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ABSTRACT

Usersof imagedatabasesften preferto retrieve rele-
vantimagesby cataories. Unfortunately imagesare usu-
ally indexed by low-level featureslike color, texture and
shapewhich oftenfail to capturehigh-level conceptswell.
To addresghis issue, relevancefeedbackhasbeenexten-
sively usedto associatdéow-level imagefeatureswith high-
level concepts.Among all existing relevancefeedbackap-
proachesguery movementand featurere-weightinghave
beenprovento besuitablefor large-scaledmagedatabases
with high dimensionalimage features. In this paper we
presenta featurere-weightingapproactusingrelevantim-
agesaswell asirrelevantonesin therelevancefeedback As
far asfeaturere-weightingapproachesire concernedpne
of theircommondrawbacksis thatthe featurere-weighting
processs proneto betrappedby suboptimaktatesTo over-
comethis problem,we introducea disturbingfactor which
is basedon the Fishercriterion, to pushthefeatureweights
out of sub-optimum Experimentalesultson alarge-scaled
image databasewith 31,438 COREL imagesdemonstrate
the effectivenesof the presentednethod.

1. INTRODUCTION

The taskof content-based@mageretrieval systemss to lo-
caterelevantimagesin imagedatabasesTo avoid thetime
consumingandsubjectve proces®f manualabelingof im-
ages,most image databasesise content-basedmage re-
trieval techniguesand index imageswith low-level image
featuressuchascolor, texture andshape.Thesedatabases
represeneachimagefeatureusinga featurevector andre-
trieve imagesaccordingto the distance(or similarity) be-
tweentheir featurevectorsandthoseof the query
Althoughvariouseffective low-level featureshave been
proposedfor content-basedmageretrieval, none of them
canalwayscapturehigh-level conceptssuccessfullyTo ad-
dresghisissue relevancefeedbackasbeenusedasa pow-
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erful tool to bridgethe gapshetweerow-level featuresand
high-level concepts. Most of the existing relevancefeed-
backapproachekarnanoptimalqueryandtherelative im-

portanceof eachfeaturecomponentfrom relevancefeed-
back[1]. Morerecently someapproachef?, 3] corvertthe
relevancefeedbackto an optimizationproblemandtry to

decorrelatehe component®f imagefeatureshy a whiten-
ing transformatiorj4], while otherschallengeéhesameprob-
lemwith machindearning[5] or classificatior{6] methods.

In theoreticahnalysismostrelevancefeedbaclkapproaches
otherthanfeaturere-weightingonesaresoundersincethey
don't assumehatthe component®f imagefeaturesarein-
dependenfrom eachother However, to getareliable per
formance mary of theseapproachesequirethe numberof
trainingsamplegyrows proportionalwith the dimensionof
featurevectors[3. This situationis oftencalledthe curse of
dimensionality, andit restrictsseverely the practicalappli-
cationof alot of approacheso high dimensionadata. On
the otherhand,the dimensionsof mary well-acceptedm-
agefeaturesarevery high. For instance a color histogram
normally hasa dimensionalityof tensto hundreds For im-
agedatabasesising high dimensionalimage features,the
featurere-weightingapproachearestill goodchoices.So,
it is very critical to improve the performanceof featurere-
weightingapproachefor thesedatabases.

In this paperwe presenafeaturere-weightingapproach
using the standarddeviation of featurevaluesfrom rele-
vantimagesaswell asthe distribution patternof irrelevant
imageson the axis of eachfeaturecomponent. As far as
featurere-weightingapproacheareconcernedoneof their
commondrawbacksis thatthefeaturere-weightingprocess
is proneto be trappedby suboptimalstatesduring the rel-
evancefeedback. To addresshis problem, we introduce
a disturbingfactor which is basedon the Fishercriterion
[4], to pushthe featureweightsout of sub-optimum. Ex-
perimentalresultson a large-scaleddatabasewvith 31,438
CORELimagegdemonstrat¢éhattheproposedpproachout-
performsthe traditional featurere-weightingapproach1],
which only usesstandarddeviation of featurevaluesfrom
relevantimages.The proposedapproachs presentedn the



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

2. FEATURE RE-WEIGHTING APPROACH

2.1. Feature Re-Weighting Using Feedback

We introduceour featurere-weightingapproachn this sec-
tion. For a given query image with the optimized query
pointsq® andthe setof retrievedimagesI* = {if, ...,k }
afterthe kth relevancefeedbackiteration, the useris asled
to providetherelevanceof eachimageto thequeryas * =

K ., k& wherethevalueof *isbinary— meang*
is relevantand meansit is irrelevant. Eachimagei*

I* is representedby  features * = { ¥ ., % 1}

We usethevector ¥ = k1 &k to represent
the th featureand is its length. For instance the 8-
elementedgedirectionhistogramhas =

Letthe thfeatureof thequeryq® be

¢ =q", .. : (1)

we usethe weighted Euclidean [2] distancemetricto mea-
surethedistancebetweerg® and *

k. _ ok k

= gk g, 2

where * isadiagonamatrixwith * asits thdiagonal

element- * indicatestheimportanceof the th compo-

nentof feature . We presentour approachfor adjusting
from relevancefeedbackn this section.

Let the setof relevant and irrelevant imagesafter the
kthrelevancefeedbackterationbe *and *,respectiely,
whereI* = *  k Forallimagesn *,we stacktheir
th componenbf feature into theset * . Similarly,
westackthe thcomponenbf feature fromtheirrelevant
imageset ¥ intotheset * . Thedominant rangeof *

ontheaxisof the th componendf feature is definedas:
L 3)

with
R @)
B koo (5)
where ¢ and arethefunctionsgiving theminimum

andthe maximumvalueof a set,respectiely. * isthe
rangeontheaxisof the thcomponenbffeature spanned
by the relevantimagesafter the kth iteration,as shovn in
Figurel.

The confusionset of the th componentof feature
afterthe kth iterationis givenby:

koo ko k k k k1 (6)

The confusionsetis the subsetof *  thatfalls into the
dominantrange * afterthe kth iteration. The discrimi-
nantratio of the th componenbf feature is definedas:

e e Y

The discriminantratio indicatesthe ratio of irrelevantim-
ageslocatedoutsideof the dominantrange *  over all
irrelevantimages,andit shows the ability of component

of feature in separatingrrelevantimagesfrom relevant
ones.Denotethe standarddeviationof * as * | then
theweight is updateddy:
k
Fle o ®

Unlike the Mars featurere-weightingapproach1] which
only usesthefactor * learnedfrom relevantimageswe
alsointegrateirrelevantimagesin our featurere-weighting
methodby introducingthefactor * , whichindicatesthe
distribution patternof theirrelevantimageson eachfeature
component.

Fig. 1. Theweightvalueof onefeaturecomponenin dif-
ferentcases.

Our methodand the Mars approachare comparedin
Figurel. As shovnin Figurel, the Marsapproachassigns
large weightsto all featurecomponentghat allocaterele-
vantimagegogether However, mary relevantimagesn the
databasenay sharethe sameirrelevantfeaturessuchasthe
background.By inappropriatelyassigningarge weightsto
irrelevantfeaturecomponentasshowvn in thecase? of Fig-
ure 1, the Mars approachmay bring in moreirrelevantim-
agesin the next iteration. On the otherhand,our approach
makesgooduseof irrelevantimageaswell asrelevantones
to calculatethe weightsof eachfeaturecomponentHence,
our approaclsuccessfullydistinguishegasel from case2,
andonly assigndarge weightsto the former— which clus-
tersall relevantimagestogetherand scatterthe irrelevant
imagesaway from therelevantones.For componentsvhose
distribution patternsare similar with case3, boththe Mars
approactandour methodassignsmallweightsto them.



2.2. Disturbing Factor

Therelevancefeedbacknaycorvergewith only few or even

justonerelevantimage.This is becausg¢he featureweights
aretrappedn somesuboptimaktate which canbedetected
by thefollowing conditions:

k = forall k
k= k lagnd * forallk ,where isa
predefinedhreshold.

Wheneitheroneof theabove conditionsholds,we think
thefeatureweightsis trappedn asuboptimaktate.To push
the featureweightsout of the sub-optimumwe usea dis-
turbing factor measuredrom the scatterof the classesof
relevantimagesand irrelevant ones. In reality, irrelevant
imagestendto be multi-model, but we simplify the situa-
tion by regardingthemasone class,sincewe just wish to
resumehefeaturere-weightingprocesswvhenit’s stuck.

Denotethemeanvaluesof * and * by ¥ and
k| respectrely, andlet the standarddeviation of *
be * . Thedisturbingfactoris givenby:
k k
£o= k % : ©)

The above formula is the Fisher criterion [4], which has
beenextensiely usedin measuringhe scattebetweernwo
classesTheweight is thenupdatedoy:

k1:k k‘ (10)

After eachfeedbackiteration,the featurevectorsof the
guery are setto the averagevaluesof all relevant feature
vectors.Its optimality is provenby Ishikawa [2]. The over-
all distancebetweenimagei®*  I* andqueryq* is given
by:

b=k kLR (11)

where ¥ = &k  _k _ k jstheimportanceof
the thfeatureand * s givenby Formula2. This dis-
tanceschemendicatesthatanimagemustbe similar to the
gueryin all features:color, texture andshapeto be consid-
eredasrelevant. As proposeddy Rui et. al. [3], theweight
of the thfeatureis calculatedoy:
ok
k= Tk (12)
1

where ¥ = .., is the total distancebetweenthe
feature of queryg”® andthoseof relevantimagesafterthe
kthiteration.

3. EXPERIMENTS

3.1. Experiment Setup

In ourexperimentseachimageis representetly fourimage
featuresThefirst oneis a 32-bincolor histogram[1] in the
HSV color space Thesecondneis a 9-bin colormoments
[7] extractedfrom theL*a*b color spaceThethird oneis a
10-binwavelet-basedexture descriptof3]. Thefourthone
is a 8-bin edgedirectionhistogramobtainedfrom the edge
mapsof animage. To getthe edgemaps,a colorimageis
first corvertedto agray-scaledne,andthencorvolvedwith
theeightSobeledgedetectorsThe eightconvolvedimages
arethenthresholdedo getedgemapsin all the eightdirec-
tions. Eachbin in theedgedirectionhistogramndicateshe
numberof edgepixelsin oneof theeightprimarydirections.

Theimagedatabaseisedto testthe effectivenesof the
proposedapproachconsistsof 31,438 color imagesfrom
CORELimageset. Amongthem,6,457imagesfrom 73 se-
manticcateyoriesareusedasqueryimagedor performance
evaluation.

Precision andrecall areusedo evaluatetheperformance
of the proposedapproach.Precision is the numberof the
retrievedrelevantimagesover the total numberof retrieved
images,andrecall is the numberof the retrieved relevant

imagesverthetotalnumberof relevantimagesn thedatabase.

To calculateprecisionand recall, only thoseretrieved im-
agedromthesamesemanticateyory asthequeryarecounted
asrelevant.

Thenumberof imagesreturnedo the userin eachrele-
vancefeedbackiterationis calledthe scope. Sincethe per
formancealsodepend®on the scope, we conductedexperi-
mentson scopef 40,80,120and200,respectiely.

For a comparisonwe provide the performanceof the
MarsapproacHl1] underthe sameexperimentakonditions.

3.2. Result Analysis

For eachquery feedbackiterationsarerun, andthe per
formanceis shovn in Tablel. In thetable,P andR denote
precisionandrecall. Thecolumnsshawv theimprovementof
performancewith the increasingof the relevancefeedback
iterationtimes,andtheperformancef thescopef 40, 80,
120 and 200 are listed from the top to the bottom. From
Table1, it is obviousthat our methodconsistentlyoutper
formsthe MarsapproachBy usingrelevantimagesaswell
asirrelevantonesto re-weightimagefeaturesour method
achievesa to gain in performanceover the Mars
approachln addition,the Marsapproachonly achiese triv-
ial improvementon performancefterthe secondelevance
feedbackteration. On the otherhand,our approactis ben-
efitedfrom the disturbingfactorintroducedin Section2.2,
and attainsmore noticeableperformanceamprovementfor
iterationsafterthesecondone.



Table 1. Performancecomparisonof the Mars approach
(MS) andour method(DD).

Theprecisionandrecallcurvesof our method the Mars
approachandthe plain-Euclidean-distance-basagproach
without relevancefeedbackare shaovn in Figure2. These
curvesshaw the final performanceof eachapproachafter
all the 4 relevancefeedbackiterations. We canlearnfrom
the curvesthat both featurere-weightingapproachesut-
performthe plain approachoticeably while our approach
outperformghe Marsapproachobviously.

4. CONCLUSIONSAND FUTURE WORK

In this paperwe presentea featurere-weightingapproach
for relevancefeedbackin content-basetmageretrieval. To
re-weightimagefeatures,our approachnot only usesthe
standarddeviation of the featurevaluesof relevantimages,
but also employs the distribution patternof irrelevantim-
ageson the axis of every featurecomponent.To overcome
the commonlyencountereduboptimalstatesin featurere-
weighting,we proposedisinga Fishercriterion-basedlis-
turbing factorto pushfeatureweightsout of sub-optimum.
Experimentalesultson avery large-scaledmagedatabase

with highdimensionalmagefeaturesndicatedhatourmethod

consistentlyoutperformsreviously well-known featurere-
weightingapproaches.

In the future,we will continuesearchingnoreeffective
featurere-weightingfunctions. Moreover, we will try to
find otherimagefeatureswhosecomponentsare morein-
dependenfrom eachotherthanthe oneswe are currently
using.
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Fig. 2. Precisionandrecall curvesof differentscopesaf-
ter the th iteration, where DD denotesour method,MS
identifiesthe MarsapproachandPlainstandsfor theplain-
Euclidean-distance-baseg@proachwithoutrelevancefeed-
back.
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