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Abstract

We discussan approach to change detectionin digital
remotelysensedimagery that relieson theFuzzyPostClas-
sificationComparisontechnique. We usethefuzzy� -means
classifiertogetherwith theMahalanobisdistanceastheba-
sis for a metricof classmembership for a individual pixel.
We note that the valueof the fuzzyexponent� in a fuzzy
classifier is basedon the ratios of the reciprocals of the
classMahalanobisDistances. The paper is an empirical
investigationof this valueand concludeswith recommen-
dationsfor thevalueof thefuzzyexponent� .

1. Intr oduction

A variety of techniquesfor changedetectionhave been
developed.Somestatisticaltechniquesdetectthatchanges
have occurred,but cannotlocatethemor identify the na-
tureof thechange[2]. Othertechniques,suchasimagedif-
ferencing,detectchanges,and locatethem within an im-
age,but are unableto identify them[16, 15]. Becauseit
addressesall of therelevantaspectsof change,themostap-
pealingapproachis to independentlyclassifyeachimage,
andcomparetheclasslabels.Unfortunately, this approach,
commonlyknown asPost ClassificationComparison, has
generallyshown relatively poor accuracy[14]. This is, in
part,becausetraditionalclassificationapproachesarethem-
selvesrelatively inaccurate,andindividualclassificationer-
rorscompoundin thechangedetectionprocess[12, 13].

Traditional classificationapproachesseek to allocate
eachpixel in animageto oneof asetof mutuallyexclusive
classes,usually basedon somemaximumlikelihood/least
risk criterion.Unfortunately, classescommonlydonothave
distinct boundaries. Even humanexpertswill often dis-
agreeon classassignment,e.g., when distinguishingbe-
tweenstressedandnot-stressedvegetation,or betweenpas-
ture andthinly woodedareas.Moreover, a singlepixel in

a remotelysensedimagemaycontaina numberof classes.
Fuzzysettheory[18] wasintroducedto addressclassor set
vagueness.Using fuzzy set theory, we candetermineand
reasonwith the gradeof membershipof a particularpixel
in anumberof classes.Thisprovidesanapproachto partial
classassignmentin regionswherethereis a gradualtransi-
tion from oneclassto another. Theapplicationof fuzzy set
theoryto imageprocessingis discussedin Pal[11]. There
is alsosupportin the literaturefor its usein addressingthe
mixedpixel problem[7, 9].

2. Fuzzy PostClassificationComparison

Our approachto Fuzzy Post ClassificationCompari-
son (FPCC) as a changedetectionmethodis an original
contribution[5]. It involves the independentfuzzy classi-
fication of digital imagesfrom different dates,then pos-
ing logical queriesover thoseclassifiedimages. A fuzzy
classifierhasbeenimplementedasthe unsupervisedfuzzy� -meansclusteringalgorithm[1] in which the fuzzy class
membershipsare calculatedusing meansand covariances
determinedfrom supervisedtrainingclasses[3,4]. This ap-
proach(using the reciprocalof the squaredMahalanobis
distance)is favorably comparedwith posteriorprobability
basedapproachesin earlierwork[5].

The origins of this classifiercanbe found in Bezdeket
al.[1] which discussesa fuzzyc-partition. This is anunsu-
pervisedfuzzyclusteringalgorithm.Thefuzzysetmember-
shipsfor eachclassaredeterminedby a distancemeasure
from classcentroids,andoptimal clusteringis determined
by minimizing anerrorfunction. In this way, thesimilarity
betweenanarbitrarypixel anda prototypicalclassmember
(thecentroid)is usedto determineclassmembership.

Thefuzzy � -meansapproachwasusedby Key et al.[10]
toclassifycloudsandit wasnotedthatthenumberof classes
couldbespecifiedandtheclassmeanssuppliedby selecting
traininginstancesprototypicalof theclass.Foodyusedthis
approachto classifyheath-land[8]. Our implementationis



asfollows, the Mahalanobisdistanceis computedof each
pixel from thecentroidfor eachclass;������
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betweenpixel
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andthemean� � of the � -th class,super-
script  denotes(vector)transposeand
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is the inverse

of the covariancematrix of the � -th class. The fuzzy class
membershipof eachpixel in theimagein eachclassis com-
puted;
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where ! �=� is the fuzzy classmembershipof pixel
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theclass� , � is thenumberof classes,

:
is thetotalnumber

of pixelsin theimageand � is a parameterusedto control
thedegreeof fuzzinessof theclassmembership.Determin-
ing fuzzy classmembershipin this way ensuresthe unity
sumcondition
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for all pixels
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LandsatThematicMapperimagesof areasof interestare
co-registeredandindependentlyclassified.Thefuzzy class
labelsarecomparedusinga fuzzy logic approach.Theuse
of fuzzy classificationimprovestheaccuracy of PostClas-
sificationComparison,andallows moresubtlechangesto
be detected.The comparisonof classificationlabelsusing
fuzzy logic permitsthe identificationof particularchange
classesof intereste.g.,forestconvertedto pasture.

The traditionalpostclassificationcomparisonapproach
canbe framedin a booleanlogical form. But in the fuzzy
casewedonothavesingleclasslabelsto compare.Boolean
logic is thereforeinappropriate. Our approachdraws on
the theory of fuzzy logic[6, 17] to apply a fuzzy algebra
allowing us to reasonwith classmemberships. Change
betweenimageson two datescan thereforebe posedin
a logical form: “which pixels were of class ? at time @ �
and class A at time @ � ?”. A pixel



is of class ? at @ �

to the extent !�B � ? � @ � � andof class A at @ � to the extent! B � A � @ � � . The result of the query is true to the extent�9�DC � ! B � ? � @ � �E� ! B � A � @ � � . This valuerepresentsthemem-
bershipthepixel



in thechangeclass

� ? � A � . Because�F��C
formstheleastupperboundonthechosenclassof conjunc-
tion operators( @ -norm), �F�DC providesthe highestreason-
ableestimateof membershipin thatparticularchangeclass,
i.e. from class? to classA . Disjunctionandnegationcan
besimilarly introducedto poseaqueryagainsttheclassified
imagesfrom thetwo dates,for example“what pixelsarein
class? or A at time @ � andnot in classG at time @ � andin
classH at time @ � ?”

Figure 1 (Top) shows the changeclass“forest to pas-
ture/cropland”for a region of KangarooIsland between
1989and1993using traditional PostClassificationCom-
parison.This representsa crispbooleanquery. Theclouds

Figure 1. TheimageaboveshowsCrispChangeDe-
tection with isolatedpoints of changebetweenfor-
est (in 1989) to pasture(in 1993). It is difficult to
determinethe extent of the environmentalchangein
this image. On the right an imageshowing Fuzzy
PostClassification(FPCC)ChangeDetectionimage
shows changebetweenforest(in 1989)to pasture(in
1993). Sectionsof the imagewith straightedgesare
identifiable(seeFigure2).

of pixel pointsareindicative of changebut it is difficult to
map the extent of the changefrom this image. The im-
ageis thereforeof limited value as an analytical tool for
mappingenvironmentalchange.Furtherextensive ground-
truthing would be required. Figure 1 (Lower) shows the
samechangeclassusingFuzzyPostClassificationCompar-
ison(FPCC).Theimageillustratesthatmoresubtlechange
canbedetectedandmoreover that theextentof thechange
classcanbeclearly identifiedfrom the image. This is fur-
therdemonstratedin Figure2 whichshowsanenlargedpor-
tion of the centralsectionof the Figure1 (Lower). In this
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imagesomeof theareasexhibit regularboundariesindica-
tiveof anthropogenicchange.Furtherinvestigationthrough
the visible bandsof the imageindicatethat at leastoneof
theareashadbeenrecentlycleared.Becauseof the recent
clearing,theareais notexhibiting strongspectralcharacter-
istics of pasturealthoughchangeis undeniablyoccurring.
WecontendthattheFPCCtechniqueis demonstrablysupe-
rior to traditionalPostClassificationComparisonasamech-
anismfor theearlydetectionof environmentalchange.

Figure 2. Enlargedportion of Fuzzy PostClassifi-
cation(FPCC)ChangeDetection(Figure1 (Lower))
showing changebetweenforest in 1989 to pasture
1993. Straightlines edgesare indicative of anthro-
pogenicchange.The extent of classchangeis more
visible.

3 Inter pretation of Fuzzy Memberships as
Mixel Proportions

Theadoptionof fuzzyclassificationapproacheshasbeen
motivated,in many studies,by the presenceof the mixed
pixel problem. Someearlierwork on the interpretationof
fuzzysetmembershipsof pixelsin remotelysensedimages
asclassproportionsin mixedpixelshasproducedgoodre-
sults.FisherandPathirana[7], Foody[8] , Pathirana(1993),
Nishidaetal. (1993),FoodyandCox[9], andothershaveall
suggestedthat thereis a strongrelationshipbetweenfuzzy
membershipsandproportionsof groundcover. The inter-
pretationof fuzzy classmembershipsasproportionalrep-
resentationhasconsiderablesupportin the literature,and
offers an approachto determininga suitablevaluefor the
fuzzy exponent� in theMahalanobisDistancefuzzy clas-
sifier.

4 Empirical investigationof the valueof I
Thecriterionthatthecomputedfuzzy membershipsof a

pixel shouldreflectthe true classproportionsof that pixel
is usedin determininga suitablevaluefor the fuzzy expo-
nent � in the MahalanobisDistancefuzzy classifier. This

Table 1. Expected Mahalanobis Distances
(MahDist) of a Typical Member of Each Class
from Each Class Mean

MeanMahDist,givenactualclass
ActualClass

ClassMahDist Forest Sea Pasture Pine
Forest 6.2 107.2 100.9 14.6
Sea 5769.0 5.1 24094.0 5802.0
Pasture 304.2 937.3 16.0 476.8
Pine 403.6 417.3 3406.0 3.8

Table 2. Expected Mahalanobis Distances
(MahDist) from Each Class Mean, Indepen-
dent of the Actual Class

MahDist – Independentof ActualClasses
ClassMahdist Min Max J Median Mode K
Forest 0.0 3722.0 35.0 0.0 0.0 48.5
Sea 0.0 64089.0 8804.0 5235.0 0.5 8133.0
Pasture 0.0 4088.0 309.0 286.0 0.0 253.0
Pine 0.0 25302.0 993.0 395.0 99.0 1306.0

includesthespecialcasewherethepixel actuallycomprises
only a singleclass.

This requiressomepreliminaryprocessing.In our study
wefounderrorsin boththecrispclassifiedTM93 imageand
the groundtruth data

�
. It wasconsideredthat whereboth

datasetsagreedon the classof a particularpixel we could
have a high level of confidencethat the pixel was of the
agreedclass.Thetwo datasetswereexamined,and,where
they agreed,the pixel data from the original (registered,
but unclassified)TM93 imagewerenoted.We werethere-
fore able to calculateexpectedraw pixel valuesfor each
classthatwereinfluencedby the raw valuesof the chosen
classtraining pixels (throughthe classificationalgorithm),
but were more representative of pixel valuesof that class
acrosstheimage.Usingthese,andthetrainingclassmeans
andcovariancematrices,we computethe expectedMaha-
lanobisDistancesof a typical memberof eachclassfrom
eachof theclassmeans.Theseareshown in Table1.

Using the datain this table, if the classwas forest,we
would expecta pixel to exhibit a MahalanobisDistanceof
6.2 from the meanof the classforest, a seaMahalanobis
Distanceof 5,769,apastureMahalanobisDistanceof 304.2,
and a pine MahalanobisDistanceof 403.6. Similarly, if
theactualsurfacecoverclassimagedin thepixel wassome
otherclass,we expectit to exhibit MahalanobisDistances
asindicatedin the appropriatecolumn. Now thatwe have
determinedtheexpectedMahalanobisDistances,giventhe
actualclassof eachpixel, we canproceedwith our empiri-
cal investigation.L

This is a natural condition of most datasetsderived from remote
sensors.
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Denotethe Forest(squared)MahalanobisDistanceof a
pixel by MON , theSea(squared)MahalanobisDistanceof a
pixel by MOP , the Pasture(squared)MahalanobisDistance
of a pixel by MRQ , andthePine(squared)MahalanobisDis-
tanceof a pixel by MOS . The generalform of the equation
for determiningthefuzzy classmembershipof a particular
pixel is givenby,

T 	 " �U�V ) B" �UWV ) B�X " �UZY ) B�X " �U\[ ) BZX " �UZ] ) B (1)

where T representsthe fuzzy classmembership,and



representsthe fuzzy exponent � . This temporarychange
in notationis motivatedby a temporaryview of the fuzzy
exponent � asa variable,ratherthana fixed, but, asyet,
undeterminedvalue.^`_Da b9c`d�efbhg�ijelk�m

Considerthe specificcasewherethe pixel is actuallya
memberof classforest.Clearly, we would like sucha pixel
to exhibit a high degreeof membership(say, npo*q r ) in the
classforest,anda low degreeof membership(say, sto*q 4 )
in all otherclasses

�
.

Selectingthe appropriatenumbersfrom Table1 above,
we have the membershipof the pixel in the classforest
givenby,

T 	 u �vxw ��y Bu �vEw �zy B X u �{2|}v2~ y B X u ��2�2��w ��y B X u ��}�}�xw v y B
The fuzzy classmembershipis plottedasa function of

theexponent



in Figure2.

Figure 3. Fuzzy Membership of a Pure Pixel of
Class Forest, in the Class Forest, as a Func-
tion of the Fuzzy Exponent Value

�
The unity sum condition ensuresthe latter value follows from the

former.

The desiredmembershipin the classforest of n�o�q r
occursat (andabove)


F	 o*q � .
It is interestingto calculatethemembershipsof this hy-

potheticalpixel, actuallyof classforest,in the classessea,
pastureandpine. We know from the mannerin which the
fuzzy membershipsarecalculatedthatthesumof theother
membershipswill be oneminusthe valueof, in this case,
forest. Therefore,at a value of the fuzzy exponentat or
above 0.8, we know that no membershipother thanforest
canexceed0.1(becausethemembershipof forestis �fo*q r ).
It is, however, instructive to observe what happensto the
membershipsasthefuzzy exponentincreases.

We can proceedsimilarly for Pure pixel membership
combinationin our data:forest/sea,forest/pasture,sea/sea,
sea/forestetc.

The empirical resultsindicate that the value of



(i.e.
the fuzzy exponent)shouldbe n�o*q � (indicatedby forest),n�o*q r (sea), n 4 q � (Pasture)and n 4 q�� (pine). Theseare
all satisfiedif theexponent



is greaterthanor equalto 1.7.

Recallingthatthisis theminimumvaluerequiredto achieve
thedesiredresult, � 	/�

is suggestedto beagoodvalueto
achievethedesiredmembershipsin thecaseof purepixels.
Thiscorrespondsto a valueof � 	 4 q � .^`_�� ��g�ijel��bhg�ije�k�m

We cannotlimit our investigationof requiredfuzzy ex-
ponentvaluesto thecaseof purepixels: if pixelswereonly
goingto displayspectralbehavior highly typicalof only one
class,fuzzy representationswould not benecessary.

Considerthecaseof apixel comprisingamixtureof two
classes.Using a linear mixing model,a syntheticpixel of
arbitraryproportionscanbe constructed.This situationis
illustratedin Figure4, wheretheclassdistributionsarerep-
resentedby ellipses. The classeshave means

��
 � � T � � and��
 � � T � � . Denotethe bandvaluesof the syntheticpixel by��
 Q � T Q � .
Using this model,andtheclassmeansandclasscovari-

ancesof the training datafrom the TM93 image,the Ma-
halanobisDistancesfrom all theclassmeansof a synthetic
mixed pixel canbe calculatedfor the imagedata. We can
thenpursuea graphicalanalysissimilar to thatundertaken
for purepixels,but now requiringthat themembershipsre-
flect themixel proportions.Table3 showstheexpectedMa-
halanobisDistancesfrom all theclassmeansof a synthetic
pixelcomprisingequaltwo classmixturesof Forest/Pasture,
Forest/PineandPasture/Pine.

Table3 shows that for a mixed pixel comprisingequal
proportionsof forestandpasturewe would expecta forest
MahalanobisDistanceof 26.9,i.e. a MahalanobisDistance
computedusingthemeanandcovariancematrixof theclass
forest– aseaMahalanobisDistanceof 12,435.1– apasture
MahalanobisDistanceof 83.9 – and a pine Mahalanobis
Distanceof 1,380.7.Similarly, if theactual(surfacecover)

4



Figure 4. A Simple Two-Class Mixed Pixel
Model

Table 3. Expected Mahalanobis Distances
(MahDist) for a Two Class Mixed Synthetic
Pixel (Equal Proportions) Based on TM93 Im-
age Data

Mixedpixel ComprisingEqualProportionsof
MahdistClass forest/pasture forest/pine pasture/pine
forest 26.9 3.2 30.6
sea 12435.1 4826.3 11190.1
pasture 83.9 398.6 119.8
pine 1380.7 49.3 935.9

classimagedin thepixel wasanequalmixtureof forestand
pine,wewouldexpectaforestMahalanobisDistanceof 3.2,
andso on. Using thesedata,the fuzzy setmembershipin
the classforestof a pixel comprising50% forestand50%
pastureis givenby,

T 	 u �� vxw ~ y Bu �� vxw ~ y B X u �� � �%�2{xw � y B X u ��2�xw ~ y B X u �� �2�2��w | y B q
The fuzzy classmembershipis plottedasa function of

theexponent



in Figure14.
Thedesiredmembershipin theclassforestis 0.5(reflect-

ing its trueproportionin theclassforest). This is achieved
atavalueof



of about0.4.Wecanseefrom thisgraphthat

if we selectedan



valueof 2 assuggestedby our analysis
of the requirementfor purepixels, this mixed pixel would
havea forestmembershipof approximately0.9.

Themembershipof thepixel in theclasspastureis given
by,

T 	 u ��2�xw ~ y Bu �� vxw ~ y B X u �� � �}�}{Ew � y B X u ��2�xw ~ y B X u �� �}����w | y B
This is depictedgraphicallyin Figure4.2.

Figure 5. Fuzzy Membership of a Synthetic
Mixed Pixel (Equal Proportions of Forest and
Pasture) in the Class Forest as a Function of
the Fuzzy Exponent Value

Figure 6. Fuzzy Membership of a Synthetic
Mixed Pixel (Equal Proportions of For est and
Pasture) in the Class Pasture as a Function of
the Fuzzy Exponent Value

This functiondoesnot achieve thedesiredvalueof 0.5:
it achieves its maximumvalue (approximately0.3) in the
range o*q ��s 
 s�o*q�� . The membershipof the classessea
andpinedecayto insignificantlevelsby


�	 o�q � . At

O	

o*q � , they are0.05and0.1respectively.

Figure 7. Fuzzy Membership of a Synthetic
Mixed Pixel (Equal Proportions of Forest and
Pine) in the Class Pine as a Function of the
Fuzzy Exponent Value

This achievesits maximumvalue(approximately0.25)
at about


t	 o*q 4 � . Again, the membershipof the other
classesdecayto insignificantlevelsby


F	 o*q � .
Thecaseof thepixel comprisingmixedpastureandpine

is disturbing:its fuzzysetmembershipsreveala high value
(monotonically increasingwith the exponent



, and ap-

proaching1 by

F	>� q�� ) in thefuzzysetforest,eventhough

forestis notoneof theconstituentclasses!Thisis becausea
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mixtureof pastureandpinecanbe“closer” (asmeasuredby
its MahalanobisDistance)to the classforestthanto either
pastureor pine.Thisis explainedby theobservationthatthe
expectedbandbrightnessvaluesfor forestlie betweenthose
of pastureandpine in a significantnumberof bands(three
outof four). Thisshowsthatafuzzyclassificationapproach
is not quarantinedfrom theproblemobservedin Campbell
(1987),thataconventionalclassificationwill forcetheallo-
cationof a mixedpixel to a singleclass,with this classnot
necessarilyevenbeingpresentin thepixel.

This suggeststhatbeforeusinga fuzzy setmembership
functionof this type,thedatashouldbeexaminedto deter-
mineif similar conditionsto theseexist, i.e. doesany class
“lie between”any two otherclassesin the spectralspace,
andarepixelslikely to exist, in reasonablenumber, asmix-
turesof thesetwo classes?If so,it mustbeunderstoodthat,
with fuzzysetmembershipfunctionsof this form, any pixel
assessedasapurepixel of themiddleclasscouldbea mix-
tureof the two (or more)outerclasses,andvice versa.Of
course,it is notedthat the traditionalcrisp classifierswill
alsoperformpoorly in a casesuchasthis. None-the-less,
wehaveidentifiedaclearpotentialfor classificationerror. It
is possiblethat theintroductionof a termtakingaccountof
therelative likelihoodsof thepureandmixedpixelsmight
mitigatethis errorsomewhat,but this matteris not pursued
in this paper.

5 Conclusion

The paperdiscusseshow the Fuzzy PostClassification
Comparisontechniquecanbeusedfor changedetectionin
digital imagery. Our approachusesthefuzzy � -meansclas-
sifier togetherwith the Mahalanobisdistanceas the basis
for a metricof classmembershipfor a pixel.

Furthermore,the main technicalcontribution of the pa-
peris anempiricalinvestigationof thefuzzyexponent� in
afuzzyclassifierbasedontheratiosof thereciprocalsof the
classMahalanobisDistances.For purepixelswe want the
valueof � to be about2 (or higher),giving a high mem-
bershipin the pureclassthat the pixel is actuallya mem-
ber of. For mixed pixels, we want it to be about0.5 (or
lower), therebydistributing the membershipsbetweenthe
two classesthatactuallycomprisethe(synthetic)pixel. We
alsoillustratethat errorsmay be expectedwherethe band
valuesof themeanof oneclasscanbeexpressedasa linear
combinationof thebandmeanvaluesof two or moreother
classes.
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