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Abstract

Multimediaitems,suchasvideoclipsandimages,areindexedby low-level featureslikecolor, textureandshape,
etc. However, usersoftenpreferto searchmultimediadatabasesusinghigh-level semanticcategories,suchastiger,
eagleand �o wer, etc. Sincelow level featurescannot alwayscapturehigh-level semanticswell, relevancefeed-
backhasbeenextensively usedto bridgethegapbetweenlow-level featuresandhigh-level semanticsin multimedia
databases.In thispaper, wepresentanovel interactivepatternanalysismethod,whichreducestherelevancefeedback
to a two-classclassi�cationproblem,andclassi�esdatabaseitemsasrelevantor irrelevant. Fromthosemultimedia
itemsthat areclassi�ed asrelevant, our approachreturnsthe top

�

nearestneighborsof the queryto the user. To
classifymultimediaitems,we employ a patternclassi�cationalgorithmcalledrandomforests,which is a machine
learningalgorithmwith provengoodperformanceonmany traditionalclassi�cationproblems.By usinganovel two-
level resamplingmethod,weadapttheoriginal randomforeststo aninteractivealgorithm,whichachievesnoticeable
gainsin ef�ciency overtheoriginal randomforests.Weempiricallycompareourmethodwith previouslywell-known
relevancefeedbackapproachesonalarge-scaledimagedatabase(with 31,438CORELimages),andreportpromising
resultsof ourmethod.

1 Intr oduction

In multimediadatabases,multimediaitems,suchasvideoclips 1 andimages,areindexedby low-level featureslike
color, texture andshape,etc. In the pastdecade,many effective imagefeatureshave beenproposedandappliedin
variouscontent-basedimageretrieval systems,suchasQBIC [13] andVisualSeek[18], etc.

However, theselow-level featurescannot alwayscapturehigh-level semantics(suchas�o wersandtigers,etc.)
well. On theotherhand,usersoftenpreferto searchmultimediadatabasesusinghigh-level semantics.To addressthis
issue,relevancefeedbackhasbeenintroducedto allow usersto participatein multimediadatabasesearch:Thesystem
obtainsaninitial retrieval resultaccordingto thedistance(or similarity) betweenthefeaturevectorof databaseimage
andthat of the query. It thenasksusersto label eachretrieved imageasrelevant or irrelevant. Using user-labeled
imagesastrainingsamples,thesystemadaptsthesuccessiveretrieval resultsto users'preference.

Dueto its powerfulnessin associatinglow-level imagefeatureswith high-level semantics,relevancefeedbackfor
multimediadatabaseretrieval hasbeenexploredsoundlyin thepastfew years,andmany promisingapproacheshas
beenproposedsofar. Most existing relevancefeedbackapproaches[17, 23] try to ®nd anoptimalqueryandfeature
weights,while somemethods[9, 16] reducethe relevancefeedbackto an optimizationproblem,which is solvable
by a pre-whitening[8] transformation. More recently, many approachesaddressthe relevancefeedbackproblem
usingsomemachinelearningand/orpatternrecognitionmethods.For instance,someapproachesapplytheBayesian
framework [5, 19], while othersusebiaseddiscriminantanalysis[24], AdaBoostalgorithm[20], or supportvector
machine[21].

Successfulasthey are,mostexisting methodsassumethat the relevantmultimediaitemsaredistributedlinearly
in the featurespace.However, this assumptionis not necessarytrue. For example,in thecolor space,red rosesand

1Sincemostmultimediaitemsarestoredasimagesin thedatabase,weoftencall all multimediaitemsasimagesfor simplicity.
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white roses,all of which will beconsideredasrelevantby a usersearchingroseimages,usuallyform two nonlinear
clusters.To overcometheproblemcausedby thenonlineardistribution (of relevantimages),someresearchersreduce
the relevancefeedbackto a classi®cationproblemandaddressit usingdecisiontree[15]. For instance,Low et al.
[10] proposeda color-basedrelevancefeedbackapproachusingID3 [15] – an algorithmfor training decisiontree,
while MacArthuret al. [12] suggestanotherdecision-tree-basedapproachfor retrieving medicalimages.However,
thedimensionsof imagefeaturesareusuallyveryhigh. For instance,acolorhistogramcanhavetensor evenhundreds
of dimensions.As pointedoutby Breiman[2, 4], in high-dimensionalfeaturespaces,a treeclassi®ercanonly achieve
an classi®cationaccuracy slightly better than choosingclassesby chance. This is becauseeachfeatureof high-
dimensionalfeaturespaceonly containsverysmallamountof information.

Extensive experiments[2, 7, 4] show thatcombiningmultiple weakclassi®ers,eachof which just slightly outper-
formschoosingclassesby chance,canimproveclassi®cationaccuracy noticeably. In thispaper, wepresentarelevance
feedbackmethodusingrandomforests,apatternclassi®cationmethodwhichcombinesmultiple treeclassi®ersto im-
proveclassi®cationaccuracy.

During relevancefeedback,our methodtries to capturethedistribution patternof relevant imagesin the feature
space.We call this processinteractivepatternanalysis, sincewe try to analyzethe distribution patternof relevant
featurevectorsusingtheonlinetrainingsamples,whichareobtainedfrom theinteractionbetweenthesystemandthe
user. To accomplishtheinteractivepatternanalysis, we train a random-forests-basedclassi®erto classifyall images
asrelevant or irrelevant. From the relevant imageset,our methodreturnsthe top � nearestneighborsof the query
to the user. As a compositeclassi®er, our methodhasall the advantagesof treeclassi®ers,suchasnonparametric
andnonlinear, but with muchhigherclassi®cationaccuracy [4]. As indicatedby theextensive experiments[2, 7, 4]
in machinelearning®eld, our composite-classi®er-basedrelevancefeedbackapproachwill not over®t the training
samples.

However, thedirectapplicationof theoriginalrandomforestsis severelyrestrictedby its computationalcost,which
increasessuper-linearlywith thenumberof trainingsamples(cf. Section3.2).For example,in ourexperiments,it may
needmorethan ��� secondsto trainareliablerandomforestonthestate-of-artmachine[4] (seeSection4.4),if multiple
interactionsbetweentheuserandthesystemarerun. To addressthis issue,we presenta novel two-level resampling
method,called �����	� , whichgeneratesmultiple reducedsamplesetsfrom theoriginal trainingset.With �
����� , we
adapttheoriginal randomforeststo aninteractivealgorithm,whichonly trainsasubsetof all treeclassi®ersfrom each
reducedsampleset,andruns ��
�� timesmoreef®cientthantheoriginalalgorithm.

Thecontributionsof this paperaresummarizedasfollows:

� We originally presentan interactive patternanalysismethodfor searchingmultimediadatabase.To achieve
interactive patternanalysis,our methodtrainsa classi®erto capturethedistribution patternof relevant images
in thefeaturespace,andreduceirrelevantimagesbeforenearestneighborsearch.

� We applyrandomforests,a patternclassi®cationalgorithmwith provengoodperformanceon many traditional
classi®cationproblems,to classifyimagesasrelevantor irrelevant.

� By usinga novel two-level resamplingapproach,we adaptthe original randomforeststo an interactive algo-
rithm, which runs ��
�� timesmoreef®cient thantheoriginal randomforestsin ourexperiments.

� We analytically and empirically demonstratethat our methodoutperformspreviously well-known relevance
feedbackapproaches[9, 16].

Extensive experimentson a Corel imageset(with 31,438images)show thatour methodoutperformspreviously
well-known relevancefeedbackapproachesby at least ����� . The rest of this paperis organizedas follows. We
®rst coin someusefulnotationsin Section2. Section3 thenintroducesour relevancefeedbackapproachin details.
Experimentalresultsarepresentedin Section4. Finally, weconcludein Section5.

2 UsefulNotation

In thissection,we introducesomeusefulnotationswhichwill beusedin therestof thispaper.
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Sinceeachmultimediaitemis indexedby a featurevector, whichcanbeconsideredasapoint in thefeaturespace,we
oftenusepoint to denotethefeaturevectorof anmultimediaitemor themultimediaitem itself.

Beforesearchingnearestneighborsof thequery, we®rst trainarandomforest ? to classifyeachmultimediaitem �  

into oneof thetwo classes:relevant(denotedby 1) andirrelevant(denotedby 0). To traintherandomforest,weobtain
a trainingset �@�A�
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its classvalue.Wedenotethesetof all relevantpointsas Q , andthesetof all irrelevantpointsas � , with �R�@QTS � .

Sometimes,it isnecessaryto distinguishtheclassassignedby therandomforest(toapoint)fromtheclassprovided
by theuser. Whenconfusionmayarise,wecall apointasclassi®ed-relevant/-irrelevantif it is classi®edby therandom
forest as relevant/irrelevant, and usethe term relevant/irrelevant for user labeledpoints only. We term the set of
classi®ed-relevant/-irrelevantpointsasclassi®ed-relevant/-irrelevantset.

During multimediadatabasesearch,oneinteractionprocess(betweenthe userandthe system),which includes
the userlabelingcurrently returneditemsandthe systemre®ning the searchresultsaccordingly, is often calledan
iteration.

3 Interacti vePattern Analysis

3.1 RandomForests

In this section,we brie�y introducerandomforests[4], a classi®cationmethodwith proven goodperformanceon
many traditionalclassi®cationproblems.

Randomforests[4] is a methodfor growing a compositeclassi®erfrom anensembleof treeclassi®ersto improve
classi®cationaccuracy. To obtainthecompositeclassi®er, it combinesthebagging[2] techniquewith randomfeature
selection[4], andachieves favorableperformanceover the state-of-artmethodsfor combiningmultiple classi®ers,
suchasbaggingandAdaboost[7].

Thetreeclassi®ergeneratedin randomforestsis theclassi®cationandregressiontree(CART) [3]. At eachnode,
CART searchesthroughall featuresto ®nd the bestsplit for allocatingtraining datato two childrennodes. If the
currentnodeonly containstrainingdataof onespeci®cclass,CART makesit a leafnode.This leafnodethenassigns
all testdatafalling into it to thatclass.All testinstancesarerun down thetreeto gettheir predictedclasses.Sincean
featurecanbeusedto split multiple times,theCART is ableto ®nd nonlinearclustersof relevantpoints.

As a collectionof treeclassi®ers,the randomforest ?U�V��?CW
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with a bootstrap[2, 6] sample�JW"_ � anda randomvector X�W , where \ is thenumberof treeclassi®ersin ? . The
bootstrapsample�`W is obtainedby randomlyresamplingthe original training set � without replacement,while the
randomvector XEW is generated,independentof the pastrandomvectors X$� ,..., XEW
ab� , but with the samedistribution.
Whengrowing ?$W , abestsplit is chosenasthebestonefrom �dc randomlyselectedfeaturesoneachnode.As pointed
out by Breiman[4], a randomforestis insensitive to �

c , thenumberof featuresto selectat eachnode,andperforms
optimally (in general)when �

c
is setto thesquarerootof � – thedimensionsof thefeaturespace� .

To classifyinput point
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classi®ercastsaunit vote.Thatis, for a e -classclassi®cationproblem,? classi®es
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(a)Randomforests; (b) Ourmethod.

Figure1: A comparisonof randomforestsandourmethod.

where
z

5��

6 is theindicatorfunction.
Breiman[4] provedthatarandomforest,asmoretreesareaddedinto theforest,doesnotover®t,andonly produces

a limited valueof generalizationerrors.We presenthow to adaptrandomforeststo interactive patternanalysisin the
next section.

3.2 Interacti ve RandomForests

For largersamplesets,thecomputationalcostfor trainingareliablerandomforestcanbecomeprohibitively expensive
for interactive databasesearch.For example,after multiple iterationsare run, the numberof training samplescan
grow aslargeas

�

� ��
���� � , andit mayneedmorethan30secondsto traina reliablerandomforeston thestate-of-art
machine(cf. Section4.4). To addressthis issue,we presentthe interactiverandomforests, which run muchmore
ef®cientthantheoriginal randomforests.

To improve the ef®ciency of the randomforest,we ®rst presentan analysisof its computationalcost,which is
dominatedby training its memberclassi®ers(CART). If eachCART is grown to a uniform depth � (i.e., to ���

terminalnodes),thenthecomputationalcostfor trainingtheCART is proportionalto I
c	�

5
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is thesizeof thebootstrapsampleset.So,thecomputationalcost �
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where \ is thenumberof treeclassi®ers.
Since� is alsorelatedto I

c
, �

5

?H6 canbeconsideredasafunctionof I
c
, andis adjustableby choosingappropriate

thresholdfor I
c . So, we restrict I

c to no morethanthe empirically thresholdI�� . To imposethis restriction,we
proposea two-level resamplingapproach,calledBiasedRandomSampleReduction(BRSR), to reducethesizeof the
samplesetfor eachtreeclassi®er.

Figure1 comparesthe original randomforestswith our method. While the original randomforeststrain each
classi®er? W with abootstrapsample�JW , ourmethodemploystheBRSRapproachto generatemultiplereducedsample
sets � �[� ����� � � O�	��
�
��	��i	 �"! � ���R_ � � , where � is the numberof reducedsamplesets. From eachreduced
sampleset ��� , we produce# ��\%$&�

2 bootstrapsamples�'� �V� �%��* (M	*) �[O�	��
�
��	+#i� , with the restrictionthat the
sizeof eachsampleset �'�P* ( is no larger than I,� . Similar to the original randomforests,our methodalsotrainsa
treeclassi®er ?��P* ( with eachsampleset �'��* ( anda randomvector X-�P* ( . And hence,our interactive randomforests

2Without losinggenerality, weassume. is alwaysdivisibleby / .
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Table1: An illustrationof oursamplereductionmethod,where � � (
�

� ) is aninteger.

?��g�d��? ��* (M	�� � O�	
���
��	��i	�)"�#O�	
���
��	+#i� contains\Z� � � # treeclassi®ers,andit letsall thememberclassi®ersvote
whenclassifyinginputdatapoints.

To presentour interactiverandomforests,weneedto coinseveralusefulde®nitions.At ®rst,wede®netherandom
samplereduction(RSR)approachasfollows:

De�nition 1 Randomsamplereduction(RSR)generates,from thegivensampleset � , � reducedsamplesets�[�

� � ��� �"�2O�	��
���
	+� 	 �"! � � ��� � � , with ���

�

:

�

���i� � ; ���
	 ������
b	 ����������� ��� and � ��� �M� � � � $ � . To generate
� , wemightrandomlypermuteS,anddividethepermutedsetinto � non-overlappedandequallysizedsubsets.

However, during multimediadatabasesearch,the sizeof the relevant set � is often smallerthanthe sizeof the
irrelevantset Q , especiallyaftermultiple iterationsarerun. So, it is oftenfavorableto reducemoreirrelevantpoints
thanrelevantones.This leadsto thefollowing de®nitions:

De�nition 2 Relevant-bootstrap irr elevant-RSR(RBIRSR)generatesthereducedsamplesetsas � �2� � �p� ���

�

S

���

�

	��.� O�	��
���
	+�i� , where ���

�

is a bootstrapsampleof therelevantset � , and ���

�

is the � th ����� setgeneratedform
irrelevantset Q . Thesizeof each reducedsamplesetcanthenbecalculatedby 3

�

� �M�

�

�
�

� � � 
 � Q � $&�i� (4)

Wecall � the ���1� ����� samplesize.

Basedon theabovede®nitions,wede®neourBRSRmethodasfollows:

De�nition 3 Biasedrandomsamplereduction(BRSR)employs���1� ����� to generate � reducedsamplessets� if
the ��� ��� ��� samplesize � �

I,� . Otherwise, it usesthe ����� to generatethe � reducedsamplesets.

Whenever possible,�
����� reducesmoreirrelevant points thanit doesto relevant ones. This is why it is calleda
biasedsamplereductionmethod.

Table1 demonstrateshow to calculatethevalueof � , andhow to choosetheappropriatemethodto obtainreduced
samplesets.Whenbothconditions1 and2 aresatis®ed,� is setto thevaluegivenin thethird column,andthereduced
samplesetsaregeneratedusingthemethodspeci®edin thefourthcolumn.Table1 illustratesthefollowing threecases
of our method:First,directly applytheoriginal randomforestswhen I

�

I � . Second,set � � � , andgeneratetwo
reducedsamplesetsusingbootstrap,if I !

5

I���	
O��"!
�

I�- . Third, set � �$# I $�I,�&% , andgenerate� reducedsample
setsusing �
����� for all I(' O��)!

�
I . Sincethesizeof bootstrapsampleis

�

� � of theoriginal sampleset[6], it is
easyto verify thatthesizeof eachsampleset �
��* ( is no largerthan I,� in all cases.

Basedon theabove discussion,we presentour interactiverandomforests(IRF) in Algorithm 1. IRF is adapted
from the original randomforest(ORF) for interactive databasesearch.By setting I � to somelarge value,our IRF
is equivalentto ORF. So, IRF canbe consideredasa generalizationof ORF, sincethe latter is a specialcaseof the
former.

3Thesizeof a bootstrapsamplesetis about *,+&- of thesizeof theoriginal sampleset[6].
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Algorithm 1 InteractiveRandomForests
Input 1) trainingset �|�2�
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	�D

F

6�� ,whereD�G<�AO or � ;2) featurespace�)� �����
	
���
��	E�P� � ;3) \ : the
numberof treeclassi®ersto grow;4) I � : thresholdof samplesetsize.
Initialize 1) ��� O ; 2) ��� � � � ; 3) settheinteractive randomforests? � � 
 .
if I 'TI � then

if I

�

O��"! � I � then
��� � ;
generatereducedsamplesets� usingbootstrap;

else
��� # I $�I �&% ;
generatereducedsamplesets� using ������� ;

end if
end if
for �p� O to � do

#�� \%$&� ;
for ) � O to # do

generateabootstrapsample� ��* ( from ��� ! � ;
traina treeclassi®er? �P* ( with � ��* ( ;

?
�

� ?
�

S���? �P* ($� ;
end for

end for
Output: theinteractive randomforests:
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>

,
� otherwise.

(5)

By employing �����	� , our interactive randomforestsaccommodatesthe capability to adjustthe computational
costaccordingto the systemperformance.As to the effectiveness,�
����� may have double-bladedeffect on the
classi®cationaccuracy. Ontheonehand,it mayharmtheclassi®cationaccuracy by worseningtheover®ttingproblem,
sincelesstreesaretrainedfrom eachreducedsampleset � � [4]. Ontheotherhand,it canimprovetheperformanceby
reducingthecorrelationof generalizationerrorsamongtreeclassi®ers,whichusuallyimprovesclassi®cationaccuracy
of therandomforest[4]. Experimentalresults(cf. Section4.4) indicatethat � � � canimprove theef®ciency by � 
 �

times,while only causestrivial degradationonsearchquality.

3.3 Interacti ve Pattern Analysis

In thissection,wepresentour interactivepatternanalysismethodfor searchingmultimediadatabases.
During databasesearch,we train an interactive randomforest ?

� to classifyall pointsasrelevant or irrelevant.
Fromtheclassi®ed-relevantpoints,we ®nd � nearestneighborsof thequery 0 , andreturnthemto theuser. However,
the interactive randomforestoccasionallyoutputslessthan � classi®ed-relevant points. To addressthis issue,we
de®netherelevanceprobabilityof multimediaitem � asfollows

De�nition 4 Therelevanceprobability #

5

O �

%

�,6 of � is thethenumberof classi�ers that classifyit asrelevantover the
total numberof classi�ers. Its formalde�nition is givenby

#
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O �
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? ��* (
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%

��6

\

� (6)

Thelargeris #

5

O �

%

��6 , themorecon®dentit is to output � asrelevant.So,our methodreturnssomeclassi®ed-irrelevant
pointswith thelargest#

5

O �

%

�,6 values,in caselessthan � pointswereclassi®edasrelevant.
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Algorithm 2 InteractivePatternAnalysis
Input 1) trainingset � � �

5CB
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���
	

5CB�F

	,D

F

6�� ,where D�GR��O or � ; 2) 0 : thequerypoint; 3) the featurespace:
� � �����
	��
���
	���� � ; 4) \ : thenumberof treeclassi®ersto grow; 4) I � : thresholdfor thesizeof trainingsampleset;
5)W: themaximumiterationtimes;6)� : thenumberof nearestneighborsreturnedto theuser.

1: for �|� O to
�

do
2: Call Algorithm 1 to trainaninteractive randomforest ? � .
3: Classify all pointsto gettheclassi®ed-relevantset � .
4: if � � ��� � then
5: Find ��
 � � � classi®ed-irrelevantpointswith thelargestrelevanceprobability, andaddtheminto � .
6: end if
7: Find thek nearestneighborsof 0 from � , andreturnthemto theuser.
8: Obtain thenew trainingsamplesfrom theuser, andmergethemwith � .
9: Update query 0 by settingit to thecentroidof all relevantpoints,that is, setthe thefeaturevectorof 0 to the

averagevalueof all relevantpoints.
10: end for

(a)Traditionalrelevancefeedbackapproaches; (b) Ourmethod.

Figure2: A comparisonof traditionalrelevancefeedbackapproachesandourmethod,whereplussigndenotesrelevant
pointsandtimessigndenotesirrelevantones.

For eachquery 0 , our methodrunsaninitial databasesearch,andreturnsthe � nearestneighborsof 0 to theuser.
It thenaskstheuserto provide theinitial trainingsampleset � by labelingretrievedimagesasrelevantor irrelevant.
With � , our methodthenrunsthe interactivepatternanalysisalgorithm,presentedin Algorithm 2, to improve the
initial searchresults.

Figure2 demonstratestypicalqueryresultsof differentmethods.Figure2 (a)demonstratesthattheprimitivenear-
estneighborsearchgeneratesa circledboundaryin thefeaturespace,andits performanceis usuallypoor, unlessthe
queryis locatednearthecenterof a largeclusterof relevantpoints.By usingquerymovementandfeaturereweighting
techniques,mosttraditionalrelevancefeedbackapproaches[17, 16] canmovethequerytowardthecentroidof a rele-
vantcluster, andgenerateanelliptic hyper-surfaceto cover relevantpointsbetter. However, thecommondrawbackof
theseapproachesis that they areproneto be trappedby local optimum,especiallyfor highly selective queries.This
is becauseeachrelevantclusteris wrappedby irrelevantpoints,which hindertheabove-mentionedapproachesfrom
exploringmultiple relevantclusters.So,theseapproachesoftentry to adjusttheirqueriesto coveronerelevantcluster
asperfectaspossible. Figure2 (b) illustratesthat that our approach,by applying interactive patternanalysis,can
effectively overcomethenonlineardistribution of relevantpoints,andlocaterelevantpointsfrom multiple nonlinear
relevantclusters.
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4 Empirical Results

4.1 Experimental Setup

In ourexperiments,eachimageis representedby thefollowing imagefeatures:

� Color. We employ two color featuresin our experiments.The®rst oneis a 64-bincolor coherencevector[14]
in theHSV color space.Thesecondoneis a9-bincolormoments[11] extractedfrom theL*a*b colorspace.

� Texture. Werepresenttextureusinga10-binwavelet-basedfeature[17].

� Shape. Shapeinformationof an imagecanbewell capturedby its edgemap. We obtaintwo statisticalshape
descriptorsfrom the color edgemap [1] of an image. The ®rst one is the 64-bin edgecoherencehistogram
[1], which representsthe coherenceinformationof edgepixels in the primary 8 directions. The secondone
is a 32-bin Fourier shapedescriptor[1]. To get the Fourier descriptor, an imageis ®rst convertedto the scale
of O � ��� O � � for edgedetection.Afterwards,the2D FastFourierTransformationis appliedto theedgemap.
The magnitudeimageof the Fourier spectrumis thendecimatedby the factorof 16 to get the 32-bin Fourier
descriptor.

We concatenatetheabove ®ve imagefeaturesinto a 179-binfeaturevector, andconductour experimentson images
indexedby this featurevector.

To testtheperformanceof our method,we usea large-scaleddatabasewhich contains31,438Corel images.All
imagesin the databaseareoriginally classi®edinto hundredsof categoriesby Corel company. However, many of
thesecategoriesareinappropriatefor evaluatingtheperformanceof content-basedmultimediadatabasesearch.For
instance,about70 Corelcategoriescontainsceneryimages(suchaslandscapes,buildingsandsunsets),andaretitled
with countrynamesor city names(suchasEnglandor Holland).Thesecategoriesseemto becreatedaccordingto the
shootinglocationsof images,insteadof their content.They arede®nitelyinappropriatefor evaluatingcontent-based
imageretrieval. So,wechoose44semanticcategories(suchasrose,butter�y, tiger, eagle,penguin,fallsandcity, etc.)
with re®nedgroundtruth,anduseall the5,172imagesfrom thesecategoriesasqueriesto evaluatetheperformanceof
ourmethod.For eachquery, theretrieval is executedon thethewholedatabase(with 31,438images).

Precisionandrecallareusedto evaluatetheperformanceof theproposedapproach.Precisionis thenumberof the
returnedrelevant imagesover the total numberof returnedimages,andrecall is thenumberof the returnedrelevant
imagesover thetotalnumberof relevantimagesin thedatabase.To calculateprecisionandrecall,only thosereturned
imagesfrom thesamesemanticcategory asthequeryarecountedasrelevant. Theaverageprecisionandrecall of all
queriesareusedastheoverall performance.

Thenumberof nearestneighborsreturned(thatis, k) is oftencalledscope. Sincethedatabasesearchperformance
alsovarieswith scope,weconductedexperimentsonscopesof 80and120,respectively.

For a comparison,we provide theperformanceof theOPL method[16] underthesameexperimentalconditions.
OPL is an extensionof the approachproposedin MindReader[9], andhasbeenextensively usedasa baseline for
performancecomparison[19, 22].

We set \ , thenumberof treeclassi®ersto train, to 60 in our experiments.This valueis chosenby a compromise
betweeneffectivenessandef®ciency. Although Breiman[4] suggeststraining as many treesas possible,we have
to keepthe echotime shortenoughfor the interactive user. To train an interactive randomforestwith

�

� trees,the
echotime of eachrelevancefeedbackiterationis lessthanor around10 seconds,which is acceptablefor interactive
applications(seeSection4.4). As to the effectiveness,experimentalresults(presentedin Section4.3) show that
combining60 treeclassi®erssigni®cantlyoutperformsOPL.

Wetesttheperformanceof ourmethodwhen I�� , thethresholdfor thesizeof sampleset,equalsto �

�

� and O�	 ��� � ,
respectively. To distinguishthesetwo cases,weuse��� � to denotetheformer, anduse� � � to identify thelatter. By
setting I � to �

�

� , ��� � achievesanechotime of lessthan O � secondson thestate-of-artcomputer(seeSection4.4),
while performsalmostoptimally (seeSection4.3). In our experiments,the interactive randomforestis equivalentto
theoriginal randomforestwhen I,� �#O�	 � � � . This is becausewe run O � iterationsfor eachquery, andthemaximum
numberof nearestneighborsreturnedis O ��� .
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4.2 User Interface

Figure3: Userinterfaceof oursystem.

Basedon the presentedmethod,we have implementeda content-basedimageretrieval systemcalledPicQuest.
Figure3 demonstratestheuserinterfaceof oursystem.Thecurrentqueryis shown ontheleft topcornerof thescreen.
The returnedimagesare listed underthe querysequentially. Undereachreturnedimage,two numbers,which are
separatedby a comma,aredisplayed:The ®rst one is the uniquenumberof the image,andthe secondone is the
distancebetweentheimageandthequery.

In the beginning, eachimageis assumedto be relevant. The userthenidenti®esirrelevant imagesby disabling
their relevantcheckboxes. Afterwards,heor shecanactivatetheSubmitbuttonto surrendertherelevancefeedback.
Theusermaycancelpreviousselectionsby enablingtheResetSelectionbutton.Heor shecanstartanew queryatany
timeby clicking ona returnedimageor theGoback to menuoption.

4.3 PerformanceEvaluation

For eachquery, werun10 retrieval iterations,andFigure4 shows theaverageprecisionandrecallaftereachiteration.
Wecanlearnfrom the®gurethatall relevancefeedbackmethodsachievenoticeableimprovementonperformanceover
theprimitive nearestneighborsearch.However, OPL convergesafteronly ��
�� iterationsarerun,andonly achieves
aprecisionof about��� 
 � ! � andarecallof about O�� 
 � � � . Thissupportsouranalysis(cf. Section3.3)thatOPLis
proneto betrappedby local optimum.By usinga patternanalysismethod,both � � � and � � � achievesnoticeable
improvementon performanceaftereachiterationarerun, andthey consistentlyoutperformOPL in our experiments.
After 10 iterations,IRF improvestheprecisionoverOPLby � ���

�


 �MO � . As to therecall,thegainof ��� � overOPL
is ���M� � 
 � !��3O � increase.This indicatesthat IRF achievesremarkableimprovementover OPL by employing pattern
analysisin content-basedimageretrieval.

Experimentalresultspresentedso far demonstratethat our methodachievesnoticeableimprovementover OPL.
Theadvantageof our methodis thatit canlearnthequeryconceptfrom trainingsamples,and®nd multiple nonlinear
clustersof relevantpoints.This is de®nitelysuperiorto thetraditionalrelevancefeedbackapproacheslikeOPL,which

9



(a)Precisionsof scope80 (b) Recallsof scope80.

(c) Precisionsof 120. (d) Recallsof 120.

Figure4: Performancecomparisonof OPL, IRF andORF.

only performsoptimallywhenrelevantpointsform asinglenormal-distributedclusterin thedataspace.
Figure4 showsthat � � � outperforms� � � marginally by about� 
�! � . This indicatesthatover®ttingdoesoccur

slightly moreoften with � � � , althoughit may compensatethe over®tting problemby reducingthe generalization
errorsamongthemembertreeclassi®ers(seeSection3.2). However, � � � is themostcost-effective methodamong
all thethreetestedapproaches,sinceit runsmuchmoreef®ciently than � � � and � #�� (seeSection4.4).

4.4 Ef®ciency

Wepresentexperimentalresultsfor comparingtheef®ciency of OPL,ORFandIRF in thissection.All theexperiments
arerunonaSUNUltra 80with a 450MHZCPUand1GBmemory.

TheOPL[9, 16] approachis quiteexpensive,sinceits computationalcostincreasescubicallywith thedimensions
of the featurespace. With the two-level structureproposedby Rui et al. [16], its cost reducesto only cubically
relatedto themaximumdimensionsof all imagefeaturesused.For instance,thecomputationalcostof OPL is �

5

�
���

6

in our experiments,since64 is the maximumdimensionsof all the imagefeatureswe used. However, the reduced
computationalcostis still ratherexpensive,sincethedimensionsof eachimagefeaturecanbeashighashundreds.

Figure5 comparestheef®ciency of OPL, ORFandIRF for scopesof 80 and120. Figure5 (c) and(d) show that
thenumberof trainingsamplesincreasessub-linearlywith thenumberof iterations.For OPL, theaverageechotime
for the®rst iterationis about7 seconds,andit jumpsdramaticallyto morethan20 secondsfrom theseconditeration.
As to thetheORF, its echotime increaseslinearly with thenumberof iterations.For the O � th iteration,theechotime
of OPL is about21 secondsfor thescopeof 80, and25 secondsfor thescopeof 120;Theechotime of ORFis about
19secondsfor thescopeof 80,and32secondsfor thescopeof 120.

By employing our ������� resamplingmethod,the echotime of the IRF is alwayslessthanor around O � 
 O O

seconds,andit runs ��
 � timesmoreef®cientthanboth � #�� and � � � . So, � � � is themostcost-effectiveapproach
amongall thethreecomparedmethods.
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Figure5: Ef®ciency of differentmethods.

5 Conclusionsand Futur eWork

In this paper, we presentedaninteractive patternanalysismethodto searchmultimediadatabases.With our method,
the useris allowed to participatein the databasesearchby labeling the retrieved imagesas relevant or irrelevant.
Using user-labeledimagesas training samples,our methodemploys an online patternanalysistechniqueto learn
thedistribution patternof relevant imagesin the featurespace,andintelligently reduceirrelevant images.From the
reducedimageset,our approachre®nesits previous searchresultsby returningthe top-k nearestneighbors(of the
query)to theuser.

To achieve the interactive patternanalysis,we employ a patternclassi®cationalgorithmcalledrandomforests,
which is a machinelearningalgorithmwith proven goodperformanceon many traditionalclassi®cationproblems.
To generalizethe original randomforestsalgorithm for interactive patternanalysis,we presenta novel two-level
resamplingmethod,called ������� , which generatesmultiple reducedtrainingsetsfrom large-sizedsamplesets,and
trainsa subsetof treesfrom eachreducedset.

Extensive experimentalresultson a large-scaledimagedatabasedemonstratethatour methodachievesdramatic
improvementon performanceover OPL – oneof thepreviously well-known relevancefeedbackmethods.Moreover,
with appropriatechosenI,� – thethresholdfor thesizeof theeachreducedsampleset,our interactive randomforest
achievesnoticeablegainsin ef®ciency over theoriginal randomforestsandOPL.

To extendour research,somechallengingproblemsneedto befurther investigated:(1) How to effectively detect
theboundariesbetweenrelevantpointsandirrelevantones,andhow to usethedetectedboundariesto furtherimprove
the performanceof our interactive patternanalysismethod?(2) How to reduceirrelevant training samplesthat are
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locatedfar away from thecurrentlydetectedboundaries?(3) How to improve theconvergerateof our approach?We
planto studysomeof theseproblemsin our futureresearch.
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