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Abstract

Multimediaitems,suchasvideoclips andimagesareindexedby low-level featuredik e color, textureandshape,
etc. However, usersoften preferto searchmultimediadatabasessinghigh-level semanticcatgyories,suchastiger,
eagleand o wer, etc. Sincelow level featurescan not always capturehigh-level semanticsvell, relevancefeed-
backhasbeenextensiely usedto bridgethe gap betweeriow-level featuresandhigh-level semanticsn multimedia
databasedn this paperwe presentinovel interactie patternanalysismethod whichreducesherelevancefeedback
to atwo-classclassi cationproblem,andclassi esdatabaséemsasrelevantor irrelevant. Fromthosemultimedia
itemsthatare classi ed asrelevant, our approactreturnsthetop nearesneighborsof the queryto the user To
classifymultimediaitems,we employ a patternclassi cationalgorithmcalled randomforests,which is a machine
learningalgorithmwith provengoodperformancen mary traditionalclassi cationproblems.By usinga novel two-
level resamplingnethod we adaptthe original randomforeststo aninteractize algorithm,which achiezesnoticeable
gainsin ef ciency overtheoriginalrandomforests.We empiricallycompareour methodwith previously well-known
relevancefeedbaclapproachesnalarge-scaledmagedatabaséwith 31,438CORELimages)andreportpromising
resultsof our method.

1 Intr oduction

In multimediadatabasesnultimediaitems, suchasvideo clips * andimages areindexed by low-level featuredike
color, texture andshape getc. In the pastdecademary effective imagefeatureshave beenproposedand appliedin
variouscontent-basemageretrieval systemssuchasQBIC [13] andVisualSeeK18], etc.

However, theselow-level featurescannot always capturehigh-level semanticgsuchas o wersandtigers, etc.)
well. Ontheotherhand,usersoftenpreferto searchmultimediadatabasessinghigh-level semanticsTo addresshis
issue relevancefeedbackhasbeenintroducedo allow usergo participatein multimediadatabassearch.Thesystem
obtainsaninitial retrieval resultaccordingto the distanceg(or similarity) betweerthefeaturevectorof databasémage
andthat of the query It thenasksusersto label eachretrieved imageasrelevant or irrelevant. Using userlabeled
imagesastraining samplesthe systemadaptshe successie retrieval resultsto users'preference.

Dueto its powerfulnesdn associatindow-level imagefeatureswith high-level semanticstelevancefeedbackfor
multimediadatabaseetrieval hasbeenexploredsoundlyin the pastfew years,andmary promisingapproachesas
beenproposedsofar. Most existing relevancefeedbackapproache§l?, 23] try to ®nd an optimal queryandfeature
weights,while somemethodg[9, 16] reducethe relevancefeedbackio an optimizationproblem,which is solvable
by a pre-whitening[8] transformation. More recently mary approachesddresghe relevancefeedbackproblem
usingsomemachinelearningand/orpatternrecognitionmethods.For instance someapproacheapply the Bayesian
framework [5, 19], while othersusebiaseddiscriminantanalysis[24], AdaBoostalgorithm[20], or supportvector
maching21].

Successfubhsthey are,mostexisting methodsassumehat the relevant multimediaitemsaredistributedlinearly
in the featurespace.However, this assumptioris not necessaryrue. For example,in the color spacered rosesand

1sincemostmultimediaitemsarestoredasimagesin the databasewe oftencall all multimediaitemsasimagesfor simplicity.



white roses.all of whichwill be consideredasrelevantby a usersearchingoseimages,usuallyform two nonlinear
clusters.To overcomethe problemcausedy the nonlineardistribution (of relevantimages) someresearcherseduce
the relevancefeedbackto a classi®cationproblemandaddresst usingdecisiontree[15]. For instance Low et al.
[10] proposeda color-basedrelevancefeedbackapproachusing ID3 [15] — an algorithmfor training decisiontree,
while MacArthuret al. [12] suggestinotherdecision-tree-baseabproachor retrieving medicalimages.However,
thedimension®of imagefeaturesareusuallyvery high. For instanceacolor histogramcanhave tensor evenhundreds
of dimensionsAs pointedout by Breiman([2, 4], in high-dimensionaleaturespacesatreeclassi®ercanonly achiese
an classi®cationaccurag slightly betterthan choosingclassesby chance. This is becausesachfeatureof high-
dimensionafeaturespaceonly containsvery smallamountof information.

Extensve experimentq2, 7, 4] shov thatcombiningmultiple weakclassi®ersgachof which just slightly outper
formschoosingclassedy chancecanimprove classi®catioraccurag noticeably In this paperwe presentirelevance
feedbackmethodusingrandomforests a patternclassi®catiormethodwhich combineanultiple treeclassi®ergo im-
prove classi®catioraccurag.

During relevancefeedbackour methodtries to capturethe distribution patternof relevantimagesin the feature
space.We call this procesdnteractive patternanalysis sincewe try to analyzethe distribution patternof relevant
featurevectorsusingthe onlinetrainingsampleswhich areobtainedrom the interactionbetweerthe systemandthe
user To accomplishthe interactivepatternanalysis we train a random-forests-basetiassi®erto classifyall images
asrelevant or irrelevant. From the relevantimageset, our methodreturnsthetop nearesheighborsof the query
to the user As a compositeclassi®ey our methodhasall the advantagesf tree classi®ers,suchasnonparametric
andnonlinear but with muchhigherclassi®catioraccurag [4]. As indicatedby the extensie experimentq2, 7, 4]
in machinelearning®eld, our composite-classi®dnasedrelevancefeedbackapproachwill not over®t the training
samples.

However, thedirectapplicationof theoriginalrandonforestss severelyrestrictedoy its computationatost,which
increasesupetlinearlywith thenumberof trainingsamplegcf. Section3.2). For example,in ourexperimentsijt may
needmorethan secondso trainareliablerandomforestonthestate-of-artmaching4] (seeSectiord.4),if multiple
interactionsbetweenthe userandthe systemarerun. To addresghis issue,we presenta novel two-level resampling

methodcalled , which generatesultiple reducedsamplesetsfrom the original trainingset. With ,we
adapttheoriginalrandomforeststo aninteractie algorithm,which only trainsa subsef all treeclassi®erdrom each
reducedsampleset,andruns timesmoreef®cientthanthe original algorithm.

The contritutionsof this paperaresummarizeasfollows:

We originally presentan interactive patternanalysismethodfor searchingnultimediadatabase.To achieve
interactve patternanalysis,our methodtrainsa classi®erto capturethe distribution patternof relevantimages
in thefeaturespaceandreducerrelevantimagesheforenearesheighborsearch.

We applyrandomforests,a patternclassi®catioralgorithmwith provengoodperformanceon mary traditional
classi®catiorproblemsto classifyimagesasrelevantor irrelevant.

By usinga novel two-level resamplingapproachwe adaptthe original randomforeststo an interactive algo-
rithm, which runs timesmoreef®cientthanthe original randomforestsin our experiments.

We analytically and empirically demonstrateéhat our methodoutperformspreviously well-known relevance
feedbaclapproachef9, 16].

Extensve experimentson a Corelimageset(with 31,438images)showv thatour methodoutperformspreviously
well-known relevancefeedbackapproachedy at least . Therestof this paperis organizedas follows. We
®rst coin someusefulnotationsin Section2. Section3 thenintroducesour relevancefeedbackapproachn details.
Experimentalesultsarepresentedn Sectiond. Finally, we concludein Section5.

2 Useful Notation

In this sectionwe introducesomeusefulnotationsvhich will be usedin therestof this paper



Let the featurespacebe , where isthedimensionf . We denotethe databasdy
, Where is thesizeof . Eachmultimediaitem is thenrepresentedby a real-valuedvector
, Where is aninstantiationof the dataspace . Similarly, thequery is representethe vector
. To calculatethe distancebetweemmultimediaitem andquery , we usethefollowing Euclidean
distance:

@)

Sinceeachmultimediaitem is indexed by a featurevector which canbeconsidere@sa pointin thefeaturespacewe
oftenusepointto denotethe featurevectorof anmultimediaitem or the multimediaitem itself.

Beforesearchingearesheighborsof thequery we ®rsttrainarandomforest  to classifyeachmultimediaitem
into oneof thetwo classesrelevant(denoteddy 1) andirrelevant(denotedy 0). To traintherandomforest,we obtain
atraining set from userrelevancefeedbackwhere s the sizeof the training set. For
eachtraininginstance , Iisanlabeleditemrepresentetly , while is
its classvalue.We denotethe setof all relevantpointsas , andthesetof all wrelevantpomtsas , With

Sometimesit is necessarjo dlst|ngwsrtheclasgasggnedbytherandomforest(to apomt)from theclassprowded
by theuser Whenconfusionmayarise,we call apointasclassi®ed-releant/-irrelevantif it is classi®ediy therandom
forest as relevant/irrelevant, and usethe term relevant/irrelezant for userlabeledpoints only. We term the set of
classi®ed-releant/-irrelevantpointsasclassi®ed-releant/-irrelevantset.

During multimediadatabasesearch oneinteractionprocesgbetweenthe userandthe system),which includes
the userlabeling currently returneditems and the systemre®ning the searchresultsaccordingly is often calledan
iteration.

3 Interactive Pattern Analysis

3.1 Random Forests

In this section,we brie y introducerandomforests[4], a classi®cationmethodwith proven good performanceon
mary traditionalclassi®catiorproblems.

Randomforests[4] is a methodfor growing a compositeclassi®erfrom anensemblef treeclassi®erdo improve
classi®catioraccurag. To obtainthe compositeclassi®erit combineghe bagging[2] techniquewith randomfeature
selection[4], and achievesfavorable performanceover the state-of-artmethodsfor combiningmultiple classi®ers,
suchasbaggingandAdaboos{7].

Thetreeclassi®ergeneratedn randomforestsis the classi®catiorandregressiortree (CART) [3]. At eachnode,
CART searcheshroughall featuresto ®nd the bestsplit for allocatingtraining datato two childrennodes. If the
currentnodeonly containgrainingdataof onespeci®cclass,CART malesit aleaf node.This leaf nodethenassigns
all testdatafalling into it to thatclass.All testinstancesrerun down thetreeto gettheir predictedclassesSincean
featurecanbe usedto split multiple times,the CART is ableto ®nd nonlinearclustersof relevantpoints.

As a collectionof treeclassi®ersthe randomforest trainsits th treeclassi®er
with a bootstrag2, 6] sample andarandomvector , where isthe numberof treeclassi®ersn . The
bootstrapsample is obtainedby randomlyresamplingthe original trainingset  without replacementyhile the
randomvector is generatedindependenbf the pastrandomvectors ..., , but with the samedistribution.

Whengrowing , abestsplitis choserasthebestonefrom randomlyselectedeatureson eachnode.As pointed
outby Breiman[4], arandomforestis insensitveto  , the numberof featuredo selectat eachnode,andperforms

optimally (in generalwhen is setto thesquareootof —thedimension®of thefeaturespace .
To classifyinput point , randomforest letsits memberclassi®ersvote for the mostpopularclass,whereeach
classi®ercastsa unit vote. Thatis, for a -classclassi®catiorproblem, classi®ednto class if

)
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(a) Randonforests; (b) Our method.

Figurel: A comparisorof randomforestsandour method.

where is theindicatorfunction.

Breiman[4] provedthatarandomforest,asmoretreesareaddednto theforest,doesnotover®t, andonly produces
alimited valueof generalizatiorerrors. We presenhow to adaptrandomforeststo interactve patternanalysisin the
next section.

3.2 Interactive Random Forests

For largersamplesets thecomputationatostfor trainingareliablerandomforestcanbecomeprohibitively expensve
for interactve databasesearch. For example,after multiple iterationsare run, the numberof training samplescan
grow aslargeas , andit mayneedmorethan30 secondgo train areliablerandomforeston the state-of-art
machine(cf. Section4.4). To addresghis issue,we presenthe interactive randomforests which run muchmore
ef®cientthanthe original randomforests.

To improve the ef®cieng/ of the randomforest, we ®rst presentan analysisof its computationakost, which is
dominatedby training its memberclassi®ers(CART). If eachCART is grown to a uniform depth  (i.e., to
terminalnodes)thenthe computationatostfor trainingthe CART is proportionalto [3], where

is thesizeof the bootstrapsampleset. So,the computationatost of randomforest is givenby:

®3)

where isthenumberof treeclassi®ers.

Since isalsorelatedto canbeconsideredsafunctionof , andis adjustabldy choosingappropriate
thresholdfor . So,werestrict  to no morethanthe empirically threshold . To imposethis restriction,we
proposea two-level resamplingapproachgalledBiasedRandomSampleReduction BRSR)to reducethe sizeof the
samplesetfor eachtreeclassi®er

Figure 1 compareghe original randomforestswith our method. While the original randomforeststrain each
classi®er with abootstragsample , ourmethodemplg/stheBRSRapproachio generatenultiple reducedsample
sets , where is the numberof reducedsamplesets. From eachreduced
sampleset , we produce 2 bootstrapsamples , with therestrictionthatthe
size of eachsampleset is no largerthan . Similar to the original randomforests,our methodalsotrainsa
treeclassi®er  with eachsampleset andarandomvector . And hence,our interactve randomforests

2without losinggeneralitywe assume is alwaysdivisible by



Tablel: An illustrationof our samplereductionmethodwhere () isaninteger.

contains treeclassi®ersandit letsall thememberclassi®erssote
whenclassifyinginput datapoints.
To presenburinteractve randomforestswe needto coin severalusefulde®nitions.At ®rst, we de®netherandom
samplereduction(RSR)approachasfollows:

De nition 1 Randomsamplereduction(RSR)genertes,fromthe givensampleset , reducedsamplesets
, with ; and . To geneate
, wemightrandomlypermuteS,anddividethepermutedsetinto  non-overlappedandequallysizedsubsets.

However, during multimediadatabasesearchthe size of the relevantset is often smallerthanthe size of the
irrelevantset , especiallyaftermultiple iterationsarerun. So, it is oftenfavorableto reducemoreirrelevant points
thanrelevantones.This leadsto thefollowing de®nitions:

De nition 2 Relevant-bootstap irr elevant-RSRRBIRSR)genertesthe reducedsamplesetsas
, whee is a bootstap sampleof therelevantset , and isthe th setgenertedform
irrelevantset . Thesizeof ead reducedsamplesetcanthenbe calculatedoy 3

4)
Wecall the samplesize

Basedon the above de®nitions,we de®neour BRSRmethodasfollows:

De nition 3 Biasedrandomsamplereduction(BRSR)employs to genemate reducedsamplessets if
the samplesize . Otherwisegit useshe to geneatethe reducedsamplesets.

Wheneer possible, reducesmoreirrelevant pointsthanit doesto relevant ones. This is why it is calleda
biasedsamplereductionmethod.

Tablel demonstratesow to calculatehevalueof , andhow to chooseheappropriatanethodto obtainreduced
samplesets.Whenbothconditionsl and2 aresatis®ed, is setto thevaluegivenin thethird column,andthereduced
samplesetsaregeneratedisingthemethodspeci®edn thefourth column. Tablel illustratesthefollowing threecases

of our method:First, directly apply the original randomforestswhen . Secondset , andgeneratéwo
reducedsamplesetsusingbootstrapjf . Third, set , andgenerate reducedsample
setsusing for all . Sincethe sizeof bootstrapsampleis of the original sampleset[6], it is

easyto verify thatthe sizeof eachsampleset isnolargerthan in all cases.

Basedon the above discussionwe presentour interactiverandomforests(IRF) in Algorithm 1. IRF is adapted
from the original randomforest(ORF) for interactve databaseearch.By setting  to somelarge value,our IRF
is equivalentto ORF. So, IRF canbe consideredasa generalizatiorof ORF, sincethe latteris a specialcaseof the
former

3Thesizeof a bootstrapsamplesetis about of thesizeof theoriginal sampleset[6].



Algorithm 1 InteractiveRandontorests

Input 1) training set ,where or ;2)featurespace ;3) :the
numberof treeclassi®ergo grow;4) : thresholdof samplesetsize.

Initialize 1) ; 2) ; 3) settheinteractve randomforests

if then

if then

generateeducedsamplesets usingbootstrap;
else

generategeducedsamplesets using ;

endif

endif

for to do
for to do

generate bootstrapsample from ;
trainatreeclassi®er  with ;
end for
endfor
Output: theinteractive randomforests:

if -,

. 5

otherwise. ®)
By emplgying , our interactize randomforestsaccommodatethe capabilityto adjustthe computational

costaccordingto the systemperformance.As to the effectiveness, may have double-bladeckffect on the

classi®catioraccurag. Ontheonehand,it mayharmtheclassi®catioraccurag by worseningheover®tting problem,
sincelesstreesaretrainedfrom eachreducedsampleset  [4]. Ontheotherhand,it canimprove theperformancédy
reducingthecorrelationof generalizatiorerrorsamongtreeclassi®erswhich usuallyimprovesclassi®catioraccurag
of therandomforest[4]. Experimentatesults(cf. Section4.4)indicatethat canimprove the ef®cieng by
times,while only causedrivial degradationon searchquality.

3.3 Interactive Pattern Analysis

In this sectionwe presenbur interactve patternanalysisnethodfor searchingnultimediadatabases.

During databasesearchwe train an interactve randomforest  to classifyall pointsasrelevantor irrelevant.
Fromtheclassi®ed-releantpoints,we ®nd nearesheighborsof thequery , andreturnthemto theuser However,
the interactive randomforest occasionallyoutputslessthan classi®ed-releant points. To addresghis issue,we
de®netherelevanceprobability of multimediaitem asfollows

De nition 4 Therelevanceprobability of isthethenumberof classi ersthat classifyit asrelevantoverthe
total numberof classi ers. Its formal de nition is givenby

(6)

Thelargeris , themorecon®dentit is to output asrelevant. So,our methodreturnssomeclassi®ed-irreleant
pointswith thelargest values,in casdessthan pointswereclassi®edasrelevant.



Algorithm 2 InteractivePattern Analysis

Input 1) training set \where or ; 2) : thequerypoint; 3) the featurespace:
;4) : thenumberof treeclassi®erdo grow; 4) : thresholdfor the sizeof training sampleset;

5)W: the maximumiterationtimes;6) : thenumberof nearesheighborgeturnedo theuser
1: for to do
Call Algorithm 1 to train aninteractve randomforest
Classify all pointsto getthe classi®ed-releantset .

if then

Find classi®ed-irreleantpointswith the largestrelevanceprobability andaddtheminto

end if

Find thek nearesheighborof from , andreturnthemto theuser
Obtain thenew trainingsamplegrom the user andmemge themwith

Update query by settingit to the centroidof all relevant points,thatis, setthe the featurevectorof tothe
averagevalueof all relevantpoints.
10: endfor

(a) Traditionalrelevancefeedbaclkapproaches; (b) Our method.

Figure2: A comparisorof traditionalrelevancefeedbaclapproacheandour method whereplussigndenoteselevant
pointsandtimessigndenotesrrelevantones.

For eachquery , our methodrunsaninitial databassearchandreturnsthe nearesneighborsof totheuser
It thenasksthe userto provide theinitial trainingsampleset by labelingretrievedimagesasrelevantor irrelevant.
With , our methodthenrunsthe interactive pattern analysisalgorithm, presentedn Algorithm 2, to improve the
initial searctresults.

Figure2 demonstratetypical queryresultsof differentmethodsFigure2 (a) demonstratethattheprimitive near
estneighborsearchgenerates circled boundaryin the featurespaceandits performances usuallypoor, unlessthe
queryis locatednearthe centerof alarge clusterof relevantpoints. By usingquerymovementandfeaturereweighting
techniquesmosttraditionalrelevancefeedbackapproachefl 7, 16] canmove the querytowardthe centroidof arele-
vantcluster andgeneratanelliptic hypersurfaceto cover relevantpointsbetter However, the commondravbackof
theseapproachess thatthey areproneto be trappedby local optimum,especiallyfor highly selectve queries.This
is becauseachrelevant clusteris wrappedby irrelevant points,which hinderthe abore-mentionedapproachefrom
exploring multiple relevantclusters.So,theseapproachesftentry to adjusttheir queriesto cover onerelevantcluster
as perfectas possible. Figure 2 (b) illustratesthat that our approachpy applyinginteractve patternanalysis,can
effectively overcomethe nonlineardistribution of relevant points,andlocaterelevant pointsfrom multiple nonlinear
relevantclusters.



4 Empirical Results

4.1 Experimental Setup
In our experimentsgachimageis representetdy thefollowing imagefeatures:

Color. We employ two color featuredn our experiments.The®rst oneis a 64-bincolor coherencerector[14]
in theHSV color space The secondneis a 9-bin colormomentg11] extractedfrom the L*a*b color space.

Texture. We representextureusinga 10-binwavelet-basedeature[17].

Shape Shapenformationof animagecanbe well capturedby its edgemap. We obtaintwo statisticalshape
descriptordrom the color edgemap[1] of animage. The ®rst oneis the 64-bin edgecoherenceéhistogram
[1], which representshe coherencenformation of edgepixels in the primary 8 directions. The secondone

is a 32-bin Fourier shapedescriptor[1]. To getthe Fourier descriptoy animageis ®rst corvertedto the scale

of for edgedetection.Afterwards,the 2D FastFourier Transformatioris appliedto the edgemap.
The magnitudeimageof the Fourier spectrumis thendecimatedoy the factorof 16 to getthe 32-bin Fourier
descriptor

We concatenat¢he abore ®ve imagefeaturesinto a 179-binfeaturevector and conductour experimentson images
indexedby this featurevector

To testthe performanceof our method,we usea large-scaledlatabasevhich contains31,438Corelimages.All
imagesin the databasere originally classi®edinto hundredsof categoriesby Corel compary. However, mary of
thesecateyoriesareinappropriatefor evaluatingthe performanceof content-basedultimediadatabaseearch.For
instanceabout70 Corel catggoriescontainsceneryimages(suchaslandscapedyuildingsandsunsets)andaretitled
with countrynamesor city namegqsuchasEnglandor Holland). Thesecateyoriesseento be createdaccordingo the
shootinglocationsof images,nsteadof their content. They arede®nitelyinappropriatefor evaluatingcontent-based
imageretrieval. So,we chooset4 semanticateyories(suchasrose butter y, tiger, eagle penguinfalls andcity, etc.)
with re®nedgroundtruth, anduseall the 5,172imagedrom thesecatayoriesasqueriesto evaluatethe performancef
our method.For eachquery theretrieval is executedon thethe whole databaséwith 31,438images).

Precisionandrecall areusedto evaluatethe performancef theproposedpproachPrecisionis thenumberof the
returnedrelevantimagesover the total numberof returnedimages,andrecall is the numberof the returnedrelevant
imagesover thetotal numberof relevantimagesn the databaseTo calculateprecisionandrecall,only thosereturned
imagesfrom the samesemanticcateyory asthe queryarecountedasrelevant. The averageprecisionandrecall of all
gueriesareusedastheoverall performance.

Thenumberof nearesteighborgeturned(thatis, k) is oftencalledscope Sincethe databassearchperformance
alsovarieswith scopewe conductedxperimentson scopef 80 and120,respectiely.

For a comparisonyve provide the performancef the OPL method[16] underthe sameexperimentalkonditions.
OPL is an extensionof the approachproposedn MindReadel[9], andhasbeenextensiely usedasa baseline for
performanceomparisorf19, 22].

We set , thenumberof treeclassi®ergo train, to 60 in our experiments.This valueis choserby a compromise
betweeneffectivenessand ef®ciengy. Although Breiman[4] suggestdraining as mary treesas possible,we have
to keepthe echotime shortenoughfor the interactive user To train aninteractve randomforestwith  trees,the
echotime of eachrelevancefeedbackiterationis lessthanor around10 secondswhich is acceptabldor interactve
applications(seeSection4.4). As to the effectiveness,experimentalresults(presentedn Section4.3) shav that
combining60 treeclassi®erssigni®cantlyoutperformsOPL.

Wetestthe performancef ourmethodwhen |, thethresholdor thesizeof sampleset,equalgo and ,
respectrely. To distinguishthesetwo casesye use to denotetheformer, anduse toidentify thelatter. By
setting to achievesanechotime of lessthan  second®n the state-of-arcomputenseeSection4.4),
while performsalmostoptimally (seeSection4.3). In our experimentstheinteractve randomforestis equivalentto
the original randomforestwhen . Thisis becausaverun iterationsfor eachquery andthe maximum
numberof nearesheighborgeturneds



4.2 UserlInterface

Figure3: Userinterfaceof our system.

Basedon the presentednethod,we have implementeda content-baseimageretrieval systemcalled PicQuest
Figure3 demonstratethe userinterfaceof our system.The currentqueryis shovn ontheleft top cornerof thescreen.
The returnedimagesare listed underthe query sequentially Undereachreturnedimage,two numberswhich are
separatedy a comma,are displayed: The ®rst oneis the uniquenumberof the image,andthe secondoneis the
distancebetweertheimageandthequery

In the beginning, eachimageis assumedo be relevant. The userthenidenti®esirrelevantimagesby disabling
their relevant checkboxs. Afterwards,he or shecanactivatethe Submitbuttonto surrendethe relevancefeedback.
Theusermaycancelpreviousselectiondy enablingthe ReseSelectiorbutton. He or shecanstartanew queryatary
time by clicking onareturnedmageor the Go bad to menuoption.

4.3 PerformanceEvaluation

For eachquery werun 10 retrieval iterations,andFigure4 shavs the averageprecisionandrecall aftereachiteration.
We canlearnfrom the®gurethatall relevancefeedbackmethodsachieve noticeablémprovementon performancever
the primitive nearesheighborsearch. However, OPL corvergesafteronly iterationsarerun, andonly achieves
aprecisionof about andarecallof about . Thissupportouranalysigcf. Section3.3)thatOPLIis
proneto betrappedby local optimum. By usinga patternanalysismethod,both and achivesnoticeable
improvementon performanceafter eachiterationarerun, andthey consistentlyoutperformOPL in our experiments.
After 10iterations,|RF improvesthe precisionover OPL by . Asto therecall,the gain of over OPL
is increase This indicatesthat IRF achievesremarkablémprovementover OPL by employing pattern
analysisin content-basetinageretrieval.

Experimentakesultspresentedo far demonstratéhat our methodachieres noticeableimprovementover OPL.
Theadwantageof our methodis thatit canlearnthe queryconceptfrom training samplesand®nd multiple nonlinear
clustersof relevantpoints. Thisis de®nitelysuperiorto thetraditionalrelevancefeedbaclkapproachekk e OPL,which



(a) Precisionsf scope30 (b) Recallsof scoped0.

(c) Precision®of 120. (d) Recallsof 120.

Figure4: Performanceomparisorof OPL, IRF andORFE

only performsoptimally whenrelevantpointsform a singlenormal-distrilutedclusterin thedataspace.

Figure4 shavsthat outperforms mauginally by about . Thisindicateghatover®ttingdoesoccur
slightly more often with , althoughit may compensat¢he over®tting problemby reducingthe generalization
errorsamongthe membertree classi®ergseeSection3.2). However, is the mostcost-efective methodamong
all thethreetestedapproachessinceit runsmuchmoreef®ciently than and (seeSectiord.4).

4.4 Ef®ciency

We presenexperimentatesultsfor comparingheef®ciengy of OPL,ORFandIRF in thissection.All theexperiments
arerunonaSUN Ultra 80 with a450MHZ CPUand1GB memory

The OPL[9, 16] approachs quite expensve, sinceits computationatostincreasesubicallywith thedimensions
of the featurespace. With the two-level structureproposedby Rui et al. [16], its costreducesto only cubically
relatedto the maximumdimension®f all imagefeaturesused.For instancethecomputationatostof OPL s
in our experiments since64 is the maximumdimensionof all the imagefeatureswe used. However, the reduced
computationatostis still ratherexpensve, sincethe dimension®f eachimagefeaturecanbe ashigh ashundreds.

Figure5 compareghe ef®ciengy of OPL, ORFandIRF for scopesof 80 and120. Figure5 (c) and(d) shav that
the numberof training samplesncreasesub-linearlywith the numberof iterations.For OPL, the averageechotime
for the®rstiterationis about7 secondsandit jumpsdramaticallyto morethan20 second$rom the secondteration.
As to thethe OREF; its echotime increasedinearly with the numberof iterations.For the th iteration,theechotime
of OPL is about21 seconddor the scopeof 80, and25 seconddor the scopeof 120; Theechotime of ORFis about
19 secondsdor the scopeof 80,and32 seconddor the scopeof 120.

By employing our resamplingmethod,the echotime of the IRF is alwayslessthanor around
secondsandit runs timesmoreef®cientthanboth and . So, is themostcost-efective approach
amongall thethreecomparednethods.
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Figure5: Ef®ciengy of differentmethods.

5 Conclusionsand Futur e Work

In this paper we presentedn interactive patternanalysismethodto searchmultimediadatabaseswith our method,
the useris allowed to participatein the databasesearchby labelingthe retrieved imagesasrelevant or irrelevant.
Using userlabeledimagesas training samples,our methodemploys an online patternanalysistechniqueto learn
the distribution patternof relevantimagesin the featurespace andintelligently reduceirrelevantimages.Fromthe
reducedmageset, our approacthre®nesits previous searchresultsby returningthe top-k nearesneighbors(of the
guery)to theuser

To achieve the interactive patternanalysis,we employ a patternclassi®cationalgorithm called randomforests,
which is a machinelearningalgorithmwith proven good performanceon mary traditional classi®cationproblems.
To generalizethe original randomforestsalgorithm for interactve patternanalysis,we presenta novel two-level
resamplingmethod,called , Which generatesnultiple reducedraining setsfrom large-sizedsamplesets,and
trainsa subsef treesfrom eachreducedset.

Extensve experimentalresultson a large-scaledmagedatabaselemonstratéhat our methodachievesdramatic
improvementon performancever OPL — oneof the previously well-known relevancefeedbackmethods.Moreover,
with appropriatechosen - thethresholdfor the sizeof the eachreducedsampleset,our interactive randomforest
achievesnoticeablegainsin ef®ciengy overthe original randomforestsandOPL.

To extendour researchsomechallengingproblemsneedto befurtherinvestigated: (1) How to effectively detect
theboundariebetweerrelevantpointsandirrelevantones,andhow to usethe detectedoundarieso furtherimprove
the performanceof our interactve patternanalysismethod? (2) How to reduceirrelevant training sampleshat are
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locatedfar away from the currentlydetectecboundaries?¥3) How to improve the corverge rateof our approachVe
planto studysomeof theseproblemsn our futureresearch.
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