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Abstract

Probabilistic feature relevancelearning (PFRL) is an
effective methodfor adaptively computing local feature
relevancein content-basedimage 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
probabilisticmethodinspiredbyPFRL,probabilisticregion
relevance learning (PRRL), for automaticallyestimating
region relevancebasedon user's feedback. PRRLcan be
usedto set region weightsin region-basedimage retrieval
frameworks that usean overall image-to-image similarity
measure. Experimentalresultson general-purposeimages
show the effectivenessof PRRL in learning the relative
importanceof regionsin an image.

Keywords: Region-based Image Retrieval, Region
Importance, RelevanceFeedback

1. Intr oduction

In traditional approaches,a content-basedimage re-
trieval (CBIR) systemextractssomeglobal features(such
ascolor, texture, andshape)from an image. The features
are then the componentsof a featurevectorwhich makes
the imagecorrespondto a point in a featurespace.In or-
der to determineclosenessbetweentwo images,a similar-
ity measureis usedto calculatethedistancebetweentheir
correspondingfeaturevectors.Then,theclosestimagesin
featurespaceto aqueryimagearereturnedto theuserasthe
queryresults. Becauseof the semanticgapbetweenhigh-
level conceptsand low-level features,the performanceof
CBIR is not satisfactory. In order to overcomethis prob-
lem,two majorapproacheshavebeensuggested:theuseof

alearningtechnique,suchasrelevancefeedbackto learnthe
user'shigh-level conceptandregion-basedimagerepresen-
tationsthat arecloserto a user's perceptionof an image's
content.

Relevancefeedback(RF) works by gatheringsemantic
informationfrom userinteraction.In orderto learna user's
queryconcept,the userlabelseachimagereturnedin the
previous query roundas relevant (1) or non-relevant (-1).
Basedon thefeedback,theretrieval schemeis adjustedand
thenext setof imagesis presentedto theuserfor labelling.
Two mainRFstrategieshavebeenproposedin CBIR: query
shifting [13], anddistancereweighting[6, 12, 11]. Query
shiftinginvolvesmoving thequerytowardstheregionof the
featurespacecontainingrelevantimagesandawayfrom the
region containingnon-relevantimages.Distancereweight-
ing assumesthattherelevantimagesarelocatedalongsome
direction of the featurespace. Thus, the task is to deter-
mine the featuresthat help the most in retrieving relevant
imagesand increasetheir importancein determiningsim-
ilarity. In [11], a probabilisticfeaturerelevancelearning
(PFRL)methodthatautomaticallycapturesthefeaturerel-
evancebasedon RF is presented.It computes�e xible re-
trieval metricsfor producingneighborhoodsthat areelon-
gatedalonglessrelevantfeaturedimensionsandconstricted
alongmost in�uential ones(SeeFigure1). Retrieved im-
ageswith RF areusedto computelocal featurerelevance.

In contrastto traditionalmethods,whichcomputeglobal
features,region-basedapproaches[1, 9, 14] extractfeatures
from segmentedregionsof an image.Then,imagesarere-
trieved accordingto the similarity betweenregions. The
mainobjectiveof usingregionsis to do a moremeaningful
retrieval that is closerto a user's perceptionsof animage's
content. Insteadof looking at the imageas a whole, we
look at theobjectsin theimageandtheir relationships.The
similarity measurethatmostof thesesystems[1, 9] useto
comparetwo imagesis basedonindividualregion-to-region
similarity. Both Blobworld [1] and Netra [9] requirethe
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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
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Figure 2. Integratedregionmatching(IRM)

userto selectthe region(s)of interestfrom the segmented
image.This informationis thenusedfor determiningsim-
ilarity with databaseimages.A major problemwith these
systemsis thatthesegmentedregionsthey produceusually
do not correspondto actualobjectsin the image. For in-
stance,an object may be partitionedinto several regions,
with noneof thembeingrepresentativeof theobject.

In orderto overcometheproblemsof innaccurateimage
segmentation,someapproacheshave beenproposedthat
considerall the regionsin an imagefor determiningsimi-
larity [8, 2, 14]. In [8], IRM (IntegratedRegion Matching)
is proposedasameasurethatallowsamany-to-many region
mappingrelationshipbetweentwo imagesbymatchingare-
gion of oneimageto severalregionsof anotherimage.Ba-
sically, the“most similar highestpriority” principle is used
andthesmallerthedistancebetweentwo regions ��� and�
	

is, the larger their signi�cance credit (weight) �
��� � is (See
Figure2). Thus,by having a similarity measurewhich is a
weightedsumof distancesbetweenall regionsfrom differ-
entimages,IRM is morerobustto inaccuratesegmentation.

Recently, a fuzzy logic approach,UFM (Uni�ed Feature
Matching) [2] wasproposedasan alternative to IRM. An
imageis representedby a set of segmentedregions each
of which is representedby a fuzzy featuredenotingcolor,
texture, andshapecharacteristics.Becausefuzzy features
cancharacterizethe gradualtransitionbetweenregions in
an image,segmentation-relatedinaccuraciesare implicitly
considered.Thesimilarity betweentwo imagesis thende-
�ned astheoverallsimilarity betweentwo setsof fuzzyfea-
tures.

A key factorin thesetypesof systemsthat considerall
the regions to performan overall image-to-imagesimilar-
ity is theweightingof regions.Theweight that is assigned
to eachregion for determiningsimilarity is usuallybased
on prior assumptionssuchasthatlargerregions,or regions
thatarecloseto thecenterof theimage,shouldhave larger
weights.This is often inconsistentwith 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 theobservation that regionsin an imagehave
unequalimportancefor computingimage similarity (See
Figure 3), we proposea probabilisticmethodinspiredby
PFRL[11], probabilisticregion relevancelearning(PRRL),
for automaticallycapturingregionrelevancebasedonuser's
feedback. PRRL can be used to set region weights in
region-basedimageretrieval frameworksthatuseanoverall
image-to-imagesimilarity measure.

1.1 RelatedWork

Although RF learninghasbeensuccessfullyappliedto
CBIR systemsthat useglobal imagerepresentations,not
much researchhasbeenconductedon RF learningmeth-
odsfor region-basedCBIR. Basedon the assumptionthat
importantregionsshouldappearmoreoftenin relevantim-
agesthanunimportantregions,Jing et al. [7] proposeda
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Figure 3. Regionsareunequalin their differential rele-
vancefor computingsimilarity. Giventhattheuseris look-
ing for imagesof people,region ��� is themostimportant,
followed by �
	 and ��� . Thus, the neighborhoodof the
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1.2 Paper Outline

Therestof this paperis organizedasfollows. In Section
2, we describetheprobabilisticapproachfor measuringthe
importanceof eachregion in a queryimage.Section3 de-
scribeshow user's feedbackon theretrieval resultsis used

for estimatingthemeasureof region relevance.A brief de-
scriptionof UFM [2], whichis usedastheparticularregion-
basedimageretrieval measurewith which PRRL is tested,
is givenin Section4. In Section5, wecomparetheretrieval
performanceof UFM againstthatof UFM with PRRLand
UFM with RFIIF for settingregion weights. Finally, we
givesomeconcludingremarksin Section6.

2. RegionRelevanceMeasure

Inspiredby PFRL[11], we learn the differential region
relevanceby estimatingthestrengthof eachregion in pre-
dicting the classof a given query. Given a query image
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Figure 4. The probabilistic region relevance learning
(PRRL)algorithm

3. Estimation of RegionRelevance

Similarly to PFRL[11] for estimatingfeaturerelevance,
we usetheretrievedimageswith relevancefeedbackto es-
timateregion relevance. Let
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 . The probabilisticregion relevance
learningalgorithmis summarizedin Figure4.

4. Uni�ed Feature Matching (UFM)

ChenandWang [2] proposeduni�ed featurematching
(UFM) asanimprovedalternative to IRM. In UFM, anim-
ageis characterizedby a fuzzy featuredenotingcolor, tex-
ture,andshapecharacteristics.Thesimilarity betweentwo
imagesis thende�ned astheoverallsimilarity betweentwo
setsof fuzzy features. Becausefuzzy featurescan char-
acterizethe gradualtransitionbetweenregions in an im-
age,segmentation-relatedinaccuraciesare implicitly con-
sidered.

Theimagesegmentationalgorithmthat is used�rst par-
titions an imageinto blocksof 4x4 pixels. Then,a feature
vector 0 � 0)132 representingcolor andtexturepropertiesis
extractedfor eachblock. The�rst threefeaturesaretheav-
eragecolorcomponentsandtheotherthreerepresentenergy
in high frequency bandsof thewavelet transforms[3, 10].
The 4 -meansalgorithmis thenusedto clusterthe feature
vectorsinto 4 regions �"�@�

��5

# . Thenumberof regions 4 is
adaptively chosenaccordingto a stoppingcriteria. A fea-
ture vector 6 	 07138 is thenextractedfor eachregion � 	

to describeits shapecharacteristics.Theshapefeaturesare
normalizedinertiaof order1 to 3 [5].

The color andtexture propertiesof eachregion � 	 are
representedby a fuzzy featurewith a Cauchymembership
function 9;:
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fuzzy featurerepresentationsfor a queryandtarget image
respectively. The color andtexture similarity betweenthe



queryandthetargetimageis capturedby thesimilarity vec-
tor �

� + ��� #"> ���

�

> +�+ + > ���

5

�

> ���

#

> ���

�

> + +�+ > ���

5

�

-

)

where

� �

�

�

$ 1

9;: Z

� < >

5

�

�

���

#

9

:_^ 6 � <

3 �

4 < A 4 �

<

4 < A 4

�

<

A��	��
C���

#

�! ! ! �

5

�

"="

�

0?� �

�

0

�

	

"<"

���

�

�

$ 1

9

: ^

Z

� <

>

5

�

�

���

#

9;:

6

� <�3 �

4 < A 4 �

<

4Y< A 4

�

<

A��	��
 ���

#

�! ! ! �

5

�

"<"

�

0 �

�

�

�

0 	 "<"

andsimilarly for theshapesimilarity, capturedby similarity
vector � . TheUFM measurefor thequeryandtargetimage
is thende�ned as
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(i.e., color andtexturesimi-
larity) and � (i.e.,shapesimilarity). For furtherdetails,see
[2].

5. Experimental Results

A subsetof 2000 labelled imagesfrom the general-
purposeCOREL imagedatabasewasusedasthe dataset.
Thereare 20 imagecategories,eachcontaining100 pic-
tures.Theregion-basedfeaturevectorsof thoseimagesare
obtainedwith thesegmentationalgorithmdescribedin Sec-
tion 4 1.

We testedthe performanceof UFM, UFM with PRRL
(UFM+PRRL),andUFM with RFIIF (UFM+RFIIF). The
retrieval performanceis measuredby precisionandrecall,
de�ned as
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Everyimageis usedasaqueryimage.A uniformweighting
schemeis usedto settheregion weightsof eachqueryand
target images. For UFM+PRRL,andUFM+RFIIF, user's
feedbackwassimulatedby carryingout 3 RF iterationsfor
eachquery. Becausetheimagesin thedatasetarelabelled
accordingto their category, it is known whetheran image
in the retrieval set would be labelledas relevant or non-
relevantby theuser.

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

Figures6 through9 show the precisionrecall curvesafter
eachRF iteration. We can observe 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 performanceimprovement.Figure10
shows theretrieval resultsobtainedon a randomqueryim-
age.It is dif�cult to makeobjectivecomparisonswith other
region-basedimageretrieval systemssuchasNetra [9] or
Blobworld [1] which requireadditional information from
theuser(i.e., importantregionsand/orfeatures)during the
retrieval process.

6. Conclusionsand Future Work

Region-basedimage retrieval frameworks that use an
overall image-to-imagesimilarity measureusually set re-
gionweightsbasedonsomeheuristicthatis ofteninconsis-
tentwith humanperceptionabouttheimportanceof regions
in an image. In this paper, we presenteda novel proba-
bilistic methodfor automaticallyestimatingtherelativerel-
evanceof theregionsin animage.Theexperimentalresults
ongeneral-purposeimagesshow convincingly thatlearning
region relevancebasedon user's feedbackcansigni�cantly
improveretrieval performance.

Currently, our methodonly performsintra-querylearn-
ing. That is, for eachgiven query, the user's feedback
is usedto learn the relevanceof the regions in the query
and the learning processstartsfrom ground up for each
new query. However, it is also possibleto exploit inter-

1Wewould like to thankYixin Chenfor providing uswith this data
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Retrieval Set with UFM+PRRL after 2 RF iterations, precision = 0.75

Initial Retrieval Set with UFM, precision = 0.3

Figure 10. Retrieval resultson a randomquery image
(top leftmost). The imagesaresortedbasedon their simi-
larity to the query image. The ranksdescendfrom left to
right andfrom top to bottom.

querylearning(i.e., the long-termknowledgeaccumulated
over the courseof many query sessions)to enhancethe
retrieval performanceof future queries. Thus, for a new
query, insteadof startingthe learningprocessfrom ground
up, we could exploit the previously learnedregion impor-
tancesof similar queries. This would be very bene�cial
speciallyin the initial retrieval set since,insteadof using
uniform weighting or someother weightingheuristic,we
could make a more informed initial estimateof the rele-
vanceof regionsin the new query. We plan to investigate
thepossibilityof incorporatinginter-querylearninginto the

region-basedimageretrieval framework aspart of our fu-
turework.
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