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SUMMARY Contextualclassification ofmultispectral
imagedatainremotesenslngisdiscussedandconcretelytwo
improvedcontextualclassi丘ersareproposed.The五rstisthe
extendedadaptiveclassifierwhichpartitionsanimagesuccessive-
lyIntohomogeneouslydistributedsquareregionsandappliesa
collectiveclassificationdecisiontoeachregion.Thesecondis
theaccelerated probabilisticrelaxationwhich updatesa
classificationresultfastbyadoptingapixelwisestopplngrule.
Theevaluation experimentwith a pseudo LANDSAT
multispectralimageshowsthattheproposedmethodsgivehigher
classificationaccuraciesthanthecompounddecisionmethod
knownasastandardcontextualclassifier.
key words.･contextual classljication, multLspectral image,
f･emOteSenSlng,PYObabilisticrelaxation

1.Introduction

lnremotesenslng,Classi丘Cationofmultispectralimage
datahasbeenwidelyusedasapowerfulmeansto
extractvariouskindsorinfbrmationsconcernlngthe
earthenvironment[6]. classi丘cationisbasedon
reflection spectrum characteristicsofobjectsin a
multispectralimage.Pixelwiseclassi丘ers,suchasthe
maximum likelihood method, that perform
classi丘cationonaslngleplXelbasehavebeenwidely
used so far,but they cannot attain a higher
classification accuracy. Therefore, contextual
classi丘ersthatutilizespatialcontextualinfbrmations
amongneighboringpixelshaveattractedattentionand
havebeenstudied[2],[5],[7],[9].

Inthispaper,weproposetwoimprovedcontex-
tualclassifiers. Thefirstistheextendedadaptive
classifierwhichisanimprovedmethodoftheadaptive

classifierl8]･Inthemethod,animageispartitio.ned
successivelylntOhomogeneouslydistributedreglOnS
andacollectiveclassi丘cationdecisionisappliedto
eachreglOn.AreglOnhasasquareshapeanditis
repeatedlypartitionedintofわursquarereglOnSOfthe
samesizeuntiltheresultingreglOnSarehomogeneous･
Whenasuccessfulclassificationisnotrealizedevenat

a2×2(pixels)squareregion,aconsecutiveprocedure
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orthreeclassi丘cationsisapplied･ They are a
classificationusingfour-pixelsregions,aClassification
using three-pixels reglOnS and a pIXelwise
classi丘cation.

Thesecondistheacceleratedprobabilisticrelaxa-
tion.Aprobabilisticrelaxation[3],[4]isaniterative
processlngWhichupdatesaclassificationresultofeach
plXel畠othatitisconsistentwiththecontextofneigh-
borhood･ Thetraditionalprobabilisticrelaxations
mayattainallighclassi丘cationaccuracy,buttheyhave
twoseriousproblems･Oneisthattheyareheavytime
consumersandtheotheristhattheirupdatingeffects
arelimitedonlyattheearlyiterations.Toovercome
theproblems,Weproposeanaccelerationmethodor
probabilisticrelaxationsthatusesapixelwisestopplng
ruleiniterations.Ⅰntroducingthisrule,wecandrasti-
callyreduceaCPUtimeofrelaxationprocesslngand
simultaneouslyavoidtheobstaclethataclassificati6n
accuracydegeneratesasaniterationgoeson･

Wehavemadeanexperimentwith apseudo
LANDSAT multispectralimage to evaluate 也e
proposedmethodsobjectively.Consequently,boththe
proposedmethodsgavehigherclassi丘cationaccuracies
thanthecompounddecisionmethod[1],[5]knownas
a standard method of statistical contextual

classification･ Thecompounddecisionis.such a
methodasminimizesanexpectedlossorclassi丘Cation
underutilizingtheneighboringpixelsandthedetails
aregiveninRefs.[9]andl10].Moreover,itisshown
thatthepixelwisestopplngrulemadeadrasticacceler-
ationorrelaxationprocesslng.

2.ExtendedAdaptiveClassification

lnamultispectralimage,letusdenotethesetofpattern
classesby12-(1,2,-,m)andafeaturevectorofpixel
byx,wheremisthenumberofclasses.

Ⅰntheadaptiveclassi五er[8],theimageispar-
titionedsuccessivelylntOhomogeneouslydistributed
reg10nSandeachreglOnisclassifiedcollectivelyintoa
slngleclass. EachpartitionedreglOnhasasquare
shapeof2hx2hpixels(k≧1)anditisrepeatedly
partitionedintofわursquarereglOnSOfthesamesize
untiltheresultingregionsarehomogeneous. Ira
successfulclassificationisnotrealizedevenata2×2

squarereglOn,themaximum likelihoodme也odof
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Fig.1 Blockpatternsoffourpixelsandthreepixelsinextended
adaptlVeClassifier.

pixelwiseclassi丘cationisapplied.
The-adaptiveclassifierhastheproblemthatmost

orthepixelsattheboundaryandlinepartintheimage
areclassi丘edpixelwiseanditsclassi丘cationaccuracy
maynotbesohigh.Toimprovethis,wepresentanew
classi丘er,calledtheextendedadaptiveclassi丘er.

Thepro乍edureoftheextendedadaptiveclassifier
isshowninthefわllowing.

step1:Partitiontheimageintoinitialsquare
reglOnSOfaspeci丘edsize.

step2:ChooseasquarereglOnandapply也etwo
judgments,describedlater,tothereglOn.Ifboththe
judgmentsreturnYES'S,Classifyallthepixelsinthe
reglOntOthecandidateclass･Ifnotso,partitionthe
reglOnintofわursquaresofthesamesize.

step3:Iteratestep2aslongasthereremainsan
unclassi丘edsquarereglOn.

step4:Ifthepartitioningproceedsdowntoa
pixel,classifythepixelasfollows･

(4.1)Amongeightkindsorfわur-pixelsregions
withthepixelasthecenter,asareshowninFig.1(a),
Selectonewiththeminimumvarianceandapplythe
twojudgments,describedbelow,toit･Ifbotht!1e
judgmentsreturnYES'S,classifythepixeltothecandi-
dateclass.Ifnotso,goto(4.2).

(4.2)Amongarbitrarythree-pixelsregionswith
thepixelasthecenter,(thereare28suchpatternsasare
reducedtotheprototypesshowninFig.1(b)),Select
onewiththeminimum varianceandapplythetwo
judgmentstoit.irboththejudgmentsreturnYES'S,
Classifythepixeltothecandidateclass.Ifnotso,
Classifythepixelpixelwisebythemaximumlikelihood
method.

Thefollowingtwojudgmentsareusedtoclassify
eachreglOn.
lJudgmentl]Gudgmentbymeanvector)
LetM bethenumberofpixelsintheregionandx-be
themeanvectorofpixelstxl,x2,･･･,XM)intheregion.
ThedistanceliketheMaharanobisonebetweenx-and

FLUisdefinedby

dM (a))-M (xl-FLU)Tsw~1(x--FLU), (l)
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whereFLa,isthemeanvectorforclassw∈12andSa,is
thecovariancematrixforclassa).WeselJeCttheclass
αthatminimizes

dM (a))+loglsa,l (2)

in良.IrαJSatis丘es

dM(a))≦rM, (3)

thenYESisreturnedandαissetas也ecandidate

class,whererMisathreshold.Ifnotso,NOisreturned.

[Judgment2]Gudgmentbysum)
Forthecandidateclassa)inthejudgmentI,thesumof
theMaharanobisdistancesbetween xjand FLUis
de丘nedby

A(
DM(a))-∑(xj-FLU)TswJl(xj-FLU). (4)

j-1

Weselecttheclassαthatminimizes

DM (a))+loglsa,l (5)

in12.Ifa)satisfies

DM(a))≦tM, (6)

thenYESisreturned,wheretMisathreshold.Ifnot
so,NOisreturned.

ConsiderthehypothesisH:"AllpixelsinareglOn
tobeclassifiedarerandomsamplesfromtheensemble
with normaldistribution N(ilk,,Sw)." Underthe
hypothesis H, dM (a)) and DM (a)) follow x2-

distributionswithdegreesoffreedom nand nM,
respectively.Then,usingthesigni丘cancelevels(upper
probabilities)aM andβM,WeCandefinethethresholds
rMandtMfromtherelations

ProbldM(a))>rMIH]-aM (7)

Prob[DM(a))>tMIH]-βM, (8)

wherethesuitablevaluesor伽 andβ〟mustbedeter一
minedbasedonexperiments･

3.AcceleratedPI･ObabilisticRelaxation

Letxz.beafeaturevectorofi-thpixelandsi(a))bethe
likelihoodofxibelonglngtOClassa).Amembership

yectorsi-lsi(1),si(2),-,si(m)]satisfiesthefollow-
1ngtworelations

O≦ si(a))≦l (9)

∑ sz･(a))-I. (10)
w∈D

Inaprobabilisticrelaxation,avectorsiisupdated
tobeconsistentwiththecontextorneighborhood.In
thispaper,Wediscussthefわllowingtworelaxationsto
updateavectorsih,wheresihdenotesthealteredvector
ofsiatthek-thiteration.

lRosenfeld'sRelaxation][3]
WedenotebyOithetrueclassmembershipofi-thpixel
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xiandconsideritasarandomvariable.Then,sikis

updatedby

sih･l(a)- iSlhs!hW()a()l(Tfikq!kW()2)) (11)
(山∈D

qz々=jFNEdu(a')∑ ru(a',a'′)sjh(a,') (12)也-'∈L)

rLi(a),a)′)-Clog(p(Oz-a)lej-a)′)/p(Oi-a))),

(13)

whereNiisthesetofneighborpixelsfori-th pixel･p
(Oi-a))istheaprioriprobabilitythati-thpixeltakes
classa)andp(Oi-a)lej-a)I)istheconditionalproba-
bilitythati-th pixeltakesclassa),giventhatj-th
neighborpixeltakesclassa)'. dtiisanonnegative
weightandcisaconstantvalue.Thevalueofrijis
clippedintherangeト 1,1]whenitexc∝ds血erange.
[peleg'sRelaxation][4]

∫㌔isupdatedby

sih･1(a)-,FNLCj:SiksEkW()W駕zj(hW()a) (14)
(ひ∈32

Qijk(a,)- ∑rii(a),a,′)sjh(a,′) (15)
a/∈i2

rbL(a),a)′)-P(ei-a)ICj-aJ')/p(Oi-a)), (16)

wherecjisanonnegativeweight.Inthiscase,rii(a),
al′)takesavalueintherangel0,∞).

TheimitialvectorstOischosenby

siO(a))-p(Oi-a)Ixi), (17)

wherep(Oi-a)lxi)istheposterioriprobabilitythat
i-thpixeltakesclassa),giventhatitsfeaturevectoris
xi. Theclassificationdecisionofxiatthek-thitera-
tionresultsintheselectionoftheclassaJ∈12maximiz-

ingsih(a)).
Theabovetraditionalrelaxationsmayattaina

higherclassificationaccuracythan pixelwiseclassifiers,
buttheyhavetwoseriousproblems.Oneis也at也ey
areheavytimeconsum ersandtheotheristhattheir
updatingeffectsarelimitedonlyattheearlyiterations.
ThelatterisprominentinthePeleg'srelaxation,and
thismaythrowaquestiontothevalidityofconver-
genceinrelaxation.Toovercometheseproblems,We
introduceapixelwisestopplngruleglVenaSfbuows.
[pixelwiseStoppingR山e]
Weassumethatatthek-thiterationthemostprobable
classofxiisa),namely,

sik(a))〒max(sih(a)′)). (18)w'∈i2

If,atthenext(k+1)-thiteration,wehavethefollow-
1ngtworelations

sih+1(a))-maxtsik'1(a)′))>sih(a)) (19)al′∈32
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sz.k'1(al′)≦sz.A(a)') (a)′幸a)), (20)

thenwerewritethevectorsik+1asfollows:

sik･l(W′)-†三 ㍍',≡:;. (21)

Theaboverewritingisjusti丘edbecauseEqs.(19)and
(20)meanthatclassifyingxitOClassa)issupportedby

theneiborhoodandthelikelihoodsi(a'')Youldbe
increasedonlyfora)'-a)throughthefollowlngltera-
tions. Therefore,therewrittensz.糾 lshouldnotbe

alteredafterwards,thatis,Weassumethefollowlng
relations

sih'l(a)I)-sik+2(a)')-･･. (22)

fわrallα′∈β.

Thestopplngrulemayreduceatotalprocesslng
timeofrelaxationconsiderably,becausepixelstobe
updatedaremonotonouslydecreasedasaniteation
goeson.Alsothevalidityproblem orconvergence
maybeimprovedbythestopplngrule.Thereasonis
asfollows. Astheexactestimationofrb,(a),a)')is
di氏cult,an updateintroducesalittleuncertainty
unavoidably.Therefore,arelaxationbringssimultane-
ouslyanimprovementofcontextualadjustmentanda
diffusion of uncertainty, and consequently the
classi丘cationaccuracy且uctuatesasaniteationgoeson.
Attheearlyiterations,theclasssupportedbythe
neighborhood can be considered to be reliable,
becauseitislessblottedinuncertainty. Therefわre,
fixingthevectorsiOfthesupportedpixelinearly
stages,WecansuppressthedimlSionofuncertaintyand
consequentlypreventthedegenerationorclassi丘cation
accuracylnrelaxationprocesslng.

4. ExperimentandDiscussion

4.1 ImageDataUsedinExperiment

Aslongasanactualimagedataisusedasatestdata
inevaluationexperimentofclassifiers,itisdifncultto
getanobjectiveevaluation.Thereasonisthatitis
hardtospecifytralnlngareasappropriatelylnthe
imageandasubjectivespeci丘Cationthroughhuman
recognitionisinevitable.Therefわre,Weusedapseudo
LANDSATMSSimageasatestdataintheexperi-
ment.

Thepseudoimagedatawasconstructedasfbト
lows.First,wepartitionedthe1/25,000map(Mori-
oka)oftheNationalGeographicalInstituteinto
meshesof50meters'stepandmadealandusemap
(6.4kmx6.4km,128x128pixels)byspecifyingthe
landcoverclassofeachmesh,wlleretherearesuch
eightclassesaSresidentialarea,urbanarea,road,bare
soil,ricefield,field,forestandwaterarea.Second,
uslngtheactualLANDSATMSSimagedatacontain-
ingthecorrespondingareas(photographicallytaken
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August6,1983,withbands5and6),weestimated血e
averagevectorFLO,andthecovariancematrixSa,for
eachclassa).Foreachmeshofthelandusemap,we
generatedthetwo-dimensionalrandom numbersfわl-
lowing the normal distribution N(FLが,Sa,) and
obtainedthepseudoLANDSATMSSimage.This
pseudoimagewasoriginallyusedinRef.[9].Ifa
readerwanttogetmoreinfわrmationaboutit,he
shouldgointothereference.

Weusedthefbllowlngde五mitiontorepresenta
classi丘cationaccuracy:

(classrecognitionrate)
-(numberofcorrectlyrecognizedpixels)/

(totalnumberorpixelsintheclass)

ClassmeanrecognltlOnrateisthesimpleaverageor
classrecbgnltlOnratesandtotalrecognitionrateisthe
weightedaverageorthemwithclassarearatios.

4.2 ResultsofExtendedAdaptiveClassification

ln the extended adaptive classification,a pixel
classi丘edbyutilizingtheneighboringplXelsiscalleda
blockedpixelandtheratioorblockedpixelstoallthe
pixelsiscalledablockingrate. FigureZshowsa
relationshipbetweensignificancelevelandblocking
rate,wherethecurvemarkedwithnxnpixels(n
pixels)indicatestheratiooftheblockedpixelsthatare
classifiedbyutilizingthereg10nSOfthesizeofnxn

pixels(npixels)andmorepixels.Fromthis,Wecan
seethatthenumberorpixelwiseclassi丘ed pixels
increasesasasigni丘cancelevelcomesneartoone.
Especially,itshouldbenotedthattheratioor仙e
pixelsclassifiedwiththeregionsOffourpixelsand
threeplXelsoccupies30to50percentofallthepixels
atthesignificancelevelfrom0.1to0.25.Thesepixels
have been classi丘ed pixelwise in the traditional
adaptiveclassifier.

Figure3showsarelationshipbetweensigniacance
levelandtotalrecognltlOnrate.Thecurvemarked
with 2×2 pixelscorrespondsto the traditional
adaptiveclassi丘erandthecuⅣemarkedwith3pixels
doestotheextendedadaptiveclassifier.Thecurve
markedwith4pixelsshows血etotalrecognltlOnrate
ortheextendedadaptiveclassi丘erwhenitusesonlythe
four-pixelsregionsWithoutemploylngthethree-pixels
reglOnSinstep4.Fromthis,Wecanseethatthetotal
recognltlOn rate gotthe maximum value atthe
signi丘canoelevelof0.25 and thattheextended
adaptiveclassi丘erimprovedabout丘vepercentofrec-
ognltlOnrateCOmparedwiththetraditionaladaptive
classi丘er.

Theprocessingtimeoftheextendedadaptive
classifierincreasedalittlethanthetraditionalone.

Thus,Wecanconcludethattheextendedadaptive
classi丘ermakesamoreadaptiveclassi丘cationthanthe
traditionalclassifierandgivesafairimprovementon
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Fig.3 Classificationaccuraciesofadaptiveclassifierand
extendedadaptlVeClassifier,

classi丘cationaccuracy.

4.3 ResultsofProbabilisticRelaxations

Theneighborhoodtypewasof3X3pixelsanddz･,A- C,･

-I/8we.rechosenintheexperiment. CwassettoO･2
becauseltgavethehighestrecognitionrateamong
sometestedvalues.Thevaluesofp(ei-a))andp(ez･
-a)lOj-al′)werenewlyestimatedateachiteration
from theclassificationresult,whereeachpixelwas
classifiedtotheclassa)maximizingslh(W).Especially,
atthefirstiterationk-0,theclassificationresultwith
theBayesiandecisionwasused,wherethevalueofp

(ei-a))was.estimatedfrom theclassificationresult
withthemaxlmumlikelihoodmethod.

Figure4ShowsthetotalrecognltlOnratesOrthe
Rosenfeld'srelaxation,wherethemodljiedcaseindi-
catestherelaxationuslngthestopplngruleandthe
originalcasedoestherelaxationwithoutthestopplng
rule･Inthefigurec-0･2wasselectedandforthe
diFerentvaluesofctheorlglnalcasedidnotsurpass
themodi丘edcase･Similarly,Fig･5sb･owsthetotal
recognltlOnratesOfthePeleg'srelaxation･Fromthese,
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Wecanseethatthestopplngruledissolvedtheproblem
thattheclassificationaccuracydegeneratesasanitera-

tiongoeson･
Figure6ShowstheCPU timeconsumedinthe

Rosenfeld'srelaxation andFig.7doesthatinthe
peleg'srelaxation･Fromtheseresults,Wecanseethat
thestopplngruleacceleratedtherelaxationprocesslng
dramatically.

Lastly,weshowtheclassi丘cationaccuraciesofthe
testedclassi丘ersinTable1,wherefb∫eachrelaxation
thebestofaccuraciesatiterationsis丘Iledin.Inthe

table,theclassi丘ersoftheextendedadaptiveclassi丘ca-
tionandthetwoacceleratedrelaxationsgothigher

0 3 6 9 12 15 18 21 24 27

工teration

Fig.4 ClassificationaccuracyofRosenfeld'srelaxation.

0 3 6 9 12 15 18 21 24 27

Ⅰもeration

Fig.5 ClassificationaccuracyofPeleg'srelaxation.
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classi丘cationaccuraciesthanthecompounddecision
method.Theextendedadaptiveclassificationshowed
alittleloweraccuracythanbothoftheaccelerated
relaxations,buttheformerissuperiortothelattersin
CPU timeandmemorystorage.Therefわre,itcanbe
said 血atin practicalusetheextended adaptive
classi丘cationismoreconvenient也antheaccelerated
relaxations.
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o

∧U

o

<U

0

0

(
.n
s
)
a
UT
■
rk

D

1 4 7 10 13 16 19 22 25 28

1teration

Fig.7 CPUtimeusedinPeleg'srelaxation.

Table1 Classi五cationaccuraciesofthetestedclassi丘ers.

Maximum Bayes Compound Adaptive Extended Rosenfeld Accel. Peleg Acce1.

Likelihood Decision Decision Classifier AdaptlVeClassifierRelaxationRosenfeldRelaxationRelaxation PelegRelaxation
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5.Conclusion

Inthispaper,Wediscussedthecontextualclassifiers

thatutilizethespatiaトcontextualinfbrmationsamong

neighborplXelstogetahigherclassi丘cationaccuracy

thanpIXelwiseclassiaers.Actually,Weproposedthe

two contextualclassi丘ersofthe extended adaptive

classiもCationandtheacceleratedprobabilisticrelaxa-

tion. To evaluatetheproposed methods,wehave

made an experiment using a pseudo LANDSAT

multispectralimagedata. Consequently,theexper i -

mentalresultsshowedthatboththeproposedmethods

gothigherclassificationaccuraciesthanthecompound
decision method known asa standard contextual

classiaer. AIso, compared with the traditional

probabilisticrelaxations,theacceleratedprobabilistic

relaxationscouldreducetheCPU timedramatically.

Therefわre,itisexpectedthattheproposedmethods

would be widely used as convenient contextual
classifiers.
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