaquadra［icfunctionof  

X・Consequently，the decision surfacesimplemented by maximumlikelihood  

Classificationarequadraticandthustaketheformofparabolas，Circles．andellipses・   

1．6 FeatureSelection  

Asthenumberoffeatul－eS（bands）ofremotelysenseddataincl■eaSeS，theoretica11ythe  

accuracy of classification uslng these data should alsoincrease．However，in real  

Situations，thisisnotthecase・Adecreaseinclassincationaccuracyoftenoccurswhen  

thenumberoftrainlngSamplesissmall．Thisisbecausewhenthenumberoffeatures  
increases，the numbel・Ofparameters alsoincreases，and morel・apidly．such thatthe  

numbel・Oftralnll－gSamPlesnecessaryforaccuratelyestimatlngthesepal・ametel・SeaSily  

become51al－gel’血n the ac【ual汀ainlng da【a aVailable rol・Cla5Si玩加ion．Fea餌re  

SelectionorfeaturereductionisnecessarytocompenSateforthisproblemandtorealize  
higher classi土ication accuracy uslng high dimensionalremotely sensed data．In this  

SeCtion，thebasic methodsoffeatureselectionemployedin山isthesisaredescribed  

followingRichards（1996）．  

1．6．1Separability  

Asthe numbel・Of土もatures ol・bandsincreases，theclassincationcostalsoincreasesin  

anyclassificationalgorithm，Inclassifierssuchastheminimum distancemethod，the  

COStincreaseslinearlywiththenumberoffeatul▲eS．Howevel・inmaximumlikelihood  

Classification．thecostincreasesquadraticallywithnt11TlbeL’Orfeutures，Thel■e上bre，itis   
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desh’abletoselectolllyeffectiveftaturestopel－fol－munetricientclassi上、icu［ion・Features  

that havelow sepal・ability o［spectralclasses should be discal・dedl－OtOnly to save  

COrnPutationalcosts but also to avoid failurein estimiltlng the pal－ametel－S Or the  

classiriel・．  

Tbperfol■mtもatureselection，1・elativeclassificationpe1・fol－manCeOfasetof上htureshas  

to be assessed quantitatively．A procedure commonly usedis to detelmine the  

mathematicalseparabilityofchsses，tftheseparabilitylS nOtloweredbytheremoval  

ofcertainfbatul・eS，thenthosefbaturesareconsideredoflittlevalueintheclassification   

prOCeSS・  

Thel・e al●e SeVeralways to rneasul－e the separation ol’OVel●1ap between a palr Of  

PrObability distributions or classification classes・Obviously the distance between  

meansisinsufncient since overlap willalso beinfluenced by the variance of the  

distributions．Instead，a COmbination of both the distance between rneans and the  

COVarianceoftheclassdistnbutionisnecessal●yfortheevaluation．Suchmeasuresare  

allreferredtoasseparability，inwhichtheseparationordistributionsisevaluatedby  

Statisticalpatternclassincation．  

1．6．2 Divergence  

DivergenceisameasureoftheseparabilityofapalrOfprobabilitydistributionsintheir  

degreeofoverlap・Itisdennedintermsofthelikelihoodl■ati0  

（1．13）  エリ（Ⅹ）＝〆Xl叫）／ク（Xや′）   

This glVeS the divel・genCe between a palr Of spectralclasses that al●e nOrmally  

distl・ibuted．Ifthel’earernOl．ethantwospeCtralclasses，allpalrwisedivel●genCeSneedto  

becheckedtoseewhetheraparticularfeatul－eSubsethassufficientsepal－ation・Then，  

thetotalsepal●abilitylSeValuatedbytheavel●agedivergence・  

However▼thel・eis apl・Oblem with divergence・AsspeCtralclasses become separated  

fromeachotheril－multispectl・alspace，theaccuracyofclassificationappl・OaChesl・0・  

Thedivel・gencemeaSul・ewillincl・eaSequadt・aticallywithsepal・ationbetweenspectral  

Classes・Thisrateofincl・easeofdivergenceisqultemisleadingifdivel・genCeisusedas  

allindicutionofhowsuccesst－ullythepattel‘l－il－thecol．1．eSPOndingspectl’LllclユSSeSCan   
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bechssified・Mol・eOVel・，iftherearesomeoutlylngeuSilysepal・ableclユSSeS，they will  

incl・eaSetheaveL・agedivergenceinamisleadingwuy・Thiswilll・esultintheselectioL－Of  

sub－OPtlmalfeatul・e Subsets at best・This pl・Oblem makes divel・genCe an unSuitable  

indicatorin somecases．However，theJeffries－MLLtuSi【adistancedescl・ibedin the next  

sectiondoesnotsufferfromthisdrawback，  

1．6．3 Jeffries－Matusita（JM）Distance  

TheJM distanee（Bhattachal・ryadistance）betweenapail・Ofpl・Obability distl－ibutions  

（spec【l’alclasses）isdefinedas  

ノ¢＝J（  （1．14）  〆x」叫）一   

whichisseen tobeameasureoftheavel－agedistancebetweenthetwoclass denslty  

functions．Fol・nOITnal1ydistributedclassesthisbecomes  

（1．15）  2（1－e‾げ）  Jぴ＝1000   

in which  

11“．（∑＋∑′）／2  
α＝（′㌣mノ）′｛1（肌‘一′乃ノ）  

2  

（1．16）  ＋テ1n（   － 

2 1∑ll′21∑／ll′2  

ItisofinteresttollOtethatthefirsttel・min（1．16）isakintothesquareofthenomnalized  

distance between theclass means．The pl－eSenCe Ofthe exponentialractor glVeS an  

exponentiallydecl・eaSlngWeighttoincreaslngSeParationsbe【WeenSPeCtl’alchsses・The  

functionisasymptoticto1414sothataJMdistanceof1414betweenspectralclasses  
wouldimply100％classificationaccuracyfol・thoseclasses・Thissatul・atlngbehavioris  

highlydesirablesinceitdoesnotsufferfl・Omthedifncultythataffectsthedivergence  

parame【el●・  

1．7 BayesianLearnlng   
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ThelatestGiluSSiunpl’OCeSSisaBayesianappl●OuChfirstdevelopedinl●egl’eSSiolland  

functionestimationstudiesbasedonBayesianlearnlng・Bayesianleal・nlngPl・OVidesa  

COITIPletelydifttl’entintel’pl－etationofpl■Obabilityandmodelingh・Omtheconventional  

Statisticalapproach（hequentistpointofview）．lnthischapter，inordertomakeiteasier  

tounderstandthelaterchaptel●uSlngtheBayesianappl．OaCh，theprincIPlesofBuyesian  

learnlng are bl・ieny descl・ibed，With specialemphasis on the diffel・enCe between  

Bayesianand丘equentistapproaches，followingNeal（1996）．  

1・7・1BayesianandFrequentistApproaches  

BayesianlearnlnguSeSthetel●mprObabilitytoincludeallfc・rmSOfuncel●taintyastothe  

degreeofbeliefinvariouspossibilities・Learningandinferencearethenperformedby  

Simple applications of the probability distllbution over allunknown quanti［iesIn  

COntl●aSt、theconventionalh－equentistapproachinstatisticsusesprobabilitiesaslong－  

run h・equenCies of－repea［able events・In fl・equentistleal・nlng，eStimates are made of  

unknownqual－titiestoproduceagoodmodel，  

To seethedifferencebetweenBayesianandfrequentistlearnlng，COnSiderthecaseof  

tosslngaCOin．InBayesianlearnlng，thel●eisanuncertaintyabouteachtoss：thecoin  

has a certain probability oflanding heads or tails，Because we do not know the  

PrObabilityofitslandingheads，WeWillupdatethisprobabilitydistl・ibutionuslng the  

l・uleofprobabilitytheoryaftel・eaChtoss・Inthefrequentistappl・OaCh，SuChaprobability  

updateisnotnecessary・Instead，WeChoosesomeestimatorfol・theunkl－OWnprObability  

Ofheadsaccording［OSOmeCriterionuslngthefl’equenCyOfheadsinpasttosses．  

1．7．2 ModelsandLikelihood  

Consider a datasel・ies，X（1），X（2），・・・．generated by anindependent random pl・OCeSS  

fo1lowingapl・Obabilitydensity P（X（t）18）withunknown modelpaI・arneterO．Ifthis  

densityisGaussian．wecanwritethiswith8＝（FLCr）asニ  

PしていtlJ，の＝eXP（一けiし〃）ユ／2Jユ）／㍉言J  

Learnlngabout Oispossibleaftersomeobservationof x（L）・Fol・bothBayesiunand  

fl－equentistlearnlng，these obsel●Vations can be assessed by thelikelihood runction   
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L（0），Whichgives thepl’Obabilityoftheobserveddatnasa血11Ctionorthe unknown  

modelpal●ametel．S  

招）＝⊥（臥r‖∴ズ‘′り）∝Pして（1’・…，ズ‘′り旧）＝口柏‘りl卵  
．「：  

（1．17）  

In the maximumlikelihood method，the ullknown pal●ameterS are eStimated【O  

maximizethelikelihood L（0）Inthecaseoftossingacoin，themaxirnurnlikelihood  

■ estimate6Iis the h・equenCy Of heads among x（），‥・，X（，L）・Itis known that the  

rnaximumlikelihood estirnates converge on the true Value as the amount of  

obsel・vationaldataincreases．  

hal・ealpl・Oblem，Weal・e血el℃S【ediローhepl・edict氾n P（．て世＝博）no【in血evalueof∂  

itself・Inafl‘equentistappl●OaCh，aPl■edictionisbasedonanestimated e．However，by  

uslnB［he Bayesjan appl●OaCh we can make a prediction that takes account of the  

remaininguncertaintyin O  

1．7・3 BayesianLearnlngandPrediction  

BayesianlearnlngglVeSaPrObabuitydistributionovermodelpal・ameterSthatexpresses  

Our beliefl－egal●ding thelikelihood ofthe different parameter values・n）Stallthe  

process orBayesianleal●ning，We muSt de貞ne an a prioridis［ribu［ioTl，P（0），［ha【  

expl－eSSeSOul■initialbeliefabout8．Whenweobsel・ve x（1），．．．，X（’りwecanupdatethisa  

Pl’10ridis［l’ibu〔ion［OanaPOS〔erioLldistribution，u5ingBaye’sRu）e：  

P（ズ（1），…，ガレり旧）  
P（βl∫（1），‥．，ズレり）＝   ∝上（βは（1），…，，て（′り）P岬）  （1．18）  

P（ズ（1），‥．いて（′り）  

The a posteriol●idistl－ibution combines thelikelihood function、Which contains the  

in上brmation about O del．ived丘om observation，With the a prlOriestimate，Which  

containstheinformationabou18del－ived丘omoul－backgroundkrlOWledge・   

InthecointosslngeXamPle，Wemightstallwithauniformapl、10riestimatefor O the  

PrObabilityofheads・Asweseetheresultofsevel・altosses，theapostel・ioridistribution・  

Obtainedbycombiningtheapr101・iestimatewiththelikelihoodhlnCtion，Willappl・OaCh  

theobseL・Vedh・equencyofheads・rrbpredictthevalueofanunknownquantlty rr（，．＋1）   
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Bayesianlearnlngintegl－ateS the pl．edictions of the modelwi［h the a posteriol’i  

distributionofthepal●ametersas  

P（ズ州iズーl∴Jいり）＝Jp（ズ州lβ）P卵（1），・・‥ていり）dβ  （1、1り）  

This predictive distribution fol・－r（，L＋りglVen Xt），…，X（′り・is【he cornplete Bayesian l  

inferenceregarding x（n＋l），Whichcanbeusedformanypul・pOSeS・  

InthecointosslngeXample，ifweuseauniformaprlOriestimatefbrtheprobabilityof  

heads，【heBayesianpredictionfortheresultoftossn←1，glVentheresultsofthe丘rstn  

tOSSeS，1S  

P（J（梱りけ1）、…，ズ（’り）＝（ん十1）／（月＋2）irズ（佃＝＝heads  

（汁1）／（′1＋2）if．方い什1）＝tails  （1．20）  

wherehJandtarethellumbel・SOfheadandtailsin x（l），．．．，X（’．）   

However，eVenin this simple problem，We Can See the effect of prediction by  

integrationrathel・thanmaximization．Ifwehavetossedthecointwice，andeachtimeit  

landed heads，narVeaPPlicationofmaximumlikelihood willlead ustoconclude that  

thecoiniscertaintolandheadsonthenexttoss，Since8＝1・TheBayesianprediction  

withauni上brmaprlOriestimateglVeSamOrereaSOnableprobabilityof3／4わrheads・  

The Bayesian procedure avoidsjumplng tO COnClusions by considering not）uSt the  

Valueof O thatexplainsthedatabest，butalsoothervaluesof Othatexplainthedata  

reasonablywell，andhencealsocontributetotheintegralofequation（1・19）  

1．7．4 LearningComplicatedModels  

Thereis a prlnCIPleわr modeling studies called“Occam’s Razol．．’．It states that we  

Shouldselectthesimplestmodelfol．inference．Howevel●，insomecomplicatedpattern－  

1・eCOgnltionapplications，WeOftencannotnndanysimpleprocedul・e forrecognltion・  

Thereisnol・eaSOntOSuppOSethatthereisalwaysalimittothecomplexltyOfamodel  

thatwi11glVegOOdpertbrmance．However，rthecomplexltyOfmodelsisoftenlimited，  

noりuSttOSaVethecompu［ationaltime，butalsotoavoidovel■httingofthetl－ainlngdata・  

Butthel－eisnoneedfoL’concel’1－aboutovel．nttlngintheBayesianuppl’OaCh・   
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Theovel’fittlngPrOblemimrrequentistappl■OaChoccul’SbeciLuSeOfatL’ude－Offbetween  

the bias and the val－iance or an estimato11The bius of an estimatol－meaSureS any  

SyStematic elTOr Ofthe pt・ediction；the variance measul・eS the degl・ee to which the  

estimateissensitivetothel■andomnessorthetl－ainlngdata．Onewayofleal■nlnglStO  

minimize the sum ofthe squares bias and the variallCe．Since reducing bias ohen  

incl・eaSeSVariance，andviceversa，OneWaytOCOmPl・omisewouldbetominimizetheir  

Sum．Acomplicatedmodelthatisflexibleenoughtol●epresentthetruePrOCeSSCanhave  

low bias，but may suffel・丘om high variance，Sinceits flexibilityalsoletsitfit the  

l・andomvariationinthetl■ainLngdata．Asimplemodelwillhavehighbias，unlessthe  

tl・uepl・OCeSSisl・eallythatsimple，butwi11havelowel・Variance・Therearealsoothel・  

ways to trade offbias agalnSt Variance，SuCh as by use ofa penalty hlnCtion，but  

adjustlngthemodelcornplexltylSperhapsthemostcommonmethod・  

Thi5COmplex点yadju5tmentleadstoacムoiceormodeユーhatvaユ■ieswith上山eamountor  

trainlngdataavailable－themol’edata，thernol■eCOmPlexthemodelused・Inthisway，  

OneCanSOmetimesguaranteethattheperformanceachievedwillapproachtheoptlmum  
asthesizeofthetl・ainlngSetaPPrOaChesinfinltybecausethebiaswillgodownwith  

increaslng mOdelcomplexlty，While the variance wi11also go down due to the  
increaslng amOunt Ofdata，Someinfbrmation criteria can be used〔O de［ermine［he  

OPtimalcomplexityofamodelatagiventrainingsetsize（Ripley1996）・  

InaBayesianapproach，thereisnonecessltyfbrrestnctlngthecomplexltyOfthemodel  
basedontheamountofavailabletl・ain1ngdata・Inordel－tOPerfolⅧBayesianleal－nlng，  

Weneedtoselectamodeltype，makeanaprlOrlgueSS，COllectdata，andthencompute  

theaposteriol・ivaluestomakeaprediction・Thel・eisnoneedtochangethemodelor  

the a pnoriestimates depending on how much datais avai1able・Ifthe modeland  

estimatesarecol・reCtfbrathousandobsel・vations，theyshould bealsocoITeCt上bl・ten  

Observations・Thus．the Bayesian appl・OaCh can eLnPloy a suitable modelthatis as  

complexaswecanafbrdcomputationally，regardlessofthesizeofthetrainingset・In  

Othel■WOrds，inaBayesianapproachweneednotbeconcernedaboutOccam’sRazor，  

becauseitwillbeappliedautomaticallylntheBayesianlearnlngPl・OCeSS・   
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1．8 0utliIleOftheThesis   

Themainparto土－thisthesisdescnbesnewlydevelopedi’emOteSe11Sl11gteChniquesund  

theil－applicationtowetlandmonitorlng．  

1nChapter2，aSanintroductiontothespectralindexanalysisornoodingpresentedin  

Chap【er3，multival■iateanalysesareconducteduslngmultitempol■alimagedata．Inthis  

Study，LandsatTMimagesacquiredimmediatelyafteranoodandonemonthaftel－the  

f100d are used・The floQd－rice datnage reLationshiplS analyzed by multivalうate  

analyses，includingcorl．ela【ionanalysisbetweentheturbidityleveloffloodingwater  

and rice plantdamage，multipleregression related to the decreasein rice yield，and  

Clus【eranalysistodiscem［heflood－Licedamagere】arionship，Basedon［heseanalyses，  

relationshipsbetweenfl00dingconditionandflooddamagearedelineated．  

hChapter3、neWSpeCtralindicesforvegetationintheinundatedareaaredeveloped  

andappliedtothenoodinganalysis．Awaterturbidityindex（WTI），aTlalogoustosoil  

brightness，andaperpendicularvegetatlOnindex（PVl）aredevisedandappliedtothe  

analysISOffl00dinganditsrelationshipwithdarnage，uSlngmultitemporalLandsatTM  

data．Riceyieldsaredelel－minedandre］a（ed［c・（hePVIcalculatedfromtheTMscenes，  

WhiletheWTlisusedformonitorlngthenoodwaterturbidity．Therelationshipbetween  

f100dwatel●turbidityandliceyieldisinves【1ga【edintwo［eS【Si［eS・  

In Chapter4，a neW SPeCtralindex，the Vegetation－Soii－WaterIndex（VSW王），is  

developedandappliedtowetlandmonitonng．TheVSWIisanaturalextensionofPVI  

formonitorlngnOtOnlyvegetationconditionsbutalsosoilandwatel■COnditions，Ialso  

developanalBOrithmtofi＝＝riangletothespectraldistrlbutionstodetermine血eend－  

memberpolntSfol－Vegetation，SOil，andwatel・．VSWIistestedforwetlandmonitorlng  

uslng6mul【i（empora】LandsatTMscenes．whichshoⅥ′SeaSOnalvegetationchanges  

OVeT5years．  

InChaptel．5，al－eWunmixlngapPrOaChbythesubspacernethodisdevelopedandan  

experiment uslng hyperspectralimageryis conducted・h the subspace method・  

ul一mixlnglSCalculatedasthepl・q）eCtionoreachunknownpIXelvectol・Onthesubspace  

Ofeachclass．Thepel’［ol－manCeOfthismethodwastestedinanunlTlixlngeXPel－iment  

uslng uじquire・d，hyperspectr山，Compuct A証bol■ne Spec皿1lmagel●（CASl）imLlgeS・   
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Unmixll－gbythesubspacelllethodistestedagalnStthewetlLlndvegetatiol－Classesalld  

thel●eSultis compared with conventionulmethods t）yleast squal●eS，quadl▲atic  

Pl・Ogrammlng，andol・thogonalsubspacepl・oJeCtion・Finally，theresultsoftheunmixlng  

expel●ilTlentareeValuatedwithregal●dtowetlandvegetationrnonitorlng．  

IrlChap［er6，SeVel．alEea［ure Selec［ion me［hods are used to de［el一mirle［he e此ctive  

SpeCtL・albandsforclassifyingthewetlandvegetationtypes，Optimalbandcombinations  

are selected uslng airborne MSS data．For fea［ure Selection，both the separability  

measul■e（theJeffl’ies－Matusita（JM）distanCe）and【hecl’OSSTValidationmethodal－euSed．  

Then，the dependency of the selection on the classification methodis checked by  

maximumlikelihood and minimum distance methods．The wetland vegetationis  

ClassineduslngSelectedbandstoshowthatthewetlandvegetationtypeinabogarea  

Canbeclassifiedintoseveralcommunlty－1evelclassesuslngSPeCtralinformation・  

Chapter7shows that wetland vegetation types can be accurately classified uslng  

multitemporalLandsatTMimages．ThegrowthpattenlSOJwetlandvegetationchange  

accordingtovegetation type，andwecanusethisEbatul’einmuititemporai’imagesf－ol－  

Classifying the vegetation types・To clarify tempol’algrowth pattel．nS Of wetland  

VegetationtypeS，biomasssarnplingexperimentsareconductedtomeasurevegetation  

growthduringthesummer，Spectralreflectancemeasul’ementsareCOnductedtosee  

thespectraldifferencesbetweenthevegetationtypeS・InChapter8，Wetlandvegetation  

ClassificationisinvestlgateduslngSPeCtralimagedata．Wetlandvegetationtypesina  

bog area are classified uslng the spectralinfolⅧation from CASIdata．Detailed  

elevatiolldataareovel■1aidontheCASIdatatoseethel－elationshipbetweenvegetation  

distrlbution and elevation differencesin the wetland area．In the classification，the k－  

meansclustering（unsし1pe1－Visedlearning）methodisusedtoclassifytheCASIimages・  

In Chap［er9，a neW Bayesian ciassification method using a Gaussian processis  

developedand tested uslng SenSOrfusion data［rom opticalandl・adal■SenSOrS・This  

GaussianprocesshasbeendevelopedfromBayesianneuralnetwol・kswithaninhnite  

numbel・Ofnodesinthehiddenlayer．ItisalsoaBayesianmodel－aVel．aglngapPrOaCh，  

whichintegl・ateS the model’s pl■edictions with the a posterioripL’Obability ohhe  

pal・ametel・S・Thebasic theol・yOftheGaussianpl・OCeSSforclassi上yll－gSateLliteL・emote  

SenSlngdataisintl・Oducedandanexperimentismadeuslngmultiternpol・alLandsatTM・  

JERSl．andERSISARdata，Theaccul－uCyOftheclass摘cationsiscompal‘edwith the  

maximumlikelihoodandBayesianneul’alnetworkmethods・   
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In ChapterlO，Isummarize the contributions of this thesis and discuss possible  

applicationsoftheadvancedtechniquesdevelopedhereintoseveralcomplexecosystem  

studies．IdescribespeCificallyactualusesofthePerpendicularVegetationIndex，Water  

Tul－bidityIndex，Vegetation－Soil－WaterIndex．Unmixlng by Subspace Method，and  

BayesianclassincationwithaGaussianprocessmodelrormonitorlngWetlands，forests，  

andinlandwaters・Finally，Iindicatepossibledirectionsforfutureresearch・   



Chapter 2 

FloodingAnalysisuslngMultitemporalImage  
Data  

Ricenelds，aSart沌cialwetlands，havemanycommonfeatureswithnaturalwetlands・  

The mostimportant such features areinundation and vegetation growth．Remote  

SenSlngteChniquesthathavebeendevelopedformonitonngthesefeaturesinricefields  

arealsoapplicabletowetlands，andviceversa．Inthischapter，aSanintroductiontothe  

SpeCtralindex analysisin Chapter3，multivariate analyses are conducted uslng  

multitemporalimagedata・LandsatTMimagesacquiredimmediatelyafterafl00dand  

OnemOnthafterthefl00dareused・Theflood－damagerelationshipsareanalyzedby  

multivariateanalyses，includingcorrelationanalysisbetweentheturbidityoffloodwater  

andricedamage，amultipLeregressionmodelonthedecreaseofthericeyield，and  

Cluster analysis to see thefl00d－damage relationship．Based on theseanalyses，  

relationshipsbetweendegreeoffl00dinganddamagearedelineated．Thischapteris  

ba5edon「血magataetal．（1988a）．   

2．1Introduction  

Once an agrlCulturaldisaster occurs，agnCulturalagencies need to asstss the crop  

damagebeforefarmersharvestthecrop・Atpresenいheextentofsuch damagein a  

l●eglOnisestimatedfromsamplinBSurVeyS．However，amOreaCCurateeStimationofthe  

damagecannOtbeobtained by ground・based methods only．Landsatand other earth  

Observationsatellitedataareexpectedtocompensatefol●SuChshol－tCOmlngS．  

To analyze the extent ofinundation and crop damage caused by a flood，thl’ee  

approachescanbeadopteduslngSPeCtralreflectancedata．First，theinundatedal●eaCan  

bedelineated usingimagesacquiredimmediatelyafterthefl00d（Greenetal．1983，  

Ramamoorthiand Rao1985，Imhoffetal．1987）；information on the condition or  

floodwa【ersuchaswa［el●tUrbidi（ycaLlalsobeextrac［ed（Kho汀am1981，La（hropdnd  

Li11esaLld1986）．Second，the extent ofcrop damage can be esLimated usingimages  

ShowlngCrOPCOnditionsbeforeharvest；inotherwords，thecropyieldcanbeestimated   
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usingthespectrall・eSpOnSeOfthecrop（Tuckeretal・1980，PinLel－etal1981，Millel－eLul・  

1983，Aaseetal．1984，Pateletal．1985，ShibayamaandMunakata1985）．Third、the  

relationship between the extentofinundation and the crop damage caused can be  

analyzed．  

Aユ加ughwebavefewcleal■daysin山ecropgrowlngSeaSOninJapan，rOrtunatelywe  

WereabletoacquireLandsat5TM（ThematicMapper）imagesimmediatelyafterand  

onernonth afterafl00d，Which showed thecondition ofthenoodinundation andthe  

ricecropdamagebeforeharvest，reSpeCtively・UsingthesemultitemporalTMimages・  

we attempted to estimate the rice crop damage and analyze the nood－damage  

relationships．Theoutlineoftheanalysesfollows・  

1）WedeterminedwhelherthecropdamaBeCOuldbeestimatedusingimagedatathat   
WereaCquiredbeforetheharvestandimmediatelyafterthefl00d・Inthephysical   

interpretationoftheTMbandreflectance，tWOnOtablerelationshipswerealready   
known丘om severalpreviousinvestlgations・First，Wa（erturbidity has a positive   

correlationwithTMband3（red），becausethemudinwaterhashighreflectancein   

thisband（Khorram1981，LathropandLillesand1986）．Second，【hericecropyield   

has a positive correlationwith TM band4（nearinfrared）；the nearinfrared   

renec【anCeiscorre】atedwithbiomass，andbiomassislinearlycon●elatedwithyield   

（Milleretal．1983，Pateletal．1985）．Further，itseemedthatthefl00dwaterwas  

more turbid where thefl00d streamflowed fast，and thisfast stream caused the   

heavyricedamage．Basedontheserelationships，multipleregressionmodelswere   

usedtoestimatetheamountofl●egionaldamage・  

2）Inordertoclassifytherelationshipbetweendegreeoffloodingandricedamage・   

Clusteranalysiswasemployed（TbwnshendandJustice1980）・Theclusterclasses   

weredelineatedfromthetransformedimage，Whichshowedtheenhancedfl00d－   

damagepatterns・ThistransforTnation，prlDrtOtheclusterlng・WaSperformedby   

principalcomponentanalysisusingthecompositemuldtemporalscene（Singhand   
HalTison1985，Ingebritsen and Lyon1985），Which was already shown to be   

effectiveinenhanclngland coverdiscrimination and de（ec【1ngiand－uSe Change   

（Richards1984．Tc．wnshend1984）．TheobJeCtiveofthesestudieswastodelineate   

【hequalitativepat【em Ofland coverchange，While thatofthis analysIS WaS tO   

classifythequantitativecauseandeffectrelationshipbetweenthenoodintlndntion   
andthedamagecausedtothericecl■Op・   



26  2 Flooding Analysis 

2・2 Studyareaandimagedata  

AtyphoonwhichhitonAugust4，1986，broughtaboutfloodsinseveralareasofthe  

KantOdistrict・ManyriceneldsinnorthernKantodistrictwereinundatedandheavily  

damaged・ThericefieldsalongtheHinumaRiver．neartheareawheretheriverl●eaches  

HinumaLake（approximately100kmnorthofTokyo），Wel．eSelectedasthetestsitefol・  

Ourfl00ddamageanalyses．  

Figure2・l（a）isthecolorcompositeTMimageusingbands3（red），4（nearinfrared）  

and 5（midinfrared）acquiredon6August．Itshowsthespreadoffl00dwateroverthe  

riceneldsimmediatelyaftertheflood（TMbands3，4，and5areshowninblue，green，  

and red，reSpeCtively）．In thisimage，the areainundatedwith the turbid flood water  

appears blue，andtheareainundatedwithclearwateraccumulatedabovethericecl・Op  

Vegetation appears black・When thisimage was acquired，therice crop was at the  

bootingstage（approximatelylOdaysbeforetheaverageheadingday）．  

Figure2・1（b）showsthesameareaonemonthafterthefl00d（7September）withthe  

SameCOlorasslgnment・In（hisimage，theheavilydamagedrice neldsnearthelake  

appear red. This is because the damaged rice crop was mixed with the muddy 

fl00dwaters，andthereflectanceinthenearTinfrareddecreasedwhilethereflectanCein  

themid－in＆aredbandincreased・ThedarkgreenareaalongtherlVerandthelightgreen  

areacorrespondtothesomewhatdamagedrice丘eldsandtotheundamagedricefields，  

respectively・This scene was obtained almost2weeks before therice crop was  

harvested（ripeningstage）．Inthisarea，aSisshownlate11therewerevariouslevelsof  

CrOpdamagerangingfrom100％toO％yielddecl・eaSe．   

2．3 Method  

TheconngurationofouranalysesisdepictedinFigure2．2，Priortotheflood－damage  

analyses，SeVel●alpreprocesslng StePS Were Perfol●med・First，the second scene was  

registeredontothenl’StSCenebyAfnnetl●anSfol■mation．TMbands2（0．52－0．6Oいm），3  

（0．63－0．69トm），4（0．76－0・90けm），and5（1．55－l．75トm）oftworegisteredscenes（250x  

240pixels）wel●e added to form multitemporal，8－dimensionalimage data・Then，in  

Ordertoextractthelice丘eldpixels，aSuperVisedclassincationwascarriedoutuslng  

thesernultitemporalimagedata．Becausetherice丘eldsshowedseveraldiffel－ent   
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Fig・2・l・（a）TMimageshowingtheinundatedareaon6今ugust（irnmediatelyafterthe  
fl00d）．bands3，4aJld5shownblue，greenandredrespectlVely．TTleareainundatedwith  
turbidblack．（b）TMimageshowingtheflooddamagedpaddyfieldson7September（1month  
af［erthefl00d）．Bands3，4and5shownblue，greenandredrespectively・HeavilydaInaged  
paddyfieldsnearthelakeappearredandthedarkgreenareaalongtherivercorrespondstothe  
slightly damaged paddy fields. 
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Fig・2・2・blageanalysisflow・  

Table2．1．CorrelationcoefficientsbetweenCCTcountsofTMscenesobtainedon6August  
（inmediatelyaftertheflood）and7September（1monthaf【erthefl00d）・  

6August  Scene  

Band  

2  3  4  5  

7 September 

Band2  －0・34  －0・37  

〕  0・20  0▲ヱ2  

4  －0∴72  －0・78  

5  0・18  0▲17   

0・31  0・27  

－0・0（；  －OL11   

0▲64  0・63   

0・04  0・03   
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SPeCtl・alfeaturesineachimage，SuChasinundatedoL・damaged・thel・icelieldareacould  

notbedelineateddirectlyfrornonescene．However．uslng［hemultitempol●alfeaturesor  

thericeneldspectralresponses，itwaspossibletoidentifythericefieldpixelscoITeCtly．  

Aftel●thisclassincation，Ouranalyseswerelimitedtothericenelds・  

FollowlngthesepreprocesslngStePS，threekindsofnoodTdamageanalyseswerecarried  

Out：（1）correlationanalysisofregistered multitemporalimagedatainricefields；（2）  

estimationdfriceyieldbymultipleregressionanalysesuslnggrOundl●efel●enCedataand  

imagedataateachdate；and（3）class泊cationoftheflood－damagerelationshipbya  

COmbinedmethodc・fpnncipalcomponentanalysISandclusteranalysIS．   

2．4 Correlationanalysis  

ItwasexpectedthattheTMbandreflectanceoftheinundatedareainthe丘rstscene  

WaSClosely relatedtothatofthedamagedricecroplnthesecondscene・Correlation  

analyseswerecal■riedouttodeterminetowhatextenttheTMbanddigitalvaluesof  

each scene were correlatedstatistical1y・Thble2，1shows the col．relation coefficients  

betweentheTMbandCCTcountsobtainedon6August（immediatelyafterthefl00d）  

and those of7September（before harvest）・The highest negative correlation was  

Observedbetweenband3（red）on6Augustandband4（nearinfrared）on7September・  

Asthesebandsareknowntoberelatedtotheturbidityleveloffl00dwaterandtherice  

CrOp yield，reSPeC【ively（Pateletal．1985，LathropandLillesand1986），thisnegative  

COrrelationindicatesthepositivecorrelationbetweenthefl00dwaterturbidityandrice  

yielddecrease．Howeveritshouldbenotedthatsincethiscorrelationcoefficientwas  

Calculated uslng CCT counts of allpixelsinしhe rice丘elds，SOme fl●aCしion of the  

COrrelationwasnotdirectlyduetothisturbidity－damagerelationship，butdueto【he  

SpeCtl・alfeatures of the non－inundatedllce土ields．The highpositive correlation  

Observedbetweenband4（nearinfrared）inthetwosceneswasmainlyduetothehigh  

nearTinfraredreflectanceinthenonTinundatedricefields．Thedetailed mul山emporal  

SPeCtralfea【uresoftheinundatedandnon－inundatedareasarediscussedinthenood－  

damagepatternanalysisfurtherbelow．   
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2．5 Rjceyieldes（imation  

2．5．1 Dataused  

Riceyieldsweresurveyedatseventestsites・Theyieldsof3to5samplingplots（3・5  

m2）ineachtestsiteweremeasuredon25Septembel・．Theaverageyieldfol・eaChtest  

Sitewasusedas血egz．ouT）dreferenceyield，WhiletheCCTcountsforeachtestsite  

Weredeterminedastheaverageofthecorresponding3x3pixels．  

2．5．2MultjpJeregressionanalysis  

Multiple regression modelstoestimate the decrease ofrice yieldwere made uslng  

theseground referenceyieldsaso叫ectivevariables andCCTcounts as explanatory  

variables．  

Thble2．2showstheresultsofastepwisemultipleregressionanalysis（Fin＝Fout＝2．0）・  

Band2（green）andband3（red）wereselectedassignincantvariablesinthestepwise  

regressionanalysisbasedonthesceneobtainedimmediatelyafterthefl00d，Whereas  

Onlyband4（nearinfrared）wassignificantinthemodelbasedon thesceneobtained  

OnernOnthafterthefl00d．  

Consideringthecorrelationofband3（red）withturbidity（LathropandLillesand1986）、  

andofband4（nearinfrared）withbiornassandyield（Pateletal．1985），thisregression  

analysis shows the relationship between the floodwater turbidity and thel●ice crop  

damage，aSmentionedinthepreviouschapter・  

Althoughthenumberofgroundreferenceyieldswassmall，Wejudged thesemodels  

reliable，forthe rangeofmeasuredyield datawassufncientlylarge andthemodels  

Wel●e uSed esserl【i山Iy a5M血erpola【ion meめodin eacムe5fimatio11．The muはp】e  

COITelation forboth modelswasgreaterthanO．95andthe standardestimation elTOrS  

wel・elessthanO．5t／ha．  

Figul・e2．3showstherelationshipbetweenthemeasuL－edyieldineachtestsiteandthe  

yieldestimationfromTMdataatbothdates．   
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Table2．2．RegressionanalysisberweenyieLds（［／ha）andCCrcDurltSOfTMscenesobtained  
on6August（immedia【elyafterthenood）and7September（1monthafterthenood）・  

6Augu5t  7 Septembcr 

Coer．  J  Coe「．  J  

0・598  2・7  

－0・414  －3・5†  

っ
ん
「
J
4
5
m
 
 
 
 
 
 
 
 
C
 
 

8・】†  0・093   

－5・165  －〕・595  

0・972  0・965  

0▲432  0・42S  E
 
 

尺
〔
）
 
 

〃＝7  F＝34・コ  ア㌻＝68・7  

†SjgniRcantaし5percenLlevel・  

●6凸ugus†   

07Sep†embe「  （
D
二
＼
二
 
p
一
望
ゝ
 
p
ご
D
∈
こ
S
山
 
 

／●  

／ ○  

！  2  5  4  5   

Me85U「ed yieしd（†／nq）  

Fig・2・3・Relationshipbetweenmeasuredandestimateddceyield・MuLtipleregression  
models（table3）wereusedforthees【ima【ionson6Augus【（immediatelyaf［erthenood）and7  
September（1monthaf［erthefl00d）・   
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2.5.3 Rice yield estimation map 

Using【heseregl’eSSionTnOdels，（herlCeyieldwasestimated pixe］bypIXel・Figures  

2・4（a）and2．4（b）showthedistributionmapsortheestirnatedriceyieldusingtheTM  

dataacquil．edon6August（immediaLelyafteL－thenood）and7Septembel・（OnemOnth  

aftertheflood），reSpeCtively・Theestirnatedyieldsweredividedinto91evelsa【0・5uha  

yieldintelVals．When theresultsin Figure2．4（a）and2・4（b）werecompared，SOme  

discrepancieswere observedinthedistribudonofredpixels（Ⅰ）whichrepresentthe  

ricefieldswithayieldlessthanl．OJha，andalsointhedis［ributionofbluepixels（A）  

Whichrepresentthe且eldswithayieldofmorethan4．5t／ha・Howeverthedistribution  

Ofthemedium－yieldlevelswassimi1arineachmap．  

Itseems thatinsufficient numbers of test sites with high andlow yieldlevels．and  

Sa【ura【ion of band3（red）renec（anCe fol‘w飢er［urbidi【y Were the causes of the  

discrepancyobserved・1n addition，lodgingofthel●icecropwhichoccurred afterthe  

noodinthenon－inundatedareas，mightalsobeacauseofthediscrepancylnthehigh  

yielddistribution．  

Table2．3isacomparisonoftheestimatedrice土ieldareafol－eaChyieldlevelatl・Ot／ha  

intervalsbetween6Augustand7September．Estimatedareasagreedwellexceptfor血e  

heavilydamagedlevel．Usingthiskindoftable，WeCanaSSeSStheextentofthetotal  

damagein aregionbymultiplyingyielddecrease（t／ha）bycotTeSpOndingestimated  

area（ha）．  

A地ough【hesees【ima【ionme【hod5have5eVel－allimi【a【ion5inaccuracyandcanno【be  

directlyappliedtootherreg10nS，Wehaveshownthatthecropdamagecausedbythe  
floodcouldbeestimatednotonlyfromtheTMimageacquiredbeforetheharvestbut  
alsofromtheTMimageimmediatelyafterthefl00d．   
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Fig・2・4・（a）Distributionmapofthericeyield，eStimatedbythernultipleregressionmodel  
丘）rthesceneobtainedon6August（immediatelyafterthefl00d）．Lettersincolouredbars  
representyieldlevels．A＞4．5；B＝4．0－4．5；C＝3．5－4．0；D＝3．0－3．5；”；H＝1．0－1．5；I  
＜1・Ot／ha・（b）Distributionmapofriceyield，eStimatedbythemultipleregressionmodelfor  
thesceneobtainedon7September（1monthafterthenood）．Lettersincolouredbarsrepresent  
yieldlevels．A＞4．5；B＝4．0－4．5；C＝3．5－4．0；D＝3．0－3．5；．‥；H＝1．0－1．5；I＜1・O  
Vha．   
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Table2・3・Compahsonofestimatedpaddy6eldareasforeachyieldlevelbetween6August  
（irrunediatelyaf［ertheflood）and7Sep［ember（1monthaRerthenood）．Regressionmodels  
WereuSed【OCalcuLatetheyield・  

A】・e；1（ha）  

YieLdleve］（t／ha） 0～  L～  つ～  3～  4～  ト  

6AしIgし】St  25  56   102   137   1ウ2   10り  

7Sepleローbcr  51   25   1＝   15S   179  99  

Table2・4・StandardizedpnnclpalcomponentanalysISuSingtheeight－dimensional  
multitemporalTMimagesofpaddyfield5・  

Eigenvec【or（6Aし■gu5t）  Eigenvector（7September）  

Princ】pal  Band  Band  

Compor）en【 2   ）   4  5  2   ）   4  5  Eigenvalu亡   

0・3（） 0・34  0・〕3  0・コ3  0づ7  0■37  

－0・28 －0・4g O・56  0・5S lO■09 －0・13   

0・25  0・60  0・27  0・25 →0▲32■ 一0・23   

0・19  0・12  0・14 －0・19 、0・06 －0▲58   

0▲04  0■05 －0・69  0・66 、0・04 －0・24  

－0・14  0・02  0・12 －0・13 10・37 －0・〕5   

0■37  0・う7  7・2ユ3S   

O▲04 －0・12  0・6508  

－0・ヰ9 －0・22  0・07こ11   

0・68 －0・2～） 0・01Sl   

O・lj O・09  0・O15ヰ   

0・00  0・83  0・0057   
0・75 －0・49  0・00  0・05  0・19 －0・26 －0▲29  0・11 0・0014  

－0・〕3  0・Ⅰ8  0・05 －0・02  0・76 －0▲46 －0・25  0・08  0・0006   



35  2 Flooding Analysis 

2．6 Flood－damagepatternclassi茄cation   

2．6．1PrincIPalcomponentanalysis  

According to severalstudies，pnnClpalcomponent tl■anSformation of multitempoml，  

multispectralsatelliteirnage datais effectivein enhancing reglOnS Withlocalized  

Change（Richards1984，Tbwnshend1984）．Tbclassifythefl00d－damagel．elationship，  

WealsoappliedthismethodtothemultitemporalTMimagedataonthenoodandthe  

CrOPdamage・  

Table 2.4 shows the eigenvectors and the eigenvalues of the standardized principal 

COmPOnentanalysisuslngthe8－dimensional，multitemporalTMirnageofthericefields  

（CCTcountsfornonTricepixelsweresettozero）．  

The fil■St prlnCIPalcomponent was the so called brightness component，Which had  

almostthesamepositivecoefncientforeachband．Thesecondcomponentrepresented  

a difference between theinundated and non－inundated areas．Both the third and the  

fourth components also representedfl00d－damagel●elationships．However，their  

elgenValueswereremarkablysmallcomparedwiththatofthesecondcomponent・  

Stillhighercomponentsappearedtorelatetosubtledifferencesinthericefields，SuCh  

astheeffectsofthericevarietiesplantedandofmixedpixels．  

2．6．2 Clustering  

Inol．dertocategorizetheflood－damagepattern．clusteranalyseswel■eaPPliedtothe  

imagecomposedofpnncipalcomponents．Aftertestlngmanyklndsofinitialcluster  

andbandselection，ninestableclusterclasseswereextractedfromthe2，3，4principal  

COmpOnenLSbythemlgratlngmeanSmethod．  

2.6.3 Flood - damage relationships 

ThemultitemporalspectralfeatuL’eSOfeachclustel■ClassaredepictedinFigul’e2・5・The  

CCTcountsforeachclassweredeterminedas［heavel・agefol・allthepixelsbelonging  

tothatclass，Whiletheestimatedriceyieldforeachclustel・cl鮎SWaSdetelminedinthe  

same way．TheresultsareshowninFiguI●e2・6，   
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Fig・2・5・neaVerageCCTcountsofTMbands2，3and40btainedon6August  
（irrmediatelyafterthefl00d）andTMband40btainedon7September（1monthafterthe  
fl00d）foreachfl00ddamageclusterclass・Band3（6August），9and4（6August）andband4  
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Fig，2・6・Estimatedaveragericeyieldforeachfl00ddamagecLus【erCLass・MultipLe  
regressionmodeLs（（abLe4）wereusedfortheestimationson6Augus【（immcdia【eLyafterthe  
fl00d）and7Sep［ember（1monthafterthenood）・   
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To assistininterpretlng thesespectralfeatul－eSOftheinund血on andl－eSulting cl－OP  

damage，ninetypeSOfl－eaCtiono上－【hericecl●OPtOthenoodinundationwereidentifiedニ  

（A）notinundated．no dnmage；（B）slightlyinundated with clear water，Slightly  

damaged；（C）slightlyinundatedwithclearwater．nodarnage；（D）mostlyinundated  

Withclearwatel・，Slightlydamaged；（E）mostlyinundatedwithclearwater，nOdamage；  

（F）inundatedwithcleal・water，Slightlydamaged；（G）inundatedwithsbmewhatturbid  

water，Slightly damaged；（tl）inundated with turbid water，damaged：（l）inundated  

withturbidwater，heavilydamaged．  

OwingtotheadaptlVenatureOfthericecrop，［heinundationwithclearwaterdidnot  

necessari1yresultinheavydamage・Itwasshownthatsubmergence of［he ricecrop  

underthenoodwatersurface，Whichwasindicatedbylowband4（nearinfrared）CCT  

counts，andinundationwith turbid water，Which wasindicated by highband3（red）  

CCTcounts，1●eSultedinil．reVerSibledamagetothericect’OP・   

2．7 Conclusion  

TMimagedataweresubjectedtoseveralmultivariateanalysesinordertoasse5Sthe  

extentofflood damage and to analyze the relationship between the nood and the  

damage・Throughthel・elationshipbetweenfloodwaterturbidityandtheactualriceyield  

decrease，itwasshownthatthelattercouldbeestimatednotonlyfromtheTMimage  

dataacquiredbeforetheharvestbutalsofromtheimageacquiredimmediatelyafterthe  

nood．  

Althoughthisresultshowedthepossibilityofearlyassessmentofcropdamageina  
reglOn，itl・emalnStObedetel・minedwhetherthismethodisapplicabletootherareas  

where the geographicaland agnculturalcondit10nS are different・Theeffect of the  

inundation depends on the growth stage of thel・ice cl・OP and the duration of the  

inundation．Ful・thel・mOl・e，the effect of the watel・turbidityis a function of the  

geomorphologlCalconditionsoftherivelこThus，atPL・eSenしeStimationofcropdamage  

fl・Omfloodwatertul●bidityshouldbecarriedoutuslnggl●Oundl●efel●enCedata・  

The flood－darnage relationship was defined by the clustenng of the prlnCIPal  
componentsofthereglStered，multitemporalTMimagedata・TheCCTcountsforeach  

classshowedtherelationshipsbetweenthefeatul・eSOFtheinundationinthelicenelds  

and the resultingl・ice damage・Althoughlhisl・eaCtion pattel・n Ofthel・ice cl・OP also   
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dependsonthestageorgl・OWthofthephntwhenanoodoccurs・thel・eSultsl・eVealthe  

adaptabilityofriceplantstonoodinundation・   



Chapter 3 

SpectralIndicesfbrFloodingAnalysis  

In this chapter、neW SpeCtralindices，the perpendicular vegetationindex（PVI）and  

water turbidityindex（WTI），are developed forfl00dinundatipn monitoring and  

Vegetationchangein wetland areas・Thesespectralindices aredefinedbased on the  

analysisofricefieldfl00dingandconsequentcropdamage・Intheanalysis，TMrice  

fieldimages acquired duringfl00ding and one monthlater were used to relate  
inundation damage torice yield．This was accomplished by uslng the turbid water  
pixelstodetermineaturbidwaterline（TWL），TheWTIalongtheTWLandPVIfor  

paddyrice were de土ined uslng thisline．The relationshipis determined between  

fl00dwaterturbidityatthericebootlngStage，mOnitoredusingWTI，andthereduction  

inyield，meaSuredbyPⅥ．ThischapterisbasedonYamagataetal・（1988b）・  

3．1Introduction  

Landsatandothersatelliteshavethecapabilitytodocumentconditionsinindividual  

rice neldsandto provideathematic overview．Sevel●alworkershaveestimatedcrop  

biomassand yield usingsatellite data（BarnettandThompson1982，Wiegandetal・  

1979，Wiegand and Richardson1984）．Vegetationindices derived from neld  

measurementsofreflectancefactorshavebeenfoundtorelatecloselytoleafareaindex  

（LAJ），phytomass，andyieldofmanykindsofcrops（Jackson1983，Jacksonetal■1983，  

Galloetal．1985，WiegandandRichardson1987）．However，theindicesderivedfrom  

groundobservedreflectancefactorscannotbeapplieddirectlytosatellitecalibration  

（Price1987）．  

AsmentionedinChapter2，WeWerefortunatetoacquireLandsatThematic Mapper  
（TM）scenesthatrecordedinundatedricefieldsonedayafteratyphoonthatstruckthe  

Kantodistricton4and5August1986．Wealsoobtainedimagestakenamonthafterthe  
typhoon，Whichdocumentedthedamage（1ねmagataandAkiyama1988）．Weconverted  

these datainto reflectance factors using coefncients pl・OVided by Price（1987）and   
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de土ined theTWL，WTI．andthePVI（RichardsonandWiegand1977）forinundation－  

damagedlicenelds．TMbands3（630－690nm：red）and4（760－900nm：nearTinfL●aTed  

OrNIR）wereused．Theobjectivewastorelatefloodwatel●turbiditytoresultingdLLmage  

irltermSOfriceyieldusingWTIandPVIdevelopedfortwotestsites．andtodiscuss  

howsuchrelationshipscanbeusedinricecropdamageestimation・   

3・2 StudyAreaandImageData  

Weanalyzedtwotestsites（Figure3・1）innorthemKantodistrictinJapan，Whererice  

CrOPSWeredamagedbyfloodingfrom［he［yphoon・Bo【h【eStSi（eSWereloca［edalong  

riversneartheirconfLuencewithlakes．  

Figure3・2displaysTM Band3images showlng theinundated paddy neldsin the  

Hinuma（a）and‡shioka（b）areason6August1986，immediately aftel●the typhoon  

abated．Intheseimagesthemoreturbidthenoodwater，thebrightertheimagesappear・  

Theimagewas acquired approximately10daysprlQrtOheading andtheinundation  

COminuedforl－5days．  

Figures3・3（a）and（b）displaytheTMBand4（near－infrared）images，COrreSpOndingto  

thoseinFig・3・2，Obtainedon7Septembel●1986，OnemOnthaftertheinundation・In  

theseimages，healthyrice appearS blight and damagedrice appears dark・Heavi1y  

damagedhcewasdeadandabandoned（notharvested）．Whenthisscenewasacquired，  

thericecropwasinthemiddleofthegrainn11ingstage・   
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Fig・3・1・Testsitelocationmap・  
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3．3 Method   

In order to examine the correspondence between inundation and damage. the TM 
scenesfol・6Augustand7Septemberwereoverlaid．TMBands3（63O－69Onm）and4  

（760－900nm）were selected for the analyses，because ergonomicallyimportant  

parameters、SuCh as LAl，Can be measured by thesel・ed and near－infrared bands  

（Wiegandetal，1979）．Thetwotestsitesselected，HinumaandIshioka，Were250200  

and250160pixelsinsize，reSPeCtively・Thetwo－Channeldataforeachtestsiteforrneda  

4－Channel，multitemporal，multispectraldatasetforeachsite・  

¶）eXtraCtthepixeLsforthericenelds，aSupervisedclassificationwascarrledoutusing  

these multitemporalimage data－Within therice field pixels，there were several  

distinguishable speCtralcategories that ranged from undamaged（CategOry A）to  

abandoned（CategOry G）that could not be distinguished without using the  

multitemporalfeatures・Afterthisclassificationofdamagecategories，WeSubsampled  

riceReldpixelstakingeveryfifthpixeloneverynfthlinetoreducethedatavolumefor  
statisticalanalyses（pixelsthatwerenotclassifiedasricewereskipped）・Representative  

plXelsfromthericecategoriessuchasinundatedornotinundatedintheHinumascene  
areidenti丘edbylettersinFigures・3・6，3・8，and3・9whichshowtheresults・  

AsdetailedinChapter2，theactual◆riceyieldwasdeterminedatseventestsitesinthe  

＝inumaarea－Theaverageyieldforeachtestsitewasusedasthegroundtruth，While  

theTMreflectancefactorsforeachtestsiteweredeterminedfromtheaverageforthe  
3x3arrayofpixelscenteredoverthosesamesites・  

Inaddition，therelationshipbetweenPVI（basedontheTWL）andyieldfromtheTM  

and damage survey data was compared with the PVI and rice yield data from the 
experimentalplotsofricegl・OWnundervariablefertilizationin1987・Intheexperlment・  

speCtralreflectancesweremeasuredat660and840nmwithalOnmbandwidthuslng  
thespeCtrOradiometerdescribed byShibayamaandMunakata（1986）・Measul●ementS  

wel・eCOnductedonsixplotsofthevarietyKoshihikari（themostcornmonricevarietyin  

thedamagedarea）duringthemiddleofthegl・ainfi11ingstage，andtheyieldofeachplot  

wasalsodetermined・ThespeCtral－agrOnOmicl・elationshipsfoundinthisexperiment  

havebeenl・ePOl・tedelsewhere（Shibayamaeti11・1988）・   



3 5pect血Indice5  44  

TM digitalcounts obsel・ved atthe outeredge ofthe atmosphel・e areaffected by the  

atmosphereitself，Sunelevation，and sensol‘degradation．Therefol●e，a SPeCtralindex  

developeduslngaglVenSCeneCannOtbedirectlyappliedtoanothel－SCeneOrtOOthel●  

sensor systemswithout calibration to renectance factors・We used the calibration  

methodandcoefncientssummarizedbyPrice（1987）toconvertLandsat－5TMdigital  

COuntSimoaspectralalbedo，defined astheequivalentsolarradiancecalculated for  

eachchannel．They arecomparable to spectralreflectance factors measured on the  

ground for the same waveieng［hs・Hereaf［erin this paper，We Call（hem spectral  

reflectaLICe．  

3．4 ResultsandDiscussion  

3．4．1ScatterDiagram  

Figure3・4displaysthescatterinredandnear－infraredreflectancespaceofinundated  

ricefieldpixelsinthetestareaon6August1986，Onedayaftel■thetyphoonended・  

3．4．2 1urbidwaterline  

Asisthecaseofthesoilline（RichardsonandWiegand1977），turbidwaterpixelsfell  

On aliJ】e．Using the12waterpixels ofvarious turbiditylevels（Sedimentload），We  

determinedtheequationofTWL（Fig．3．5）byregressionanalysis．Almostal1water  

plXelsareclosetothisTWLline，Whichpassesthroughtheongin．Weneededtouse  

thisTWLinsteadofthesoillinebecausericegl●OWSOutOfturbidwaterratherthansoil・  

WeusedtheTWLasabasetodefinePVIandWTI．  

3．4．3 WTIandPVI  

AlinearL’elationbetweenwaterturbidityandspectl．alradianceintheredbandhasbeen  

l・ePOrted（Khorram1981，LathropandLillesand1986）・ⅥねdefinedWTIasthedistance  

h・Om（he origin along（he TWL to measure the turbidity（Sedimentload）of the  

noodwater．ThisWTIexpressedintermsofspeCtl’all■eneCtanCeShouldholduniversal1y．  

ifproperlyplacedinTM3and4bandspace，   
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Fig・3・4・Scatterdiagramofredband（TM3）andnear－infraredband（TM4）ofpaddy丘eld  
PIXelsinHinuInaOn6August1986・SeveralgroundTtruthedpaddieswereidentifiedwith  
lettersasfo1lows：（A，B，与）paddiesnotinundatedbutdepthofwater（clear）increasesfromA  
モOC；（ワ）canopypar［ia11ylnundat？dwithclearwater；（E，F，G）paddyinundatedwith  
lnCreaSlnglynlrbidwater，reSPeCtlVely・TheturbidwaterLine（TWL）wasdeterminedusing  
毯tegOriesE，FandG・  
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Fig・3・5・【1LustrationofQewaterturbidityindex（Wn）arldperpendicularvege（ationindex  
（PVI）・Distance＆ofnO（Orlgin）［ObistheWTlandh‘OmbtoaisPVI・Definingequationsfor  
WTIandPVIareglVen・   
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Richardson and Wiegand（1977）deve10ped the PVIin order to extractinformation  

aboutvegetationindependentlyofthesoilbackgro叫nd．HerePVIisthedistancefrom  

theTWL・TheinterrelationshipsamongWTI，PVr，andTWLareglVeninFigure3．5  

alongwiththeirequations・SincetheTWLpassesthl●Oughtheorlgln，thecoefficientsin  

theWTI（Orbrightness）andPVI（OrgreenneSS）equationsarethesameasyieldedby  

then－SpaCeprOCedureofJackson（1983）．TheWTIisequivalenttothesoillineindex  

（SLI）de丘nedforbyWiegandandRIChardson（1982）．  

Figures3．6（a）and（b）relateWTIandPVIofriceneldsintheHinuma（a）andIshioka  

（b）areas on6August，the day after the typhoon abated．The turbid waterline  

determinedfortheHinumasitewasappliedto thelshiokatestsite．Theturbidwater  

plXelsintheIshiokaareawerealsoontheTWLcalculatedfromtheHinumadata・The  

SOillinehasbeenfoundtoapplyglobally，SOthattheanalogousturbidwatel●linefor  

grayishandbrownishsoilsintheHinumadatashouldalsobeapplicableelsewhere・  

3．4．4 PVIandRiceYield  

WeappliedthePVlequationbasedon theTWLforthe6Augustscene toTM data  

acquiredon7September1986，OnemOnthlater．toseehowmuchthelicewasdamaged・  

WealsorelatedthePVIobservationstoyield．Datasetsh．omtheTMscenesandanon－  

groundexperiment（Shibayamaetal．1988）werepooled．  

Figure3．7relatesmeasuredyieldandPVIforl．iceneldsuslnggrOund－truthdatafrom  

the TM scenesand from the on－grOund experiment．Yieldin theinundated area  

raJlgedfromzeroわrabandoned（no＝旭rVe5ted）月eld5【Oa】mo5t5げhafor班05e that  

WerenOtdamaged・Intheexperimentalplots，arangeinPVIwasachievedbyvarylng  

theamountoffertllizer（0，2，4，and6gnitrogenJm2）．  

The【WOda【aSe【SWel℃ingoodagreemen亡Wi亡h【hepnnciple50f5PeC打出component5  

analysis（SCA）‥（a）vegetationindicessensethephotosyntheticsizeofcanopies；（b）  

stressessevereenoughtoaffectyieldaffectthecanopy；and（C）thephotosyntheticsize  

OfcanopleSduringlatevegetativedevelopmentandearlyreproductivestagesandyield  

arerelated（WiegandandRichardson，1984，1987）．Bothdaiawereused［Odetermine  

thel●egl’eSSionequationgivenintheFigure（R＝0．91，N＝13）．   
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Fig・3・6・Watertllrbidityindex（W¶）vs・PerpendicularvegetationindexPⅥfor6August  
1986，TMscenca＝wot？StSlteS，Hinuma（a）and【shioka（b）・Theturbidwaterline  
determine叩）rHinumaslteWaSapPliedto【shiokatestsite・thecategorieswere‥（A，B，C）  
Paddiesnotlnundatedbutdepthofwa（er（Clear）increases＆omAtoC；（D）canopypartiauy  
inundatedwithcLearwater；（E，F，G）paddyinunda【edwithincreasinglyturbidwater  
respeCtively．   
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Fig．3．7．YieLdofbrownricevs，PⅥforsevenTMdatasamplesites（T）andsix  
experimentalpaddies（G）・TMscene（7September1986）siteyieldsrangedzerofor  
abandoned（notharvested）paddiestoalmost5Vhaforundamagedsite；yieldsofexperimental  
pLotsvariedwithfertilizatlOn・  
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Fig・3・8・PVT（7Sep【ember）vs・PⅥ（6August）ofpaddiesnotinundated（mostofthe  
甲nOPyWaSabovewarer）inHinumaarea・Thecategoneswere（A，B，C）paddiesnot  
mundatedbu【dep［hofwa【er（CLear）incTeaSeS丘omA（OC・   
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3．4．5 PVtinAugustandSeptember   

Figure3・8shows the PVIchange from August to September ofrice fieldsin the  

Hinuma area that were notinundated．From thel二11ine glVenin the Figul－e，itis  

apparentthatnormalricefields（categol’yA，nOtinundated）keptthesamePVIvalueof  

about30．Ricefieldswithdeeperbackgroundwater（CategOryC）hadlowel■PVIon6  

Augustand recovered toan averagePVIofappl’OXimately25by September・These  

neldsexperiencedaslightdecreaseinyield．  

3．4．6 WTIinAugustandPVIinSeptember  

Throughtheyieldestimation，WenOticedthattheyielddecreaseofinundatedricecould  

berelatedtotheturbidityofthenoodwater．Becausedarnagetothericeplantswasat  

leastpal●tiallyduetomudstickingtotheleavesandsterns，itisreasonablethatthemore  

turbid thefloodwateL’，theheaviermay be thedamage．We monitored the floodwater  

tul・biditybyWTIon6AugustandtheyieldbyPVIon7Septembel一・Figure3・9shows  

therelationshipbetweenWTIandPVIintheHinuma（a）andIshioka（b）areaswith  

regressionlines．FortheHinumaarea，PVI（yield）inSeptemberwasunaffecteduntil  

theturbidity（WTI）inAugustexceeded9，beyondwhichthePVIdecreasedlinearlyas  

WTIincreased．Incontrast，datafortheIshiokaal・eaindicatealineardecreaseinPVIin  

Septemberuntihheturbidity（WTI）reached9TlO，beyondwhichtherelationshipmay  

havesplitintotwopaths・Aplausibleexplanationofthetwopathsisasfollows二the  

SlopeWOuldbelessforthosericeneldsthatwereinundatedforonlyashorttirneand  

greaterwhere themuddy water stayedlonger and caused rottlng Ofleafand other  

tissues（i．e．，increaseddamage）．However，Welackdirectobservationstosubstantiate  

theseco叫eCtureS．   

3．5 Conclusion  

TMimagesofricefieldsfol・6August1986（immediatelyafterthetyphoonof4und5  

August）and7Septembel・（3weeks befot・e harvest），Were uSed to relateinundation  

damagetoriceyields・Thiswasaccomplishedbyuslngtheturbidorsedimentladen  

waterplXelstodetermineaturbidwaterline・Thebrightnessorwaterturbidityinde  

（WTI）alongtheturbidwaterlineandtheperpendicularvegeta．tionindex（PVI）forthe  

l・icewere defined uslng thisline・Riceyield dataforundamaged and damagedrice  

neldsandinexperimentalriceneldswerepooledandrelatedtothePVIcalculated   
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Fig・3・9・PⅥ（7September）vs・Wn（6August），forpaddiesinundatedwithclerorturbid  
waterinhuma（a）andIshioka（b）areas・RegresslOnlinesforeachtestsiteareglVen・ne  
datashowthatthemofeturbidthefl00dwaterinthe6Augu5tSCene，theheavier山edamageto  
theinundatedpaddyrice・HowevertherelationisnotLinernorclearlydetermined■Tbe  
categorieswFre；（D）canopypa血1yh！undatedwithclearwater；（E，F，G）paddyinundated  
withincreaslngLyturbidwater，reSPeCtlVely・   
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fromtherespeCtiveTMreflectanceandground－meaSuredreflectancedata・Theground  

andTMdatacoincidedwe11，SOthatyieldofricefromgroundandsate11iteviewscould  

beestimateduslngthesarneequation．Thefl00dwaterturbidityatthericebootlngStage  

COuldbemonitoredusinBWTlandthereductioninyieldcouldbemeasuredbyPVI．  

Thisresultshowsthepossibilityofearlyassessmentofricedamageduetofl00dingby  
runoffwatersfrommonsoon－，tyPhoon－，Ol・humicane－aSSOCiatedrainfal1・Thel・elation  

between noodwater turbidity and rice damageisless clear than that between PVI  
Changeandyield，andprobablydependsonthegrowthstageatthetimeofnooding・  

and other factors including the geography and characteristics of the runoff areas. 
However，theuseofsatellitedatatoassesscropdamageintermsofspectralreflectance  
ChangesofthecanopleSduringthereproductive stageis welldevelopedandhas a  
SOundbasis（Wiegand1984；WiegandandRIChardson1984，1987）・   



Chapter 4 

SpectralIndicesfbrVegetation，SoilandWater  

In thisChapter，We Pl・OPOSeaneWindex tomonitol・wetlandconditionscalled the  

Ⅶgetation－Soil－WaterIndex（VSWI）・ThePVIisfurtherdevelopedtotheVSWいhe  

VSWIcanrnonitol・Vegetation，SOil，andwatel・COnditionsatthesametime・Algorithms  

todetermineautomatica11ytheend－memberpolntSForvegetation，SOil，Llndwaterare  

developedbyfittingatriangletothescatterplotinsteadoffindingthesoilline・The  

distancesbetweenthespectrumpolntSandthetriangleedgesareusedastheSWI・In  

conventionalunmixlngaPPrOaChes，end－memberpolntSareOftendeterminedmanually  

andarbitrari1yfromtheimagedataorfromscatterplotsofthedata・AnewalgoIithm  

that can automatically determine the end－member polntS has been developed・The  

VSWIisappliedtowetlandmonitonnguslngmultitemporalLandsatTMimagedata，  
and vegetation，SOil．and water conditlOnS and changes have been successfully  

delineated．Thischapterisbasedon％magataetal．（1997a）・   

4．1Introduction  

Vbgetationbiomassisoneofthemostimportantparametersthatcanbeestimatedusing  
remotelysenseddata・Therehavebeenmanyvegetationindicesdevelopeduslngthered  

and near－infral・ed bands，SuCh as the Ratio VegetationIndex（RVI），Nomalized  

Differenceヽ℃getationlndex（NDVI），andPerpendicularVegetationIndex（PVI）・The  

l・elationshipsbetweentheseindicesandLAIandbiomasshavebeenclarified（Jackson  

1983）．  

PVIisbasedontheideaofthesoillineinscatterplots・Itisknownthatthescatterplots  

ofsoilswithdifferentmoisturecontentinred－nearaXislieonalinecalledthesoi11ine．  

Figure4・1shbwstherelationshipbetweenthesoi11ineandPVI・Onthesoilline・the  

spectl・amOVeaSthesoildries・WithincreaslngVegetationinthetargeいhespectl－alTlOVe  

towal・d the upperleft・When thereislittle vegetation and the background soilis  

appearlng，thereflectlngSpeCtramOVeParalleltothesoi11ine，reflectlngtheamountor  

waterinthesoil．This叫eCtOryOrthespeCtraliscalledtheiso－Vegetationline・PVIis   
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anindex designed to suppress theeffect orbackground soil（SOilnoise）to estimate  

COnSistentlytheamountsorvegetationbymeasurlngthepe1●Pendiculardistanceorthe  

SPeCtrafromthesoi11ine・Figure4・lshowsPVIasthisdistance・  

Somemodi上icationsofthePVIhavealreadybeendeveloped・Fil．SしtheSoilAdjusted  

Vegeta！ionIndex（SAVI）was devised by Heute（19B8）andincluded the nonlinear  

interaction of soiland vegetationl－eflectance，The Tl▲anSformed SoilAdJuSted  

Ⅵ≡getationIndex（TSAVI）wasproposedbyBaretandGuyot（1991），andtheModified  

SoilAdjustedVegetationIndex（MSAVI）byQietal．（1994）．AsdescribedinChaptel’3，  

PVIwasextend占dby協magataetal．（1988）tothemonitol・ingofriceneldsusingthe  

WTLwhichcorrespondstodifferencesinsuspendedsedimentinL－icefieldwatel●，  

These modiLied PVIs wel●e mainly developed fol－uSein agrlCulturalor forestry  

monitonng・However，formonitonngnaturalecosystemsusingremotesenslng，Weneed  

to monitorenvironmentalvariables as wellas vegetation parameters．Particularlyln  

Wetland monitorlng，We need tomonitorconcurl’entlythe vegetation，SOil、andwater，  

Whichconstitutecomplicatedwetlandecosystems．  

UnmixlnglS the most popular approach to estimate FL’Om SpeCtl．alinfol■mation the  

factors thatconstitutelandcovel●（Inamura1987，Ito andFtLIimura1987）．In general  

unmixlng，ltisassumedthatthemixelspectracanbedescribedaslinearcombinations  

Oftheconstituentspectra（1inearmixturernodel）、andtheproportionsoftheconstituents  

areestimateduslngStatisticalinference・InacasewhenthecomponentsinapIXelare  

distributedseparately，theproportionscanbecorl・eCtlyestimateduslngthisunmixlng  

method・However，themixelsobtainedoveranaturalvegetationareaoftenconsistof  

COmplicatedmixturesofsoilandvegetationthatovel▲1ap・ThebasicassumptlOnOfthe  

linearunmixlngaPPrOaChdoesnotalwayshold．  

Inthisstudy，aSafirststeptoquantitativemonitonngofgroundcoverwithcomplicated  
Vegetation，SOil，andwatermixtul●eS，Wefullherdeve10PthePVIintotheVSWI，Which  

calculates the spectral index both for the soil and water and the vegetation. The 
Vegetationindexin thePVIisused asaquantitativeindex L・elated tothe vegetation  

ParameterS，WhilethesoilandwaterindexintheVSWIcanbeusedasthequuntitative  
indexforthesoilandwaterparumeters・   
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Fig・4・2・RelationshipberweenVSWindicesandend－membertriangleonRed－NIRsca任er  
Plot・   
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ln the unmixlng aPPL’OaChes ror complexland covel’．Selection ot’the end－membeL’  

SpeCtrainspaceisimpol・tantbutdimcult・Theend－membel・SPeCtl・aal・eO［tenglVenOl・  

Selectedarbitrarilyrromtheanalysis．However，inthisstudy，tOaVOidthisullCel－taintyln  

end－memberselection，We have employed an appl●OaCh thilt detellnines end－member  

SPeCtraautOmaticallyuslnganalgorithmn・Omthespectl・alinfoITnationinal・emOtely  

SenSedimage・Thenewalgorithm usesal－Optlmizatio11methodwhichcan detel■mine  

theend－rnembel．POintscol●reSPOndingtoV〇getation，SoilandWatel－（VSW）・  

In the followlllg，the prlnClples of calculatlng VSWluLl－e described and the new  

algol・ithmis explained・Finally，theVSWIis applied to multitemporal，LandsatTM  

imageanalysISanditsefnciencyforwetlandmonitonnglSteSted・   

4．2 PrinciplesoftheVSWI  

Ifwemakeascatterploto［theredandneal●－irifl●ared（NIR）valuesforthepixelsinan  

image，theyshouldformatriangle，Whichhasrairlydistinctboundariesinthescatter  

Plot．Thestraightlinethatbestmatchesthelowerrightsideofthescatterplot（redon  

thexandNIRontheyaxis）is［hesoilline．ThedistancebetweenthespeCtl－alpoints  

and the soillineis the PVI．In the VSWL the vegetation，SOiland wateL’indices  

correspond to the3end－rnemberpolntSOfthehiangle・The pnncIPlesofVSWIare  

depictedinFigure4・2・Theproceduretodeterminetheend－memberpolntSisdescribed  

belowinSection4．3．  

IntheFigure，theedgeWScol’reSpOndstothesoilline，Whicht－itsthesoilspectrilat  

diffel・entSOilmoisturecontents．Similarly，ifthevegetationcovel●incl．eaSeSOVel－thatof  

thedl・ySOil，thespeCtl・amOVealongtheedgeVS，Whileifthevegetationcoverincl●eaSeS  

overthatofthewatel・，thespectramovealongtheedgeVW towardsthe vertexV・  

（Strictlyspeaking，thereflectingspectrafromthecomplexofvegetationandwater，and  

espeCiallyfromvegetationandsoil，arenOtlinearmixturesduetomultiplescatterlng  
betweenthesecomponents・Thespectrarnovenotalongtheedgesofthetrianglebut  

alongcurves・Hereweassumethattheindicesappl‘OXimatethestcurves・）  

AsthePVIisdennedrl・Omthetl・iangleasthelellgthorPV，Wedefinetheindexv山ues  

forV，S，andWasthelengthsofPV，PS，andPW，reSpeCtively・Whenthespecll■uure  

locatedoutsidethetl・iallgle，SOmeOftheVSWIgivenegativevalues・   
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4．3 Algorithm払rEnd－memberPoints  

rdeallyend－membel・SPeCtraforcalcuJatlngVSWTshouid bedetermined byspec【ral  

measurementsofpuretal－gets befol・ehand・Howevel■，because thespeCtl’aObserved by  

thesatellitesensorsal■eeaSilychangedduetol■adiation，andatmosphericandvegetation  

COnditions，etC．，itisverydif丘culttousemeasul－edend－membel’SpeCtl－arOranalysISOf  

L－emOtelysensedirnagedata．AIso，thereis nopul■evegetationspectrumaSitchanges  

Withspeciesandseasoll．  

End－memberspeCtrahaveoftenbeendetelminedmanuallyfromtheimageorscatter  

Plotsofthespectraldata・However，thisselectionprocessisarbitrary and has much  

ambigulty；thereis no guarantee ofits reproducibility anditis not suitable for  

quantitativeanalysIS．  

4．3．1 Red・NIRScatterFunction  

LetRED（i，j）andNIR（i，j）bethedigitalvaluesoftheredandneal’－infraredbandsofthe  

imagedata，reSpeCtively．Here，iandjarethecoordinatesoftheimageandREDand  

NIR takeinteger values between O and255，because the TMimage has an8Tbit  
dynamicrange・  

IfwemakeascatterplotbyputtingREDonthex－aXisandNIRonthey－aXisforplXels  

intheimage，thescatterploLbecomesgriddatacontainlngfrequencydistributionsfor  

eachgridcoordinate．Wewi11callthisdistributionH（x．y），Wherexandystandforred  

andnear－infraredintenslty，l●eSpeCtively・  

H（X，y）oftenhasatriangularshapeandmostofthepixelvaluesareinsidethistriangle，  

but50me Ofthe polntSlie outsideit・We can eliminate these polntS by rnaking a  

threshold to eliminatelow－t－1●equenCy POlntS．Byincl－euSlng the threshold vulue  

g上・adua月y，We Can de【e∫mlne【he a v山e血【elimina【eS5％or【he plXejs・汀血e  

fl・equenCylSIowel・thanthis［hl・eSholdvalue，thedataatlhatpolntal■eeliminated・  

Then we calculate the convex struCture Ofthe distribution H（x，y），and set the value  

insidethes【ruCtul・e tOlandoutsidetoO・Thisnewbinaryvaluedist（ibu（ion：C（X，y）  

Oftenhsatriangularshape・IngeneraいhestruCtuL．eisapolygonwithaminimumedge  

lengththatcontainsa11polntSOfintel’eSt・   
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4．3．2 EstimationoflnitialValues   

Considelingthechal・aCtel・isticsofred－NIRL・eneCtiol－0［’v▼S，andW，WeCun aSSume  

thattheend－membel・POlntSCOrreSPOndingtothese，Ev，Es，andEw，havethefollowlng  

properties：  

a）Evislocateddistantfromthesoillineintheuppe1●leftposition・  

b）Esisal・Oundthemaximumvalueforred・  

c）Ewisaroundtheminimumvaluefol■NIR・  

Bycheckingtheaboveconditionsinthedistl’ibutionofC（x，y），WeCandeterminethe  

initialvaluesfortheend－memberpolntS．  

4．3．3 End・memberPointDetermination  

WeconsideranotherbinarytriangledistributionT（x，y）whichhasavalueoflinside  

and O outside the triangle determined by the estimated end－membel■pOints・To  

determinetheT（x，y）soastoapproximatetheC（X，y），We土il‘Stdennetheal’eaSSland  

S2asro1lows．  

Sl＝（areaofC（x，y）＝＝1andT（x，y）＝＝0）  

S2＝（areaofC（x，y）＝＝OandT（x，y）＝＝11  

TheSlistheareainsidetheconvexpolygondistlうbutionC（X，y）andoutsidethetriangle  

T（x，y），WhereasS2istheareaoutsideC（X，y）andinsideT（X，y）・Ifthedistributions  

T（x，y）and C（x，y）coincide，both Sland S2are zel●0・The arnount and type of  

discrepanciesareknownfrol一一ValuesofSlandS2・Byintegl・atlngSlandS2as  

F＝Slユ＋S2ユ  

wecanassessthematchingoftheT（x，y）andC（x，y）by［hevalueofF・  

SinceFisafunctionofEv．Es，andEv，WeCandetel・minetheoptlmallocationor［he  

end－memberpointsbyrninimizingF．Weuseunon－1ineiLrOPtimizatioL－algol－ithm（the  

Simplexmethod）toseul・chFol・OP【imnlend－membel・POintsth山minimizeF・Sturting   
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rl－OmtheinitialesLilll飢ePOints．  

4．4 ApplicationtoMultitemporalLandsatTMData  

InoL・dertotesttheeffectivenessofVSWI，WeapPliedthisindextomonitonngwetlands・  

IntheanalysIS，multitemporalLandsatTMscenesacquil・edon3datesin1986and199l  

overtheKushirowetlandwel・euSed、  

4．4．1StudyAreaandImageData  

Thestudysite，theKushirowetland，isthelargestinJapanwith180OOha・Mostof  

the wetlandis fen，COVeredwith reeds and sedge grasses，While some parts are  

Sphagnummoss－COVeredbogareas・  

Theimagedatausedfol・theanalysISal・efromLandsatTMscenesacquil・edon28June，  

9September，and270ctoberin1986and26June，29August・andlNovemberin1991  

asshowninFigure4・3・Allimagesinthengurearedisplayedbyasslgnlngfalsecolors  

（redfol・thenear－infraredband，greenforthemid－infl■aredband，andbluefol－thered  

band）．  

Inthisngure，redmeansvegetation，bluecorrespondstobarelandorurbanal・eaS，and  

blackrepresentswaterbodies・InJune，thewetlandvegetationwasatthebeginnlngOf  

i【SgrOWlngSeaSOnニ5edgewa5alreadygl・OWlnぎbu亡1・eedswel・es【illb】・0、Vn；aユdel・【1・ee5  

weredeveloplngleaves・InAugust，thevegetationinthewetlandswasatitsmaximum  

growth：thereedshadgrowntoaround3minheight・InearlyNovember，mOStOfthe  

Vegetationexceptthesphagnummosswasdead・  

The characteristics of the Landsat TM data are depicted in Table 4.1. The ground 
resolutionoftheTMsensoris30mexceptthethermalbandlWhichisconsideredtobe  
sufncient for monitorlng Wetland vegetation distribution andlund useiI＝he  
sulTOunding［・eglOn・TheimageanalyzedhasIO24xLU24pixelswhichinclude…lmusL  

allthe wetland al・ea．TheTM se11SOL・has7bands，amOllg Which especially the Lleal’－  

infl・al・ed（TM4）and themid－infl・al・ed band（TM5，6）al・e known to be efl℃ctive rol●  

discrimin山ingamongwetlandvegetationtypes（YamLLgLltaetul・1995）■   



4 Vegetation－Soil－WuterIndex  59  

4．4．2 AssessmentofVSWIndexColorComposite   

ThepIXelvaluesareplotted on thered－NIRaxesinFigul・e4・4・The6scattel・Plots  

COrreSpOndtothe6TMscenesinFigure4・3・Eachscattel・Plothasthesarnescale，arld  

【hedensl【yin【heplo【5isdepic【edinlog5Caユe・  

TheVSWendTmemberpolntSdetel－minedbythealgorithmdescribedal■ealsoshowl－in  

Figure4・4・TheFigureshowsthattheendTmemberpolntSWereCOnSistentlyextl・aCted  

by this algol・ithm as the vertex polntS Of the tliangle，ill・eSPeCtive of the seasonal  

Changesinthewetlandarea・Howevel・，thesizeofthetl・ianglechangedintheautumn  

SCeneSbecausethevegetationend－memberpolntWaSnOtdistinct．  

The equations ofthelines thatcorrespond to the three edges of the tl．iangle wel▲e  

Calculatedandformulaswereobtainedfol●meaSul’1ngdistancesbetweenthespectraand  

【helines；fromthesedis（anCeS，rheVSWIswerecalculated．  

CalculatedVSWIswerescaledatO－255（integel’values）and fol’maCOIol－imagefol’  

eachscene．Figure4．5showstheVSWIcolormaps．Inthishgure，V，S，andWindices  

aredisplayedasgreen，red，andblue，reSpeCtively・Thernaximumvaluesofthecolorsin  

thishgurecorrespondtothevaluesoftheVSWIndicesshowninThble4－2・Tbeindex  

is allowed take a negative v山e，but here allnegative values were set to O roT  

convenience．Byuslng thisTable，WeCanreadthe valueoftheVSWindicesorthe  

imagepIXels・FromtheVSWIcolormaps，thechangeinwetlandconditioncanbeseen・  

4．5 DiscussiononVSWI  

One of the advantages of VSWIis thatit ullows ea声ylnterPretation of sul●face  

COnditionsuslngaCOlorcornposite・Itisnoteasyfornon－remOteSenSlngl－eSeilrChel●stO  

dil－eCtlyLnterPretraWfalsecolorTMscenes．Wecanactuallyseetheseasonaldiffel’enCe  

and5－yeal－Changefl．OmthecolorcompositeoEtheVSWIs（Figul’e4・5）・   

Howevel－，VSWIisanindexvaluejustlikethePVI．IthLLSlittlemeaningwithoutbeing  

CalibratedagalnStSOmePhysicalparameterssuchasbiomass，LA工，SOilmoisture．watel－  

COntent，etC．，byon－gl●Oundmeasurements．VSWIcanbeuscdasaquuntiLiltiveLneaSurC  

fol・enVil■Onmentalrnonitollng，OnCethesecalibl－utionsal●eCOnducted on Lll’eneじtnnCe  

basis．   
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Table4．1．CharactedsticsofLBndsatTMbands．  

m）  lFOV（m）  D
 
 

N
 
 

A
 
R
】
 
 

Green  30×30  

Green  30x30   

Red  30x30  

Near‡R  30x30  

MjdlR  30x30  

Mid旧  30x30  

Therma1  120x120  

0．45－0．52  

0．52－0．60  

0．63－0，69  

0，76－0．90  

1．55－1．75  

2．08－2．35  

10．4－12．5  

■
・
Ⅰ
 
2
 
3
 
4
 
5
 
7
 
6
 
 

TabIe4・2・Minin1umandmaxilTlumVaLuesofVSWindicesforR，G，BlevelofFig・4・6・  

Scene Vmax Smax Hmax  

28／06／86  

09／09／86  

27／10／86  

26／06／91  

29／08／91  

01／11／91  

137．78  

113．28  

61．47  

133．35  

131．32  

72．75  

69．64  98．70  

42．91 56．21  

48．12  87．85  

73．99 105．49  

69．03  93．79  

34．77  49．23   
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LANDSATTMIMAGES（R：G：B＝TM4：5：3）  

1991／」UN／26  1986／JUN／28  

1991／AUG／29  1986／S∈P／09  

1991／NOV／01   1986／OCT／27  

Fig．4．3．LandsatTMfalsecolorimagesofKushirowetLand・（R，G，B＝TM4・TM5，TM3）   
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LANDSATTMScatterPJotandVSWTriangle  

28／06／86  26／06／91  
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Fjg・4・4・ScattergTaPhsofTMimagesonRed－NIRspaceoverlaidwiththedeterminedVSW  
end－memberpoints・TheeachscattergraphcorrespondtothesceneinFig・4・3respectively・   
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Moreover，l’emOtely sensed data al●e nOt fl－ee from a［mOSpheric effects，SenSOl■  

degl’adation，etC．Ifweneedtocomparedataacquil．edatdifferenttimes，atmOSPheric  

and radiometriccorrections arevital．However，the data thatare necessary forthese  

COrreCtions are unfortunately not avai1ablein most cases．Many reseal■Chers have  

Studiedways tocompenSateforthisproblembysomeemplricalcalibrationmethod・  

VSWIperforms this function to some extent，because the end－member polntS are  

automatical1y selected from the spectralsignature distributionsin the scenes．This  

automatic end－member selection works as a kind of standal●dization process of the  

Observed pixelvalues・AlthoughVSWItakes on another meanlng When there are  

COmpletelydiffel．entend－memberpolntSinascene，eVeninscenesacquil■edindiffel●ent  

years the algoLithm willnnd the sameend－member polntS andVSWIwillhave the  

SamemeanlngWithoutanyfurthercalibrationwhenevermostofthelandcoverremains  

thesameandonlyalimitedpartinthescenehaschanged．Thisisananotherstrong  

advantageofVSWIindetectionofenvironmentalchange．   
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VSWINDEX［MAGES（R：G：B＝HS：HV：HW）  

1986／JUN／28  1991／JUN／26  

1986／S∈P／09  1991／AUG／29  

1986／OCT／27  1991／NOV／01  

Fig．6Ⅰ）istributionofVSWindices．（R，G，B＝Soil，Vegetation，Waterindex）  

Fig．4．5．DistributionofVSWindices・（R，G，B＝Soil，Vegetation，Waterindcx）   
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4．6 Conclusion   

Algorithmstodetermineautomaticallytheend－membel・SPeCtralpolntSforvegetation，  

SOil，andwaterweredevelopedbynttlngatriangletothescattel●Plotinsteado‖inding  

thesoilline．ThedistancesbetweenthespectralpolntSandthetriangleedgeswereused  

asthenewindex．VSWI．InconventionalunmixlngapPrOaChes．end－membel●POlntSal●e  

OftendeteminedrnanuallyandarbitrarilyfromtheilTlagedLltaOraSCilttel・PIotofthe  

data・TheVSWIwasappliedtowetlandmonitorlnguSlngmultitemporal，LandsatTM  

image data，and the vegetation，SOil，and water conditions and changes were  

successfully delineated．Because the VSWIdetermines【helend－member polntS  

automatically，it also works as a standardization method for speCtraldata，Which  

facilitatesuseofVSWIfordetectionofenvil●Onmentalchange・   



Chapter 5 

UnmlXlngSpectralImageData－  

In this chaptel’，a neW apprOaCh for spectralunmixlng by the subspace methodis  

pl■OpOSedandtesteduslnghyperspeCtralimagedata．Bythesubspacemethod，unmixlng  

iscalculatedasthepro）eCtionofeachunknownplXelvectorontothesubspaceofeach  

Class．This methodis more stable agalnSt nOisein the data than are conventional  

methodsaJlditworkseffectivelyasafeature－eXtraCtionanddata－reductionprocedureas  

We11．Theperfomance ofthis methodis tested byanunmixlng eXperimentuslng  

hyperSpeCtralCompact Airborne SpeCtralImager（CASI）image acquired over the  

Kushiro wetlandin NEJapan．Unmixlng for7wetland vegetation classesis also  

COnducted by theleast squares，quadratic programmlng，and orthogonalsubspace  

Prq】eCtionmethods．Finally，theresultsoftheunmixlngeXperimentarecomparedand  

evaluated with 1-egard to wetland vegetation monitoling. This chapter is based on 

Yamagata（1996c）・   

5．1Introduction  

Inwetlandlandscapes，Variousvegetationtypesarecontinuouslydistributed・Remotely  

SenSedspectraldataoverwetlandareasarespeCtralmixturesofseveralvegetationtypes・  

Theseimages consist of mixels that have to be analyzed uslng SPeCtralunmixlng  

procedul・eStOeStimatethestateofeachoftheconstituents（SettleandDrake1993）・  

Conventionalstatisticalunmixlng methods such asleast squares use alinearmixlng  

model，Inthislinearmodel，themixedspeCtralvectorisassumedto beasum ofthe  

ClassspeCtralvectors thatconstitutethemixel・BysoIving thislinearmixlngmOdel  

uslngPredeterminedclassvectors，WeCaneStimatethepropol・tionofeachclasswithin  

theplXel．  

However，thecomputationalcomplexltylnCreaSeSSubstantiallyasthenumbet・ofimage  

Channelsincreases，and theleustsquaressolution becomes unstabledue to thehigh   
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autocorrelation between the channels．In conventionalapproaches，itis rleCeSSary tO  

reducethenumberofspeCtraldimensionsintheproblemasaprepl■OCeSSlngSteP for  

unmixir唱（Malinowski1991）・  

HyperspeCtralsensorsarearecentdevelopmentinremotesenslngandhavebeenused  
forenvironmentalmonitoring（Kramer1992）．HyperSPeCtralimagingisrecognizedas  

aneffectivemeansforestimatingvegetationparameters（Gongetal・1994）・However，tO  

unmixtheverylargenumberofchpannelsinhyperspectralimagery，analgorithmthat  
canunmixseveralspeCtralclassesinafastandstablemannermustbeestablished・A  

numbel・Ofunmixlngmethods，Whichincorporatemodemslgnalprocesslngandneul・al  

network methodologies，have been explored recently（Harsanyiand Chang1994，  

Bened止bsOnetal．1995）．  

Unmixingbythesubspacemethod（Qja1984）utilizedinthispaperisanewapproach，  

based on a fundamentally different principle for pattern recognition. The subspace 
methodnrstasslgnSaSpeCiIicsubspaceinthehigh，dimensionalspeCtralspacetoeach  
vegetation class，instead offitting amixelmodelwith apredetermined numberof  
speCtraldimensions・Unmixlngisthenperfomledbymeasunngthepro」eCtionlengthof  

themixelvectorontothesubspaceofeachclass・haddition，thesubspacemethodhas  

the remarkable characteristic that it unifies the process of feature extraction and 
unmixlng，Whichareusuallyseparateprocessesinconventionalmethods・  

InthisChapter，thepnncIPlesofthenewunmixlngaPPrOaChbythesubspacemethod  
areexplained，alongwithexperimentalresultsderivedfrornCASIdatatocomparethis  
newmethodwithconventionalapproaches．   

5．2 UnmixingbytheSubspaceMethod  

5．2．1StatisticalUnmixingMethods  

ConventionalstatisticalunmixlngmethodsassumethaLthemixelspectralvectorisa  
weightedmeanoftheclassspectralvectorsthatconstitutethemixel・Withineachmixel，  

thel・eareSeVel・almixedclasseswhosepl・OpOrtionscoLTeSPOndto theweightsorthe  

model・Theseweightsareestimatedby theunmixlngmethod・lnal・emOtelysensed  
imagewith pchannels～Klandcoverclassesexistintheimageandtheproportionof  
class a）iis．f；・Alineal●mixelmodelassumesthattheobsel’ved pdimensionalvector   
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risexpressedas   

〟  
r＝Mr＋n＝∑柵＋n  

繕1  

（5．1）  

WhereMisapxpmatrixwithclassspectralvector mLaSCOlumnvector・fisavector  

With fascomponents，andnstandsforthenoisevector・  

Statisticalunmixlng methodsincludeunmixlngbyleastsquares，factoranalysISand  
Singularvaluedecomposition（Malinowski199l，SettleandDrake1993）・Unmixingby  

thesubspacemethoddoesnotassumealinearstatisticalmodel・  

5．2．2 PrinciplesoftheSubspaceMethod  

ThebasicideabehindthesubspacemethodisthattheclassspeCtralvectorliesmainly  

inasmallclass－SpeCi丘csubspaceinsteadofwithintheentiredimensionofthespectral  

SPaCe・IftheclasssubspaceisdeterminedfromthetrainlngSamPleofeachclass，Class  

membervaluescanbecalculatedbythepr（リeCtionofthemixelspeCtralvectorontothe  

Classsubspacesthatisdeterminedfrom trainingsamples（Watanabe1969、Kohonen  

1977）．  

The3waysofcalculatlngSubspacebythesubspacemethodarethealgebraic，Statistical，  

andleamingsubspacemethods（Qja1984）・Inthispaper，aStatisticalsubspacemethod  

Called the CLAFIC（CLAssTFeaturingInformation Compression）algorithmis used・  

Thismethodisknowntobefastandeffectiveincaseswherethevolumeoftrainlng  

dataismoderate．  

5．2．3EnhancedCLAFICMethod  

The CLAFIC algorithm determines the class subspace in order to maximize the 

prqJeCtion of the class vector on the corresponding class subspace・However，by  

maximizlng the prqJeCtionsforallclassesatthesame time，theseparation between  

similarclassesdecreases．  

Inordel・tOaVOidthisdrawback，WehaveemployedtheenhancedCLAFICalgorithm，  

which maximizes the prqJeCtion on the class subspace to which the trainlng VeCtOr  
belongsandalsominimizesprqleCtionontheotheL・Subspacesatthesametime・   
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In theenhanced CLAFIC method，theclass subspace L’which corresponds toland  

coverclassesal（り（l＝1，．．．，K）isdeterminedsoastomaximizetheexpectedprQ］eCtionof  

vector xthatbelongstotheclassesa，（i）・ItalsominimizestheexpectedproJeCtionof  

vector xthatbelongstootherclassesa，U）u≠i）．Theproblemhereistodeterminethe  

Subspace L：to satisfy these conditions at the same time as formulatlng the next  
minimizationproblem：  

一【  
∑E（ズ′P（∫）山∈〟り卜占（ズ′P（f）山∈山‘‘’）  

‘－l  （5．2）  

whereP（E）istheproJeCtionmatrixtothe L，・   

Thenrsttermofequation（5．2）istheexpectedpr句ectionofsamplevectorsthatdonot  

belol－gtOClassa，（L）andthesecondtermistheexpectedprq】eCtionofvectorsthatdo  

belongtoclassa，（L，．usingexpression（5．2），WeCandeteminethesubspace Lithat  

minimizesthefirsttermof（5．2）andmaximizesthesecondterrn．  

TheproJeCtionmatrixP（L）isexpresseduslngOrthogonalnormalbasesuJ（iJ・・・・・u〆り 
（iJof  

Subspace L‘as   

．
．
 
 

り
 
 
 

上
 
 

押
 
 P

▲
 
 

（5．3）  

By substituting equation（5．3）into（5・2）andl■eWriting（5・2）using base vector  

〟と‘り（た＝J”．り〆り，Weget  

〃
∑
河
 
 

上
ヽ
T
 
 

g（（ズ‘〟去り）ユlズ∈の川）一  E（け－‘王り）ユIJ∈のい）  

（5．4）  

Calculatingtheexpectationfil●St．（5・4）becomes   

〟p川 pい  

∑∑“上り¢川“土i’－∑以上り¢（り“ヱ‖  

／←i上＝l  々＝l  

／＝】   （5．5）   



70  5 UnmixlngbySubspaceMethod  

whereQ…isthecot・l・eJa（ionmatrixofclassaJ（L，，Whichisde伽edas  

e〔f）＝g（ズズーlズ∈山川）  
（5．6）  

Bycombining（5・5）withthenol・malcondidonorbasesLLJ（）・・LL，（iJ（）  

↓‘三）〟‡り＝1 ，た＝1，…，P （り   

（5．7）  

Using the Lagrange multiplier method，minimization of（5．2）is transformed to the  

minimizatior】Of【her】eXt【erm：  

pい K 〆）  

∑“王り‘（∑e川一e〔り）〟王り－∑（  

上＝l  ／事∫  た三1  

t－  

川上  〓慮 埠  

（5．8）  

Tbkingthederivativeofthistermwithrespecttothebasevectorsu．’L’（k＝1，…，P’l’），We  

ObtainthenecessaryconditionforaminimizlngSOlution‥  

人、  

（∑e川一e（り）“ヱり＝ぺ）げ，た＝1，．．り〆）   
・一一   
ノ＝l  

（5，9）  

Fromequa〔川n（5・9），i【isknown山at血esolu【ion5わrthebaざeVeCtOl・5上′上‘り什＝ん．り〆ノ  

Of LaretheelgenVeCtOrSOfthenextmatrix：  

人  
e＝‡e‘り－e（り  

／よ／  

・、l  （5．10）  

Inaddition，bysettingtheitheigenvalueofQas）∴（5．8）becomes   
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（5．11）  

So，inordertominimjze（5．8），WeCanSelectlheejBenVeCtOrSthatcoITeSpOndto the  

minimump（）elgenValuesastheortho－nOrmalbaseofL・・＝ere，thedirnenSionp（Jofthe  

Sub叩aCei5【heparamete上■u5ed【Oa（蜘5tthemeanpl・qec血nlengthon一山eclasses．   



71  5 UnmixlngbySubspaceMethod   

Becausethesubspuce LLisuniquelydeterminedfromthebusevectorsLL：り（k＝1。．．，P（’｝），  

theaboveproceduredeterminesthesubspaceswhichminimizetheenhancedCLAFIC  
cl・i【el・ioh（5．2）．  

5．2．4 UnmixingbytheSubspaceMethod  

Once the class base vectors uk）（k＝1，・・リPn）are detelmined as the eigenvectol・S √  

correspondingtotheelgenValuesofthecorrelationmatl・ix，theprqJeCtionmatrixp（；JIS  

Calculated from equation（5．3）．Thelength ofthe projection ofthe observed mixel  

SpeCtralvectorxontheclasssubspace LLiscalculatedas  

Pい  

上戸f）ズ＝∑（瑚り）ユ  

上＝1  （5．12）  

何 Thispl・OJeCtionlengthexpresseshowmuchofthemixelvectorbelongstotheclassa，1  

By anatul・alextension ofthe membership values，Weinterpretthis pl・0」eCtion as a  

measureoftheclasscomponentcontalnedinthemixelvectol●andde丘netheunmixlrlg  

ineachclassastheprQjectionontheclasssubspacecalculatedby（5・12）・   

5．3 UnmixingExperimentusingCASIData  

In orderto check whetherunmixlng by the subspace method works effectively for  

hyperspectralimages，We COnducted an unmixlng eXpel・iment uslng a288－Channel  

CASI and compared the results wi［h those of conventionalstatisticalunmixlng  

methods．   
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TabJe5・1・CharacfeTis－icsofCASIspec一丁almodeandimageacqulSitioncondition・  

SpecincationsoFCASIsensor  

number ofbands 
Band range 
Image size 
Dyna血crange   

288 channels 
410．3－923．7nm  

コ9pixels，4891ines  
12bi【  

ImageacqulSitioncondiてions  

Altitude  3000 m 
Velocity  200kmh－1  
Groundresolution  3．7m（alongswath）  

12・6m（alongflight）  
Date  

Time  

Wea【her  

31Aug1993  
11：25－11：30  

Clear  

Table5・2・Basevectorsof7subspaceswhichcorrespondto7cLasses・  

CLASS  PC EIGEN VALUE  EIGEN VECTOR  

478．5nm  549．5nm  620．7nm  692．抽rn  764，5nm  836．8nm  909．2nm  

YOSHI  1  

2  

3   

HANNOKI  l  

ヽ  
3   

レ1エZUCOKE  1  

7  

3   

1SOTSUTSUJI l  

ヽ  
3   

SUGE  l  

ウ  
3   

肌’ATER  1  

2  

3  

－129．52  －0．0173   0．0408   

－2，25  －0．0458   0．02ヰ9   

－1．畠7  －0，1464   0．0076   

－337．17  －0．0464   0．0763  

一00053  －0．0256  －0．2552  －0．0381  －0．0236  

0．0457   0．0010   0．0130  －0．0167   0．0501  

－0．0140   0．0208   0．023S  －0，Oj37  －0．1009  

一0．0525  －0．0185  

－0．0323  －0．0378  

0．0233   0．0411   

0．0206   0．0239  

0．0267   0．0267  

0．0139   0．：011   

0．0005   0．0539  

0．1961  －0．139」  

－0．0110  －8．ql」6   

0．0094   8．0263  

0．D682   0．0515  

れ郎利  一0．11】8   

－0．0108  00171  

0．握96   0．〔1J76  

－0．0566  －0．1631   

－0．0293  －0．0239  

0．∩633  －0．0（〉73  

－1】．け（）31  8．UO74   

一0．0882  －0．0107  －0．1042  

－2．38  －0．023Z   け．0450  －0．0110   0．8637  －0．0131   

一2．17  －0．027良  一0．017ユ   

ー31．J2  －0．0505  －0．059g   

－2．72  －0．8朗6   0．0278   

一っ．11  0．0137   0．01Sl  

－6．98   0．1075  －0．0568   

－1．71  0．8587   0．0022   

－1．30   0．11姻   0．0396   

－116．98   0．0509  －0．1038   

－3．00  －0．0570  －0－0223  

0．0466  －0．0402   0．0049   

0，0166   0．0468  －8．065ヰ  

ー0．039D D．0552   0．0410  

0．0297   0．05gO O．0366   

－0．0876  －0，0470  －0．0205  

0．0ユ07   0．0081  0．0722  

－0．0430  －8．8078  －0．0041   

0．8076   0．032S  －0．1ヰj8  

0．0409   0．O101  －0．0545  

ー2．08   0．0419   0．8229   0．D8D8   D．D391 －8．P159  

一60」．11  0．け856   0．0215   

一しコ9  －0．065j O．0132   

－0、89  －0．0256  －0，0013  

－0．0516  －030621  －0．0015  

0．0252  －0．0121  －0．0353  

－0．0372  －け．O115   0．0527  

ROAD  l  ・21656、21  00628  0．0711  0．0939  8．0836  －0．U173  

ウ  一寸7、39  －0．O116   0．0529   0．065J  －0，115£  －0．02ヰ7  

3  －5▲01  －0．0215  －0．n56ヰ   0．03」2   0．n676   0．DO31  
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5．3．1StudySite   

Thespectl’alimageusedforouranalysiswasaCASIimageacquiredovel’theKushiro  

Wetland．TheCASIspectralsensorcanmeasureaspectrumfrom470to920nmwitha  

l．8nmbandwidth．ThespecificationandthedataacqulSitionconditionsfortheCASI  

SenSOrareShowninTable5・1・Theimagewasacquiredatanaltitudeof3000mfroma  

Cessna404ail・Craft．The ground resolution was12．6m．Each pixelin theimage  

COntainsthemeanspectralradianCeOfthegroundtarget・  

Aselection of7bandsfrom theoriginalCASlimage（SpaCed every40channels）is  

ShowninFigure5．1．Thenrst4channelsareinthevisiblespectrumandtheothersare  

inthenearinfrared．InthecenterofFigure5．1isLakeAkanurnaandtheartificialdike  

acrosstheareaisclearlyvisible・Therearevariouswetlandplantspeciesinthisstudy  

area，eSpeCial1y reeds，Sedges，and sedum，OVerlapplng and continuously distributed  

OVerSphagnummoss，  

Beforetheanalysis，theCASIimagewascorrectedforgeometricdistortioncausedby  

therolloftheaircraftandthedigitalnumberswel・eCOnVel●tedtoradiancevalues（Babey  

andSo仔er1993）．  

5・3・2Unmixing  

Thespectralcharacteristicsofthe71andcoverclassesusedforunmixlngareShownin  

Figure5．2・Al1theclassesarewedandvegetationcommunities（exceptfortheroadand  

WaterClasses）．ThespeCtraldifferencesbetweenthesevegetationclassesaredimcultto  

discriminateuslngaCOmmOnremOtelysensedimagewithasmal1numberofbands・So  

far，Wetlandvegetationclassificationhasnotbeenintensivelystudied withrespectto  

OVerlapplng and continuously changlng Vegetation distributions，due to thelack of  

establishedmethods（1ねmagata1995）．However，fromwetlandecosystemconservation  

plannlngandtheglobalwarmlngmOdelperspectives，Wetlandvegetationclassification  

hasbecomeanurgentresearchtheme・   
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Fig・5・1・Selected7channellmageoforlglnalCASIdata・  
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Fig・5・2・TrainlngSpeCtraOf7classesusedforunmixlng・   
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5．3．3 ProcedureofUnmixing   

Thepl・OCeSS Ofunmixing bythe subspacemethod applied toCASIimagery was as  

ね1lows：  

1）NirlePurepixels（end－melTlberpoints）上bl・euchunmixingcldSSWel℃Selec（edasthe   

trainlngdatabasedonknowledge丘omtieldsurveys・  

2）Usingtminingvectors，theclasscorrelationmatrixQwascalcuiatedbyequation   

（5．6）．  

3）The eigenvalue problem using the class correlation matrix Q was soIved to   

de【erminethesub叩aCeSforeachcl貼S．  

4）The projec【ion ofpixelvec［orS Ofthe CASlimage on the class subspace was   

Calculatedusingequa【io爪（5・12）・  

5）Theprqjection（COmpOnentOfunmixing）fcu’eaChclasswasnormalizedto（0，1）   

andmappedtoanimage・  

Thecalculatedsubspace（basevectors）isshowninThble5・2・ThebasevectorscoflSis［  

of288dimensions、Howeverduetorestrictionorspace，Onlythosein the7channels  

COrre5pOnding toFiguTe5．1areshownintheTlble・  

5・3．4 ComparisonofMethods  

Asmentionedabove，3conventionalunmiスingmethodswereusedforcomparisonwith  

thenewmethod：  

1）LeastSquaresMethod：Assumingalinearmixingmodel．pl●OPOrtionsofenchclass   

inamixelaredetel■minedbyaleastsquaresmodelusILlg（herralmngda（a・  

2）QuadraticProgramming：Addingaconditionthattheproportionsadduptoun止yiTl   

alinear mixlng mOdel．aleast squares solutionis obtained by the quadl・a【ic   

proBrarnmlngmethod・   



5 UnmixlngbySubspaceMethod  76  

車血噂・川l  

Fig. 5.3. Unmixing by subspace method. 

Fig. 5.4. Unmixing by least squares method. 
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Fig・5・5・Unmixingbyquadraticprogrammlngmethod・  

Fig・5・6・Unmixingbyorthogonalsubspacepr（刀eCtionmethod・  
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3）OrthogonalSut）SPaCeProjectionMethod：First，theprojectionofthemixelvector   

OntOtheorthogonalcomplementspacespannedbytheclassvectorsoftheother   

Classesiscomputed・Theinnerproductofthispr（りeCtedvectorandtheclassvector   

arethencalculated（HarsanyiandChang1994）・  

5．3．5 ResultsofUnmixing  

TheresultofunmixlngbythesubspacemethodappliedtotheCASlimageofKushiro  
MireisshowninFigure5．3．Theresultsofunrnixlngbyconventionalleastsquares，  

quadratic programmlng，and orthogonalsubspace prq）eCtion methods are shownin  

Figures5・4．5・5，and5・6，reSpeCtively・HeretheunmixedvegetationclassesareYoshi  

（PhTtZgmite∫：Reed），Hannoki（Alnus＝Alder），Mizugoke（SphagntimニSphagnumMoss），  

Isotsu【suzi（エビ血〃れS喝e（Cα柁ズ：Sedge），  

Wecomparedtheaccuracyofquantitativeclassincationofunmixlngbythesubspace  

methodwith thatoftheothermethods，andinvestlgated thecon．espondence between  

themandtheactualvegetationdistributionfromfieldsurveys・Thefollowlngl．eSults  

wereobtained：  

l）ThesubspacemethodhighlightedthereedareamixedwithsedgeasSedgeclass   

（Figure5．3）．  

2）Comparison of Figures5．3and5．5shows that the subspace and quadratic   

programmlngmethodsdelineatedaccuratelythegroundpatternoftheSedgeclass・  

3）Onlyquadl’aticprogramming（Figure5．5）delineatedtheMossandLedu7nClasses，   

Which are spectral1y very similar（Figure5・2）・This result may be due to a   

COnStraint ofquadratic programmlng，i．e．ittries［Oenhance the subtle spectral   

diffel・enCeSbetweenclassestoincreasemembershipdifference．  

4）TheAlderclasswasaccuratelydelineatedonlybyquadraticpl－Ogramming（Figul●e  

5．5）．  

5）Watel・andRoadclassesweredelineatedaccuratelybyallmethods・   



5 UnmixingbySubspaceMethod  79  

5．3．6 EvaluationofUnmixingMethods   

Based on the results obtained above，the unmixlng methods can be evaluated as  

fo1lows：  

1）SpectrallydistinctclassessuchasRoad，WhterandSedge（Figure5・2）arewe11   

unmixedbythesubspacemethod（Figure5・3）・  

2）Spectral1y similarclassessuchasLedum and Moss（Figure5・2）are unmixed   

Sufficientlyonlybyquadraticprogramming（Figure5・5）・  

3）Theresultsachievedbytheorthogonalsubspaceprojectionmethod（Figure5・6）are   

exactlythesameasthoseachievedbytheleastsquaresmethod（Figure5・3）・  

4）Quadratic programming（Figure5・5）provides the most accurate pattem of   

unmixlngaCrOSSa11classes・However，ilisthemosttime－COnSumlngtOimplement・   

The subspace method uses a very fastalgorithm and unmixlnglS per鮫）rmed   

throughasimpleinnerproductcalculationsuitableR）rparallelprocesslng・   

5．4 Comclusion  

AnewapproachforthespectralunmixlngPrOblembylhesubspacemethodisproposed  
and applied to wetlmd vegetation unmixlng uSlng hyperspectralimagery・Fbr  

hyperspectralimagery，unmixlngbythesubspacemethodissuperiortothatdoneby  
conventionalmethodsinnumericalstabilityandcomputationspeed・Theresultsofthe  

unmixlngeXperimentshowedthatunmixlngbysubspaceisaccurateexceptibrclasses  
thatarespectrallyverysimilar・Inthenearfuture，thenumberofsensorchannelsand  

thesizeoftheimageareawillrapidlyincrease・Thefastandstableunmixlngalgorithm  

basedonthesubspacemethodwi11bemostusefu1fbrsuchdata・Further，Weneedto  

improvetheseparabilitybetweenthespeCtrallyverysimilarclassesbydevelopmgthe  
presentapproachfurther・   



Chapter 6 
FeatureSelectionfbrClassification  

Inthischapter，byapplyingfeature－Selectionmethods，effectivespectralbandcombinations  

forwetlandvegetationclassificationwereinvestigatedusingairbol■neMSS（MultiSpectral  

Scanner）image data．By maximizing theJeffries－Matusitadistance and maximizing the  

Classification accuracy ofthe testdata，near－infrared，mid－infrared，and dle green bands  

wereselected．The maximumlikelihoodand minimum distancemethodswere used as the  

Classificationalgorithrns．The highest classification accuracy when uslng7bands was  

attainedbytheminimumdistancemethod．Usingthisbandcombination，Classificationof  

thewholeMSSimagewasconducted．ThischapterisbasedonYamagataetal・（1995）・   

6．1’Introduction  

Mostoftheremotesenslng Studiesso farhavefocused onclassification uslng remOtely  

SenSed data．There are few studies on the selection of effective bands for classifying  

Wetland types．Moreover，mOSt Ofthe classification work has been done for marsh or  

SWamPareaS．Thereareveryfewinvestigationsinbog（∫phagnummoss－COVered）areas・In  

thisstudy，effectivespectralbandsareselectらdbyfeature－Selectionmethodsforwetland  

Classification．SelectlOnisconductedbasedonairborneMSSdataacquiredoverabogln  

KushiroMireinJapan．Basedontheselectedbands，aVegetationclassificationmapforthe  

bogareaisproducedforthenrsttime．  

For band selection，We uSed two criteriaofselection：maXimizlng theJeffries－Matusita  

（JM）distance，Whichmeasurestheseparabilitybetw占enclasses，andmihimizingtheerror  

rate of test data classification．The optimalcombination of bands was selected by  
evaluatlngal1combinationsbythesecriteria，Althoughtherearemanytypesofseparability  
measuresbetweenspeCtralclasses，theJMdistanceissuperiortotheothermethodsasan  
indicatorofclassificationaccuracy．   
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Bandselectionwasalsoconducteduslngthedivergencemeasure・However，aStheresult  

wasalmostsameasthatwiththeJMdistance，inthisstudywedescribeonlytheresults  

ObtainedbytheJMdistance．  

We compared the results ofband selection bychanglng the classification algorithm to  

determinehowclassificationaccuracyaffectedthebandselection．Wetestedtheminimum  

distance and maximumlikelihood methodsin selectlng bands uslng aS a Criteria the  

minimizlngOftestdataclassificationerrol－S・  

Moreover，tOdecreasethedependenceoftheselectedresultonthetrainlngdata，WeuSeda  

crossTValidationmethodinwhichwechangedthetrainlngahdtestdatarepeatedlywith20  
different combinations．The selected bands were weighted for their effectiveness by  

evaluatingallthebandselectionresultsforthe20cases・Finally，thewholeairbomeMSS  

imagewasclassifiedusingthebandsthatshowedthehighestaccuracywiththetestdata・   

6．2 DataandMethods  

6．2．1StudyAreaandWetlandClassification  

TheKushiromire（Figure6．1）isthelargeStWetlandinJapan，locatedattheeastempartof  

HokkaidoIsland．Thewetlandwasformedbypeataccumulationduringthelast4000years・  

Thedepthofthepeatisl－4m．Theaveragetemperatureislow（aLrOund5・6degreesCelsius），  

andannualpreclpltationaveragesllOOmm・Inthewetland，thereare manyendangered  

SPeCiesofplantsandanimals・KushiroMirewasdesignatedasanationalparkin1987and  

reglStered as a Ramsar convention site；itisl・eCOgnized as animportant wetland for  

mlgratlngbirds・  

Mostofthewetlandbelongstothefenclassofmires，COVeredwithl●eedsandsedgegrass，  

whilesomepartsbelongtothebogclass，COVeredwith如hagnummoss・Hel●e，fensare  

definedaspeat－pl・Oducingwetlandsinfluencedbysoilnuutientsfromwatel・flowlngthl・ough  

thesystem・FensarefoundinborealandtundrareglOnS，includingtheareaorpel・mafrostin  

theextremenorth，Whilebogsal・epeaトPrOducingwetlandsinmoistclimates，Whereorganic   
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materialhas accumulated ovel’long periods．Theil●rnuin L℃atul－eis ombrotrophy．which  

meansthatwaterandnutl－ientlnputintothesystemisentil、elythroughprecIPltation・TheL■e  

isnominel・alinputthroughsoilwatertothesystem・Duringpeatformationlthebogarea  

hasrisenabovethelandsurface．Bogsareextremelyncidicandnutrientdeficient．Typically，  

themajorvegetationcomponentis5♪hagnummoss（AselmannandCrutzen1989）．  

6．2．2 AirborneMSSData  

ThespecificationsoftheairbomeMSSdatausedintheanalysISaredescribedinTable6．1．  

Channelsland2arebluebands；Channe13isagreenband；Channels4and5areredbands；  

Channels6，7，and8al・enear－inhredbands；andchannels9andlOaremid－infraredbaJlds．  

ThechemicalcompositionofleavesaffectstheirspeCtralpropertiesinthevisible（400－700  

nm）and shortwaveinfrared（700－2500nm）regions．Absorption by photosynthetic  

pigments（chlorophyll，Xanthophyll，andcarotene）domina［esthevisiblewavelengths．Each  

OfthepigrnentshasanabsorptlOn maXimumin the300－500nm reglOn．However，Only  

Chlorophyllabsorbsin the red wavelengths・PrincIPalabsorptlOn Peaks of exLraCted  

Chlorophyll－aOCCurat430and660nmand thoseofchlorophylトb at455and640nm．  

Vegetation exhibits high reflectancein the nearinfrared（700－1300nm）and high  

absorptioninthe middleinfrared（1300－2500nm）．The near－IRwavelengths are greatly  

influencedbycellularstructureandrefractiveindexdiscontinuitieswithintheleaf．Minor  

WaterabsorptlOnfeaturesnear960and1200nmvarysigni鎖cantlyinshapeanddepthand  

mayberelatedtobothcellulararrangementwithintheleafandhydrationstate．Themid－  

infraredreglOnisdominatedbyleafwaterabsorptlOnandhasbeenrelatedtoplantwater  

COntent・ThereglOnintermediatetothewaterabsorptlOnmaXimaat1450and1940nmmay  

bes【rOnglyinnuenced bycellstructure，mOrPhology，andtissueconstituents．（Wessman  

1994）   
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Fig・6・1・bcationmapofKushiromireandstudyarea・  
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Table6・l・SpeCtTalbandsofaiTborneMSS・  

Channel  Wavelength（nm）  

425－一一439   

499－519   

570－592   

654－669   

688－708  

723－740  

762－782  

820－900  

1520－1720  

2060－2450  

1
2
3
4
5
6
7
8
9
1
0
 
 

Table6．2．DataacqulSitionconditionofairbomeMSS・  

J－SCAN－AT－18M  

2500 m 

6．25m  

512x 5122 

8 bit 

23June1992  

17：00－17：06   

Sensor  
Altitude  
IFOV  
Number ofpixels 
Dynamic range 
Date  
Time  
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DataacqulSitionconditionsfortheairborneMSSaredescnbedinTable6・2・Thedatawel・e  

acquiredbytheoptlCalscannersensorwithanIFOVof6，25mcal・riedinaCessna404  

aircraftatanaltitudeof2500mon23June1992．Theimageobtainedwascorrectedforthe  

radianceincreasealongtheswathandforgeometricaldistol■tion・Wethendiscarded35％of  

theplXelsonbothsidestoavoidtheinfluenceofthelook－angleeffect・Dataof512pixels  

inthecenterareawereusedfortheanalysIS．  

Whenthedatawereacquired，thewetlandvegetationwasatthebeginnlngOfthegrowlng  

Stage，the如hagmLmmOSSWaSalreadyactive，butmostofthevegetationaboveitwasstill  

moribund・Therewasnorainfallinthepreviousdaysandthesurfaceofthevegetationwas  

dry・Theall－ChannelimageoftheMSSdataisshowninFigure6・2・Becausetheimagewas  

acquiredat5p・m・，theradiancewasratherlowinchannels6and7andsomesensornoise  

wasalsoobservedinthesechannels．Wejudgedthatitwasnotaproblemtoincludethese  
Channelswhenselectlngbandsforclassification・  

6．2．3 BandSe】ectionbyJMDistance  

AneffectivebandcombinationforclassifyingwetlandvegetationtypeSCanbeselectedby  

maximizingthemeanJef什ies－Matusita（JM）distancebetweentheclasses・Consideringthe  

bandcombinationwiththemaximumseparabilitybetweenclassesasthebestcombination  

forclassification，theoptlmalcombinationisfound byexhaustlng allcornbinations and  

CalculatlngthemeanJMdistanceeachtime・Inordertochecktheeffectofthetrainlngdata  

On the results，20differentcombinations oftrainlng data were used to select the band  

COmbinations・Theselected200ptimalcombinationswerethenevaluatedbyweightingthe  

bandswiththenumberoftimeseachwasselected．  

Here，theJMdistancebetweentwoclassesiandjisdefinedastheprobabilisticdistance  

betweentwodistributionsasdescribedinChapterl・6・3・TheminimumvalueforJMisO  

and the maximum valueis1414．ThesmallertheJM distance，themol・e difficultitis to  

separatetheclasses，WhileaJMdistanceof1414meansperfectsepal・ationbetweenthe  

cla5SeS．   
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CHlO  

Fig．6．2．lmagesofauairbomeMSSchannels．   
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TheprocedureusedtoselectneffectivebandsuslngtheJMdistanceisasfollows‥  

1）Select6areas（5x5pixels）foreachclass・   

2）Assign3areastotrainingareasandtheothel・3totestareas・（Thel●eare20different   

COmbinationsofassignment）  

3）Listal1combinationsofthechosenbandsoutofthelOavailablebands・  

4）CalculateJMdistancesforallbandcomt）inationsandallclasspairsandaverageover   

theclasspairs・FromthisweobtainthemeanJMdistanceforal1bandcombinations・  

5）SelectthebandcombinationthatgivesthehighestmeanJMdistance・  

6）Toevaluatethetotaleffectivenessofabandforclassification，thebandreceivesascore  

（weight）accordingto thenumberoftirnesitisselectedduringtheselectionprocess   

from n＝1to n＝10．Thus，if a bandis selected first and continues to be selected，it   

receivesaweightoflO・  

7）Weightsofthebandsaresummedoveral120combinationoftrainingandtestdata，   

fromwhichthebandsareranked．  

6．2．4 BandSelectionbyAccuracyofTestData  

InbandselectionuslngJMdistance，theprobabilisticseparabilitybetweentheclassesis  
used．InclassifyingthewholeMSSimage，thesameclassifierisusedfordatawhichmight  

have different spectralproperties from those ofthe trainlng data・Thus，thereis no  

guaranteethataselectedbanduslngtl・ainlngdataalsoglVeStheoptlmalcombinationfor  

classifyingrealimages・Tocompensatefol・thisproble吼WemuStuSethetestdata，Which  

wereuntouchedpreviously，forassesslngtherealchssifiじationaccuracy・   
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Therefore，WeCOnductedb止ndselectionbyuslngaSuCl－itel’iatothemaximizationoftest  

dataclassificationaccul●acy．Then，inordertocheckthedependencyortheselectionresults  

Ontheclassifiel’，WeCOmParedbandselectionuslng［hemaximumlikelihoodandminimum  

distancemethods．  

Thebandselectionprocedul．eformaximizlngtheclassificationaccuracywasconductedin  

the same way as that for theJM distance method：band selection agalnSt the20  

COmbinationsoftrainlngandtestdatawasperformed，Weightedaccordingtothenumberof  

timesselected，andrankedaccordingtoeffectiveness，   

6．3 ResultsofBandSelection  

6．3．1SpectraICharaCteristicsofVegetation  

The6trainlng and testreglOnS，eaCh consistlng Of5x5pixels were selected foreach  

Vegetation classin the bog area．ThereglOnS Weredetermined based on afield survey，  

aerialpho【OgraPhs，andthecolorcompositeimageofMSSdata．Themeanspectraofthe  

VegetationclassesareshowninFigure6．3．  

Fromthisfigure，itisobviousthatthespectralpatternchangesconsidel●ablyinthevisible  

bands（1，2．3，4，and5），near－inhLaredbands（6，7，and8）andmid－in丘aredbands（9andlO）．  

Thehighl●eflectanceinthenear－in丘aredbaLldsisduetogrowthofthesedgesintheal●ea，  

Whilethehighreflectanceinthemid－infraredbandsisduetodeadreeds．  

To detectspectraldistributiondifferencesbetweenthevegetationclasses，plXelvaluesin  

eachreglOnforeachvegetationclasswereplotteduslngnear－infraredchanne18asthex－  

axisandthemid－infraredchanne19asthey－aXis（Figure6．4）．Thenear－infraredandmid－  

infl・ared bands al－e known to be related to the biomass ofthe vegetation and the water  

COntent Of the surface，reSPeCtively．Frorn this scatter ploLitis seen that the rn叫Or  

Vegetationclasses such asAlder（Hannokl），Sedge（Suge），Reed（Yoshi）and5bhagIuLm  

moss（Mizugoke）arespectra11yseparablealongthese2axes．However，thedistributionsof  

vegetation typesin the bogareasuch as夷，hagnum（Mizugoke）．Ledum（Isotututji），and  

POOIs（Titou）overlap・   
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‘．3．2 Selectedliand  

Theoptlmalbandcombinationforthewetlandvegetationclassificationwasselectedbythe  
twocriteriaproceduresdescl’ibedabove．Theresultsofselection by theJMdistanceare  

showninTable6・3a，and theresultby classification accuracylSShowninTable6・3b，  

respectively・Inthesetables，theselectedbandsaredisplayedagalnStthetrainlngdataused，  

inol・derofselectionfL・Omlefttoright．IntheTable，aminusslgnmeanSthatthebandwas  

SelectedoncebutwasnotselectedatthenextselectionpolntWithadditionalchannels・  

ItisshownintheseTablesthatasthenumberofbandsincl・eaSeS，theol・derofselectionofa  

bandismorestableinthecaseofselectiopbyJMdistancethanbytestdataaccuracy・This  

isduetothefactthattheJMdistanceisdeterminedonlyfromthestatisticaldistributionof  
thetrainlngdata，Whilethetestdataclassificationaccuracyisdependentonbothtrainlng  
andtestdata：hence，thelatterselectionismoresusceptibletostatisticalfluctuation・  

6．3．3 AssessmentofBandSelection  

WhenweneedtoclassifyallthepIXelsintheimage，theselectedbandcombinationuslng  
trainlngdatadoesnotnecessari1yglVethebestclassificationaccuracy・Theoptlmalband  

COmbinationisexpectedtobeclosertothatselectedbyclassificationaccuracyuslngteSt  
data．Inordertofirldthebandcombinationthatdoesnotdependontrainlngdataandthat  
can workwellforthe wholeimage，WeaSSeSSed thebandselection resultsbyaveraglng  
them overthetestdatarange，Each bandwasweighted andrankedforitseffectiveness  
fo1lowlng the proceduredescribed above・Theprocedurewasrepeated bychanglng the  

classificationmethodtocheckthedependencyoftheselectionontheclassificationmethod・  

TheresultsofbandselectionbyJMdistance（JM），bytestdataclassificationaccuracyusing  

maximumlikelihood（ML），andbyclassificationaccuracyusingminimumdistance（MD）  

areshowninFigure6．5．   
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Table6．3a）SelectedbandsbymaximizingmeanJMdistarlCe・  

Training Data Se（ectedChannel（fromleft）  
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The first3bands selected were common to al13rnethods（JM，ML，MD），thatis near  

infrared（820－900nm），midinfrared（1520－1720nm）andgreen（570T590nm）inthatorder．  

Thenear，infraredband，Whichissensitivetobiomassorvegetation，hasbeenusedinmany  

Vegetationapplications．Themid－in＆aredbandsarerelatedtosurfacewatercontent；inthe  

presentcase，itseemsthatthedifferencewasbetweenthewatel●COntentOflivesedgesand  

thatofdeadreeds．Thegreenbandisnotcommonlyusedforvegetationmonitorlng，butin  

thepresentcase，thereflectanceofgreenvegetationatitsearlygrowthstageseemsdistinct  

inthisband．  

Afterthethirdband，differentbandswereselected by thethreemethods・Among them，  

anothermid－infraredband（2060－2450nm）hasahighscore．Thisbandisalsosensitiveto  

surface watercontent，andis often combined with othermid－infrared bands to delineate  

mineralcomponents・However，thesemid－infraredbandsalsovarylnSenSitivltytOthe3－  

dimensional structure and chemical components of vegetation. It seems that this mid- 

infraredbandwasselectedforitsabilitytodiscriminatethe∫phagnummossclass，Which  

hasacompletelydifferentstructurefromothervegetationtypes・  

6．3．4 RelationshipwithClassi鮎ationAccuracy  

To see how classification accuracyincreases with the・numbel・Of bands used・the  

classification accuracy obtained for all the bands was averaged over the training data 

selections・Theresulting relationshipbetween themeanJM distanceand thenumberof  

bands，andtherelationshipbetweentheclassificationaccuracyofthetestdatauslngML  

andMDareshowninFigure6．6．ClassificationaccuracylnCreaSedrapidlyupto3bands  

forallJM，ML，andMD．、Thesebandswerethesameasthenrst3bandsselectedabove．  

Thisresultalsosupports3bandssuperiontywithrespecttoaccuracy・  

The relationshipwithJM distance follows fromits definitiDn二the additionalbands  

contributetoincreaslngJMdistance・ForMLandMD，aCCul・aCyPeakedat5bandsand7  

bands，reSpeCtively・Thissaturationofaccul・aCyClearly showsthatthe useofadditional  

bandsevaluatedonlywithtrainlngdataisnoteffectiverorclassifyingvegetationtypesfol・  

testdataol・wholeimagedata・Theexistenceoftheoptlmalnumbel・Ofbandsalsoshowsth占  

impol．tanCeOfcross－Validationforselectlngtheoptlmalfeaturesetforclassification・   
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Fig・6・7・WetlandvegetationclassificationmapproducedfromairborneMSS．   
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Moreover，theresulLsshow thatusthenumberorbilndsillCl▲eLISeS，theaccuL．iLCyO上－MDis  

Superiol●tOthatofML．ThisrneansthatMLisnotalwuystheoptlmalclassil－iculionmethod  

Whenthedistributionofvegetationisnotnormal．MDissimplerbutmol－erObustthanthe  

mol■e rigid ML，eSPeCially when there al－e nOt enOugh trail－1ng data【O eStimate the  

ParameterSOftheclassifier．   

6．4 VegetationClassificationMap  

The7－band combination（2，3，4，5、8且andlO）that showed the highest classiFication  

accuracywithMDwasusedwiththedataofthewholeMSSimagetoproduceawetland  

Vegetationmapofthebogal’ea（Figure6．7）．Hel●e．the6classifiedclassesarethesma11  

pooIs（Titou）inSphpagnLLmpmOSS－dominatedareas，the Sphag11um mOSS－dominated areas  

（Migugoke），thesedge－dominatedareas（Suge），thealdel・h■eefol●eSt（Hannokl），theareasof  

Ledumbushes（Isotutuji）overtheSphagnummoss，andthereed－dominatedareas（Yoshi）・  

Finally，Cユa5Sifica【ionof【heM5Simagewa5COれduc【ed u51ng【heconsi51en【1y5eユec【ed3  

bands（3，8，and9）．Therewel●enOtmany differences between the results ofthis3－band  

Classificationandthoseuslng7bands．However，thepl－OPOl’tionofSphag］uLmmOSSareain  

theclassificationbasedon3bandsdecreasedfrom28％to21％，Whilethoseofsedgeand  

L，edlIm Were SOmeWhatincreased・These differencesare probably due to the absence of  

mid－infl－aredband（10），Whichiseffectiveindiscl●iminating the和hagnummoss－COVered  

areaS．  

6．5 Conclusion  

Asanapplicationoffeatul・e－Selectionmethods，aneffectivespectralbandcombinationfor  

Classifying wetland vegetation wasdetel●rnined basedon ail・borne MSSimage data・We  

used as criteria of maximizlng theJeffries－Matusita distance and maximizlng the  

Classification accul■aCy Of the test data．Three bands wel．e COnSistently selected：neal●  

infrared（820－900mm）．mid－infrared（1520－1720mm）、andgl●een（570－590mm），inthat  

Order．Astheclassificationalgorithm，themaximumlikelihoodandtheminimumdistance  

methods were used，and the same3bands were selected uslng both methods・The  

Ciassificationaccuracyofthetestdataalsoincreasedup【0【hesame3baTlds・Thehighes（   
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Classi上－icatiol－aCCul・aCyWaSattainedwhenuslng7bandsbytheminimumdistancernethod・  

Using the7－band combination，the whole MSSimage was chssifiedinto6wetland  

Vegetationclasses．  

Aconventionalvegetationmaplnthewetlandwasproducedfrominterpretationofaerial  
PhotoBraPhs・ItwasveL．ydifficulttodiscriminateamongthecomplicatedvegetatlOn【ypeS  

in the bogarea from thesephotographs・However，theabove analysISitisshowed that  

Classification of wetland vegetationis possible uslng the spectl・alslgnatureS Of the  

Vege［ationtypeS，eSpeCiallyinthenear－infraredandmid－infl■aredreglOnS．TheMSSimage  

datiluSedin this study were acquiredin the early gl・OWlng Stage Of the vegetation．  

Completionofthewetlandvegetationclassificationuslngtheseimagedataonlyisdifficult．  
Combina【iono［theseda【awidlimagesacquiredin［hemiddleof（hegrowlngS［age［0  

0btainmoreaccurateclassificationresultsisnecessary（OgumaandYamagata1986）．   



Chapter 7 

C）assificationuslngMultitemporaIImageData  

In this Chapter，a multitemporalapproach forclassificationisinvestlgated from several  

aspects to establish a methodology fol・Wetland vegetation classification・The seasonal  

Changesinwetlandvegetationhappensoquicklythatitisdifnculttoclassifythevegetation  

uslng Only asceneacquiredonaslngledate．Intheexperimentdescribedhere，We uSe  

multitemporalLandsatTMdataacquiredinJune，August，andNovember，tOClassifythe  

mq］OrVegetation types，SuCh as reeds，Sedges，alder trees，and SbhagnLLfnmOSS，in the  

Kushirowetland．Fromthesamplingmeasurementsofbiomassandspectralreflectanceof  

SeVeralvegetation typeS，itis clarified thateach wetland vegetation type has a distinct  

growth pattern and temporalspectralsignature．Using this temporalinformation，itis  

possible to classify the vegetation types with high accuracy．An accurate，Wetland  

VegetationclassificationmaplSprOducedastheresultofsupervisedclassificationuslng  

multitemporalLandsatTMimagesThischapterisbasedonYamagataetal・（1996b）・   

7．1IntroductjoI】  

Inthewetlandarea，therearemanyvaluablespeciesotplantsandanimals▲Wetlandshave  

beenrecognizedasoneofthemostimportantecosystemsintermsofspeciesdiversltyand  

itsconsel■Va【ion．ILIOrder［OCOnSerVeWe［1andecosys［emS，aCCuratemOTli【OnngOfthestate  

Of wetlands，eSPeCial1y vegetation，isvital・Howevel●，itis difficult to study wetland  

Vegetation due to waterinundation，Therehas notbeen enoughresearch on the spatial  
distribution ofwetland vegetation．Remotely sensedimages from satellites ol■airborne  

platformsseemtobetheonlysourcesformonitorlngWetiandvegetationdistribu［ion・  

Severalstudiesonmappingwetlandvegetationhavebeenalreadyconducted usingaerial  
PhotographsintheKushirowetland．However．thisapproachhasseverallimitations：l）The   
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Vegetation［ypeS are nOtdistinctincolorphotographs．2）Seasonalchangesofvegeta［ion  

PreVent aCCurate rnaPping using aerialphotographs acquired on a single date・3）  

Geometricaldistortioncausedby thelensandail・craftmotion，and radiometric distol●tion  

fl’Om atmOSpheric effects are too difficult to correct，makingit difficult to pl■Oduce a  

COntinuousmosalCOfaerialphotographs・1tisalsodifficulttoproduceaclassificationmap  

uslngaSlngleclassifier．Classificationisoftenconductedrnanually，butdependstoomuch  

OnhumaninterpretatlOn．SuChthatassessmentofaccuracyisdifficult・  

In this study，multitemporalLandsatTM data are used to produce an accurate wetland  

Vegetationclassificationmap・Therearesevet’aladvantagesto thisapproach：1）Wecan  

makeuseofspeCtralsignatures，eSPeCial1yinthenear－infraredandredbands・2）Byusing  

multiternporalimagedata，SeaSOnalgrowthpatternsthatdependonthevegetationtypecan  
beusedfol・Classification．3）Sincethewholewetland（inthecaseoftheKushirowetland）  

fitsinoneLandsatimage、thereinnoneedtomakeamosaicofseveralscenes．   

7．2 StudyArea  

The study area was the Kushiro wetland，described earlier．Because of the rapid  

developmentirlthesun．oundingagnculturalareas，nutrientrichwaterhasbeenflowlnglntO  

thewetlandandhasdl●amaticallychangedthevegetationdistribution．Amongotherchanges，  

aldertreeshaveincreaseddramaticallyinnumberduringthelast50years．  

Wetland vegetation classification so far has been conducted using spectral signature 

differencesobservedinremotelysensedimagedata．However，theseasonalchangesofthe  

Vege［ation occur rapidly，and the growlng SeaSOn Varies from species to species・The  

spectral signature differences between seasons are much greater than those between 

Vegetationtypes，   

7．3 SeasonaIityofWetlandVegetation  

Byknowlnghowthewetlandvegetationchangesseasonally，WeCandetel・minetheoptlmal  

pe1’iod［orimageacqulSitionuslngremOteSenSOrS・Weconductedsarnplingmeasurements  

duringthegrowlngSeaSOnforthemosttyplCalvegetationtypesin［heKushiromire：Sedge   
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andl・eeds・These typeS have nevel・theless not bec■一 SuCCeSSfully discl・iminatedin  

COnVentionulclussification maps・We conductedlTleaSul、ementSin Lhe testilreilOr Lhe  

above－grOUnd biomass for theselyPeS，8tirnes from Muy untilSeptember・Sarnpling  

lTleaSurementSWereCOnductedintwoIxlmareasateachsiteorsedgesandl●eeds（Figure  

7・1）．ItcanbeseenfromtheFigurethatthesedgesbegintogrowinlateMayandreach  

maximumsizearoundearlyAugust，aftel’whichtheybegintowither．Thereedsbeginto  

growinlateJune，reaChtheirmaximumsizearoundlateAugust，andthen wither．Thus，  

thereisadistinctdifferenceinthetemporalpattemofgrowthbetweensedgesandreeds  

In both test sites，there wel・e SeVel・alothel・Plant species・Vegetation types al・e Often  

SpeCified by the dominantspecies，SuCh asreedsol－Sedges．There上－01－e，itis necessary to  

Classifythewetlandvegetationtypesuslngthegrowthpattel－nOfthedominantspecies・  

From theresults ofour seasonality survey，the followlng arerelevant to tlmlnglmage  

acquisition．1）InlateJune，WeCanSeethedifferencebetweengrowingsedgesand dead  

reeds．2）In王ateAugustorearlySeptember，【hevege［a【iondifferencebe［weenSedgesand  

reedsisdifficulttodistinguishintermsofbiomass．3）Thecombinationoftheearlyseason  

（fromlateMayuntilearlyJune）andlateseason（frornlateAugustuntllearlySeptember）is  

effectivetodiscriminatethegrowthpattemdifferencesbetweensedgesandreeds・   

7．4 SeasonalityoftheSpectralSignature  

When we combine multitemporalremotely sensed data，We Can uSe both the seasonal  

growthinformation and the spectralsigna（ure．For this purpose，We tOOk speCtral  

measuremenLSOfsevel・alwetlandvegetation，typeSuSlngaSPeCtl－all●adiometel●，inorderto  

see how the spectral signatures change temporally. The measured vegetation types were 

5PhagTuLmmOSS，reedsandsedges・ThespectralmeasurementsweL－eCOnductedintheearly  

gl●Owingstage（23July1992），andinthelategrowingstage（31August1992）．   
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Table7．1．Characteristicsofhndsa【TMsensor．  

Channel  Waveleng［h  Band  Resolutjon  
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Fig・7・1・Seasonalchangesinabovegroundbiomassofreedandsedge【eStSite・   
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AspeCtralradiometer（OpトreSearChMSR－7000）wususedtomeasul・eSPeCtmlrenectance  

inthewavelengthsof400－2500nm・Themeasurementswel’emaderroml・5mvertica11y  

abovethecanopy，Themeasuredspectralradiancewasconvertedtoreflectancedividedby  

thespectralradianceofastandardwhiteboard，meaSured atthesame tirne．Because the  

datawerenoISyatWaVelengthsaround1400nmandlongel●than1800nm，Weeliminated  

datainthesereglOnS・andthealldataweresmoothedusingamedianhlterof15nmwidth・  

Themeasuredspec（ralTeneC【anCeSfbrvegetationtypesatthe2datesareshowninFigure  

7．2，InJune，thereedswerestilldeadandtheirspectralpatternwasflat・InAugust，When  

thereedsl●eachedmaximumsize，StrOngabsorptlOnbychlorophyllinleaveswasobserved  

intheredband，aSWellasstrongreflectionintheneal－－infraredband．Growthofsedgeshad  

begunbyJune，althoughtherewerestilldeadplantsvisible・Thedifferenceofthespectral  

PatternforsedgesbetweentheJuneandAugustwasnotas■1argeasthatofthereeds．The  

SpeCtralchange ofsphagnum mossduring thisperiod was rninimal，We found that the  
SpeCtralreflectanCeOfthismosshadaspeCialpattematwavelengthsofaround970and  
1180nm．Althoughwecouldnotmeasurethespectralreflectanceforthealdertrees，We  

expected that their spectral signature would be very distinct because they are actively 
growlnginbo【hJuneandAugust・   

7．5 ClassificationusingMultitemporalImageData  

Byuslngthetemporalpattemofspectl’alslgnatureSOfthesewetlandvegetationtypes，We  

wereabletoconductawetlandvegetationclassification．  

7．5・1Analyzedlmages  

Theremotelysensedimagedataanalyzedwel・eLandsatTMscenesacquiredon26July  

1991，29Augus【1991，andlNovembeI．199i・The characteris【ics of［he Landsa【TM  

imagesareshowninTable7・l・TheTMsensorhasagroundresolutionof30m・Whichis  

COnSideredsufficientfordeLineatlngthespatialdistributionofthemainlandcovertypeSin  
thisreg10n・ThewholereglOnOftheKushirowetlandisimagedinlO24xIO24pixels・The  

TMhas7bands，inwhichtheneal・－infrared（band4）andmid－infrared（band5）arethemost  

effectivebandsfordiscriminatingamongwetlandvegetationtypes（Yamagataetal・1995）・   



7 Classi丘cationusingMultitempoL．alImage  102  

ー CorEongrass（Jun．）  

：  Cottongrass（Aug．）  

‥－…・‥ Re8d（Jun．）  

”・・・・・・・Reed（Aug．）  

一一 一Sphagnu「∩（Jun・）  

一一－Sphagnum（Ahg・）  

（
ポ
）
心
0
U
d
｝
0
望
の
正
 
 ／′＼、  

／ ノ  ヽ  

／ 
ノ・＼  

J／  

400   600   800  1000 1200 1400 1600 1800  

Wavelength（nm）  

Fjg・7・2・SpeCtTalre且ectancecharacteristicsof3wetlandvegetationtypesinJuneand  
August・   



103  7 ClassificationusingMultitemporalImage  

7．5．2 RegistrationofImageData   

The3LandsatTMscenesweregeometrical1ycorrectedusingal：50000－SCaletopographic  

map onto the20－m grid celldata・Registration wasperformed uslng firsトOrder Affine  

transformation，andther．m．serrorofthecorrectionwaswithinoneplXel．Threebandsh．om  

each scene（bands3，4，and5）thatare known to be effective for wetland vegeta［ion  

Classificationwereselectedandcomposedasanimagewith9channels．Here，theredbands  

arerelatedtoabsorptlOnbyehlorophyll；thenear－infraredbandisrelatedtobiomassofthe  

vegetation；andthemid－infl．al’edbandisrelatedtosurfacewatercontent・The3TMscenes  

al・eShowninFigure7．3（a），（b），and（C）．IneachFigure，theredcolorshowsband4，the  

greencolorshowsband5，andthebluecolorshowsband3．  

7．5．3TrainingDataSelection  

The wetland vegetation classes used for the analysis were Sphagnum moss，Whichis  

uniformlydistributedinthebogarea，Sedgesandreeds，Whichgrowmainlyalongtherivers  

inthecentralfenarea，andaldertreesthatareinvadingthewetlandarea，  

Otherclasses”Water，forest，agnCulturalfields，and urban areas”Were also used for the  

Classification・Tminingpixels（25－100pixels）wereselectedforsubclasses（seebelow）and  

usedfortheclassification．  

7．5．4 MaximumLikelihoodClassincation  

First，theparametersofthemultitemporal，SpeCtraldistributionfunctionforeachclasswere  

estimateduslngtralnlngdata．Severalsubclassesareassumedtobelongtoeachclass・For  

example，in agnculturalfieldsthereisgrassland，bareland，uplandfields，etC・Foreach  

wetland vegetation type，Subclasses were defined according to differencesin growth  

patterns，WaterCOnditions，etC・Theestimatedsubclassdistlibutionfunctionswereusedto  

classify the plXelsoftheimage・Theseclassifications wel・e allocated among7classes・  

However，thesubclasseswereusedintheclassification，Sinceseverallandcoversubclasses  

（Orlandconditions）coLTeSPOndtotheeachmq）Orlandcovel・class，andalso toavoid a  

distributionfunctionthatisskewedratherthannormal．．   
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Fig．7・3（a）bndsatTMsceneinJune26th・（RGB＝453withhistogramequalization）  

Fig．7．3（b）I．andsatTMsceneinAugust29th・（RGB＝453withhistograrnequalization）   
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Fig・7・3（cl）lAndsatTMsceneinNovemberlst．（RGB＝453withhistogramequalization）   
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Mol■eOVel●，inselectlngh’ainingareas，WeCarefullychosepositionssuchthatthetraining  

Sites were scattered al・Ound the wholeimage scene・Wealso repeated the process of  

Selecting（deleting and adding）the training data and classifying them so that any  

misclassificationarislngfrominterferenceamongthemwasminimized．Thisprocesswas  
repeated untilthere was no furtherincreasein classifica（ion accuracy・Thel・eSulting  

ClassificationmapoftheKushirowetlandisshowninFigure7．4・  

7．5．5 AssessmentoftheClassificationResults  

Based on the vegetation classification based on ground truth，We made the fouowlng  

a5SeSSment：  

Because the conventional vegetation classification map of the Kushiro wetland was 

PrOducedfromamosaicofaerialphotographs，thesedgesandreedsweremisclassifiedin  

theareassurroundingthebog・Inthepresentstudy，山esewel●eCOrreCtlyclassifiedinthis  

reg10n．However，partOftheinundatedareainthewetlandwasmisclassifiedasdarkforest．  

Nevertheless，SeVeralwetland－relatedresearchers whoevaluated thesatellite data－derived  

mapfeltitwasaccurateenoughforactualuseinwetlandmanagement．   

7．6 Conclusion  

Because the seasonalchangesin wetland vegetation happen quickly，itis difficult to  

ClassifywetlandvegetationuslngaSCeneObtainedonaslng！edate・Wehaveexpel．imented  

toes（ablishedawayofclassifylngWe（1andvegetationtypesuslngmultitemporalremotely  

sen壷dimagedata．Intheexperiment，WeuSedmultitemporalLandsatTMdataacquired  

OVertheKushirowetlandinJune，August，andNovember，tOClassifythem句OrVegetation  

types，includingreeds，Sedges，aldertrees，and5bhagnummoss．Evaluationofabiomass  

samplingmeasurementandspeCtralreflectancesofseveralvegetationtypeSdemonstrated  
【ha【［hewe［1andvege（a［ion【yPeShaYedis【inct【emporalgrowthpattemsbothinbiomass  

and speCtralslgnature，With this temporalinforTnation，We Were able to classify the  

vegetationtypeSWithahighaccuracy・Weproducedavegetationclassificationmapofthe  

Kushirowetlandaccurateenoughtobeusedforwetlandmanagementpurposes・   
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Fig・7・4・VegetationclassificationmapoftheKushiromireuslngmultitemporall・andsatTM  
data．   
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IntheTMsceneinAugust，thecentralpallOfthewetland，Wheresedgesusuallygrow，WaS  

totallylnundated by noodwatel・・Because ofthe highperCentage Ofcloud coverin the  

Wetlandarea，Satelliteimagescanoftenonlybeobtainedafterheavyrainoratyphoon・So，  

thereisabiasinthedatainthatfloodingobsel・vedintheremotelysensedimageisgreater  

than thalinnormalwetlandconditions，eSpeCiallyforscenesacquiredinthemiddleof  

Summer．  

Ithasbeenshown thatwetlandvegetation typessuch asl・eeds，Sedges・aldertrees，and  

伽hagnum moss can be successfu11y delineated uslng LandsatTM data・However．the  

detailedvegetationtypeSinthebogareaaredifficulttodiscriminateamongduetothelack  

OfbothgroundresolutionarldspeCtralresolution．Toclassifythesevegetationtypes，We  

need to use a sensor with higher ground resolution and with more spectral bands. In 

Chapter8，WeShowanexampleofsuchvegetationclassificationuslnghyperspectralimage  

data．   



Chapter 8 

ClassificationuslngSpectralImageData  

In this chapter，Wetland vegetation classificationis conducted uslng a high－reSOlution  

spectralimage，reglStered on a digitalelevation modelproduced from ground  
measurements to analyze the relationship between vegetation and elevation・Compact  

AirbomeSpeCtralImager（CASI）datawereacquiredovera5phagnLLmrnOSS－COVeredbog・  

Vegetation classificationis performedwith an unsupervised classification（k－meanS）  

method，andthenvalidatedbyavegetationsurvey．Becausethegroundresolutionwashigh  

enoughtodetectspatialchangesinthebogvegetationtypes，WeCOulddiscriminateeven  
theSPhagn〟mmOSSClass，WhichhadneverbeforebeendelineateduslngSatellitesensors  

such as those on the LandsatTM・The resultsshowthe goodperformance ofwetland  

vegetationclassificationinthebogareausinghigh－reSOlutionremotelysensedimagedata・  

ThischapterisbasedonYamagataetal，（1996a），   

8．1Introduction  

Becausewetlandvegetationhasacomplexstructure，itisnoteasytodiscriminateamong  
vegetationtypesuslngOnlyafewspectralbands・AsmentionedinChapter7，thereare  

limi［ationsontheusefulnessofaerialphotographsformakingavegetationmap，anditis  

difficulttoclassifywetlandvegetationtypesevenuslngSateuitesensorssuchasthoseon  
theLandsatTM・Inthisstudy，tOmOnitordetai1edwetlandvegetationtypeS▼WeteStedthe  

classificationofvegetationusingCASIdataovertheAkaiwetland・  

CASIsensorscan obtainaspeCtralimagein the visibleand neal・－infraredwavelength  

region（400－900nm）．In supervised classification，itis possible to discriminate among  

vegetationtypeSbyselectlngthetrainlngdataoEeachclassforlnputintothechssifier・   
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However・aS the number of channelsincreases，the number of the trainlng SamPles  

necessarytoestimatetheparametersoftheclassifierincreasesrapidly．Forhyperspectral  

data，SuChasfromCASI，thenumberofchannelsoftenexceeds100．However，itisdifficult  

【00b［ainsufLicien［goo（＝rainlngdata，Say100000bsel・Vationsforeachclass・Particulal・1y  

forcomplexwetlandvegetationtypes，theclassesthatcanbeclassifiedareoftennotclear  

atthebeginningoftheanalysis・Inthisanalysis，WecOnducledaclus（ering（unsupervised  

Classification），andtheclusterswereassignedtovegetationclassesbasedonground－truth  

infomationtoproduceavege【ationclassificationmap・  

The waterflowin a wetland areais often determined by the difference betweenits  

eleva［ionand（ha［ofthesurroundingiand，AnelevationincIinationinsidethebogareais  

formed by the dome－Shaped growth of Sphagnum moss，and these subtle elevation  

differencesarerelatedtowatercontentandvege（a（jondis［ribu【ioninthewetland・1n血s  

analysis，byoverlaylngelevationdata，theCASIimageisdisplayedin3－dimensionalspace，  

andthecorrespondencebetweenvegetationandelevationisstudied．   

8，2DataAnalyヱed  

ThedatausedfortheanalysiswerefromtheCASIimageacquiredovertheAkalWetland  

On2June1993．ThecorlditionsofdataacquISi［ionareshowninTable8．1，A【【he（imeof  

acqulSition，the weather wasiine・Most of［he vegetationin the wetland was at the  

beginnlngOfthegrowthstage，andplantswerelowinheight．Theimagedatahavegrourld  

resolution of2m，aPprOprlate forthe natureofwetland vegetation changein the area・  

Before the analysis，geOmetric correctionand calibration of the radiance data were  

COnducted（BabeyandSofftr1992）．  

ThespectralbandsusedforobseryationareshowninTable8，2．Channellis【heblueband，  

channels4and5areredbands，Channels6and7arebetweenthered and near－infrared  

bands．andchannels8arld9areintheneal●－infl－aredband．Thespectralslgn飢ul・eOfeach  

vegetationtypeisshowninFigure8・l・Thespectrall・adiancefeaturesshowninthisimage  

Were Obtained fl’Om SpeCtral－mOde observa（ion by the CASIsensor．Details of the  

vegetationtypeswillbedescribedlater．   
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TabJe＄・1・ThecondjIioT）OfCASIima8eaCquユSitjoTl  

CCD（CASI）  
7，000f［（1，600111aboveground）  

0．06900（alongtrack）  

35．400（swath）  

1．9×2．2m  

512×512pixel  

12 bit 

2June1994  

11：00a．m．  

SellSOr  

Altitude  

IFOV  

Ground resolution 

Image size 
Dynamicrange  
Acquisition date 
AcqulSitiontime  

TableS・2．SpectralChannelsofCASr  

Spectralbands（nm）  

460－470  

550－560  
595－605  
635－645  

655－665  
675－685  
695－705  

715－725  
745－755  
825－835  
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ThespeCtl．alreflectancefL’Omthevegetationhasas【eePrisebetweentheredandtheneLlr－  

infrared band andhashigh valuein theneaトinfraredreglOn・Thisisdue to chlorophyll  

absorptionoftheredlight，Whilethenear－infraredlightisstl・Ongly（50％）reflectedbyplant  

leaves・Moreover、Plantleavesaretransparent（50％）tothenear－infraredlight、Actuallywe  

Observemul【iplesca叱rlng丘・Om【hevege【ationcanopy．Becau5ethi5SCaは汀1ngPrOpertyOf  

lightisdependentonthevegetationtype（Chemicalandphysicalstructureoftheplant），We  

CandiscriminateamongvegetationtypeSbytheirspeCtralreflectance・   

8．3 Three・DimensionalDisplayoftheWetland  

TheAkaiwetlandisatthewesternsideofInawashiroLake．Thewetlandhasaroundshape  

withadiameterofaroundlkm．Thesurroundingareaconsistsofmountainsandncefields．  

Thecenterofthewetlandisalittlehigherthantheedgesbecauseofthedomeformedby  

thesphagnummoss．ThiselevationdifferencewiththesurroundingareaisthemaJOrfactor  

COntrOllingthemovementofwaterinthewetlandarea．Drainagebetween［hericefieldsis  

dryingthewetland，andhasallowedmanyplneu’eest9invadeitssouthernpart・  

Tomapthesubtleelevationdifferencesbetweentheinsideahdoutsideofthewetlandarea，  

weusedatotalstation（measuretheexactdistanceusinglaserto）measuretheelevationat  

50－mgridpolntS・Thegriddataweretheninterpolatedwithfifth－Orderpolynomials，and  

Were reSampled to provide 2－m grld elevation data・The CASIimage was also  

geometricallyco汀eCtedfortheseelevationdataforuseintheanalysis・  

Figure8・2showstheCASIdatadisplayedin3－dimensionalspaceuslngtheelevationdata・  

Thisisabird’seyeview from thesouthinwhichtheelevationdifferenceisenhanced5  

times．Theimageisdisplayedinfalsecolors：redisasslgnedtothenear－infraredband10，  

greenisasslgnedto［heredband7，andblueisasslgned（Ogreenband3・Theimageclearly  

Showsthetreesinvadingthesouthernpartofthewetland・  

Figure8．3shows a CASIirnageinside the wetland area，OVerlaidwith the detailed  

elevationcontourlinesandtheirmeasuredvalues．Thecentel・PartOfthewetlandisseento  

be around2m higher than亡he edges、Wi血a slope【0【he soulhea5t・The blue color  

COrreSpOndstotheinundatedarea．   
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Fig．8．2．3－DviewofCASIfalsecolorimageusingdetai1edDEM・   
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8.4 Wetland Vegetation Classification 

TheCASIimagewasclusteredintospeCtralclassesbyunsupervisedclassificationuslng  

the k－meanS method as fo1lows．1）Thek－meanS method was repeated untilthe cluster  

meansconvergedinto20clusters．2）Basedongroundtruthfromthevegetationsurveyat  

50－mgridpolntSandinterpretationofaerialphotographs，theclusterclasseswereasslgned  

to severalvegetation speCies・3）The cluster classes wel●e then recodedinto a stable  

COmmunltyOf8vegeta（ionclasses．TheresultsareshowninFigure8．4．  

Thedelineatedvegetationclasseswerel）lbomizugoke：Smallreedgrassesgrowingover  

5bhagnum moss（Ibomizugoke），2）Harimizugokeニ 伽hagnum moss（Harimizugoke）  

growingintheinundatedarea，3）Murasakimizugoke：Smallbushes（Haiinutuge）growing  

OVer∫phagnummoss（Murasakimizugoke），4）Haiinutugeニbushes（Haiinutuge）uniformly  

distributed over the如hagnum moss（Ibomizugoke）．5）ChimaklZaSa二SeVeralgrasses  

（Chimakizasa）mixedwithbushes（Haiinutuge），6）Mizugoke：inundatedareacoveredwith  

5bhagnummoss，7）Akamatu（low）：Smallred pine trees with somealdertrees，and8）  

Akamatu（high）：1argeredpinetrees．  

Thesevegetationclassesal●etheresultofclassificationuslngSpeCtralslgnatureSthatmight  

Changeaccordingtothegrowthstageofthevegetation・Forexample，although5bhagnum  

mosscouldbeobservedinthisimagebecausetheothervegetationwasstillverysmall，the  

Classificationof5bhagnummosstypewouldbecomedifncultwiththegrowthoftheother  
grasses．Toperformmore■accurateclassification，Whichconsidersthisseasonalchange，We  

needtousemultitemporalremotelysensedimagedataasdescribedinChapter7．   

8．5 RelationshipbetweenVegetationandElevation  

Fl・OmthecompalisonofthecontourlinesandthevegetationclassificationL・eSults，WeCan  

investlgatethe relationship between vegetation andeleva［ion・Alongthe slope from the  

CentertOthesoutheast，itisseenthatthevegetationtypechangesh・OmMurasakimizugoke  

toIbomizugoke，Whilein thelower northern part，Harimizugokeis dominant．Thisis  

becauseHarimizugokeisadaptedtoinundationinthatarea．Nearthecenterorthewetland，   
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Fig・8・4・VegetationclassificationmapusingCASlimage・   



8 ClassificationuslngSpectralImage  118  

theslightlyhighel●elevationkeepsthesurfacedryandsevel●alshrubsandgrassesal－eSeen  

togrowthere・Inthesouthernpart，al［houghtheelevationislower・theareaisdl・ybecause  

Ofdrainagebetweenthelicefields・Thisdrynessiswhymanyredpinetl▼eeSareinvading  

【hi5area．  

8．6 Conclusion  

In thisstudy，Wehave attempted vegetationclassificationina wetlandbog uslng high－  

resolutioh CASIdata，OVerlaid with a digitalelevation modelproduced from gl●Ound  

meaSul■ementS．  

TheCASIdatawereacquiredatthebeginningoftheAkaigrowlngSeaSOn．Classification  
WaSperformedthroughunsupervisedclassificationbythek－meanSmethod，Validatedbya  

Vegetationsurvey．Because thegroundresolutionwashighenough to detectthespatial  
Changes ofthe bog vegetation types，WeCOuld disclうminate among even the如hagnum  

mosstypes，WhichhasneverbeenclassifieduslngSatellitedata．Theresultshowsthehigh  

performance of wetland vegetation classification in the bog area using high-resolution 
imagedata．  

Theanalysisofelevationeffectsshowsthecloserelationshipsbetweenvegetation types  

andthesmal1elevationdifferenceswithinthewetland．Itwasshownthattheinvadingtrees，  

the郎hagnummosstype，andthegrowthofthegrassesinthecentralpartofthewetland  

WereStl．Onglyinfluencedbywaterinundationlevel，WhichisdeterminedbPyelevation・   



Chapter 9 

ClassificationuslngtheGaussianProcess  

TheGaussian processis developed from Bayesian neuralnetworks with anin丘nite  

numberofnodesinthehiddenlayer，ItisalsoaBayesianrnodel－aVeraglngapprOaCh  

thatintegratesamodellspredictionswiththeaposterionprobabilitiesoftheparameters・  

InthisChapter，thebasictheoryoftheGaussianprocessforclassifyingsatelliteremote  
SenSingdataisintroducedarld（eS［eduslngmulti【emPOralLANDSATTM，JERSl，al］d  

ERSISARdata．Theaccuracyoftheclassincationsiscomparedwiththemaximum  

likelihoodandBayesianneul．alnetworkmethods；theGaussianprocessoutperformsthe  

OthermethodsforclassifyingLANDSATrrM，JERSl／SARandERSl／SARdata，and  

especiallyperformsweuwithsensorfusiondata．ThischapterisbasedonYamagata  
（1997c）．  

9．1Introduction  

Recentrapiddevelopmentsinl・emOteSenSlngteChniqueshavemadeitpossibletouse  

time series ofremotely sensedimage da【a aCquired by various sa【elli－e SenSOTS fol・  

environmentalmonitonng・However，Whenitcomestoclassifyingtheremotelysensed  

imagedataofnaturalenvironmentssuchaswetlands、thenumberoftrainlngSamples  

that are available for classincationis oftenlimited due to difncultyln COnducting  
ground surveys（Yamagata and Yasuoka1996）．When we try to classify a high－  

dimensionalimage（hatcon【airlSmuChinわrma［ion，【heclassiLicationaccuracyohen  

decreases because the trainlng data for constructlng the classi長eris not sumcient  

（HoffbeckandLandgrebe1996）．Therefore，itisbecomingmoreimportanttodevelopa  

Classincalionmethodthatcanperformbetterthanconventionalmethodseven witha  
limitedamountof汀ainlngdata．  

Inordertoperformaccurateclassificationuslngfewertrainlngdata，feature－Selection  

and feature－reduction methods have often been used as a preprocesslng Stepln the  
class追cation（Young and Fu1986，Fujimura and Kiyasu1996，Koller and Sahami  

1996）．Featurel・eductiontl●ansrOmSthevariablespacetonewfeatul■eV山’iablesthatul－e   
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COnSidel－edtobeerfectivebysomeevaluationfunction．whileinfeatureselection．orlly  

thesubset of fentul・es thatare effective forthe cILISSiflCationis selected．In both cases，  

thereductioninthenumberofparameterscontributestoincl・eaSlngtheaccul・aCyOt、the  

Parametel．eStimation・AIso．elimination of redundantinformation helps toillCreaSe  

Classificationaccuracy．  

1nfeatureselection，Classificationaccuracyforthefea【ureSubsetisnecessary．Cross－  

ValidarioJlandprobabiiisticdistanCeareOftenusedasevaluationmethods（Michieetal・  

1994）．lnthe cross－Validation method，the training data are partitionedinto several  

random subsets；eaCh subsetis classined by the classi鮎rlearned from the other  

Subsets；andtheaccul●aCyOftheseclassificationsisthenaveragedtoassess（heaccuracy  

Ofthe rnodel・In theprobabilistic distancemethod，instead ofactually assesslng the  

Classificationaccuracy，PrObabilisticdislanCebetweentheclassessuchastheJeffries－  

Matusita（JM）distanceisusedtomeasuretheseparabilityofclasses．Inbothcases．the  

effectivefeaturecombinationisfoundbyexhaustlng thecombinationsofthefea【ure  

Subsets，byforward，backward，OrStePwiseselectionmethods．  

Inleamlng a Classinerwith few trainlngdata，thereis the problem of overnttlng・  

Overnttlng OCCul■Sin thelearrung of a classifiel■ With many parametel●S・When  

OVel’fitting occurs，the classiner modelovel●fits the trainlng data，andloses  

applicab仙y to oぬel■data・1n order【O aVOid over加ing，We need【O empioycross－  

ValidationtodetelTninethemodelparametersbytheirperformanceagalnSttrainlngdata・  

There are other ways to avoid over加ing by uslng eValuation functions for model  

Selection．TheseincludeinformationcriteriasuchasAlC（AkaikeInformationCriIeria）  

and NIC（NetworkInformation Criteria）which have a penalty term that tinearly  

increases with the number of modelparameters（Akaike1974），Theseinfol●rnation  

CriteriaareoftenusedtoavoidoverfittinglnSelectlngfeaturesandindeterminlngthe  

numbel・Ofhiddenlayersinneuralnetworks（Ripley1996），  

Tosomeextent．itispossibletoavoiddegradationofclassificationaccuracywhenuslng  

high－dimensionalremotelysensedimagesbyf由tureseIectionandfeaturereduction・In  

thesemethods，Onlyonemodelisselectedandusedlaterforclassificationofthereal  

data．However，theresultofmodelselectiondependsonthetrainlngdataused・Since  

血elrajnlngda一山山●eonlyasamp】eoft厄wholedj5けibu【ion，therei5unCel■【ajローy【n止e  

rnodelselectionprocess．Thereisnogual●anleethattheselectedmodelglVeSthebest  

Classillcationforthewholedataset．Toaccountfol．thisuncertainty．weneedtoemp10y   
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the Bayesian approach（D modelselection to achieve more consislently high  

Classiricationaccul●aCy．  

h the Bayesian approach，mOdelpredic【ionis perfol’med byintegratlng mOdel  

estimationswiththeaposterionprobabilityo［【hemodelas［heweight，Whenlhea  

plTOriestimatesbythemodelandthetrainlngdataareglVen．IrLgeneraいhjscalcula【jon  

is very di翫cultboth analytically and numericaily．The a pos【el■iorlPrObabili【yOfa  

model is often calculated by some approximation method. The Bayesian approach 

uslngapPl●OXimationcanbedividedintoBayesianrr10delselectionandBayesianmodel  

aVel■aglng・  

InBayesianmodelselection，theaposterionprobabilityfromamodelisapproximated  

by theLaplace method．BayesianlnformationChteria（BIC）areused toselect the  

model．Iftheuncertaintyofthetrainlngdataisnotconsideredinthemodelselection  

process，mOre CDmPlex models arepreferred．However，uSlng theBIC，Which have  

largerpenaltiesfol’increasing modelcomplexlty，Can COmPenSate for this drawback  

（Raf妃ry1995）．  

InBayesianmodelaveraglng，Bayesfhc（Or，thelikelihoodofthevalidityofthetrainlng  

data，is calcuiated for（he candida【e TnOdels，Which areselec［ed by Bayesian model  

Selection・Then，themodeJpredictionsare油egra【eduslng［heBayesfactorasaweiBht  

toobtainthepredictionoftheBayesianmodel（MadiganandRaftery1994）・  

Bayesian modelselectionis applied to such problems as determinlng the graphical  

StruCtul■eofthecausalitybetweenvariables（Buntine1996），andoptimizingthenodes  

Of neuralnetworks（Ripley1996）．Bayesian modelaveragingis used e・g・for  

PrObabilisticinfel●enCeuSingBayesiannetworks（tieckeman1995）・Severalstudiesof  

Bayesianmodelaveraglnghavebeenconductedusingweighトdecayparametersinthe  

learningprocessofneuTalnetworks（Ripley1995）▲  

Bayesian neuralnetworksdeveloped by Neal（1996）constitute a genuine Bayesian  

approach［hatdoesno【uSeapPrOXimationincalculatlnBaPOSteriorlpl■Obability・When  

血eweigh【5betweentheinputs，hiddenlayers，andoutputsareBIVentOgetherwiththea  

pnol・iestima（ions，and（heぬimngda‡aaTeaVailable，inteBmtionuslngtheaposteriori  

PrObabilityiscalculated u51rLg【heMarkov－ChainMotlteCal・】omethod・In Bayesian  

neuralnetworks，Bayesian modelaveraglnglSCOnducted over theenlire parametel■   
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SPaCe・Because no modelse］ecIjonis jnc】uded jLlthe pL－OCeSS，【hcreis no danger ot’  

OVel・fitting orundel伽ing，Which al・ise t－romin叩PrOPna［e mOdelcomplexl【y・Itlthis  

appl・OaCh・thet・eisalsononeedforearlystopplngOftheleal・nlngPl・oCeSS，01・Weight－  

decay to avoid ovel伽1ng・Thel●efore，rOr thelearnlng prOCeSSin Bayesian neural  

networks，thereisalsononeedtoparLltiorlthetl’ainlngdatilintotestdatasetsforcross・  

Validation・Wecan make useofallthe tl・ainlng data［01・thelearnlngprOCeSSOfthe  

Classi貞el二  

TheGaussianpl■OCeSSWaSdevelopedfrom【heBayesianneul■alnetworkapproach．Itis  

knownthataneuralnetworkcanapproxjma【eaZlyfunction，if【henumberofnodesin  

thenetworkirlCreaSeS・Unfol・tunately，SuChneuralnetworkshavesomanyparametersto  

estimatethatitisimpossibletolearnthesemodelswithalimitednumberoftrainlng  

datapolntS・However．suchneuralnetworks，Withanin丘nitenumberofhidde711ayers．  

haYebeenshowntoconvergetotheGaussianprocesswithonlyafewparameters（Neal  

1995，1996）．  

In the Gaussian process, the model can be determined by the paYameters on the 

COVariancefunc【ionoftheou［pu［Yariables．Itispossibletoestimatetheseparameters  

WithfewertraimngdatathaninneuralrletWOl●ks・Moreover，thefunctionalformofthe  

GaussianprocessismuchclearerthanthatofneurainetwoL・ks，SOi［iseasytoglVethem  

the approprlat£aPnOn prObabilitiesaccording101he problem．Wecan con5ider rhe  

GaussianprocessasthesuccessortoBayesianneuralnetwol・ks，thatcaJ】makeuseof  

traini咽datainrormation（Neal1997）．  

【n this study，We theoretically forrnulate a new classincation approach uslng the  

Gaussianprocessandtestthisapproachexperimentally・Intheclassificationexperiment，  

WetlandvegetationtypesareclassifieduslngremOtelysensedimagessuchasLandsat  

TM，JERSISAR，andERSISARdata・Vhtestedthenewclassificationapproachusing  

theGaussian pl◆DCeSSbycompal■1ngl［SaCCul、acywi【h［hatofconventionalmethods，  

SuChasBayesianneuralne【WOrksand血emaズjmum】jke油00dme【hod．   

9．2 Classi且cationMethodusingtheGaussianProcess  

WeassurnethattherearensamplesoftrainlngdatafromKchssesこthetminlngdataare  

expressedin pall・S Of p－dimensionalfeatul・e VeCtOl・S and the class hbelas  

（（，ru），Ju）），（X（2），f（2））‥‥，（xい～〉，J（〝））1，Where，r（り∈RY二［（i）∈（0，‥．，K－1）；the val・iable   



9 ClassincationwithGaussianPrcICeSS  123  

xい1SnOrmalizedt）efol・ehandtomeanOwithvaliuncel．Theobiectiveofthechssiner  

istolabeltheclassoranewlyobservedsarnplevectol・．thatisLOPl・edict TLn＋l）agalnSt  

the，r（佃＝  

However，itisdifficulttodirectlymodeltheclassincationprocessuslngtheGaussian  
PrOCeSS・FirstweernploythemultipleloglSticmodel，WhichisthesarneastheSoftmax  

method often usedin neul■alnetworks，tO COnVert the classincation pl●Oblem to a  

regressionproblem（RIPley1996）．   

Thus，Weintroducelatentvariables y．～），…‥）皇．tomodeltheprobabilitythatthetLh  

trainlngSamplebelongstotheclasskinthefollowlngequation＝  

人II  

P（r（り＝た）＝eXp（－クエf））／∑exp（－）ハ  

‘竺8  

（9．1）  

Then，aSSumlngthatthelatentvariable yii）fo1lowsthestochasticpl・OCeSSWhichhasa  

covariancefunction：  

伽［勅£ノ）】＝かx。（一皇βた三（ズエf）－∫£佃十∂ヴノ  
L＝こ  

（9．2）  

Where，Tlk，PhisthehyperParametel●，∂むisadeltafunctionthatislonlywheni＝j  

andotherwiseisO，andJistheJittertermthatcorrespondstotheobservatlOnalnoise  

andhastheeffectofstabilizingthematrixcalculationsforestimationofparameters．We  
also assumethatthearbitrarynumberofsamplesirl［hiss【ocha5【icpL’ocessfollowsa  

multipleGaussiandistl－ibution．  

Then，itcanbeshownfrommultlVariatestatisticalinferencetheory（Girl1977）thatthe  

Klatentvariables y上”＋1）（k＝0，．．‥，K－1）ofthen＋1thsampleindependentlyfo110Wthe  

GaussiandistributionwhichhasmeanEandvariancel匂l・：  

g［ッ上恒l）ly上（l）い‥，γ上tn〉］＝kたIc上‾lyk  （9．3）  

V〟rb慮小目】γ鳥川，…，ツた川〉】＝ソ〟一k上－c上‾lkk   （9．4）   
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Where，Ckisthecoval・iancematrixortrainingdatagivel－by（9．2），yk＝［y上L）．”．，y上′り】’  

is the set oflatent variables of tminlng data，kkis the covariance vector between  
＜”＋J），yk（’，’L）］， 

y． （n’］，and yk（），i＝1．．．．，n，While vk：Cov［yk reSPeCtively．  

Then，uSlngthisprobabilitydistributionfunction，WeCaneStimate［helatentvariablefor  

eachclass・Mol●eOVel●，uSing（9・l），WeCaneStimatetheprobabilitythatthe unknown  

Samplebelongtoeachclass・  

Here，ifweusetheconventionalstatisticalappl●OaCh，theparametersin（9・2）can be  

estimatedby themaximum Likelihoodmethod；thenbycalculatlngtheinverseofthe  

COVariance matrix of each class，We Can determine the classi長el・．However，in the  

Bayesian approach，thepredictionisperformedbyintegratlngthe modelestimation  

WiththeaposteriorlPrObabilityasweightforallparameterspace二  

P（y上′什1）lズレ湘，（J〔1），γ上1）），…，（ズ（’り，γヱ”り）  
＝ノア小三叫iズ州，∂）叩（ズ（1）・γ王1）），…，（ズ（〃），γ上′り））dβ  （9．5）  

where P（y［＋l，Ix（′叫 ，0）istheprobabilitydistributionofyiT呵，Calculatedusing（9．3）  

and（9・4）forthespecificparameter O・   

Thentheaposterioripl・Obability P（el（x（1），y上1）），…，（x（”），y上′り））of Oispropordonalto  

theproductoftheaprioriprobability P（0）andthelikelihoodLbyBayes’theoremas，  

エ（（ズ‘1’，肌…，（ズ（”’，γヱ′り）伯）＝ロ咄’lズ‘f’，β）  （9・6）  

l＝i   

where P（y上L）Ixい），e）istheprobabilisticdistributionofy上），Calculatedusing（9．2），（9．3）．  

and（9．4）forspecincOand x（i）・  

Therefore，！nordertocalculatetheintegral（9・5），itisnecessarytointegratethelatent  

variable y上’）overallO，byrepeatedlycalculatingthelikelihoodLusingtrainingdata．  

Ateachl．epetition，Weneedtocalculatetheinverseofthecovariancefunction．This  

integral calculation is not possible analytically or numerically using conventional 
methods．Here．weernployedtheMarkov－ChainMonteCal●lomethodtoapproximate  

thisintegl●al・   
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tn Markov－Chain Monte Cal・lo method，theintegl・alcalculationis app【▲OXima【ed by  

summation ofthe sampling polntS Ofparameter O川，i＝1，＝・・N・generated for【he  

Markov－Chainprocess，andwhichhasaposterioriprobability P（OID）asthestationary  

distributionoftheprocess．Theintegraliscalculatedas   

恒 W冊彿酬・…（り）  （9・7）  

Forrapidconve瑠enCeOE血elうghthandsideof（9．7），itisbettel’tOuSeOnlythesearch  

poin【S   

O（り，i＝1，．．．，N thatBivehigh P（OLD）、ratherthanatakerandomwalkinparameter  

SPaCe・Thus，WeuSeahybridMonteCarlomethodtodeterminethesearchpolntS・   

Finally，WeCan uSe（9．1）and theestimatedlatentvalues y上n’”from thisintegral  

calculationtDObtaintheprobabilitiesthattheunknownsarnplebelongstoeachclass′  

Thenwecan determinetheclasslabelfortheunknownsamplebychooslngtheclass  
（hatglVeS（hemaximumprobability・   

9．3 Experimentsand AssessmentofAccuracy  

Inordel・tOeValuatetheclassincationaccuracyuslnghigh－diInenSionalremotelysensed  

imagedatabytheGaussianpl・OCeSS，WeCOnductedaclassincationexperiment・Inthe  

expel・iment，WeuSedLandsatTM．JERSISAR，andER＄1SARdataforclassifying  

wetland vegetation types・Thetestsite was agalnthe Kushiro wetland・Theimage  

acqulSitionconditlonsandthecharacteristicsofthesensorsarelistedinrrhble9・l・  

LandsatTMisanoptlCalsensor・Asmentionedearlier，paStinvestlgationshaveshown  

that the near－infrared band4is related to vegetation biomass and themid，infrared  

bands5and7arerelatedtosurfacewatercontent．Inthisstudy，allbanddata，eXCePt  

thosefromthermalband7，Whichhasdifferentgroundresolutionandissusceptibleto  
environmentalfluctuations，WereuSedfortheanalysIS，   
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TabJe9．1・SensorspeCificationofsatellitesensorsusedfortheexperiments．  

LANDSAT／TM  ERSl／SARJERSl／SAR  

Channel Wavelen  th Band Resolution  Wavelength  5．66cm  23，5cm  

Polarization  VV  HH  1 0．45′・■0．52〃m  
2 0．52～0．60／Jm  
3  0．63～0．691Jm  
4 0．76～0．90〟m  
5 1．55～1．751Jm  
6 10．4～12．5〟m  

Blue  30m  

Green  30rn  ResoFution  30x30m 18x18m  

Red  30m  

Near lnfra Red 30m 

MidJnfra Red  30m   

Thermat   120m  

Frequency  5．3GHz l．275GHz  

Band  C  L  

incidentAngle 230  38．50  

Swath  lOOkm  75km   

7  2．08～2．35  m Midlnfra Red  30m  
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TheJERSISARandtheERSISARareSyn［heLicApeztureRadiu’（SAR）sensorsthiLt  

measurel・enection h・Om aSu11ace ofmicl・OWaVeS emitted rl■om the satellite platform  

i【Sel仁Thus，theyarecalledactivemicrowaveradarsensors・TheJERSISARusesa  

microwavebando（24cm．In（hisband，mOStDf（hemicl・OWaVeSareSCatteredbyl●Ough  

surhce features and tree tl・unks，While the ERSISAR uses［he6－Cm band，Whichis  

SCatteredandrenectedbyleavesandsmallbrancheso［tl・eeSinwetlands．  

UsingthisspectralslgnatureOfwetlandvegetaLion，itispossibletodiscriminateamong  
thevegetationtypesfromtheremotelysensedimagedata・Theseasonalchangeinthese  

chal・aCteristics duringvegetationgrowthisanothervaluabletoolforcLassifica【ioTlaS  

de5Cribedinchaptel●7・  

In this study，uSlng Various remotely sensed da【aSe【S PrOduced by changlng the  

combinations ofsensol・S，and uslng multitempol－aldata and speckle noise nlters to  

processrheSARimaBedata，theaccuracyoftheclassificationmethodswasassessed・  

Alltheimagedatausedinthisanalysisweregeome【ricallycol－reC【ed（020－mgJ●iddata  

beforethetrainmgdatawereselected，uSlngtOpOgraphicmapsoveriaidoneacho［he工・・  

The wetland vege［a【ion classes used for classi貢cation were Hannoki（alder trees），  

Hannoki／Yoshi（mixtureofaldertreesandreeds），Titou（smallpooIsin（he如hagnLJm  

mossarea），Mitugasiwa（Menyanthestl・Lbliafa），Yoshi（reeds），Yoshi／Suge（mixtureof  

reedsandsedges），andSuge（Sedges）．These7vegetationclassesareallnamedafterthe  

dominant speciesin each class・Unlike agrlCulturaユfields，there are no distinct  

boundariesbetweentheclasses．fnselectlngtl●ainlngda【aand【eS【da【a，theaggregaled  

areaforaclasswasselectedfromimagedatabasedongroundtruthobservationsiTlthe  
Reidandin（erpl・etationofaerialphotographs・WeselectedlOOpixelslaStrainingdata  

andlOOpixeLsastestdatatbreachclass・The【rainlng daIawerefixed during the  

analysIS，andthesametestdatawereusedtoassesstheclassinca【ionmerhodsL  

In【he Eol10Wlng SeClion，We describe the results of the chssincation expel’iments  

sepal・ateIyfol・3casesaccol■ding［Othetypeofsensorsused・Theclassificationmethods  

usedwerecommontoallcases：maXimumlikelihood（ML），Bayesianneul・ulnetworks  

（BNN），and the Gaussian Process（GP），In ML．a11features are used ror the  

classi上ica［ion；thecovariancemiltrixforeachclassisestimateduslngthetl■Lliningdata．  

Whicharealsochssi上iedbyML．rnclass漬cutionushgBayesianneul－alnetwol■ksund   
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theGaussianprocessmodel，WeemPloyedthealgol・ithmso［Nea川997）・  

9・3・1ClassincationusingLandsatTMscenes  

Classification was conducted uslng13Landsat TM scenes sepal・ately，and their  

Classincationaccul・aCyWaSCOmPared・Figul・e9・1showsthiscompal・ison・InthisFigure．  

thehorizon【a】1ineshowstheseasonofdataacqulSition，Whiletheverticallineshows  

theclassificationaccul’acyaS％misclassi凸ca（ion．  

FortheresultsoftheBayesianneuralnetworkandtheGaussianpl・OCeSS，thestandard  

erroroftheaccuracyisalsodepictedasbars・TheaccuracyoftheGaussianprocesswas  

SignificantlyhigherthanthatoftheMLin90utOf13cases・－mOrethaJ］5％higherin6  

CaSeS－－andwasalsohigherthantheBayesianneuralnetworkin7cases．  

WhiletheBayesianneu一山networkwa51e5SaCCUl■are血anMLiJ14ca5eS，山eGaussian  

PrOCeSSWaSlessaccurateinonly onecase．Thus，theGaussian processconsistently  

OutPerformedtheothermethodsusedheretoclassifyLandsatTMscenes．  

9．3．2 Classincation11SingJERSlandERSISAR  

Using4multitemporalscenesofJERSISARandERSISAR，With4differentkindsof  

SpeCklenoise批ers．classifica【ionaccuracywasassessedforthe3abovemethods．The  

acqulSitiondatesfortheSARdatawere，JERSISAR：3Apli11993，21May1993．30  

June1993，and13August1993；and ERSISAR：29April1993，3Juhe1993，12  

Augus【1993、and2L October1993・Thespecklenoisehltersappliedwere：Original  

imagewithout nlter（ORG），frostnlter（FRS），lee仙er（LEE），maXimum posterior  

nlter（MAP）．andmedianfilter（MED）．Moreover，fortheMAPandMEDnl【erS、Which  

Showed the highest classi丘cation accuracy，We also conducted classi負cation  

expeljmentsus川ganimagecomposedofbo［hJERSlandERSISARdata．   
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Thecomparison orthe classi土icationl・eSultsobtained fol・these datasetsis shownin  

Figul・e9・2・TheGaussianpl・OCeSSWaSSlgnificantlymoreacじuratethntheMLil－60ut  

oflOcases・TheBayesianneuralnetworkswereslgniiicantlyLessaccuratethantheML  

in60utOflOcases、TheGaussianpl‘OCeSSShowedlowe（’classiLic血onaccuz－acyl厄n  

thatofMLin onlyonecase・HoweveLlallthe di汀el、enCeSinclassification accuracy  

wereless【han3％．whichismuchsma11el’thaJ＝heaccumcydifferencesinthecaseof  

【heLarldsatTM，  

1nthefusionimageofJERSlandERSISARdata，boththeGaussianprocessandthe  
BayesianneuralnetworkweremorethanlO％rnoreaccuratethaTIML・Consideringthe  

relatively high accuracyofML（70％），anincrease oflO％means an．outstanding  

performanceoftheBayesianapproachfortheclassificationoftheSARdata・  

9．3．3 CJassificationusjTLgTMandSAR  

The classi缶cation accuracy of the same 3 methods was compared for several  

combinationsofLandsatTM、JERSISAR，andERSISARdata・Figure9L3showsthe  

COmpal・isonofresultsobtainedfor3combinationcasesasdescribedinthefollowlng・  

（a）The3resultsontheleftinFigure9．3（TMO6，TMO6＿08，andTMO6＿08＿11）show   

thechangeofclassificationaccuracyastheLandsatTMimagesareoverlaldoneby   

One．AlthoughtheaccuracyoftheGaussianprocesswaseven10Wer【haJl血05eOf   

theothermethodsforclassifyingonescene（TMO6），iLSaCCuraCyWaSSigTli貞cantly   

（around5％）higherthan［heo【herme［hodsasthenumberofscenesincreased・  

（b）Using13LandsatTM scenes，NDVI（Nol■malizedDiffel●enceVtgetationIndex）  

definedas NDW＝（m44－7M3）／（7M4＋77W3）wascalculatedfc）reaChsceneand  

thecalculatedNDVIvalueswerecomposedintoanimagewith13channels・The   

resultsofthechssification uslng theseimage dataare shownin the middle of   

Figure9．3（NDVI）．TheimagewasfurtheroverlaidwithacombinationofJERSl   

and ERSISARimages nltel●ed with MAP．The result uslng this sensor fusiorl   

imageisalsoshownintheFigure（NDVしJEMAP）．   
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（c）Although the SAR scnsors can monitol●the eal．th．s su血ce thl－Ough cIouds，   

observatiol－uS11－gOPtlCalsensol・SSuChasthtontheLandsatTMisoftenpl・evented   

bycloudcovel・・Thus，thecombinationofaLandsatTMimagewithmultitemporal   

JERSISAR and ERSISARimagesis a very pl・Omising approach・Here．we   

combinedLILandsatTMsceneacquiredinAugust1992，Whichshowedthehighest   
classification accuracy as onescene，With theJERSland ERSISAR data・The   

classi良cationaccuracyobtainedforthecombinationsofthesedataisshowninthe   

rightside oftheFigul●e．Classification accuracy wassignificantlylnCl●eased by   

addingJERSISARdatatotheLandsatTMdatairrespectiveortheclassification   
method・Amongthelattel・，theGaussianprocessattainedthehighestclassincation   

accuracyinallcases（96％），mOrethan5％highel’thanthosebytheothermethods・   

TheBayesianneuralnetworkshowedhigherclassificationaccuracythanMLinl   
out of4cases・Thus，the Gaussian process outpe1・fol・med the other methodsin   

classifyingsensorfusiondatainwhichtheSARdataisoverlaidontoLandsatTM  
data．  

9．4 Conclusions  

Recently，huge amountsofremotely sensedimage data have becorne avallable for  
environmentalmonitorlngduetotherapiddevelopmentofsensors・However，inol・der  

tomakeuseofthesedata，itisimpol・tanttOdevelopclassificationrnethodsthatperfol・m  

betterthantheconventionalmethodsandwithfewertrainlngdata．Inthisstudy．anew  

classification method uslng the Gaussian pl・OCeSS WaS forlnulated and tested  

experimentallyforclassifyingwetlandvegetationtypeswithLandsatTM，JERSISAR，  

and ERSISAR data．The classincation accuracy was compared with that ofother  
methods，theMLandtheBayesianneuralnetwork・  

TheGaussianpl・OCeSSWaSdevelopedfromBayesianneuralnetworksasthelimitlng  

case when the number o［hiddenlayers becomesinnnite．By transformlng the  

classincationproblemintoal・egreSSionpl・OblemuslngtheSoftmaxmethodwithlatent  

variables．theGaussianpl・OCeSSCOuldbeusedfol・mOdelingthelatentval・iables・Then，  

to pl・edict the classlabelfL・Om the data，it was fil・St neCeSSal・y tO Pl・edicate the  

distribution ofthelatent variables byintegratlng the modelpredictions with the u  
posteriol・lprObability orthe parametel・S aS Weights・Thdintegralcalculations were  

Pel・forrnedwiththeMal・kov－ChainMonteCurlomethod・   
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Theexperirnel－tSuSlngLandsatTMscenesshowedthutthcBaycsianneul・all－etWOrk  

and the Gaussian pl・OCeSS methods ou［pel・fol・m ML・Classi上icatio■一aCCUL・aCy WaS  

increasedbyaround5％・Classi貞cationresultsuslngtheJERSISARandtheERSI  

SARshowedthattheGaussianpl■OCeSSPerfol’medbetterthantheothel・methods，but［he  

accuracylnCreaSeWaSlessthan3％．UsingthecombinationofLandsatTMandJERSI  

SARdata，theGaussianprocessoutperformedtheothel・methodsandattainedthebest  

Classification accuracy of all．From this result，We Can COnClude that the Gaussian  

PrOCeSSWOrkswe11forsensol・fusiondata，eSpeCiallyforacombinationofoptlCaland  

radal・sensol・S．  

In genel・al，the Bayesianapproachintegratesmodelpredictions with［heaposteriori  

PrObabilityasweight・1tusesnomodelselectionpl・ocess，butisfl・eefromovertittlng  

andul－del・fittingpl・Oblems；itcanmakeuseoftheinforrnationinthetrainlngdatafol・  

CIassification・TheGaussianprocessisaflexibleBayesianapproachthatcantakemany  

functionalfomlS With fewer parameterS tOperform classincation・However，at the  

moment，the biggestdrawback oftheGaussian processis computation time・1n the  

process ofintegratlng the modelspace，the pl・eSent algorithms need toinvert the  

COVarianCematrix・WhichrequlreSCOmputationaltimepal・al1eltothethirdol・del・Ofthe  

numberofsamplesatal1modelspacepolntS．rIbcalculatetheGaussianpl・ocesswith  

SeVel・alhur）dredtrainlngdatapolntS，ittakeslOtimes［hecompu－ational（imerequil・ed  

bytheBayesianneuralnetwork．   



Chapter 10 

ConcludingRemarksandFutureDirections  

The preceding9chapters have described new remote senslng teChniques and their  

applicationtowetlandmonitonng・Here，Ireviewwhathasbeenaccomplishedinthis  

thesisanddescribetheimplicationsofthenewtechniquesformonitorlngWetlandsand  

Othercomplexecosystems．Finally，Idiscussfuturewol’kthatmightbedevelopedfrom  

theseresults．  

10．1MajorContributionsofthisThesis  

Therearethl．eem叫OrOrlglnalcontributionsinthisthesis．Thefirstisthedeveloprnent  

Of new spectralindices－－PVI，WTIand VSWI”that are specincally designed for  

Wetlandmonitorlng．SecondisthedevelopmentofanewunmixlngPrOCedureuslngthe  

Subspacemethod・Thisnewmethodisusefulinunmixlnghigh－dimensiol－alremotely  

SenSeddata，fol■WhichithasbetterperformancethanconventionalunmixlngteChniques．  

ThirdistheformulationoftheGaussianprocessmodelingapproachasaclassincation  

method；thegoodperfolmanCeOfthenew methodhasbeen velitiedbyexperiments  

uslngOptlCalandradarsensorfusiondata．  

In addition to these contribudons，SeVeralextensive emplnCalstudies on the  

Classification of wetland vegetation have also been conducted，uSlng multitemporal  

remotely sensed data．Through these t’eSults，Ihave established remote senslng  

techniquesforwetlandmonitol●1ng・  

TheconclusionsofeachchaptercanbePsummal－izedasfollows：  

InChapter2，Wa［erinundationinricenelds，Whichal・e2u・tincialwetlands，WaSanalyzed  

todelineatetherelationshipbetweenfl00dingandtheinfluenceofinundationonthe  
Vegetユtion・Mol・e SPeCincally，TMimages were subje？ted to severalmultlVarinte  

analysesinordet・tOaSSeSStheextentornooddamagetothel・iceandtoanalyze the  

relationshipbetweel－thenoodilndthedamage．OwingtotheL－elationshipthatweround   
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betweennoodwatel・tul・bidityandtheactualdecl・CuSeinriceyield，itwasshownthiltthc  

l・ice yield decl・euSe COuld be estimated notonly t●L・Om theTMimilge datn acquired  

Shortly before the hilrVeSt，but also from theilmge aCquil・edirnmediately after the  

nood．  

In Chapter3，the new spectralindices，PVIand WTI，Wel‘e developed for nood  

inundationmonitorlngandvegetationchangeinwetlandal・eaS．Thesespectralindices  

Werebasedonriceneldfl00d－damageanalysIS・Intheanalysis，TMrice一員eldimages  

acquiredduringfloodingandonemon［hlatel－WereuSedtol’elateillundationdamageto  

riceyield・Thiswasaccomplishedbyuslngtheturbidwatel・plXelstodetel・mlneatul・bid  

Waterline・The WTIalong the tul・bid watel・1ine and the PVIfol・Paddyl・ice were  

defineduslngthisline・Therelationshipwasdelineatedbetweennoodwaterturbidityat  

thericebootlngStage，WhichcouldbemonitoredusingWTI，andthereductioninyield，  

WhichcouldbemeasuredbyPVI．  

InChapteL・4・thePVIwasfurtherdevelopedtotheVSWIthatcanmonitol・Vegetationl  

SOilandwateraLthesame tim占．Analgorithm to detelmineautomatically山eend－  

membel’SPeCtralpolntS for vegetation，SOiland wa［er WaS developed by fit【ing a  

triangletothescatterplotinsteadofnndingthesoilline．Thedistancesbetween the  

SPeCtrum POlnt and the triangleedges were used as the newindex．In conventional  

unmixlng apPrOaChes，end－member polntS are Often determined manually and  

al・bitl・arilyfl・Omtheimagedataorfromascatterplotofthedata・Thenewalgorithm  

automaticallydeterminestheend－memberpolntS・TheVSWIwasappliedtowetland  

monitorlnguSlngrnultitempol・alLandsatTMimagedata・Vegetation，SOil，andwater  

COnditionsandchangesweresuccessfullydelineated．  

In Chaptel－5，aneW aPPl’OaCh to the unmixlng PrOblem，thesubspace method，WaS  

developedandappliedtowetlandvegetationuslnghyperspeCtl・alimagedata．Unmixlng  

by the subspace method was superior to convenrional methods for hyperspectral 
imagel・ylnnumericalstabilityandcomputationalspeed・Theresultsofan unmixlng  

applicationshowedthatunmixlngbysubspaceisaccurateexceptforclassesthatare  
SpeC【1●allyvel‘ySimilar・  

1n Chaptel・6，by applymg Eeatul・e－Selection me［hods，an effective speCtmlband  

COmbin山ionforwetland vege［ationclassincation wasdeteLmined，busedonuil・boL・ne  

MSSilmge duta・By uslng aS Standal▲ds the maximizlng Or theJer［1・ies－Mutusitil   
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distanceandmaximizlngtheclassificationaccurucyorthetestdatLLtheIlear－in上－1－ared，  

in上－l・al・ed，and gl■een bands wel－e Selected．The muximumlikelihood und miI－imum  

distance methods wel・e uSed as the classilicution algol●ithms．The best clユSSilication  

accul・aCyWaSattainedus11－g7bandsbythe 

bandcombination，thewholeMSSimagedatawasclassilied・  

In Chaptel・7，We eStablished a way【O Classiry wetland vegetation typeS uSing  

multitemporall・emOtelysensedimagedata・Becauseseasonalchangesinthewetland  

vegetationhappenl・aPidly・1tisdifficulttoclassifyuslngaSCeneObtainedonaslngle  

date・In an experiment，We uSed multitelTIPOralLandsatTM data acquired ovel・the  

KushirowetlandinJune，August，andNovember，tOClassifythemaJOrVegetationtypes，  

－reeds，Sedges．aldel・treeS，and5bhagnummoss・DistincttemporalgrowthpatternSOf  

wetland vegetation bothin biomass and spectralslgnatureS Were aPparentfrom  
measurementsofbiomassandspectralreflectanceofseveralvegetationtypes・Byuslng  

thistempomlinformationfol・thevegetationtypeslitwaspossibletoclassifythemwith  

ahighdegreeofaccul－aCy・  

InChapter8・Vegetationclassincation wasconductedin awetland bog uslng high－  

resolutiollCASldata．Theimage was overlaid with a digitalelevation model  
producedfromgroundrneasurements・CASIdatawel・eaCquiredatthebeginnlngOfthe  

growlngSeaSOnOVertheAkaiwetlanduslngSpeCtl・albandsknowntobeeffectivefor  

wetlandvegetationclassilication・Theclassificationwaspel・formeduslngunSuperVised  

classification by the k－meanS method，and then validated by a vegetation survey・  

Becausethegroundresolutionwashighenough todetectspatialchangeinthebog  
vegetationtypes，WeCOulddiscriminateamongeventhe5♪hag椚LmmOSStyPeSthathad  

nevel・befoL・ebeend早1ineateduslngSatellitesensol・SSuChasLandsatTM・Thel・eSults  

showed thepossibility ofwetlandvegetation classilicationin bog al・eaSuSlng highL  

resolutionremotelysensedimagedata．  

InChapter9，aneWClassification methodtoclassifywetlandvegetation typeSuSing  
LandsatTM，JERSISAR，and ERSISAR data based on the Gaussian process was  

fol・mulatedandtestedexpel・imentally・TheclassihcationaccuL・aCyWuSCOmparedwith  

thoseoftwoothel・rnethods，maXimumlikelihoodandBayesianneul・alnetwol・ks・The  

Bayesian neul・alnetworks and【he Gaussian process method outpel・fol・med the  

LmXimulTllikelihoodmethodinexpeL・imentsuslngLandsatTMsceI－eS・Classillcatioll  

accuracywasincreusedbyaround5％・ThechssincationresultsuslngtheJERSLSAR   
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ilnd thc ERSISAR datLIShowed thLLtthe Guussinn pI●OCeSSlllethodperfoL－med bettel■  

than the othermethods，butthe accul－aCylnCl▲euSe WaSless than3％・CILISSificiltion  

l▲eSults uslng a COmbination of LandsntTM andJERSISAR data showed that the  

Gaussian pl－OCeSS method outpel・forrned othcl・methods and attained the best  

Classi上icutionaccul－aCy OVel●all．Weconcludetha［theGaussianprocessmethod works  

Wellforsensorfusiondata，eSpeCiallyfol－COmbimtionofoptlCalandl－adal■SenSOl’data・   

10．2 Applicationsn）rWetlandMonitoring  

The advancedl’emOte SenSlng teChniques developedin［his thesis can be applied to  

actualwetlandmonitol’1nglnSeVeralways：  

1）The Pel■pendiculal－ヽbgetationIndex（PVI）is usefulfol－mOni［Oring vegetation   

biomassoverinundated wetland areas．Firstly，because the vegetation biomassin   

Paddyriceisdil．eCtlyl－elatedtoyield（asshowninChapter2），thePVIcanbeused   

toestimatel－iceyield．Thisriceyieldestimationispossiblenotonlylnthecaseof   

fl00ddamagebutalsoundernormalgl●OWthconditions・AsrlCeisthemqJOrgrain   

feedingmostofAsia，thises【imationwi11beverylmPOrtantfol●globalfoodsupply   

pl－ediction．Secondly，meaSul．ementSOfabovegl－Oundbiornassofwetlandvegetation   

areimpol●tant for estimatlng rateS Of carbon accumulationin wetlands・It has   

recentlybecomeknownthatvegetationbiomassinwetlands、includingpaddynelds，   

isl・elated tol・ateS Ofmethane emission．These estimations ofthe accumulation and   

emission ofgreenhouse gasses（Carbon dioxide and methane）wi11，in the future，   

PrOVide vel－ylmPOl－tant ParameterS fol－mOdeling globalwarmlng．And thil’dly，   

Changesin vegetation gl．OWth ratein wetland al－eaS al－e OFten caused by human   

distul’bance，SuChasagl－1Cul【ul▲aldevelopmentinsulTOundingareasortouljsm．The   

rnOnitol－1ng Of vegetatiollbiomassin wetlands makeitpossible to detel▲mine the   

extentofdisturbance・Knowledgeofvegetationchangesinwetlandal－eaSisvitalfor   

PlannlngaPPrOPrlateWetlandmanagement・  

2）TheWatel●TurbidityIndex（WTI）isuse［ulfol▲delineatiIlgthedistl●ibutionofwatel－   

tul－bidityol－SuSpendedsedimentsinfl00dwaters．Becausenutl▲ientsinawetlandilre   

COntainedinthesoilsthataretrunsportedbynooding，thedistl－ibutlOnOfsuspe1－ded   

Sedimentprovidesinfol、mationonhowthenutrientsal■edistributedinthewetl辻nd・   

As the spatial distribution of nutlients in wetlllnd are;ls has never been monitored 

usll－gOthel・rne【hods，thisユPPl・OLICh usingWT【willbcvel・yChalle■一g＝一gilnd mLLy   
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Lmke possjble analysjs o［the relationships betweell11uu’ient distl－ibutio11S and  

Vegetationchangesinwetlandal・eas・  

3）The 鳩geIa（ion－Soil－Wiltel■Index（VSWl）is use［ulfol－ mOnitol－ing wetland   

COmPlexes uslng SateuiLevborne optlCalsensol■S・BeciluSe Wetlund al■eaS al■e   

COmPOSedofvegetation，SOil（OrSediment），andwuLeL－，thisthree－COmPOnentindex  

i5themostnaturi11onefol’evaluatingthestateofawetrand，Thisindexisapplicable   

notonly to highl－eSOlutionsensors，SuCh as those on LlndsaL butalso to global   

COVerageimuges，SuCh as that prepared by NOAA・Although the Normalized   

Diffel▲enCeVegetdL10nIndex（NDVI）hasbeenusedunivel－SallyasthespeCtl’alindex   

ofchoice for NOAAdata，VSWIwillbe an alternativeindex thatismore suitable   

forirnaglng Wetland al－eaS．Once the VSWIis caiculated，We Can prOCeed to   

quantitative studieslike veBetation biomass estimation ol’to ClassiflCation of the  

imageusingVSWIasanewslgnatureSPaCe・  

4）Unmixingusinghypel－SpeCtl－aldataisapromisingappl’OaChformonitoringwetland   

areas．Because wetlands are among the mostcomplex ecosystemsin the worLd，   

extl－aCtlnginfol－mationon each wetlandcollStituentis theidealappl’OaCh tostudy   

them．Pal－ticularlyin bog areas，Wetland ecosystems are very sensitive to   

environmentalchange．Even a subtle vegetationaldifference，Whichl’eneCtS the   

Water nOWS beneath，might be an ecologlCaLlylrnPOrtantねctorrorImnaglng an   

area．Moreovertheextractedspatialdistnbutionofeachvegetationtypete11softhe   

historyofthevegetationalsuccessioninthepasL  

10・3ImplicationslbrMonitoringComplexEcosystems  

The methods developedinthisthesiscan be furtherapplied to monitorlng Ofother  

COrnPlexecosystems，SuChasforests，inlandwatel－S，etC，Ofcourse，SPeCtralindicesare  

basicallydesignedfol‘SPeCirictargetsorobsel●vation；thelTlOdelstl・uCtureaSWeuaS【he  

Parametel’SrnuStbe叫ustedaccol－dingtotheapplieation・Howevel－、【hebLISicideasor  

unmixingandchssificationaredirectlyappLicabletoo［hel・fieldsbychanglngtheend・  

membel－SPeCtl－alpolntSandthetrainlngClassesaccoL’dingtotheobjec［iveo［［hes【udy・  

The monitollng Of complexl－atuL・alecosystemsis possible for severalspecinc  

Pal一ユ1Tle【el－S：   
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1）The VSWTis upplicuble to rorest moni10ring．In this cLISe、the vegctu［ion end－   

membez．com－eSPOLlds ro［he most densely vegetilted L11’ea，the soilend－mernbel●   

COITeSpOndsto the backgrounddrysoiland thewuterend－membercorrespondsto   

thebuckgl●Oundhumidsoilrnthel－thanwatel・．BecausetheVSWlisvalidonlywhen   

anunobsu’uctedviewofthebackgroundsoilisLIPPal‘entinsomeplacesinascene，   

rorestrnonitol・1nguSingVSWIwillbeapproprlateinthesparselyvegetatedsemi－al・id   

andnorthel－nIlmdral’eglOnS．Howevellthereappear［ObemanydiL7eren【Pl■Oblemsi爪   

apptyingthisindextoforestsduetothedifferentenvirDnrnentalconditionsfoundin   

them，SuChastheef托ctsofslope，thelook－angleofthesensors，Shadows，etC．  

2）Unmixingofspectl－alclassesusinghypel●SpeCtraldataisapromisingapproachin   

fol－eStandwaterqualitymol－itorlng．Becausethe5peCtral5igna【ureSOfLDreS［speCies   

andalgaeininlandwatersal－ediffel■entbecauseofdifferlngChemicalcomponents．it  

is，jnprlnCIPle，POSSibletodisci・iLTlina【equan【i［a［ivelyamongthesevegetationtypes   

with unmixlng・Fol●eSt SPeCies unmixlnglS rather dimcult because of the three   

dimensional slructure of forests and the different spectral signatures of the 

COmpOnerltSOftreessuch astrunks，branchs，arldleaves，WhereastheunmixlngOf   

algaltypeinwaterismol．efeasible．Moreovel‘，ifthespectralslgnatureisobservedin   

themid－infraredbands，itwlllbepossibletodelinea【efrom［hespectralinforma【ion   

eventhechemicalcornponents ofthetarget（1ignin，e［C・）・Thisapproachwi11cause   

al．eVOlu［ionarychangeintheuseofremotesenslnglneCOSyStemrnOnitorlng・The   

ul－mixlngmethoddevelopediIlthisthesismayplayanimportantroleil－thehandlillg   

OfhyperSPeCtraldatucoverlngbandsfromthevisibletothemid・infrared・  

3）Advancedclassificationalgol－ithms，SuChastheGaussianpl●OCeSS，areeXPeCtedtobe   

U5ed ex伽Sivelyln Cla55ifying com〆ex ecosy5【elⅥS u51爪g allsolてS Or remOtely   

SenSed datal－al－glng from ail●borneimages to globalcovel■ageirnagery．Collecting   

gl．Oundtl●Uthdataincomplexecosystemssuchaswetlandsisdifficult，Whichlirnits   

theavailabilityoftrainlngSamPles・TheBayesianmodelisapl・omislngapPl・OaChto   

COmPenSate fol■the unceL’tainty oflimited t（ilinll－g data and stillachieve highly   

accul’ate classification・Although band seユecljon w川con（inue EO be aniTnPO皿nt   

CriterionforthedesignofruturesatelliteserLSOrS、PreSentbandselectionalgol－ithms   

az．eimdequa【e【Ohandlethecornbinatol●ialexpiosionincalculationswhenhundl●eds   

Ofbands are needed fol・Classi員cation．The BayesiallaPPl●OaCh．espeCia11y when   

CUmbinedwith theGiluSSian process，WOuld be a pl－OminentcilndidLue fol．rutul－e   

ClユSSificLltionalgorithmsrol●COmPlexecosystems・   
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10．4 DirectionstbrFutureRescareh   

Thepel■follTlanCeOfthemethodsinevitablydependsontheupplication上ieldaswe11as  

the remotely sensed data used．In order to obtaillgOOd perforrmncein the specihc  

applicatiol一，WemuStSearChforopumalmethodsforeachtypeofremotelysenseddata；  

thisthesisisacontl・ibutiontothissearch，Howevel・，thestudiesconductedinthisthesis  

al・enOtSufficient．WestillneedtoinvestlgateOthel●remOteSenSingtechniquesforother  

types of sensors. 

In the neal・future，hugeamountsofnew typesofremotelysenseddatawillbecome  

availablewith thelaunching oftheJapaneseADEOSIIplatform andthe American  

EOSplatform．Thesenewdatawi11provideuswithglobalcoverageaswellashigh－  

dimensionaloptlCalandradal●bandinforrnation・Thepotentialofthenew techniques  

from this thesiswillbechallenged bythesedata．Furtherrnore，mOre eValuations，On  

more datasets，and comparison with the best alternative methods，wi11be required  

beforeanyconclusionscanbedrawnforglobalmonitorlngOfthecomplexecosystems・   
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