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Abstract

Probabilistic feature relevancelearning (PFRL) is an
effective methodfor adaptively computinglocal featue
relevancein content-basedmage retrieval. It computes
exible retrieval metrics for producing neighborhoods
that are elongatedalong lessrelevant feature dimensions
and constrictedalong most in uential ones. Basedon
the observationthat regions in an image have unequal
importancefor computingimage similarity, we proposea
probabilisticmethodnspiredby PFRL, probabilisticregion
relevancelearning (PRRL), for automatically estimating
region relevancebasedon user's feedbak. PRRLcan be
usedto setregion weightsin region-basedmage retrieval
framavorksthat usean overall image-to-image similarity
measue. Experimentakesultson geneal-purposeimages
show the effectivenessof PRRL in learning the relative
importanceof regionsin animage.
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1. Intr oduction

In traditional approachesa content-basedmage re-
trieval (CBIR) systemextractssomeglobal features(such
ascolor, texture, andshape)from animage. The features
arethenthe componentof a featurevectorwhich makes
the imagecorrespondo a point in a featurespace.In or-
derto determineclosenesdetweenwo images,a similar
ity measurds usedto calculatethe distancebetweertheir
correspondindeaturevectors. Then,the closestimagesin
featurespacdo aqueryimagearereturnedo theuserasthe
gueryresults. Becauseof the semanticgap betweenhigh-
level conceptsand low-level features,the performanceof
CBIR is not satisfctory In orderto overcomethis prob-
lem, two majorapproachebave beensuggestedthe useof
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alearningtechniquesuchasrelevancefeedbacko learnthe
users high-level conceptandregion-basedmagerepresen-
tationsthat are closerto a users perceptionof animages
content.

Relevancefeedback(RF) works by gatheringsemantic
informationfrom userinteraction.In orderto learna users
guery concept,the userlabelseachimagereturnedin the
previous query round as relevant (1) or non-relevant (-1).
Basedonthefeedbacktheretrieval schemes adjustedand
thenext setof imagesis presentedo the userfor labelling.
Two mainRF stratgieshave beenproposedn CBIR: query
shifting [13], anddistancereweighting[6, 12, 11]. Query
shiftinginvolvesmoving thequerytowardstheregion of the
featurespacecontainingrelevantimagesandaway from the
region containingnon-releantimages.Distancereweight-
ing assumethattherelevantimagesarelocatedalongsome
direction of the featurespace. Thus, the taskis to deter
mine the featuresthat help the mostin retrieving relevant
imagesandincreasetheir importancein determiningsim-
ilarity. In [11], a probabilisticfeaturerelevancelearning
(PFRL) methodthat automaticallycaptureshe featurerel-
evancebasedon RF is presented.lt computese xible re-
trieval metricsfor producingneighborhoodshat are elon-
gatedalonglessrelevantfeaturedimensionsandconstricted
alongmostin uential ones(SeeFigurel). Retrievedim-
ageswith RF areusedto computelocal featurerelevance.

In contrasto traditionalmethodsyhich computeglobal
featuresregion-basedpproachefl, 9, 14] extractfeatures
from sggmentedegionsof animage. Then,imagesarere-
trieved accordingto the similarity betweenregions. The
mainobjective of usingregionsis to do a moremeaningful
retrieval thatis closerto a users perception®f animages
content. Insteadof looking at the imageas a whole, we
look atthe objectsin theimageandtheir relationshipsThe
similarity measurehat mostof thesesystemd1, 9] useto
compardwo imagess basednindividual region-to-region
similarity. Both Blobworld [1] and Netra [9] requirethe
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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

Figure 2. Integratedregion matching(IRM)

userto selectthe region(s)of interestfrom the sggmented
image. This informationis thenusedfor determiningsim-

ilarity with databasémages. A major problemwith these
systemsds thatthe segmentedegionsthey produceusually
do not correspondo actualobjectsin the image. For in-

stance,an object may be partitionedinto several regions,
with noneof thembeingrepresentatie of the object.

In orderto overcomethe problemsof innaccuratémage
segmentation,someapproachediave been proposedthat
considerall the regionsin animagefor determiningsimi-
larity [8, 2, 14]. In [8], IRM (IntegratedRegion Matching)
is proposedisameasurehatallowsamary-to-mary region
mappingelationshipbetweertwo imageshy matchingare-
gion of oneimageto severalregionsof anotheiimage.Ba-
sically, the “most similar highestpriority” principleis used
andthesmallerthedistancébetweertwo regions  and
is, the larger their signi cance credit (weight) is (See
Figure?2). Thus,by having a similarity measurevhichis a
weightedsumof distancedetweerall regionsfrom differ-

entimagesJRM is morerobustto inaccuratesegmentation.

Recentlyafuzzylogic approachlUFM (Uni ed Feature
Matching)[2] was proposedasan alternatve to IRM. An
imageis representedy a setof sggmentedregions each
of which is representedby a fuzzy featuredenotingcolor,
texture, and shapecharacteristics. Becausduzzy features
can characterizehe gradualtransitionbetweenregionsin
animage,segmentation-relatethaccuraciesre implicitly
considered.The similarity betweerntwo imagesis thende-
ned astheoverallsimilarity betweenwo setsof fuzzy fea-
tures.

A key factorin thesetypesof systemsghat considerall
the regionsto performan overall image-to-imagesimilar-
ity is the weightingof regions. The weightthatis assigned
to eachregion for determiningsimilarity is usually based
on prior assumptionsuchasthatlargerregions,or regions
thatarecloseto the centerof theimage,shouldhave larger
weights. This is ofteninconsistentvith humanperception.
For instance,a facial region may be the most important
whenthe useris looking for imagesof peoplewhile other
larger regions suchas the backgroundmay be much less
relevant.

Basedon the obsenationthatregionsin animagehave
unequalimportancefor computingimage similarity (See
Figure 3), we proposea probabilisticmethodinspired by
PFRL[1]], probabilisticregion relevancelearning(PRRL),
for automaticallycapturingregionrelevancebasednusers
feedback. PRRL can be usedto set region weightsin
region-basedmageretrieval frameworksthatuseanoverall
image-to-imageimilarity measure.

1.1 RelatedWork

Although RF learninghasbeensuccessfullyappliedto
CBIR systemsthat use global image representationsnot
much researchthasbeenconductedon RF learning meth-
odsfor region-basedCBIR. Basedon the assumptiorthat
importantregionsshouldappeamoreoftenin relevantim-
agesthan unimportantregions, Jing et al. [7] proposeda

(Region Frequeng * InverselmageFrequeng)
weighting scheme(RFIIF). Let be the vari-
ablelengthrepresentatioof a queryimage,where  rep-
resentsthe featuresextractedfrom a region in the image.
Let bethesetof allimagesn thedatabaseand

bethesetof cumulative relevantretrievedim-

agedor queryimage . For eachregion , theregion
frequeny ( )isde nedas
where if atleastoneregionof is similar

to  andO otherwise.Two regionsaredeemedsimilar if
their  distancds smallerthana prede nedtreshold.The
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Figure 3. Regionsareunequalin their differential rele-
vancefor computingsimilarity. Giventhatthe useris look-
ing for imagesof people,region is the mostimportant,
followed by and . Thus,the neighborhoof the
similarity metricshouldbe elongatedalongthedirectionof
andconstrictedalongthedirectionof

inversefrequeny () isde nedas

Theregionimportancgweight)  isthen

1.2 PaperOutline

Therestof this paperis organizedasfollows. In Section
2, we describehe probabilisticapproactfor measuringhe
importanceof eachregionin a queryimage. Section3 de-
scribeshow users feedbackon the retrieval resultsis used

for estimatingthe measureof region relevance.A brief de-
scriptionof UFM [2], whichis usedasthe particularegion-
basedmageretrieval measuravith which PRRL is tested,
is givenin Sectiord. In Section5, we compareheretrieval
performanceof UFM againstthatof UFM with PRRL and
UFM with RFIIF for settingregion weights. Finally, we
give someconcludingremarksin Section6.

2. RegionRelevanceMeasure

Inspiredby PFRL[1]], we learnthe differential region
relevanceby estimatingthe strengthof eachregionin pre-
dicting the classof a given query Given a query image

, where  representghe featuresextracted
from aregionin theimage.Let theclasslabel
at betreatedasarandonvariablefrom adistributionwith
the probabilities . Considerthe func-
tion of amuments

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

where is the joint probability density Now, suppose
thatwe know thevalueof ataparticularregion . The
least-squaresstimatebecomes

where is the conditionaldensity of the otherre-
gions. Because (i.e., the queryimageis always
relevant), is the maximum error that can be

madewhen assigning0 to the probability that is rele-
vantwhenthe probability is in fact1. On the otherhand,
is the error thatis madeby predicting

to betheprobabilitythat is relevant. Therefore,

representareductionin errorbetweerthetwo predictions.
Therefore,a measureof the relevanceof region  for
canbede nedas

1)

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

(@)

where is a parameterthat can be chosento maximize
(minimize)thein uenceof on [11].
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Figure 4. The probabilistic region relevance learning
(PRRL)algorithm

3. Estimation of RegionRelevance

Similarly to PFRL[1] for estimatingfeaturerelevance,
we usethe retrievedimageswith relevancefeedbackto es-
timate region relevance. Let be the set
of cumulative retrievalsfor . Let . Let

denotethesimilarity betweerregion  in
andregion in  in aregion-based_BIR system.Also,
let . We canuse
to estimate(1), hence(2). Note that
However, sincetheremaybeno for which
(i.e.,no  suchthat ), we follow an strat-
egy suggestedh [4] andlook for datain the vicinity of
(i.e.,we allow to besmallerthanl). Thus,(2) is
estimatedy

3)

wherel() returnsl if its aguments true,andO otherwise.
Thus, is an adaptve similarity thresholdthat
changesothatthereis sufcient datafor the estimationof
(2). Thevalueof is chosersothat

, Where . The probabilisticregion relevance
learningalgorithmis summarizedn Figure4.

4.Uni ed Feature Matching (UFM)

Chenand Wang [2] proposeduni ed featurematching
(UFM) asanimprovedalternatve to IRM. In UFM, anim-
ageis characterizedtby a fuzzy featuredenotingcolor, tex-
ture,andshapecharacteristicsThe similarity betweertwo
imageds thende ned astheoverall similarity betweertwo
setsof fuzzy features. Becausefuzzy featurescan char
acterizethe gradualtransition betweenregionsin an im-
age, sggmentation-relateithaccuraciesare implicitly con-
sidered.

Theimagesegymentatioralgorithmthatis used rst par
titions animageinto blocksof 4x4 pixels. Then,a feature
vector representingolor andtexture propertiess
extractedfor eachblock. The rst threefeaturesaretheav-
eragecolorcomponentandtheotherthreerepresenénegy
in high frequengy bandsof the wavelettransformg3, 10].
The -meansalgorithmis thenusedto clusterthe feature
vectorsinto  regions . Thenumberof regions is
adaptvely chosenaccordingto a stoppingcriteria. A fea-
ture vector is thenextractedfor eachregion
to describdts shapecharacteristicsThe shapefeaturesare
normalizednertiaof orderl to 3 [5].

The color andtexture propertiesof eachregion  are
representedy a fuzzy featurewith a Cauchymembership
function de nedas

where istheaverageof all featurevectorsin ~ and

is the averagedistancebetweerclustercenters.The shape
characteristic®f eachregion  arealsorepresentedy a
fuzzy featurewith a Cauchymembershigunction

de nedas

where

is theaveragedistancebetweershapdeatures.

Let and be the
fuzzy featurerepresentationfor a queryandtargetimage
respectiely. The color andtexture similarity betweenthe



gueryandthetargetimageis capturedy thesimilarity vec-
tor

where

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

wherethenormalizedweightvectors and  canbeset
accordingto someregion weightingheuristic,
adjuststheimportanceof and ,and de-

terminesthe signi cance of
larity) and

2.

(i.e., color andtexture simi-
(i.e.,shapesimilarity). For furtherdetails,see

5. Experimental Results

A subsetof 2000 labelled imagesfrom the general-
purposeCOREL imagedatabasevas usedasthe dataset.
Thereare 20 image categyories, eachcontaining 100 pic-
tures. Theregion-basedeaturevectorsof thoseimagesare
obtainedwith the sggmentatioralgorithmdescribedn Sec-
tion41.

We testedthe performanceof UFM, UFM with PRRL
(UFM+PRRL), and UFM with RFIIF (UFM+RFIIF). The
retrieval performances measuredy precisionandrecall,
de nedas

Everyimageis usedasaqueryimage.A uniformweighting
schemas usedto setthe region weightsof eachqueryand
targetimages. For UFM+PRRL, and UFM+RFIIF, users
feedbackwassimulatedby carryingout 3 RF iterationsfor
eachquery Becausdheimagesin the datasetarelabelled
accordingto their cateyory, it is known whetheranimage
in the retrieval setwould be labelled as relevant or non-
relevantby the user

The averageprecisionof the 2000 querieswith respect
to differentnumberof RF iterationsis shovn in Figure5.
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Figure 5. Precisionat differentnumberof RF iterations.
Thesizeof theretrieval setis 20

Figures6 through9 shaw the precisionrecall curves after
eachRF iteration. We can obsene that UFM+PRRL has
the bestperformance.It canbe seenthat, even after only
1 RF iteration, the region weightslearnedby PRRL result
in a very signi cant performancamprovement. Figure 10
shaws theretrieval resultsobtainedon a randomqueryim-
age.lt is dif cult to make objective comparisonsvith other
region-basedmageretrieval systemssuchas Netra[9] or
Blobworld [1] which require additionalinformation from
theuser(i.e., importantregionsand/orfeatures)during the
retrieval process.

6. Conclusionsand Futur e Work

Region-basedimage retrieval framavorks that use an
overall image-to-imagesimilarity measureusually setre-
gionweightsbhasedn someheuristicthatis ofteninconsis-
tentwith humanperceptiorabouttheimportanceof regions
in animage. In this paper we presentech novel proba-
bilistic methodfor automaticallyestimatingherelative rel-
evanceof theregionsin animage.Theexperimentakesults
ongeneral-purposenagesshav corvincingly thatlearning
region relevancebasedn users feedbackcansigni cantly
improveretrieval performance.

Currently our methodonly performsintra-querylearn-
ing. Thatis, for eachgiven query the users feedback
is usedto learnthe relevanceof the regionsin the query
and the learning processstartsfrom ground up for each
new query However, it is also possibleto exploit inter-

1we would like to thankYixin Chenfor providing uswith this data



Precision

Precisions

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

Corel Images -- 0 RF lterations

UFM, UFM+PRRL, UFM+RFIIF

Precision

0.2 0.4 0.6

Recall

Corel Images 2 RF Iterations

0.8

Figure 6. Precision-recalturve with nolearning

EF—FHEIUFM+PRRL
O—UFM+RFIIF

0.2 0.4 0.6

Recall

0.8

Figure 8. Precision-recalture after2 RFiterations

Precision

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

Corel Images 1 RF lteration

EF—EIUFM+PRRL
O—UFM+RFIIF —

0.4 0.6
Recall

Corel Images 3 RF Iterations

0.8 1

Figure 7. Precision-recalturve after1 RF iteration

T T
E—EJUFM+PRRL
O—OUFM+RFIIF e
3
L L L
0.4 0.6 0.8 1

Recall

Figure 9. Precision-recalturve of after3 RF iterations



Initial Retrieval Set with UFM, precision = 0.3

Retrieval Set with UFM+PRRL after 2 RF iterations, precision = 0.

Figure 10. Retrieval resultson a randomquery image
(top leftmost). The imagesare sortedbasedon their simi-
larity to the queryimage. The ranksdescendrom left to
right andfrom top to bottom.

guerylearning(i.e., thelong-termknowledgeaccumulated
over the courseof mary query sessions}o enhancethe
retrieval performanceof future queries. Thus, for a new
guery insteadof startingthe learningprocessrom ground
up, we could exploit the previously learnedregion impor-
tancesof similar queries. This would be very bene cial
speciallyin the initial retrieval setsince,insteadof using
uniform weighting or someother weighting heuristic, we
could make a more informed initial estimateof the rele-
vanceof regionsin the new query We planto investigate
thepossibility of incorporatingnter-querylearninginto the

region-basedmageretrieval framework as part of our fu-
turework.
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