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Abstract

Relevancefeedbak appmadcesbasedon supportvector
madine (SVM)learning havebeenappliedto signi cantly
improve retrieval performancein content-basedmage re-
trieval (CBIR). Thoseapproadesrequire the useof xed-
lengthimage representationdecauseSVM kernelsrepre-
sentaninner productin a featuie spacethatis a non-linear
transformatiorof theinputspace Manyregion-basedBIR
appmoadescreatea variable lengthimage representation
andde neasimilarity measue betweenwovariablelength
representationsThestandad SVMappmoacd cannotbeap-
plied to this approac becauset violatesthe requirements
that SVM placeson the kernel. Fortunately a generlized
SVM (GSVM) has beendevelopedthat allows the use of
an arbitrary kernel. In this paper we presentan initial in-
vestigatiorinto utilizing a GSVM-basedelevancefeedbak
learningalgorithm. SinceGSVMdoesnotplacerestrictions
onthekernel,anyimage similarity measue canbeused.In
particular, the proposedapproadc usesanimage similarity
measue developedfor region-basedyariable lengthrep-
resentations Experimentakesultsover real world images
demonstatethe ef cacy of the proposednethod.

1. Intr oduction

In traditional approachedo content-basedmage re-
trieval (CBIR), imagesare representedbyy a setof global
featuresand retrieval is performedbasedon similarity in
the featurespace. In contrast, region-basedapproaches
[1, 14, 22] extract featuresfrom segmentedregions of an
image. Then,imagesareretrieved accordingto similarity
amongregions. Themainobjective of usingregionsis to do
amoremeaningfuletrieval thatis closerto ausers percep-
tion of animages content. Insteadof looking at animage
asa whole, we look at the objectsin the imageandtheir
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relationships.

Both Blobworld [1] and Netra[14] requirethe userto
selectthe region(s) of interestfrom the sgmentedimage.
A major problemwith this approachs that sgmentedre-
gionsusuallydo not correspondo actualobjectsin theim-
age. In orderto overcomethe problemsof inaccuratesey-
mentationapproachebave beenproposedhatconsiderall
regionsin animagefor determiningsimilarity [3, 13, 22].
In [13], integratedregion matching(IRM) is proposedasa
measureghat allows a mary-to-mary region mappingrela-
tionship betweentwo imagesby matchinga region of one
imageto severalregionsof anotherimage.Thus,by having
a similarity measurewhich is a weightedsumof distances
betweerall regionsfrom differentimages)JRM is morero-
bustto inaccuratesegmentation Recentlyafuzzylogic ap-
proach,uni ed featurematching(UFM)[3] was proposed
asan alternatve to IRM. An imageis representetby a set
of sggmentedegionseachof whichis representetly a set
of fuzzy featuresdenotingcolor, texture,andshapecharac-
teristics. Becausduzzy featurescancharacterizehe grad-
ual transitionbetweenregionsin animage,segmentation-
relatedinaccuraciesreimplicitly consideredThesimilar
ity betweerntwo imagesis thende ned asthe overall simi-
larity betweertwo setsof fuzzy features.

RelevancefeedbackRF) learningis acommonapproach
thatattemptdo reducethe semantigapbetweerhigh-level
conceptsandlow-level features.It works by gatheringse-
manticinformationfrom userinteraction. The userlabels
eachimagereturnedn thepreviousqueryroundasrelevant
or non-relevant(or a rangeof values).Basedon this feed-
back, the retrieval schemeis adjustedandthe next setof
imagesis presentedo the userfor labelling. Two main RF
learningapproachesiave beenused: query modi cation,
anddistancereweighting. Querymaodi cation changeghe
representatiorf the users queryin a form thatis closer
(hopefully) to the semanticintent of the user Distance
reweightingchangeshe calculationof imageto imagesim-
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Figure 1. Featuresareunequalin their differential rel-
evancefor computingsimilarity. The neighborhoodof
queriesb andc shouldbe elongatedhlongthe lessrelevant
Y andX axisrespectiely. For querya, featuresX andY
have equaldiscriminatingstrength

ilarity to strengtherthe contrikbution of relevantimagecom-
ponentsin regardto the currentquery Probabilisticfea-
turerelevancelearning(PFRL)[18] is aneffective distance
reweightingtechniquethat adaptvely computedocal fea-
turerelevancein CBIR systemshatuseglobalimagerep-
resentationslt computese xible retrieval metricsfor pro-
ducingneighborhood¢hatareelongatedilonglessrelevant
featuredimensionsand constrictedalong mostin uential
ones(SeeFigure 1). In [9], we presentedan algorithm
inspiredby PFRL, probabilisticregion relevancelearning
(PRRL). It is basedon the obsenation that regionsin an
imagehave unequalimportancefor computingimagesim-
ilarity. It performsdistancereweightingby estimatingthe
relevanceof eachregion in animagebasedon users feed-
back.

RF schemeshasedon supportvector machine(SVM)
[20, 21] learninghave beenappliedto signi cantly improve
retrieval performancen CBIR systemghatuseglobalim-
agerepresentationpt, 11, 24]. In [4], relevantimagesare
usedto estimatethe distribution of targetimagesby tting
atight hyperspherén the non-linearlytransformedeature
space.In [24], the problemis regardedasa two-classclas-
si cation problemand a maximum mamgin hyperplanein
the non-linearlytransformedeaturespaceis usedto sepa-
raterelevantimagesfrom non-releyantimages.Many other
approachessuchas|[10, 25|, have providedimproved ap-
proachedor utilizing kernelmethodsandSVMs in CBIR.
However, all of theseapproachesequireavalid Mercerker-
nel. Thatis, the kernelmustsatisfythe Mercerconditions
[5]. Many region-basedCBIR approachesreatea variable
lengthimagerepresentatioandde ne asimilarity measure

betweertwo variablelengthrepresentationsl husthe stan-
dard SVM approachcannotbe appliedbecauset violates
therequirementshatSVM placesonthekernel.

To resole theissueof commonSVM kernelsnot allow-
ing variable-lengthrepresentationghe following general-
izationof the Gaussiarkernelwasintroducedn [12]

d(x;y)
K ccaussian (X;y) =€ 27 1)

whered is a distancemeasuran the input spacebetween
two variable-lengtfimagerepresentations = fR;g] and
y = fRYM, whereR; representshe featuresextracted
from aregionin theimage. Then,usinga particularform

of (1) with d beingthe EarthMover's distance EMD) [19]

is proposed.The EMD computeghe distancebetweertwo

distributionsrepresentetby setsof weightedfeatures.lt is

theminimal costof changingonedistributioninto theothet

The costis de ned in termsof a userde ned grounddis-

tancethat measureshe distancebetweentwo features. A

distribution can have ary numberof features. Therefore,
EMD canoperateon variable-lengthrepresentationsf dis-

tributions. Thusanimagecanbe seenasa distribution with

avariablenumberof regions. Then,the kernelproposedn

[12]is

EMD(x;y)
Keemp(X;y) =€ 22

whereEM D(x;y) is the EMD distance.The grounddis-

tancebetweertwo regionsd(R; R]-O) is setto theEuclidean
distance.ln orderfor EMD to be atrue metric, the ground
distancemustbe a metric [19]. Therefore,this approach
doesnotallow for arbitraryimagesimilarity measures.

A generalized5VM (GSVM) [16] allows the useof an
arbitrarykernel. In this paper we proposeusinga GSVM-
basedRF learningalgorithmthat canbe appliedto region-
basedCBIR systemdhatusearbitrarysimilarity measures.
Therestof the paperis organizedasfollows. In Section2
we give a brief overview of GSVM. The proposedearning
algorithmis presentedn Section3. A brief descriptionof
UFM, which is usedasthe particularregion-basedmage
similarity measureusedin our learningalgorithm,is given
in Sectiord. In Section5 we summarize®RRL,whoseper
formanceis comparedagainsthatof the proposednethod.
Experimentatesultsaregivenin Sectioné. Finally, we give
someconcludingremarksin Section?.

2. GeneralizedSupport Vector Machine

LetX 2 <™ M™andB 2 <" !'. Thekernelk(X;B)
implementsan arbitrary function mapping<™ " <" !
into<™ ' In particular giventwo columnvectorsx, b 2
<" k(xT;XT)isarow vectorin <™, k(xT;b) 2 <, and
k(X;XT)isanm m matrix[16].



Given training dataf (xi;y;)gf', wherex; 2 <" and
yi 2 f1;0g, representt by matrix X 2 <™ " anddiag-
onal matrix of plus or minusonesY 2 <™ ™, Suppose
we have a separatindiyperplangnducedby k(X ; X 7) de-
ned as

k(x":XT)Y u=b )

whereu 2 <™ andb2 <. In theparticularcasethatk is an
innerproductkernelunderMercer's condition,the separat-
ing surfacebecomes

)T X)TY u=b

where : <"l <Z withz n. Theparameters and
bin (2) canobtainedby solvingthefollowing optimization
problem

argminyyp  Ce

+ (u) ©)

sit: Y(k(X:XT)Yu eb)+ e

0:

wheree 2 <™ isacolumnvectorof ones, issomecorvex

function, C is a positive parametethat weightsthe sepa-
rationerrore  versussuppressiomf the separatingsur

faceparameteu. Suppressiomf u canbe interpretedas
minimizing the numberof constraintsof (3) with positive
multipliers (i.e., numberof supportvectors).In the partic-
ular casethat is a quadraticfunctioninducedby a posi-
tive de nite kernel,we have the standardnterpretationof

a maximalmamin hyperplang16]. A solutionto (3) with

correspondinglecisionfunctionis referredto asa GSVM

in [16].

In the particularcasethat in (3) is a convex quadratic
function(i.e., (u) = Ju Hu, whereH 2 <™ M isa
symmetricpositive de nite matrix), the Wolfe dual[15, 23]
of (3)is

min 2<m% YKOGXT)YH LYk(X:;XD)TY e

stteY =0
0 Ce:

andu = H Yk(X;XT)TY . If k(X;XT) is assumed
to be symmetricpositive de nite andH = Y k(X ;X T)Y,
thenwe obtainthe dual problemfor a standardSVM with
u = [16]. Thebasicideain [16] is to chooseothervalues
for thematrix H thatwill alsosuppresal. In the simplest
case,choosingH = | (i.e., theidentity matrix) with u =
Y k(X;XT)T resultsin thefollowing dualproblem

Ivay e @)

min ,<m
2

stte Y = 0
0 Ce:

whereA = k(X;XT)k(X;XT)T isapositivesemide nite
matrix. Thus,this is an always solvable corvex quadratic
problemfor any kernelk [16]. For moredetails,see[16].

3. ProposedMethod

The standardSVM approachcannotbe appliedin the
caseof region-basedCBIR methodsthat de ne a similar
ity measurédetweertwo variablelengthimagerepresenta-
tions. This is becausehe requirementghat SVM places
onthekernelareviolated. Fortunatelya GSVM allows us
to usearbitrarykernels. We presenta GSVM-basedearn-
ing approachhatallows usto usearbitraryimagesimilarity
measures.

Let an image be representedby x = fRig}], where
R representghe featuresextractedfrom a region in the
image. Let S(x;;x;) be an arbitrary similarity measure
betweentwo images. During the RF processfor a par
ticular query image, the usermarkseachretrieved image
Xj asrelevant (yj = 1) or non-relovant(y; = 0). We
usethe setof cumulatve retrievals R = f(x;;yi)g7" as
training datain (4). Setk(xi;X;) = S(xi;x;) and let
Sx, = [S(Xi;x1) S(Xi;x2); ;S(Xi;xm)]" (i.e., vec-
tor of similaritiesof x; to all training images). Then,the
(i; j)™ entryof matrix A in (4) is hsy, Sx;i (i.e., thedot
productof sy, andsy,). LetKr (Xi;Xj) = hsx, Sxi. The
equivalent(non-matrix)notationfor (4) is thenasfollows

100 Ny
min ocm = i 1YY Kr(Xisx)) i (9)
i=1 j=1 i=1
xn
sit: ivi=0
i=1
0 i C

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

We regardtheproblemasatwo-classclassi cationprob-
lem and use a GSVM to separaterelevant imagesfrom
non-rele&zantimagesn thenon-linearlytransformedeature
space. The proposedearningalgorithmis summarizedn
Figure2.

4.Uni ed Feature Matching

In UFM [4], animageis characterizedy a setof sgy-
mentedregions eachof which is representedy a set of



1. RetriecvetheM mostsimilarimagesto queryim-
ageby usingsimilarity measures.

2. While moreRF iterationsDo
(a) User marksthe M imagesas relevant or
non-relevant
(b) R

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

(d) Computethe scoref (x) of eachdatabass
image % using SVM decision function

S
R fmarkedM imagesg.

U

fx)= B yiKr(X;X)+ b,
(e) Retrieve the M highest-scorelatabasém-
ages.

Figure 2. GSVM-basedRF learningalgorithm

fuzzy featuresdenotingcolor, texture,andshapecharacter
istics. The similarity betweentwo imagesis thende ned
astheoverall similarity betweerntwo setsof fuzzy features.
To sggmentanimage,it is rst partitionedinto blocks of
4x4 pixels. Then, a featurevectorf; 2 <® representing
colorandtexturepropertiess extractedfor eachblock. The
rst threefeaturesaretheaveragecolorcomponentandthe
otherthreerepresenenegy in high frequeng bandsof the
wavelettransformg6, 17]. The C-meansalgorithmis then
usedto clusterthe featurevectorsinto C regionsfRgf .
The numberof regions C is adaptvely chosenaccording
to a stoppingcriteria. A featurevectorh; 2 <3 is then
extractedfor eachregionR; to describéts shapecharacter
istics. Theshapdeaturesarenormalizednertia[8] of order
1to3.

The color andtexture propertiesof eachregion R; are
representedy a fuzzy featurewith a Cauchymembership
function g : <61 [0;1]de nedas

fi ()= — 1
1+

wheref] is theaverageof all featurevectorsin R; and

. X1
df = -
C(C 1) i=1 k=i+1

jifi i

is the averagedistancebetweenclustercenters.The shape
characteristicef eachregion R; arealsorepresentetby a
fuzzy featurewith a Cauchymembershigunction r;:n :
<31 [0;1]de nedas

1
ih hjiji
dn

Rj;h(h) =
1+

where
2 X 1 X
- Cc(C 1)

i=1 k=i+1

dhn iihi i

is theaveragedistancebetweershapdeatures.

Let f( ryr; ron)Or* andf( ros; ron)df' bethe
fuzzy featurerepresentationfor a queryandtargetimage
respectiely. The color andtexture similarity betweenthe
gueryandthetargetimageis capturedy thesimilarity vec-
tor

F=001% slealfid g
where

t

||t = S( Rrit; RJ.O;f)
j=1

B d + d?

dr + d? + min,—:l; ;Ctjjﬁ m]

[3(1

||q = S( R?;f; Rj?f)
i=1

dr + d?

de + & + minj=1; cqiif® i

andsimilarly for theshapesimilarity, capturedoy similarity
vectorH . TheUFM measurdor thequeryandtargetimage
isthende ned as

Mgy = (1 )L

wherethenormalizedweightvectorsw , andwy, canbeset
accordingto someregion weighting heuristic,0 1
adjuststhe importanceof w, andwy, and0 1 de-
terminesthe signi canceof F (i.e., color andtexture simi-
larity) andH (i.e., shapesimilarity). For furtherdetails,see
[4].

Wa+ Wp]"F+ wa'H

5. Probabilistic RegionRelevancelLearning

A key factorin region-basedBIR systemghatconsider
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
basednpriorassumptionsuchasthatlargerregions,orre-
gionsthatarecloseto the centerof theimage,shouldhave
largerweights. This is often inconsistenwith humanper
ception. For instance a facial region may be the mostim-
portantwhenthe useris looking for imagesof peoplewhile
otherlarger regions suchasthe backgroundmay be much
lessrelevant.



Basedon the obsenationthatregionsin animagehave
unequalimportancefor computingimage similarity (See
Figure 3), we presentea probabilisticmethodinspiredby
PFRL[1g, probabilisticregion relevancelearning(PRRL)
in [9], for automaticallycapturingregionrelevancebasedn
usersfeedbackPRRL canbeusedto setregion weightsin
region-basedmageretrieval framevorksthatuseanoverall
image-to-imageimilarity measure.

Query Image

Figure 3. Regionsareunequalin their differential rele-
vancefor computingsimilarity. Giventhatthe useris look-
ing for imagesof peopleregion R 1 is the mostimportant,
followed by R> andR 3. Thus,the neighborhoodf the
similarity metricshouldbe elongatedalongthedirectionof
R 1 andconstrictecalongthedirectionof R 3

5.1 RegionRelevanceMeasure

Given a queryimagex = fR;g], whereR; repre-
sentsthe featuresextractedfrom a region in the image.
Let the classlabely 2 f1;0g at x be treatedas a ran-
dom variable from a distribution with the probabilities
fPr(1jx); Pr(0jx)g. Considerthe functionf of n argu-
ments

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

In the absenceof ary agumentassignmentsthe least-
squaresestimatefor f (x) is simply its expected(average)
value

z

E[f]= f(Xx)p(x)dx
wherep(x) is the joint probability density Now, suppose
thatwe know the valueof x ata particularregionR;. The
least-squaresstimatebecomes

z

EffiRi]= f(x)p(xjRi)dx

wherep(xjR;) is the conditionaldensity of the other re-
gions. Becausd (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-
vantwhenthe probability is in fact 1. Onthe otherhand,
(f (x) EJfjR;]) is the error thatis madeby predicting
E[f jRi] to bethe probabilitythatx is relevant. Therefore,

(Fe) 0 (F(x)

representareductionin errorbetweerthetwo predictions.
Therefore,a measureof the relevanceof region R; for x
canbede ned as

E[fjRiD] = E[fjRi]

ri(x) = E[fjRi] (6)

The relative relevancecan then be usedas the weight of
regionR; in aweightedsimilarity measure

eTI'i (X)
e oy €710 7
whereT is a parameterthat can be chosento maximize
(minimize)thein uence of r; onw; [9].

5.2 Estimating RegionRelevance

Similarly to PFRL[18]for estimatingfeaturerelevance,
retrieved imageswith relevancefeedbackare usedto esti-
materegion relevance. Let R = f(x;;yj)o7" be the set
of cumulative retrievalsfor x. Let x; = ijogﬁ. LetO



1. RetriecvetheM mostsimilarimagesto queryim-
ageby usingsimilarity measures.

2. While moreRF iterationsDo
(a) User marksthe M imagesas relevant or
non-relevant.
(b) R
(c) Updateweightsof regionsin queryimage
with (8) and(7) usingR.
(d) Retrieve the M most similar images to
queryimageby usingsimilarity measures.

S
R fmarkedK imagesy.

Figure 4. Probabilisticregion relevancelearning

s(R.,RO) 1denotethesimi|arity betweerregionR; in x
andreglon R in x; in aregion-basedBIR system.Also,
let8(R; X ) = maxis 12, zg(S(Ri; R{)). WecanuseR
to estimate(6), hence(7). NotethatE[f iRil = ElyjRil.
However, sincetheremaybenox; 2 R forwh|chR°— R;
(i.e.,noR P suchthats(Ri;R)) = 1), astrategysuggested
in [7] is followedandwe look for datain thevicinity of R
(i.e.,weallow s(Rj; Rj°) to besmallerthanl). Thus,(7) is
estimatedy

P
DJ 1 Yj 1(S(R|axj) >")

é i il =
A T CRER

(8)

wherel() returnslif its argumentis true,andO otherwise.
Thus,0 " 1 is an adaptve similarity thresholdthat
changesothatthereis sufcient datgjor the estimationof
(6). Thevalueof " is chosersothat i=1 1(S(Ri;xj) >
"y = G,whereG m. Theprobabillstlcreg|onrele/ance
learningalgorithmis summarizedn Figure4.

6. Experimental Results

We testedthe performanceof the UFM and EMD sim-
ilarity measuresvith not RF learning,UFM with the pro-
posed GSVM-basedlearning algorithm (UFM+GSVM),
UFM with distancereweightingby PRRL (UFM+PRRL),
andSVM learningwith kernelK ce m o (GEMD). There-
trieval performancels measuredby precision and recall,
whicharede ned as

number of relevant imagesretrieved

recision = . -
P number of imagesretrieved

number of relevant imagesretrieved
number of relevant imagesin database

recal =

A subsetof 2000 labelled imagesfrom the general-
purposeCOREL imagedatabasavas usedasthe dataset.

Corel Images

0.9
—— UFM+GSVM

(Y J — UFM+PRRL 1
-~ UFM
——- EMD
—-— GEMD

0.7

Precision

0.6

0.5

0.4 ! !

Number of RF Iterations

Figure 5. Precisionat differentnumberof RF iterations.
Thesizeof theretrieval setis 20

The region-basedeaturevectorsof thoseimagesare ob-
tainedwith the segmentationalgorithmusedby UFM and
describedn Sectior!. Thereare20imagecatagories,each
containing100 pictures. Every imageis usedasa query
image. A uniform weightingschemses usedto setthere-
gion Weightsof eachqueryandtargetimages(i.e., w, =
= fote0r" ). For UFM+GSVM, UFM+PRRL,
andGEMD we simulatedusers feedbackby carryingout
3 RF iterationsfor eachquery Becausdhe imagesin the
datasetarelabelledaccordingo their category, it is known
whetheranimagein the retrieval setwould be labelledas
relevantor non-releyantby theuser

In UFM+GSVM andGEMD, aftereachRFiteration,the
setof labelledcumulative retrievedimagess usedastrain-
ing dataandtheresultingdecisionfunctionis usedto rank
databasemages. We usedthe LIBSVM [2] packagefor
creatingthe SVM. In UFM+PRRL, aftereachRF iteration,
PRRLis usedto updatethe region weightsof the queryim-
age.

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

1We would like to thankYixin Chenfor providing uswith the segmen-
tationresults
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Figure 6. Precision-recalturve with nolearning

Corel Images -- 2 RF lterations
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Figure 8. Precision-recaltur\e after2 RF iterations
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Figure 7. Precision-recalure after1 RF iteration

Corel Images -- 3 RF lterations

T T
— UFM+GSVM
A N UFM+PRRL |
"‘~\ —-— GEMD
Ve
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Figure 9. Precision-recalture after3 RF iterations



7. Conclusionsand Futur e Work

We presente@ GSVM-basedRFlearningalgorithmthat
can be usedin region-basedCBIR systemsthat use ar
bitrary similarity measures. The experimentalresultson
general-purposanagesshav corvincingly the ef cacy of
the proposedmethodin improving imageretrieval perfor
mance. Currently for eachquery the users RF is usedto
learna SVM andthe learningprocessstartsfrom ground
up for eachnew query However, it is alsopossibleto ex-
ploit thelong termlearningaccumulateaver the courseof
mary query sessions.This would be very bene cial spe-
cially in theinitial retrieval setsince,insteadof rankingim-
agesbasedonly on a region-basedsimilarity measurewe
could make a more informed initial estimateof the rele-
vanceof imagesto the users query concept. We plan to
investigatehe possibility of incorporatingong-termlearn-
ing into the region-basedCBIR framavork. With GSVM,
thereis ampleopportunityto adaptotherSVM-basedCBIR
approache$o region-basedmageretrieval. This will also
be partof our futureresearch.
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