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ABSTRACT

Usersof imagedatabasesoften prefer to retrieve rele-
vant imagesby categories. Unfortunately, imagesareusu-
ally indexed by low-level featureslike color, texture and
shape,which oftenfail to capturehigh-level conceptswell.
To addressthis issue,relevancefeedbackhasbeenexten-
sively usedto associatelow-level imagefeatureswith high-
level concepts.Among all existing relevancefeedbackap-
proaches,query movementand featurere-weightinghave
beenprovento besuitablefor large-scaledimagedatabases
with high dimensionalimagefeatures. In this paper, we
presenta featurere-weightingapproachusingrelevant im-
agesaswell asirrelevantonesin therelevancefeedback.As
far asfeaturere-weightingapproachesareconcerned,one
of their commondrawbacksis thatthefeaturere-weighting
processisproneto betrappedbysuboptimalstates.To over-
comethis problem,we introducea disturbingfactor, which
is basedon theFishercriterion,to pushthefeatureweights
out of sub-optimum.Experimentalresultsona large-scaled
imagedatabasewith 31,438COREL imagesdemonstrate
theeffectivenessof thepresentedmethod.

1. INTRODUCTION

The taskof content-basedimageretrieval systemsis to lo-
caterelevantimagesin imagedatabases.To avoid thetime
consumingandsubjectiveprocessof manuallabelingof im-
ages,most image databasesuse content-basedimage re-
trieval techniquesand index imageswith low-level image
featuressuchascolor, textureandshape.Thesedatabases
representeachimagefeatureusinga featurevector, andre-
trieve imagesaccordingto the distance(or similarity) be-
tweentheir featurevectorsandthoseof thequery.

Althoughvariouseffective low-level featureshavebeen
proposedfor content-basedimageretrieval, noneof them
canalwayscapturehigh-level conceptssuccessfully. To ad-
dressthis issue,relevancefeedbackhasbeenusedasapow-�
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erful tool to bridgethegapsbetweenlow-level featuresand
high-level concepts. Most of the existing relevancefeed-
backapproacheslearnanoptimalqueryandtherelative im-
portanceof eachfeaturecomponentfrom relevancefeed-
back[1]. Morerecently, someapproaches[2, 3] convert the
relevancefeedbackto an optimizationproblemand try to
decorrelatethecomponentsof imagefeaturesby a whiten-
ing transformation[4], whileotherschallengethesameprob-
lemwith machinelearning[5] or classification[6] methods.

In theoreticalanalysis,mostrelevancefeedbackapproaches
otherthanfeaturere-weightingonesaresounder, sincethey
don’t assumethatthecomponentsof imagefeaturesarein-
dependentfrom eachother. However, to geta reliableper-
formance,many of theseapproachesrequirethenumberof
trainingsamplesgrowsproportionalwith thedimensionsof
featurevectors[3]. Thissituationis oftencalledthe curse of
dimensionality, andit restrictsseverely the practicalappli-
cationof a lot of approachesto high dimensionaldata.On
the otherhand,the dimensionsof many well-acceptedim-
agefeaturesarevery high. For instance,a color histogram
normallyhasa dimensionalityof tensto hundreds.For im-
agedatabasesusing high dimensionalimagefeatures,the
featurere-weightingapproachesarestill goodchoices.So,
it is very critical to improve theperformanceof featurere-
weightingapproachesfor thesedatabases.

In thispaper, wepresentafeaturere-weightingapproach
using the standarddeviation of featurevaluesfrom rele-
vant imagesaswell asthedistribution patternof irrelevant
imageson the axis of eachfeaturecomponent.As far as
featurere-weightingapproachesareconcerned,oneof their
commondrawbacksis thatthefeaturere-weightingprocess
is proneto be trappedby suboptimalstatesduring the rel-
evancefeedback. To addressthis problem,we introduce
a disturbingfactor, which is basedon the Fishercriterion
[4], to pushthe featureweightsout of sub-optimum.Ex-
perimentalresultson a large-scaleddatabasewith 31,438
CORELimagesdemonstratethattheproposedapproachout-
performsthe traditionalfeaturere-weightingapproach[1],
which only usesstandarddeviation of featurevaluesfrom
relevantimages.Theproposedapproachis presentedin the



next section.Theexperimentalresultsareprovidedin Sec-
tion 3. Finally, we concludein Section4.

2. FEATURE RE-WEIGHTING APPROACH

2.1. Feature Re-Weighting Using Feedback

We introduceour featurere-weightingapproachin thissec-
tion. For a given query imagewith the optimizedquery
points ��� andthesetof retrievedimages� ���	��
��
�����������
�����
after the � th relevancefeedbackiteration,theuseris asked
to providetherelevanceof eachimageto thequeryas �� � �� � �
������������ � �� �"! , wherethevalueof

� �# is binary– $ means
��#
is relevant and % meansit is irrelevant. Eachimage 
��#'&� � is representedby ( features ) �# �*� ) �#,+ 
 ��������� ) �#,+ - � .
We usethe vector �) �#,+ . � � ) � + 
#,+ . ��������� ) � + /10#,+ . �2! to represent
the 3 th featureand 4 . is its length. For instance,the 8-
elementedgedirectionhistogramhas4 . �65 .

Let the 3 th featureof thequery ��� be

�� �. � � � � + 
. ����������� � + / 0. � ! � (1)

we usetheweighted Euclidean [2] distancemetric to mea-
surethedistancebetween���. and ) �#,+ . :7 �#,+ . �98 �) �#,+ .;: �� �.=< !?> �. 8 �) �#@+ .6: �� �.=< � (2)

where> �. isadiagonalmatrixwith A �.B+ C asits D th diagonal
element– A �.B+ C indicatestheimportanceof the D th compo-
nentof feature 3 . We presentour approachfor adjustingA . + C from relevancefeedbackin this section.

Let the set of relevant and irrelevant imagesafter the� th relevancefeedbackiterationbe E � and F � , respectively,
where � �G� E �IH F � . For all imagesin E � , we stacktheirD th componentof feature 3 into the set J � + K. + C . Similarly,
westackthe D th componentof feature3 from theirrelevant
imageset F � into theset J � + L.B+ C . Thedominant range of E �
on theaxisof the D th componentof feature3 is definedas:M �.B+ C � � N � + 
. + C � N � + O.B+ C � � (3)

with N � + 
.B+ C � ( 
QPR8 J � + K.B+ C < � (4)N � + O.B+ C � (TS�U 8 J � + K.B+ C < � (5)

where( 
QP and (TSVU arethefunctionsgiving theminimum
andthe maximumvalueof a set,respectively.

M �.B+ C is the
rangeontheaxisof the D th componentof feature3 spanned
by the relevant imagesafter the � th iteration,asshown in
Figure1.

The confusionset of the D th componentof feature 3
afterthe � th iterationis givenby:W � + L.B+ C �T�YX ) �. + C[Z ) �.B+ C & M �.B+ C S P 7 ) �. + C & J � + L.B+ C � � (6)

The confusionset is the subsetof J � + L.B+ C that falls into the
dominantrange

M �. + C after the � th iteration. Thediscrimi-
nantratioof the D th componentof feature3 is definedas:

\ �.B+ C � $ : ] �^�_ 
 Z W ^ + L.B+ C Z] �^`_ 
 Z J ^ + L.B+ C Z � (7)

The discriminantratio indicatesthe ratio of irrelevant im-
ageslocatedoutsideof the dominantrange

M �.B+ C over all
irrelevant images,andit shows the ability of componentD
of feature 3 in separatingirrelevant imagesfrom relevant
ones.Denotethestandarddeviation of J � + K.B+ C as a � + K.B+ C , then
theweight A . + C is updatedby:

A �Yb 
.B+ C � \ �.B+ Ca � + K.B+ C � (8)

Unlike the Mars featurere-weightingapproach[1] which
only usesthefactor a � + K. + C learnedfrom relevantimages,we
alsointegrateirrelevant imagesin our featurere-weighting
methodby introducingthefactor

\ �.B+ C , which indicatesthe
distribution patternof theirrelevantimageson eachfeature
component.

Fig. 1. The weightvalueof onefeaturecomponentin dif-
ferentcases.

Our methodand the Mars approachare comparedin
Figure1. As shown in Figure1, theMarsapproachassigns
large weightsto all featurecomponentsthat allocaterele-
vantimagestogether. However, many relevantimagesin the
databasemaysharethesameirrelevantfeaturessuchasthe
background.By inappropriatelyassigninglargeweightsto
irrelevantfeaturecomponentsasshown in thecase2 of Fig-
ure1, theMarsapproachmaybring in moreirrelevant im-
agesin thenext iteration. On theotherhand,our approach
makesgooduseof irrelevantimageaswell asrelevantones
to calculatetheweightsof eachfeaturecomponent.Hence,
our approachsuccessfullydistinguishescase1 from case2,
andonly assignslargeweightsto the former– which clus-
ters all relevant imagestogetherand scatterthe irrelevant
imagesawayfrom therelevantones.Forcomponentswhose
distribution patternsaresimilar with case3, both theMars
approachandour methodassignsmallweightsto them.



2.2. Disturbing Factor

Therelevancefeedbackmayconvergewith only few or even
justonerelevantimage.This is becausethefeatureweights
aretrappedin somesuboptimalstate,whichcanbedetected
by thefollowing conditions:

c Z E � Z � $ � for all �edf$ .c E � � E �hg 
 and Z E � Z1ikj for all �mln$ , wherej is a
predefinedthreshold.

Wheneitheroneof theaboveconditionsholds,wethink
thefeatureweightsis trappedin asuboptimalstate.To push
the featureweightsout of the sub-optimum,we usea dis-
turbing factormeasuredfrom the scatterof the classesof
relevant imagesand irrelevant ones. In reality, irrelevant
imagestend to be multi-model,but we simplify the situa-
tion by regardingthemasoneclass,sincewe just wish to
resumethefeaturere-weightingprocesswhenit’s stuck.

Denotethemeanvaluesof J � + K.B+ C and J � + L. + C by o � + K.B+ C ando � + L.B+ C , respectively, and let the standarddeviation of J � + L.B+ C
be a � + L.B+ C . Thedisturbingfactoris givenby:

p �.B+ C � 8 o � + K.B+ C : o � + L.B+ C < O8 a � + K.B+ C < Orq 8 a � + L.B+ C < O � (9)

The above formula is the Fishercriterion [4], which has
beenextensively usedin measuringthescatterbetweentwo
classes.Theweight A .B+ C is thenupdatedby:

A �Yb 
.B+ C � p �.B+ CBs A �.B+ C � (10)

After eachfeedbackiteration,thefeaturevectorsof the
query are set to the averagevaluesof all relevant feature
vectors.Its optimality is provenby Ishikawa [2]. Theover-
all distancebetweenimage 
��# & � � andquery ��� is given
by: t �# � �u � s � 7 �#@+ 
 ��������� 7 �#@+ . ��������� 7 �#@+ - � ! � (11)

where �u � � � uv�
�����������uv�. ����������uv�- � – u[�. is the importanceof
the 3 th feature,and

7 �#,+ . is givenby Formula2. This dis-
tanceschemeindicatesthatanimagemustbesimilar to the
queryin all features:color, textureandshapeto beconsid-
eredasrelevant. As proposedby Rui et. al. [3], theweight
of the 3 th featureis calculatedby:

u �. � -w ^`_ 

x y �^y �. � (12)

where
y �^ 8{z|� $ ��������� ( < is the total distancebetweenthe

featurez of query ��� andthoseof relevant imagesafter the� th iteration.

3. EXPERIMENTS

3.1. Experiment Setup

In ourexperiments,eachimageis representedby four image
features.Thefirst oneis a 32-bincolor histogram[1] in the
HSV colorspace.Thesecondoneis a9-bincolormoments
[7] extractedfrom theL*a*b colorspace.Thethird oneis a
10-binwavelet-basedtexturedescriptor[3]. Thefourth one
is a 8-bin edgedirectionhistogramobtainedfrom theedge
mapsof an image. To get the edgemaps,a color imageis
first convertedtoagray-scaledone,andthenconvolvedwith
theeightSobeledgedetectors.Theeightconvolvedimages
arethenthresholdedto getedgemapsin all theeightdirec-
tions.Eachbin in theedgedirectionhistogramindicatesthe
numberof edgepixelsin oneof theeightprimarydirections.

Theimagedatabaseusedto testtheeffectivenessof the
proposedapproachconsistsof 31,438color imagesfrom
CORELimageset.Amongthem,6,457imagesfrom 73se-
manticcategoriesareusedasqueryimagesfor performance
evaluation.

Precision andrecall areusedtoevaluatetheperformance
of the proposedapproach.Precision is the numberof the
retrievedrelevantimagesover thetotal numberof retrieved
images,and recall is the numberof the retrieved relevant
imagesoverthetotalnumberof relevantimagesin thedatabase.
To calculateprecisionandrecall, only thoseretrieved im-
agesfromthesamesemanticcategoryasthequeryarecounted
asrelevant.

Thenumberof imagesreturnedto theuserin eachrele-
vancefeedbackiterationis calledthescope. Sincetheper-
formancealsodependson thescope, we conductedexperi-
mentsonscopesof 40,80,120and200,respectively.

For a comparison,we provide the performanceof the
Marsapproach[1] underthesameexperimentalconditions.

3.2. Result Analysis

For eachquery, } feedbackiterationsarerun, andthe per-
formanceis shown in Table1. In thetable,P andR denote
precisionandrecall.Thecolumnsshow theimprovementof
performancewith the increasingof the relevancefeedback
iterationtimes,andtheperformanceof thescopesof 40,80,
120 and200 are listed from the top to the bottom. From
Table1, it is obvious that our methodconsistentlyoutper-
formstheMarsapproach.By usingrelevantimagesaswell
asirrelevantonesto re-weightimagefeatures,our method
achieves a ~V� to ��� gain in performanceover the Mars
approach.In addition,theMarsapproachonly achievetriv-
ial improvementon performanceafterthesecondrelevance
feedbackiteration.On theotherhand,our approachis ben-
efitedfrom the disturbingfactorintroducedin Section2.2,
andattainsmorenoticeableperformanceimprovementfor
iterationsafterthesecondone.



Table 1. Performancecomparisonof the Mars approach
(MS) andourmethod(DD).

Theprecisionandrecallcurvesof ourmethod,theMars
approachandthe plain-Euclidean-distance-basedapproach
without relevancefeedbackareshown in Figure2. These
curvesshow the final performanceof eachapproachafter
all the 4 relevancefeedbackiterations. We canlearnfrom
the curves that both featurere-weightingapproachesout-
performtheplain approachnoticeably, while our approach
outperformstheMarsapproachobviously.

4. CONCLUSIONS AND FUTURE WORK

In this paper, we presenteda featurere-weightingapproach
for relevancefeedbackin content-basedimageretrieval. To
re-weight imagefeatures,our approachnot only usesthe
standarddeviation of thefeaturevaluesof relevantimages,
but also employs the distribution patternof irrelevant im-
ageson theaxisof every featurecomponent.To overcome
thecommonlyencounteredsuboptimalstatesin featurere-
weighting,we proposedusinga Fisher-criterion-baseddis-
turbing factorto pushfeatureweightsout of sub-optimum.
Experimentalresultson a very large-scaledimagedatabase
with highdimensionalimagefeaturesindicatedthatourmethod
consistentlyoutperformspreviouslywell-known featurere-
weightingapproaches.

In thefuture,we will continuesearchingmoreeffective
featurere-weightingfunctions. Moreover, we will try to
find other imagefeatureswhosecomponentsaremore in-
dependentfrom eachother thanthe oneswe arecurrently
using.
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(a)Scope= 40
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(b) Scope= 80
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(c) Scope= 120
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(d) Scope= 200

Fig. 2. Precisionandrecall curvesof differentscopesaf-
ter the } th iteration, whereDD denotesour method,MS
identifiestheMarsapproach,andPlainstandsfor theplain-
Euclidean-distance-basedapproachwithout relevancefeed-
back.
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