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ABSTRACT

The problemof content-basednagesearchinghasreceved considerablattentionin thelastfew years. Thousand®f images
arenow availableontheinternet,andmary importantapplicationgequiresearchingf imagesn domainsuchasE-commerce,
medicalimaging,weatherprediction,satelliteimagery andso on. Yet, content-basednagequeryingis still largely unestab-
lishedasa mainstreanfield, nor is it widely usedby searchengines.We believe thattwo of the major hurdlesfor this poor
acceptancarepoorretrieval quality andusability.

In this paper we introducethe CAMEL system—aracrorym for ConceptAnnotatediMagE Libraries—asan effort to
addresdbothof theabove problems.The CAMEL systenmprovidesandeasy-to-useandyet powerful, text-only queryinterface,
which allows usersto searchfor imageshasedon visual conceptsidentifiedby specifyingrelevantkeywords. Conceptually
CAMEL annotatesmageswith the visual conceptghatarerelevantto them. In practice, CAMEL definesvisual conceptdy
lookingatsampldmageff-line andextractingtheirrelevantvisualfeatures Oncedefined suchvisualconceptsanbeusedo
searchor relevantimageson thefly, usingcontent-basedearctmethods.Thevisualconceptsrestoredin a Conceptibrary
andarerepresentedby an associatedet of wavelet featureswhich in our implementationwere extractedby the WALRUS
imagequeryingsystem. Eventhoughthe CAMEL frameavork appliesindependenthof the underlyingqueryengine for our
prototypewe have choseWALRUS asa back-enddueto its ability to extractandquerywith imageregion features.

CAMEL improvesretrieval quality becauseét allows expertsto build very accurateepresentationsf visual conceptghat
canbeusedevenby novice users.At thesametime, CAMEL improvesusabilityby supportingthe familiar text-only interface
currentlyusedby mostsearchengineson the weh Both improvementsepresent departureérom traditionalapproacheso
improving image query systems—insteadf focusingon query execution we emphasizequery specificationby allowing
simplerandyet moreprecisequeryspecification.
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1. INTRODUCTION

The proliferationof digital imageson the internet,andin domain-specifi@pplicationshasmadethe problemof searching
amongtheseimagesincreasinglyimportantin recentyears. Imagequeryingby content—orsearchingfor visually similar

images/rgionsto a queryimage/rgion—hadmportantapplicationgor internetsearctenginesE-commercemedicaldiagno-
sis, weathermrediction,agricultureand ervironmentalchangeracking,insurancegntertainmentandthe petroleumindustry

amongothers. Theseapplicationsrequirecontent-basedueryingandretrieval of imagesin diverseimagedomainssuchas

internet,medical,satellite,seismic,etc. Despitethe needfor content-basednagesearchandthe abundanceof imagesearch
applicationdomainshowever, thefield is still notwell establishear widely popular

We believe thattwo major hurdlesfor makingthe imagesearchfield more matureandwell acceptedareits inconsistent
retrieval quality andpoorusability With respecto quality, mostimagesearchenginesreturnjust a few relevantimageswith
a significantamountof noise. This is largely dueto the fact that content-baseimagesearchings difficult to begin with,
andcorrespondinglymostresearchup to datehasbeenfocusedon that problem. The usability problem,however, hashardly
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beenaddressedo far, eventhoughfor someapplicationst is the single mostdecidingfactorfor acceptancer rejectionof
thetechnology For example,for internetsearchenginesijt is very hardto find andspecifyan appropriatequeryimage. The
problemof finding relevantimagess compoundedby the problemof finding anappropriatejueryimage. Thetypical solutions
areto provide somerandomimagesuntil somethingemotelysimilar is found, andthento refinethe search.An alternatie is
to manuallycategyorizesomeimageso be usedasqueryimages.Both approacheghough,areinefficient, andincorvenientto
theuserandthe databasedministrator

In this paperwe propose¢he CAMEL systenthattriesto addres$othof the hurdlesdescribedabore, with emphasideing
placedonusability which hasmostlybeenignoredto this datedespiteof its importance CAMEL standgor ConceptAnnotated
iMagE Librariesandprovidesa naturalapproacho the usability problem. Theideais to allow usersto searchfor imageshy
simply specifyingthe keyword termsthey areinterestedn, without requiringmanualannotatiorof all imagesheforehandand
without losing the power of content-basetmagesearch.For example,given a large collectionof patients’X-ray images,a
doctormay wantto searchfor imagesthat contain“lung cancer”in orderto compareprevious casego the currentpatient.
The familiar text-only queryinterfaceis clearly a significantimprovementin termsof usability The challengds how how to
preseretheability to efficiently searchfor relevantimagesbasecdn their visual content,andhow to avoid the subjectve and
laborintensie procesf manualannotatiornof all images.CAMEL addressethatchallengeaswell astheretrieval quality
problem,by providing semi-automatichigh quality objective annotatiorof imageswith visualconcepts.

Theremaindef the paperis organizedasfollows. Sectionl.1 providessomebackgroundn content-basetnagesearch-
ing and describesxisting approacheso that problem. Sectionl.2 givesa generaloverview of our proposedapproachand
pointsout someof its advantages.The featuresof the back-endmagequery systemchosenfor our prototypeare described
in Section2. In Section3, we discussthe similarity modeladoptedoy our framewvork andin Section4, we describethe ar
chitectureof the CAMEL systemin more detail, alongwith a high-level descriptionof the WALRUS components.Finally,
Sectionsillustratesourimplementatiorandsomesampleresults,andSection6 concludesvith asummaryof our contributions
andfuturework.

1.1. Previouswork

While work on improving the usability of imagesearchapplicationss fairly scarce the problemof improving the retrieval
quality of imagesearchsystemdasrecevedconsiderablattentionin theliterature. Thewidely accepte@pproacho solving
this problemis typically to extractafeature vector(or asignatue) from everyimage,andto mapeachimageessentiallyinto a
d-dimensionapoint P, wherethe coordinate®f P correspondo the featurevectoror alow-dimensionabpproximatiorof it.
All of theimagesn thedatabasarethereforenappedo pointsin somed-dimensionakpaceandthe pointsareindexedusing
amulti-dimensionaindex, suchasan R-Tree. During querying,the point correspondingo the queryimageis usedto search
theindex for neighboringpointsthatarewithin a small distanceaway from the querypoint, with respecto somemetricsuch
asEuclideardistancefor example.Theretrievedpointscorrespondo the similarimageswhich maybefiltered out furtherby
performingfiner similarity computation.The approachem theliteraturediffer mainlyin thetypesof featureseingextracted,
themappingof imageso ametricspacethedistancdunctionusedfor similarity computationandthetypeof indexing method
beingused.

TheearlyimagequerysystemssuchasI|BM’s QBIC,' 3 theViragesysten by Viragelnc., andthe Photobooksysteni-
from the MIT Medialab, usedseparaténdexesfor color histogramsshape andtexture features.The taskof appropriately
weighing the featuresrelative to eachotherwas not easy however, and was left for the user thus hinderingusability sig-
nificantly. Also, the factthat for eachfeaturetype, only a single featurevectorwas extractedfor the entireimageleadto
inconsistentetrieval quality sinceoften onesignatureperimageis not sufficient. Jacobset al.” werethefirst to usewavelet
featuresthat capturedcolor, texture and shapesimultaneously Their systemimproved usability by eliminatingthe needto
weighthedifferentfeaturesandprovidedgoodperformancelueto the excellentapproximatioranddimensionalityreduction
propertiesof wavelets. The WBIIS systemdevelopedby Wanget al.8 improved on the wavelet methodof Jacobsetal.” by
usingDaubechiesivavelets,abetterdistancemetric,andathree-stegearchprocesssStill, though,all of thesemethodsextract
only onesignatureperimageandperformsimilarity comparisonst the granularityof theentireimage.

JohnSmith consideredmagequery systemghat integratespatialand featureinformation, both at the imageandregion
level®-!! . Region extractionwas achieved by reverse-mappingegion featuresrom a staticlibrary of imagepatterns.His
approachallowed the userto specifythe spatiallocationof regions,both in absolutetermsaswell asrelative to eachother,
but the pipelinealsoallowed for falsedismissals Still, his Ph.D.thesiswasa very completetreatmenbf region-basedmage
qguerying,andaddressedssuessuchasscale- rotation-,andtranslation-iwarianceof imageregions.



TheWALRUS system?13 usedanalternatie approactor region-basedjueryingandplacedemphasi®n achieving scale-
and translation-iwarianceof image objects. The systemcomputedwavelet signaturedor hundredsor even thousandspf
sliding windows perimage. The signaturesvere subsequentlglusteredn orderto identify a setof regionsfor eachimage.
Thus,the systemextracteda variablenumberof waveletregion featuregperimage dependingpn the compleity of theimage.
By consideringvindows of differentsizesandwith differentpositionsin eachimage the systemwasableto achiere excellent
retrieval quality. It alsoemployed a more intuitive similarity modelindependenbf scaleor locationof imageregions. For

furtherdiscussiorof the WALRUS system seeSection2.

1.2. Proposedapproach

The CAMEL approachfor improving both retrieval quality and usability is a departurefrom the traditional approacheso
content-basednagesearch.Insteadof concentratingn the actualsearchitself, andtrying to improve the query execution
CAMEL focusesonthequery specification Usability is improvedthrougha simplifiedqueryinterface while retrieval perfor
manceis improved dueto moreexpressie representatioof the queryterm. Thekey ideais to split the queryprocessn two
stagesconceptcatalogingphaseg(doneoff-line by anexpert)andactualsearchingdoneon-lineby user). Thetwo phasesre
illustratedin Figurel. Notethatwe do not describea separaténdexing phasebecausdt is donesolelyfor speedugpurposes

andis necessarfrom a purefunctionality perspectie.
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Figure1. CAMEL systemovervien

Theconceptatalogingpr learning phases usedo definevisualconceptandbuild aconceptibrary. Conceptaredefined
by specifyingoneor more sampleimagesthat are usedby the systemto automaticallyextract relevantsemantidnformation
aboutthe conceptandto associatét with the givenconcept. The associations performedby the ConceptCatalager andis
storedin a ConceptLibrary for future use. The ConceptLibrary is a modulefor persistenstorageof conceptsandit can



be maintainedand usedby mary people. Note that even thoughthe ConceptLibrary shouldbe built by an expertin order
to maximizeperformancejt canlater be modified by users,either by insertingnew conceptsor by refining existing ones.
Also, suchConceptibrariescancomeasoptionaldomain-specifiplug-inmodulessimilarly, for exampleto IBM’ sviaVoice
speechrecognitionproductthatcanbe shippedwith specificadd-onmodulesfor recognizingdomain-specifiterminology

The queryingphasesimply takesa keyword phraseandmapsit to a visual concept(ourimplementatiorusesthe identity
mappingbut moresophisticateédpproachesncludingthe useof multiple keywords,arediscussedh the futurework section).
TheConcepinterpreterthenlooksuptherepresentatioof thevisualconcepfrom theConceptLibrary andusest to querythe
databaséor imagescontainingthe relevantconcept.Eventhoughconceptuallythis approactannotatesmageswith concepts,
in reality, it is significantlydifferentfrom manualannotationof images.First of all, oncea concepts defined,it canbe used
to searchfor relevantimageswithout having annotateceachandevery one of them. Secondthe conceptdefinitionis more
objective than a person$ annotationbecausea conceptis representedvith visual features,as opposedo limited keyword
descriptions.Therefore theimagesearchn CAMEL is basedon imagecontent(asopposedo a simpletext searchamong
keyword-annotateimages)andthefinal similarity scorefor eachimagematchis moreintuitive. Third, the extractionof the
appropriatesemantidnformationfrom eachimageis automaticandthe conceptannotatioris implicit. In contrastthemanual
annotatiorapproachrequireghateachimagebe explicitly annotatedeforeit canbe consideredn akeyword query

2. WALRUSFEATURES

Thehigh-level approachihatwe describedn theprevioussectionrequiresaback-endmagequerysystento performtheactual
imagesearchandpossiblyto constructthe visual conceptrepresentatiofrom oneor more sampleimages. Eventhoughthe
approachs generaknoughandis independenof theunderlyinggueryengine therearesomeconsiderationthatmake certain
gueryengineamoresuitablethanothers.In the following, we considetthe majorfactorsfor selectinga back-endjuerysystem
andwe motivateour choice.

Themostfundamentatjuestiorrelatingto our approachs the natureof theconceptstepresentatiom the Conceptibrary.
The simplestandthe mostsimilar to the manualannotatiorapproacthis to usetext representationHowever, in thatcase we
wouldlosetheability to queryby contentandin additionto the manuallaborrequired the approactwould suffer from lack of
expressvity for theconceptrepresentatiorin thespirit of theold sayingthata pictureequalsathousandvords,we believe that
searchbasednimagecontentis amuchbetterandmoreobjective approachThefirst suchapproactthatcomesto mindis to
simply storetheimagelDs of somerepresentatieimagedor eachvisualconceptHowever, althoughthis approactwould help
with the usability problem,it would be inefficientin termsof performanceboth with respecto retrieval quality andrunning
time. Sinceultimatelythe searchs basedn imagefeaturegatherthantheimageshemseles,storingimagelDs would mean
thatfor eachquery severalimageswould have to be fetchedfrom disk and processedor featureextraction. This would be
redundantomputatiorandcanbe saved simply by doingit off-line andstoringthe relevantimagefeaturedor eachconcept,
ratherthanimagelDs. For retrieval quality considerationsstoringonly the relevantimagefeaturesfor eachconceptwill be
amoreaccurateaepresentationf the conceptcomparedo the entireimage. This is dueto the factthateachimagecontains
somenoisein additionto the relevantcontent,andwithout pre-processinghe imageto extractonly the relevantinformation,
this noisewould deteriorateahe quality of the conceptrepresentationgndthereforethe overall retrieval quality. We therefore
optedto representonceptdy relevantimagefeaturesonly, andwe try to maximizethe amountof computationrdonein the
off-line phasesothatthereis minimal overheadn theonlinephase Thatway we achieze bothCPUtime savingsandincreased
retrieval quality dueto higherprecisionof the conceptepresentations.

The next questionthatwe needto answetis what featuresexactly we shouldstorein the conceptrepresentationgOne of
themostcommonlyusedimagefeatureds the color histogramwhich encodestatisticalinformationaboutthe distribution of
colorsin thepicture.Color histogramshowever, do not captureary shapeor textureinformation,soby themselesthey arenot
sufficientto representonceptsCombiningthemwith otherindependenteaturedor shapeandtextureis noteasyandusually
placegheburdenontheuserto specifyweightsfor thedifferentfeatures Sincethis goesagainsour effort to improve usability;
we usewaveletfeaturednstead Waveletsprovide very compactepresentationgffer excellentapproximatiorpropertiesand
capturecolor, shapeandtexturein asingleunified framewvork.”-8:13:12 |deally, we would alsowantto be ableto extractsuch
featuredor imageregions,ratherthanthe entireimagesandwe would like to generate variablenumberof regionsbasedn
the compleity of theimagecontent. Theregion featureextractionandmatchingat the sub-imagdevel areimportantbecause
in orderto achieve the mostaccuratepossibleconceptrepresentationsye needto have the highestpossiblegranularityfor
imagefeatures By beingableto extractimageregionsandtheir featureswe candescribeconceptsnorepreciselyandwe can
eliminatenoisefrom sampleimagesmoreeffectively. Sincethe WALRUS system? meetsall of the above requirementsand
wasavailableto us,we choset asaback-endo the CAMEL system.



In orderto extract regionsfor an image, WALRUS considerssliding windows of varying sizesand then clustersthem
basedon the proximity of their waveletsignatures.Thus,the systemgenerates variablenumberof featurevectorsfor each
image—oneperimageregion, wherethe numberof imageregionsdepend®n the compleity of theimage. Furthermoreby
performingsimilarity matchingat the sub-imagegranularity WALRUS’s similarity modelcandetectsimilarity in caseswhere
someregionsin animagearescaledor translatedrersionsof regionsfrom anotherimage. The performancesf the WALRUS
systemis very competitive in practiceandachievesvery goodretrieval quality. All of thesepropertiesarenaturallyinherited
by the CAMEL system.

3. SIMILARITY MODEL

Theimagesimilarity modelthatwe usein the CAMEL framawork is roughlythe sameasthe WALRUS modelbut with slight

modificationto accommodatéhe notion of visual concepts.The WALRUS similarity modelis illustratedin Figure2. The

formal definitionsappeaiin Natse etal.'? Informally, the similarity betweertwo imagess definedasthefractionof matched
imageareavs. thetotal imageareain bothimages.For simplicity, we assuméherethatthe matchedareais simply the union

of all matchedregionsin theimages! Imageregionsaresaidto be similar if their wavelet signaturesarewithin a certaine

distancefrom eachother Scaleandpositionof regionsareignored,asshavn in Figure2, wheretranslatecandscaledversions
of queryregionsarematchedn thetargetimage.Accordingto theabove similarity model,the similarity scorebetweerthetwo

imagesshouldbe around0.5to 0.6 becausé¢he areaof matchedegionscomprisesabout50%to 60% of the total areain the
two images.

Target image

Figure 2. Imagesimilarity model

For the CAMEL system,we needto considerthe fact that the query objectis not animagebut rathera visual concept,
consistingof regionsignaturegxtractedrom oneor moreimages Sincethefeaturevectorsstoredin aconceptsrepresentation
correspondo actualregionsfrom somesampleémagestheregion matchingdefinitionstill appliesandwe couldidentify pairs
of matchingregionsfrom the query conceptandthe targetimage. However, sincethe queryregionsno longercomefrom a
singleimage,andwe do not storepositioninformationwith eachregion, we cannotsimply computethe union of all matched
gueryregionsin orderto calculatethe total matchedquery area. Instead,we definethe similarity betweena query concept
andtargetimageto be the weightedaveragebetweera querymatchscoreanda targetmatchscore. Thetarget matchscoreis
definedasbeforeto bethefractionof matchedareavstotalimageareain thetargetimage.Thequerymatchscore however, is

1An alternatve definitionis discussedn Natse etal.,!? wherethe systemenforcesthe restrictionthat eachimageregion of the query
imagecanmatchno morethanonetargetimageregion andvice versa.



definedasthefraction of matchedquerysliding windows vs the total numberof querysliding windows. Recallthattheimage
regionsareextractedby clusteringthe wavelet signaturesf sliding windows of the imageso eachimageregion represents
numberof slidingwindows. By addingup the numberf sliding windows for all matchedegions,anddividing it by thetotal
numberof sliding windows, we arrive at a sensiblewvay of computingthe querymatchscore eventhoughthe queryconcepts
arerepresentetyy regionsextractedfrom multiple images.We formally definethe similarity modelbetweena conceptanda
candidatémageby modifying thefollowing definitionsfrom the original WALRUS model?:

DEerINITION 3.1. (Similar region pair set) For a queryconcept and a target image T', the setof ordered region pairs
{(Q1,T1),--.,(Qi,T7)} is referred to as a similar region pair setfor  andT' if Q; is similar to T; and for everyi # j,
Qi # Q; andT; #Tj.

DEeFINITION 3.2. (Image similarity) A queryconcept) is saidto besimilarto atargetimage T if there existsa similar region
pair setfor Q andT {(Q1,T1), - - -, (Qi, T1)}, sud that:

card(U_, (Q4)) _area(Ui_(Ty))

1-— >
card(Q) +A-W) area(T) 2¢
In the above definition, card(UL_, (Q;)) is the numberof sliding windows in @ representethy regionsQ;, ..., Q;. The
termarea(Ul_, (T;)) representshe numberof pixelsin T' coveredby regionsTy, . .., T; consideredogether The weight W

canbestaticor canbe dynamicallymanipulatedy the useraccordingo the applicationneeds Alternative definitionsarealso
possible similarly to thevariationssuggestety the WALRUS paper'2

4. SYSTEM ARCHITECTURE

Our CAMEL prototypeis built on top of the WALRUS systemfor imageindexing and retrieval. Figure 3 illustratesthe
architectureof the CAMEL systemalong with that of the WALRUS system. The WALRUS systemis comprisedof three
majorcomponentsregion featureextraction,region matchingandimagematching.In addition,the CAMEL systemaddsthe
ConcepiCatalogemndthe Conceptnterpretercomponentsaswell asthe ConceptLibrary storagemodule.

The basicoperationgpreviously supportedoy the WALRUS systemwereindexing animageandqueryingwith animage.
Theimageindexing phasenvolvesextractingregion signaturesandinsertingtheminto an R*-treeindex, while the querying
operationinvolvesregion featureextraction,probingof the R*-treeindex to find matchingregionsto the extractedqueryimage
regions,andfinally usingthematchedegionpairsto computeafinal similarity scorefor rankingof eachcandidatémagematch.
The region featureextractionprocedureconsistsof decomposingheimageinto sliding windows, computinga Haarwavelet
signaturefor eachsliding window, andthenclusteringall window signaturesn orderto identify regionswith homogeneous
waveletsignaturesFor a detaileddescriptionof the WALRUS systemandits componentsee!?

The new functionality addedby the CAMEL systemincludesthe conceptcatalogingphaseandthe queryingby concept
phase. In the conceptcatalogingphase the systemtakes as an input a conceptspecification(e.g., concept‘apple”) anda
sampleimagecontainingthe specifiedconcepfi.e.,animageof anapple). The systemhenuseshe WALRUS region feature
extractionmoduleto getall regionsfrom the sampleimage. The regionsare classifiedas eitherimportant, unimportant or
neutral, accordingto a significancescoreevaluatedfor eachregion. The significancescoreusesa heuristicformulathattakes
into accountheimageareacoveredby theregion (i.e., the spanof theregion) andthe numberof sliding windows represented
by theregion (i.e., the cardinalityof theregion). Thefinal significancescorefor eachregionis a fractionalnumberbetweerD
and1, with 1 representin@bsolutelycritical regions,andO representingnoiseandregion outliers. Regionswith significance
scorehigherthana certainthresholdareconsideredmportant andarealwaysinsertednto the ConceptLibrary aspartof the
representatioof the specifiedconcept.If thereis anexistingregion featurein the conceptsrepresentatiothatis closeenough
to a new importantregion, thenthe two region clustersare memged,andthe adjustedcentroid(or boundingbox) is usedasa
representatie featurefor thenew cluster If thenew regionsignaturas notcloseto ary of theexisting representatie signatures,
thenit is insertedasa new representatie signaturefor the given concept.If on the otherhand,the significancescorefor the
region is below the thresholdbut thereis an existing signaturesimilar enoughto the new signature thenthe new signature
is deemecdheutial andis memgedwith the existing region in orderto refineits signature.All othersignaturesre considered
unimportantand are discarded.The above mechanismallows for a moreselectve procedureor defininga visual concepts
representatioandit triesto filter out noisesothattheresultingconceptepresentatiois pure. This procedureandthefactthat
region signaturegrom multiple imagescanbe usedto refinethe concept,improvesthe quality of the conceptrepresentation
andleadto betterretrieval quality. Improvementsn the heuristicscoringformulaandthethresholdestimatiorfunctionalityare
still openproblems.
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Figure 3. Architectureof the CAMEL system

Thelastpieceof new functionalityincludesthe Conceptinterpreterandthe queryingby conceptphase.During an actual
gueryby concept.the systemtakesasinput only the concept,andusesthe Conceptinterpreterto look up its representation
from theConceptibrary. Thereturnedsetof concepfeaturesarethenusedto probethe R*-treeindex to find matchingmage
regions, andthe modified similarity scoringis usedto rank potentialimage matchegelevantto the specifiedconcept. The
pseudo-codéor theabove four basicoperationss listedin Figures4 and5.

5. IMPLEMENT ATION

In this sectionwe shav somesamplequeriesof the CAMEL system,and compareits retrieval quality with the WALRUS
system.Theresultsin this sectionarenot meantto be anextensie studyon performancéut ratherto appeassimply asa proof
of conceptandto demonstrat¢éhatusability canbeimprovedwithout necessarilysacrificingperformance.

In termsof retrieval quality, we shaw thatarefinedconceptepresentationanachieve bettemperformanceéhanthe WALRUS
systemwhich by itself hasvery goodretrieval quality. Dueto spaceandtime constraintsve do not reportcomparisonsvith
imagequerysystemstherthanWALRUS, althoughCAMEL did performfavorablywith respecto QBIC, anda comparison
of WALRUS with an alternatve wavelet approachcan be found in the WALRUS paper!2  The running time and space
consideration®f CAMEL are comparablego that of the underlyingimagequery engine,or WALRUS in our case. We do
have someextra spacerequirementso storethe ConceptLibrary but they aregenerallyoffsetby the factthatthe datastored
thereconsistsof precomputedeaturevectorsandthereforesaresCPUtime. Also, it couldbe arguedthatwithoutthe Concept
Library, asearctenginewould needto storeactualimagesontheclientsideor transmitthemthroughthe network beforeevery
guery which is someavhatequialentto keepingthatinformationin a ConceptLibrary. Also, our experiencehasbeenthatthe
conceptepresentationis the ConceptLibrary arevery compactdueto theregionfiltering andnoiseeliminationperformedn



Index imageoperation:

1. Extractregionfeaturesrom inputimage:

(a) Generateslidingwindows of differentsizes

(b) DynamicallycomputeHaarwaveletfor all slidingwindows

(c) Clusterwaveletsignaturedor all slidingwindows

(d) Useeachclusters centroid(or boundingbox) asaregionfeature
2. For eachregion signaturedo:

(a) Inserttheregion signaturanto R*-treeindex

Query by imageoperation:

1. Extractregionfeaturefrom inputimageq:
(a) Generateslidingwindows of differentsizes
(b) DynamicallycomputeHaarwaveletfor all slidingwindows
(c) Clusterwaveletsignaturegor all slidingwindows
(d) Useeachclusters centroid(or boundingbox) asaregionfeature

2. For eachqueryregionsignatureRg, do:
(a) Probethe R*-treeindex to find similar signatures

3. For eachreturnedregion matchRr from targetimageT’, do:
(a) Add T to the setof candidatenatchesl/, if it's notalreadypresent
(b) Add Ry totheunionUT(T") of matchedargetregionsin imageT'
(c) Add Rg to theunionUQ(T") of matchedjueryregionsby imageT

4. For eachtargetimageT from M, do:

(a) UseUT(T) andUQ(T) to computesimilarity scoreS(T') for targetimageT
5. Sortcandidatemagesby similarity score
6. Piperankedlist of imagematchego the output

Figure 4. Pseudo-codéor WALRUS functionality

the conceptcatalogingphase.We canoften storemoreexpressve conceptrepresentationderived from severalimageswith
roughlythesamenumberof region featuresasgeneratedrom asingleimagein the WALRUS system.

Our implementatiorof the CAMEL prototypesystemis built on top of a re-implementedibrary of WALRUS back-end
functionality As in the original WALRUS implementationwe usedthe BIRCH pre-clusteringphasefor clusteringof signa-
tures!* We have alsousedthe R*-treeinstantiatiorof the GiST packagé asa disk-basedndex for thefeaturevectorsandthe
ImageMagicKibrary? for readingvariousimageformatsandcorvertingbetweerdifferentcolor spacesThe Concept_ibrary
wasimplementedisthreedatabaséablespopulatecandqueriedthroughthe Call Level Interfaceof IBM’sDB2 v. 6.1database.
Thedatasetwe usedfor queryingis theoneusedin the WALRUS paper!? andconsistof approximatelyl0000JPEGimages
with sizes85 x 128, 128 x 85, or 96 x 128. The queryresponsdime wasin the orderof 10 secondsThe R*-treeindex was
slightly biggerthanthetotal sizeof theimagessince,on the average we storeabout25 featurevectorsperimage. Theimage
databaseve usedcontainedrelatively smallimages(seeabove) andwasthereforevery compact.We don't expectthe side of
theindex to be necessarilyargerthantheoriginal databasén otherapplicationscenarioswheretheimagesarelarge.

Figure6 shovs a samplequeryresultof the WALRUS system.The queryimageis in thetop left cornerandhasanID of
885. The clusteringandqueryingparametersisedin the WALRUS systemwereasspecifiedin the original paper? andthe

Availableat http://epoch.cs.beekey.edu:8000/gist/libgistv1.
2Availableat http://wwwwizards.dupont.com/cristy/ImageMagick.html



Catalog conceptoperation:

1. Extractregionfeaturesrom inputsamplemage:

(a) Generateslidingwindows of differentsizes
(b) DynamicallycomputeHaarwaveletfor all slidingwindows
(c) Clusterwaveletsignaturedor all slidingwindows
(d) Useeachclusters centroid(or boundingbox) asaregionfeature
2. For eachregion signature R, do:
(8) RegionProcessed = False
(b) Computesignificancescorefor thatregion, SS(R)
(c) Foreachexisting regionfeatureE in givenconceptsrepresentatiorgo:
i. If dist(E,R) < ,then
A. MergeR into E
B. Usenew clusterscentroid(or boundingoox) asafeaturerepresentatiefor new region £
C. RegionProcessed = True
D. Break
(d) If RegionProcessed = False&& SS(R) > o,then
i. InsertR asnew regionfor givenconcept
(e) Elsediscardregion R

Query by conceptoperation:

1. Lookupconceptsregionfeaturesrom the ConceptLibrary
2. For eachregion signatureRg, do:

(a) Probethe R*-treeindex to find similar signatures
3. For eachreturnedregion matchRr fromimageT’, do:

(a) Add T to the setof candidatematchesl/, if it's notalreadypresent
(b) Add Ry totheunionUT(T") of matchedargetregionsin imageT'
(c) Add cardinalityof R, to thecardinalityC'Q(T') of matchedjueryconcepfeaturedy imageT

4. For eachtargetimageT from M, do:

(a) UseUT(T) andC'Q(T) to computesimilarity scoreS(T) for targetimageT’
5. Sortcandidatémagesby similarity score
6. Piperankedlist of imagematchego the output

Figure5. Pseudo-codéor CAMEL functionality

wavelettransformwasperformedn the YCC color space.Thetop 10 imageg(9 if we don't countthe queryimage)arelisted
from left to right, top to bottom,in orderof decreasingimilarity. With the exceptionof image5712,all of thereturnedmages
areindeedvisually similar to the query We shouldnotethatfor all threesamplequeriespresentedn this paper the top 20
imagesappearingmmediatelyafterthe onesreportedhereweretypically visually similar to the query with someexceptions.
For technicalandprinting considerationsve only shawv thetop 10 resultsfrom eachquery

Figure? illustratesa samplequeryresultin the CAMEL system.The conceptusedfor queryingwasdefinedusingonly a
singleimage(with ID 885)asanexample.We adjustedhe noisefilter sothatregionswith spanbelonv 50% of theimagearea
arediscardedasnoise. Dueto noisefiltering effects,the CAMEL systemstoresonly 9 out of the 11 regionsgeneratedrom
image885.jpg.Fromtheresultswe canobsenethatthequalityis slightly worsethanthecorrespondingVALRUS query—this
canbe attributedto the modifiedsimilarity modelwhich canonly considercardinalityratio asa matchingscorefor the query



(f) 883.jpg (9)5712.jpg (h)879.jpg (i) 890.jpg () 847.jpg

Figure 6. Imagesetrievedby WALRUS. ThequeryimagehasID 866andgenerated 1 regions.

(2)885.jpg (b) 866.jpg (c)821.jpg (d) 845.jpg (e)879.jpg

(f) 8408.jpg (9) 891.jpg (h) 861.jpg (1) 890.jpg (j) 8146.jpg

Figure 7. Imagegetrievedby CAMEL for aflowerconcepigueryrepresentetly 9 regionsextractedfrom image885.jpg.

conceptasopposedo the moreexpressie matchedareafraction usedfor images.However, the quality is still excellentand
consideringhefactthatthe conceptwasdefinedusinga singleimage the queryresultsarestill promising.

The potentialfor improved retrieval quality is more clearly establishedn Figure 8, wherethe flower conceptis refined
by consideringd samplepictures,ratherthanjust one. In otherwords, we took four examplesof flower pictures,extracted
their regions,megedthe similar ones,anddiscardedhe outliers. This resultsin a slightly biggerconceptrepresentatiotut
produceghe bestresultsout of the threeby returningrelevantimagesin all of thetop spots.In addition,theimagesreturned
in thethird queryaremorediversethanthe previoustwo queryresultsin thatthey includepicturesof singleflowers(e.g.,812,
821,883,861,885,and847),aswell asgroupsof asmallnumberof flowers(e.g.,865and892),andalsoflowersappearingas
abunch(e.g.,866 and845). Thateffectis not clearly expressedn the WALRUS queryresultsor in theinitial conceptquery
which shows thatthe retrieved answersanbe manipulatedoy carefulrefinemenbf the visual conceptso thatthe resultsare
tailoredtowardsa specificapplication.This capabilityaloneis animportantadwantageof the CAMEL system.

(a) 866.jpg (b) 845.jpg (c)812.jpg (d) 821.jpg (e)883.jpg

(f) 865.jpg (9) 861.jpg (h) 892.jpg (i) 885.jpg () 847.jpg

Figure 8. Imagesretrieved by CAMEL usinga refinedflower representatiogonsistingof 25 regionsfrom images885.jpg,
865.jpg,866.jpg,and892.jpg.



6. CONCLUSION AND FUTURE WORK

In this paper we have presentedh new directionfor improving currentimagequery systemsnamelyfocusingon the query
specificatiorpartasa gatevay to betterperformancendusability The CAMEL systemthatwe have proposedgcoupledwith
the WALRUS systemasa back-end performsimagematchingat the sub-imagdevel andusesan intuitive similarity model
thatis robustwith respecto scaleandposition. The waveletregion featuresextractedby the WALRUS systemcapturecolor,
texture andshapeandenablehigh quality conceptrepresentationto be automaticallyconstructedrom sampleimages.The
separatiorof queryingfrom featureselectionprovidesa way for expertsto build domain-specificonceptibrariesthatusers
canrefineevenfurther. As aresultof combiningsemantianformationfrom multiple imagesinto a singleconceptthe queries
becomemore expressie and more representatie of what usersarereally looking for, andthereforeusersobsere increased
retrieval quality. The flexible query specificationmechanisnof CAMEL allows novice usersto query througha familiar
text-only interface,without the needfor intensize manualannotatiorlaborandwhile allowing expertsto utilize the powerful
searchfeatureof WALRUS. Thus,CAMEL successfullycombineghe power of content-basedueryingwith the simplicity of
keyword querying.

As futurework we would lik e to considersemantichierarchief visualconceptssothatlower level conceptge.g.,“pine”
and“oak” are groupedunderhigherlevel cateyories(e.g., “tree”). This extensionis motivatedby the factthat the current
“flat” architecturanakesit hardto definemoregeneralkconceptssuchas“animals”, for example,sincetheimagesthatfall in
suchcateyoriesmay be very differentfrom eachother We would alsolik e to investigatewvaysfor automatictaxonomyand
classificatiorof imagespasedn suchconceptierarchies.

Anotherimprovementthat we are currentlyconsiderings the introductionof spatialconstraintsn the queryengine. For
example,we maywantto presere the scaleandpositionof two objectsrelative to eachother eventhoughthe absolutescale
andpositiondo not matter As anexample,if we arelooking for picturesof a motherwith a youngdaughterwe might want
to imposethe restrictionthat the motheris roughly twice astall asthe daughterandalsothatthey areneareachother The
proximity constrainhasanequialentanalogyin text searchingwherethelocationsof thekeywordsin thedocumengaretaken
into accountwhenrankingthe documentsThus,if thekeywordsappeaiin the samesentencer paragraphthe corresponding
documents rankedhigher

Finally, anothemvay of improving usabilityevenmorewould beto investigatenoresophisticatednappingsrom keywords
to visual conceptsaswell asBooleancombinationf keywords. In the currentimplementationthis mappingis the identity
mappingandeachkeyword represents uniqueconcept. An alternatie would be to usea thesaurusnd computesynorym
equivalenceclasseghat represenvisual concepts(using for exampleWordNet ). During a query, the systemwould then
transformeachkeyword into the canonicalrepresentatiof an appropriateequivalenceclass(perhapswith the help of the
user),sothattheusercanfind relevantmatche®venif they didn’t phraséhequeryprecisely Thishasalreadybeeninvestigated
in the context of text searchandis currentlyavailable,for example,in IBM’s DB2 Text Extender
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