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Abstract

Relevancefeedback approachesbasedonsupportvector
machine(SVM)learninghavebeenappliedto signi�cantly
improve retrieval performancein content-basedimage re-
trieval (CBIR).Thoseapproachesrequire the useof �xed-
length image representationsbecauseSVMkernelsrepre-
sentan innerproductin a featurespacethat is a non-linear
transformationof theinputspace. Manyregion-basedCBIR
approachescreatea variable length image representation
andde�nea similarity measurebetweentwovariablelength
representations.Thestandard SVMapproachcannotbeap-
plied to this approach becauseit violatestherequirements
that SVMplaceson thekernel. Fortunately, a generalized
SVM (GSVM)has beendevelopedthat allows the useof
an arbitrary kernel. In this paper, wepresentan initial in-
vestigationinto utilizing a GSVM-basedrelevancefeedback
learningalgorithm.SinceGSVMdoesnotplacerestrictions
onthekernel,anyimagesimilarity measurecanbeused.In
particular, theproposedapproach usesan image similarity
measure developedfor region-based,variable length rep-
resentations.Experimentalresultsover real world images
demonstratetheef�cacy of theproposedmethod.

1. Intr oduction

In traditional approachesto content-basedimage re-
trieval (CBIR), imagesare representedby a set of global
featuresand retrieval is performedbasedon similarity in
the featurespace. In contrast,region-basedapproaches
[1, 14, 22] extract featuresfrom segmentedregionsof an
image. Then, imagesareretrieved accordingto similarity
amongregions.Themainobjectiveof usingregionsis to do
amoremeaningfulretrieval thatis closerto auser'spercep-
tion of an image's content. Insteadof looking at an image
asa whole, we look at the objectsin the imageandtheir

relationships.

Both Blobworld [1] andNetra [14] requirethe userto
selectthe region(s)of interestfrom the segmentedimage.
A major problemwith this approachis that segmentedre-
gionsusuallydonot correspondto actualobjectsin theim-
age. In orderto overcometheproblemsof inaccurateseg-
mentation,approacheshavebeenproposedthatconsiderall
regionsin an imagefor determiningsimilarity [3, 13, 22].
In [13], integratedregion matching(IRM) is proposedasa
measurethatallows a many-to-many region mappingrela-
tionshipbetweentwo imagesby matchinga region of one
imageto severalregionsof anotherimage.Thus,by having
a similarity measurewhich is a weightedsumof distances
betweenall regionsfrom differentimages,IRM is morero-
bustto inaccuratesegmentation.Recently, a fuzzy logic ap-
proach,uni�ed featurematching(UFM)[3] was proposed
asan alternative to IRM. An imageis representedby a set
of segmentedregionseachof which is representedby a set
of fuzzy featuresdenotingcolor, texture,andshapecharac-
teristics.Becausefuzzy featurescancharacterizethegrad-
ual transitionbetweenregionsin an image,segmentation-
relatedinaccuraciesareimplicitly considered.Thesimilar-
ity betweentwo imagesis thende�ned astheoverall simi-
larity betweentwo setsof fuzzy features.

Relevancefeedback(RF)learningisacommonapproach
thatattemptsto reducethesemanticgapbetweenhigh-level
conceptsandlow-level features.It works by gatheringse-
mantic informationfrom userinteraction. The userlabels
eachimagereturnedin thepreviousqueryroundasrelevant
or non-relevant(or a rangeof values).Basedon this feed-
back, the retrieval schemeis adjustedand the next set of
imagesis presentedto theuserfor labelling. Two mainRF
learningapproacheshave beenused: query modi�cation,
anddistancereweighting. Querymodi�cation changesthe
representationof the user's query in a form that is closer
(hopefully) to the semanticintent of the user. Distance
reweightingchangesthecalculationof imageto imagesim-
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Figure 1. Featuresare unequalin their differential rel-
evance for computingsimilarity. The neighborhoodsof
queriesb andc shouldbeelongatedalongthelessrelevant
Y andX axis respectively. For querya, featuresX andY
have equaldiscriminatingstrength

ilarity to strengthenthecontributionof relevantimagecom-
ponentsin regard to the currentquery. Probabilisticfea-
turerelevancelearning(PFRL)[18] is aneffectivedistance
reweightingtechniquethat adaptively computeslocal fea-
ture relevancein CBIR systemsthatuseglobal imagerep-
resentations.It computes�e xible retrieval metricsfor pro-
ducingneighborhoodsthatareelongatedalonglessrelevant
featuredimensionsand constrictedalong most in�uential
ones(SeeFigure 1). In [9], we presentedan algorithm
inspiredby PFRL, probabilisticregion relevancelearning
(PRRL). It is basedon the observation that regions in an
imagehave unequalimportancefor computingimagesim-
ilarity. It performsdistancereweightingby estimatingthe
relevanceof eachregion in an imagebasedon user's feed-
back.

RF schemesbasedon supportvector machine(SVM)
[20, 21] learninghavebeenappliedto signi�cantly improve
retrieval performancein CBIR systemsthatuseglobal im-
agerepresentations[4, 11, 24]. In [4], relevant imagesare
usedto estimatethedistribution of target imagesby �tting
a tight hyperspherein thenon-linearlytransformedfeature
space.In [24], theproblemis regardedasa two-classclas-
si�cation problemand a maximummargin hyperplanein
thenon-linearlytransformedfeaturespaceis usedto sepa-
raterelevantimagesfrom non-relevantimages.Many other
approaches,suchas[10, 25], have provided improvedap-
proachesfor utilizing kernelmethodsandSVMs in CBIR.
However, all of theseapproachesrequireavalidMercerker-
nel. That is, thekernelmustsatisfytheMercerconditions
[5]. Many region-basedCBIR approachescreatea variable
lengthimagerepresentationandde�ne asimilarity measure

betweentwo variablelengthrepresentations.Thusthestan-
dardSVM approachcannotbe appliedbecauseit violates
therequirementsthatSVM placeson thekernel.

To resolve theissueof commonSVM kernelsnotallow-
ing variable-lengthrepresentations,the following general-
izationof theGaussiankernelwasintroducedin [12]

K GGaussian (x; y ) = e
� d ( x ; y )

2 � 2 (1)

whered is a distancemeasurein the input spacebetween
two variable-lengthimagerepresentationsx = f R i gn

1 and
y = f R 0

i g
m
1 , whereR i representsthe featuresextracted

from a region in the image. Then,usinga particularform
of (1) with d beingtheEarthMover'sdistance(EMD) [19]
is proposed.TheEMD computesthedistancebetweentwo
distributionsrepresentedby setsof weightedfeatures.It is
theminimalcostof changingonedistributioninto theother.
The cost is de�ned in termsof a user-de�ned grounddis-
tancethat measuresthe distancebetweentwo features.A
distribution can have any numberof features. Therefore,
EMD canoperateonvariable-lengthrepresentationsof dis-
tributions.Thusanimagecanbeseenasadistributionwith
a variablenumberof regions.Then,thekernelproposedin
[12] is

K GE M D (x; y ) = e
� E M D ( x ; y )

2 � 2

whereEM D(x; y) is theEMD distance.Thegrounddis-
tancebetweentwo regionsd(R i ; R 0

j ) is setto theEuclidean
distance.In orderfor EMD to bea truemetric,theground
distancemust be a metric [19]. Therefore,this approach
doesnotallow for arbitraryimagesimilarity measures.

A generalizedSVM (GSVM) [16] allows the useof an
arbitrarykernel. In this paper, we proposeusinga GSVM-
basedRF learningalgorithmthatcanbeappliedto region-
basedCBIR systemsthatusearbitrarysimilarity measures.
Therestof thepaperis organizedasfollows. In Section2
we give a brief overview of GSVM. Theproposedlearning
algorithmis presentedin Section3. A brief descriptionof
UFM, which is usedas the particularregion-basedimage
similarity measureusedin our learningalgorithm,is given
in Section4. In Section5 wesummarizePRRL,whoseper-
formanceis comparedagainstthatof theproposedmethod.
Experimentalresultsaregivenin Section6. Finally, wegive
someconcludingremarksin Section7.

2. GeneralizedSupport Vector Machine

Let X 2 < m � n andB 2 < n � l . The kernelk(X ; B )
implementsan arbitrary function mapping< m � n � < n � l

into < m � l . In particular, giventwo columnvectorsx, b 2
< n , k(xT ; X T ) is a row vectorin < m , k(xT ; b) 2 < , and
k(X ; X T ) is anm � m matrix [16].



Given training data f (x i ; yi )gm
1 , wherex i 2 < n and

yi 2 f 1; 0g, representit by matrix X 2 < m � n anddiag-
onal matrix of plus or minusonesY 2 < m � m . Suppose
we have a separatinghyperplaneinducedby k(X ; X T ) de-
�ned as

k(xT ; X T )Y � u = b (2)

whereu 2 < m andb 2 < . In theparticularcasethatk is an
innerproductkernelunderMercer's condition,theseparat-
ing surfacebecomes

� (x)T � (X )T Y � u = b

where� : < n ! < z , with z � n. The parametersu and
b in (2) canobtainedby solvingthefollowing optimization
problem

arg min u ;b;� Ce � � + � (u) (3)

s:t: Y (k(X ; X T ))Yu � eb) + � � e

� � 0:

wheree 2 < m is acolumnvectorof ones,� is someconvex
function, C is a positive parameterthat weightsthe sepa-
ration error e � � versussuppressionof the separatingsur-
faceparameteru. Suppressionof u canbe interpretedas
minimizing the numberof constraintsof (3) with positive
multipliers (i.e., numberof supportvectors).In thepartic-
ular casethat � is a quadraticfunction inducedby a posi-
tive de�nite kernel,we have the standardinterpretationof
a maximalmargin hyperplane[16]. A solutionto (3) with
correspondingdecisionfunction is referredto asa GSVM
in [16].

In theparticularcasethat � in (3) is a convex quadratic
function (i.e., � (u) = 1

2 u � Hu , whereH 2 < m � m is a
symmetricpositivede�nite matrix), theWolfe dual[15, 23]
of (3) is

min � 2< m
1
2

� Y k(X ; X T )YH � 1Y k(X ; X T )T Y � � e � �

s:t: e � Y � = 0

0 � � � Ce:

andu = H � 1Y k(X ; X T )T Y � . If k(X ; X T ) is assumed
to besymmetricpositive de�nite andH = Y k(X ; X T )Y ,
thenwe obtainthe dualproblemfor a standardSVM with
u = � [16]. Thebasicideain [16] is to chooseothervalues
for thematrix H thatwill alsosuppressu. In thesimplest
case,choosingH = I (i.e., the identity matrix) with u =
Y k(X ; X T )T � resultsin thefollowing dualproblem

min � 2< m
1
2

� YAY � � e � � (4)

s:t: e � Y � = 0

0 � � � Ce:

whereA = k(X ; X T )k(X ; X T )T is apositivesemide�nite
matrix. Thus,this is an alwayssolvableconvex quadratic
problemfor any kernelk [16]. For moredetails,see[16].

3. ProposedMethod

The standardSVM approachcannotbe applied in the
caseof region-basedCBIR methodsthat de�ne a similar-
ity measurebetweentwo variablelengthimagerepresenta-
tions. This is becausethe requirementsthat SVM places
on thekernelareviolated. Fortunately, a GSVM allows us
to usearbitrarykernels.We presenta GSVM-basedlearn-
ing approachthatallowsusto usearbitraryimagesimilarity
measures.

Let an image be representedby x = f R i gn
1 , where

R i representsthe featuresextractedfrom a region in the
image. Let S(x i ; x j ) be an arbitrary similarity measure
betweentwo images. During the RF processfor a par-
ticular query image,the usermarkseachretrieved image
x i as relevant (yi = 1) or non-relevant (yi = 0). We
usethe set of cumulative retrievals R = f (x i ; yi )gm

1 as
training data in (4). Set k(x i ; x j ) = S(x i ; x j ) and let
sx i = [S(x i ; x1 ) S(x i ; x2 ); � � � ; S(x i ; xm )]T (i.e., vec-
tor of similaritiesof x i to all training images). Then, the
(i; j )th entryof matrix A in (4) is hsx i � sx j i (i.e., thedot
productof sx i andsx j ). Let K R (x i ; x j ) = hsx i � sx j i . The
equivalent(non-matrix)notationfor (4) is thenasfollows

min � 2< m
1
2

mX

i =1

mX

j =1

� i � j yi yj K R (x i ; x j ) �
mX

i =1

� i (5)

s:t:
mX

i =1

� i yi = 0

0 � � i � C

Note that (5) is just a standardSVM with an identity ker-
nel. Thus, by representingeachimageas a vector of its
similarity (asgivenby thearbitraryregion-basedsimilarity
measureS) to all training images,we canusean ordinary
SVM.

Weregardtheproblemasatwo-classclassi�cationprob-
lem and use a GSVM to separaterelevant imagesfrom
non-relevantimagesin thenon-linearlytransformedfeature
space.The proposedlearningalgorithmis summarizedin
Figure2.

4. Uni�ed Feature Matching

In UFM [4], an imageis characterizedby a setof seg-
mentedregions eachof which is representedby a set of



1. Retrieve theM mostsimilar imagesto queryim-
ageby usingsimilarity measureS.

2. While moreRF iterationsDo

(a) User marks the M imagesas relevant or
non-relevant

(b) R  R
S

f mar ked M imagesg.

(c) ComputeSVM by solving (5) on training
dataR.

(d) Computethe scoref (x) of eachdatabase
image x using SVM decision function
f (x) =

P jRj
i =1 � i yi K R (x; x i ) + b.

(e) Retrieve the M highest-scoredatabaseim-
ages.

Figure 2. GSVM-basedRF learningalgorithm

fuzzy featuresdenotingcolor, texture,andshapecharacter-
istics. The similarity betweentwo imagesis thende�ned
astheoverall similarity betweentwo setsof fuzzy features.
To segmentan image,it is �rst partitionedinto blocksof
4x4 pixels. Then, a featurevector f i 2 < 6 representing
colorandtexturepropertiesis extractedfor eachblock. The
�rst threefeaturesaretheaveragecolorcomponentsandthe
otherthreerepresentenergy in high frequency bandsof the
wavelettransforms[6, 17]. TheC-meansalgorithmis then
usedto clusterthe featurevectorsinto C regions f R i gC

1 .
The numberof regions C is adaptively chosenaccording
to a stoppingcriteria. A featurevector h j 2 < 3 is then
extractedfor eachregionR j to describeits shapecharacter-
istics.Theshapefeaturesarenormalizedinertia[8] of order
1 to 3.

The color andtexture propertiesof eachregion R j are
representedby a fuzzy featurewith a Cauchymembership
function� R j ;f : < 6 ! [0; 1] de�ned as

� R j ;f (f ) =
1

1 +
�

jj f � f̂ j jj
df

� �

wheref̂ j is theaverageof all featurevectorsin R j and

df =
2

C(C � 1)

C � 1X

i =1

CX

k= i +1

jj f̂ i � f̂k jj

is theaveragedistancebetweenclustercenters.Theshape
characteristicsof eachregion R j arealsorepresentedby a
fuzzy featurewith a Cauchymembershipfunction � R j ;h :
< 3 ! [0; 1] de�ned as

� R j ;h (h) =
1

1 +
�

jj h � h j jj
dh

� �

where

dh =
2

C(C � 1)

C � 1X

i =1

CX

k= i +1

jjh i � hk jj

is theaveragedistancebetweenshapefeatures.
Let f (� R i ;f ; � R i ;h )gCq

1 and f (� R 0
i ;f

; � R 0
i ;h

)gC t
1 be the

fuzzy featurerepresentationsfor a queryandtarget image
respectively. The color andtexture similarity betweenthe
queryandthetargetimageis capturedby thesimilarity vec-
tor

F = [l t
1; l t

2; � � � ; l t
C t ; lq

1; lq
2; � � � ; lq

C q]T

where

l t
i = S(� R i ;f ;

C t[

j =1

� R 0
j ;f )

=
df + d0

f

df + d0
f + min j =1 ;��� ;C t jj f̂ i � f̂ 0

j jj

lq
i = S(� R 0

i ;f
;

C q[

j =1

� R j ;f )

=
df + d0

f

df + d0
f + min j =1 ;��� ;C q jj f̂ 0

i � f̂ j jj

andsimilarly for theshapesimilarity, capturedby similarity
vectorH . TheUFM measurefor thequeryandtargetimage
is thende�ned as

m(q;t ) = (1 � � )[(1 � � )wa + � wb ]T F + � wa
T H

wherethenormalizedweightvectorsw a andwb canbeset
accordingto someregion weightingheuristic,0 � � � 1
adjuststhe importanceof w a andwb , and0 � � � 1 de-
terminesthesigni�canceof F (i.e., color andtexturesimi-
larity) andH (i.e.,shapesimilarity). For furtherdetails,see
[4].

5. Probabilistic RegionRelevanceLearning

A key factorin region-basedCBIR systemsthatconsider
all the regionsto performan overall image-to-imagesimi-
larity is the weighting of regions. The weight that is as-
signedto eachregion for determiningsimilarity is usually
basedonpriorassumptionssuchasthatlargerregions,or re-
gionsthatarecloseto thecenterof theimage,shouldhave
largerweights. This is often inconsistentwith humanper-
ception. For instance,a facial region maybe themostim-
portantwhentheuseris lookingfor imagesof peoplewhile
otherlarger regionssuchasthe backgroundmay be much
lessrelevant.



Basedon theobservation that regionsin an imagehave
unequalimportancefor computingimage similarity (See
Figure3), we presenteda probabilisticmethodinspiredby
PFRL[18], probabilisticregion relevancelearning(PRRL)
in [9], for automaticallycapturingregionrelevancebasedon
user's feedback.PRRLcanbeusedto setregionweightsin
region-basedimageretrieval frameworksthatuseanoverall
image-to-imagesimilarity measure.
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Figure 3. Regionsareunequalin their differential rele-
vancefor computingsimilarity. Giventhattheuseris look-
ing for imagesof people,region R 1 is themostimportant,
followed by R 2 andR 3 . Thus, the neighborhoodof the
similarity metricshouldbeelongatedalongthedirectionof
R 1 andconstrictedalongthedirectionof R 3

5.1 RegionRelevanceMeasure

Given a query image x = f R i gn
1 , where R i repre-

sentsthe featuresextractedfrom a region in the image.
Let the classlabel y 2 f 1; 0g at x be treatedas a ran-
dom variable from a distribution with the probabilities
f Pr (1jx); Pr (0jx)g. Considerthe function f of n argu-
ments

f (x) := Pr (1jx) = Pr (y = 1jx) = E(yjx)

In the absenceof any argumentassignments,the least-
squaresestimatefor f (x) is simply its expected(average)
value

E[f ] =
Z

f (x)p(x)dx

wherep(x) is the joint probability density. Now, suppose
thatwe know thevalueof x at a particularregion R i . The
least-squaresestimatebecomes

E[f jR i ] =
Z

f (x)p(x jR i )dx

wherep(xjR i ) is the conditionaldensityof the other re-
gions. Becausef (x) = 1 (i.e., the queryimageis always
relevant), (f (x) � 0) is the maximum error that can be
madewhen assigning0 to the probability that x is rele-
vant whenthe probability is in fact 1. On the otherhand,
(f (x) � E [f jR i ]) is the error that is madeby predicting
E[f jR i ] to betheprobabilitythatx is relevant.Therefore,

[(f (x) � 0) � (f (x) � E [f jR i ])] = E [f jR i ]

representsa reductionin errorbetweenthetwo predictions.
Therefore,a measureof the relevanceof region R i for x
canbede�ned as

r i (x) = E[f jR i ] (6)

The relative relevancecan then be usedas the weight of
regionR i in a weightedsimilarity measure

wi =
eT r i (x )

P n
l =1 eT r l (x )

(7)

whereT is a parameterthat can be chosento maximize
(minimize)thein�uence of r i onwi [9].

5.2 Estimating RegionRelevance

Similarly to PFRL[18] for estimatingfeaturerelevance,
retrieved imageswith relevancefeedbackareusedto esti-
materegion relevance. Let R = f (x j ; yj )gm

1 be the set
of cumulative retrievals for x. Let x j = f R 0

j g
z
1. Let 0 �



1. Retrieve theM mostsimilar imagesto queryim-
ageby usingsimilarity measureS.

2. While moreRF iterationsDo

(a) User marks the M imagesas relevant or
non-relevant.

(b) R  R
S

f mar ked K imagesg.

(c) Updateweightsof regions in query image
with (8) and(7) usingR.

(d) Retrieve the M most similar images to
queryimageby usingsimilarity measureS.

Figure 4. Probabilisticregion relevancelearning

s(R i ; R 0
j ) � 1 denotethesimilarity betweenregionR i in x

andregion R 0
j in x j in a region-basedCBIR system.Also,

let ŝ(R i ; x j ) = maxj 2f 1;2;��� ;z g(s(R i ; R 0
j )) . We canuseR

to estimate(6), hence(7). Note that E [f jR i ] = E [yjR i ].
However, sincetheremaybenox j 2 R for whichR 0

j = R i

(i.e., no R 0
j suchthats(R i ; R 0

j ) = 1), a strategy suggested
in [7] is followedandwe look for datain thevicinity of R i

(i.e.,we allow s(R i ; R 0
j ) to besmallerthan1). Thus,(7) is

estimatedby

Ê [yjR i ] =

P m
j =1 yj 1(S(R i ; x j ) > " )

P m
j =1 1(S(R i ; x j ) > " )

(8)

where1(�) returns1 if its argumentis true,and0 otherwise.
Thus,0 � " � 1 is an adaptive similarity thresholdthat
changessothatthereis suf�cient datafor theestimationof
(6). Thevalueof " is chosenso that

P m
j =1 1(S(R i ; x j ) >

" ) = G, whereG � m. Theprobabilisticregion relevance
learningalgorithmis summarizedin Figure4.

6. Experimental Results

We testedthe performanceof the UFM andEMD sim-
ilarity measureswith not RF learning,UFM with the pro-
posed GSVM-basedlearning algorithm (UFM+GSVM),
UFM with distancereweightingby PRRL (UFM+PRRL),
andSVM learningwith kernelK GE M D (GEMD). There-
trieval performanceis measuredby precision and recall,
whicharede�ned as

precision =
number of relevant images retr ieved

number of images retr ieved

recall =
number of relevant images retr ieved

number of relevant images in database

A subsetof 2000 labelled imagesfrom the general-
purposeCOREL imagedatabasewasusedasthe dataset.
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Figure 5. Precisionat differentnumberof RF iterations.
Thesizeof theretrieval setis 20

The region-basedfeaturevectorsof thoseimagesare ob-
tainedwith the segmentationalgorithmusedby UFM and
describedin Section41. Thereare20imagecategories,each
containing100 pictures. Every imageis usedas a query
image. A uniform weightingschemeis usedto setthe re-
gion weightsof eachqueryandtarget images(i.e., w a =
wb = f 1

Cq + C t
gCq + C t

1 ). For UFM+GSVM, UFM+PRRL,
andGEMD, we simulateduser's feedbackby carryingout
3 RF iterationsfor eachquery. Becausethe imagesin the
datasetarelabelledaccordingto their category, it is known
whetheran imagein the retrieval setwould be labelledas
relevantor non-relevantby theuser.

In UFM+GSVMandGEMD,aftereachRFiteration,the
setof labelledcumulative retrievedimagesis usedastrain-
ing dataandtheresultingdecisionfunction is usedto rank
databaseimages. We usedthe LIBSVM [2] packagefor
creatingtheSVM. In UFM+PRRL,aftereachRF iteration,
PRRLis usedto updatetheregionweightsof thequeryim-
age.

The averageprecisionof the 2000querieswith respect
to different numberof RF iterationsis shown in Figure
5. Figures6 through9 show the precision-recallcurves
after eachRF iteration. We can observe that, even af-
ter only 1 RF iteration the RF learning methods(i.e.,
UFM+GSVM, UFM+PRRL,andGEMD) result in a very
signi�cant performanceimprovement.Also, UFM+GSVM
performsmuchbetterthanUFM+PRRLandGEMD.

1Wewould like to thankYixin Chenfor providing uswith thesegmen-
tationresults
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7. Conclusionsand Future Work

WepresentedaGSVM-basedRFlearningalgorithmthat
can be used in region-basedCBIR systemsthat use ar-
bitrary similarity measures.The experimentalresultson
general-purposeimagesshow convincingly the ef�cacy of
the proposedmethodin improving imageretrieval perfor-
mance.Currently, for eachquery, theuser's RF is usedto
learna SVM and the learningprocessstartsfrom ground
up for eachnew query. However, it is alsopossibleto ex-
ploit thelong termlearningaccumulatedover thecourseof
many querysessions.This would be very bene�cial spe-
cially in theinitial retrieval setsince,insteadof rankingim-
agesbasedonly on a region-basedsimilarity measure,we
could make a more informed initial estimateof the rele-
vanceof imagesto the user's queryconcept. We plan to
investigatethepossibilityof incorporatinglong-termlearn-
ing into the region-basedCBIR framework. With GSVM,
thereis ampleopportunityto adaptotherSVM-basedCBIR
approachesto region-basedimageretrieval. This will also
bepartof our futureresearch.
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