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ABSTRACT

We presentan imagespotquerytechniqueasanalternative for content-basedimageretrieval basedon similarity over feature
vectors. Imagespotsareselective partsof a query imagedesignatedby usersashighly relevant for the desiredanswerset.
Comparedto traditionalapproaches,our techniqueallows usersto searchimagedatabasesfor local (spatial,color andcolor
transition)characteristicsratherthanglobalfeatures.

Whena userqueryis presentedto our searchengine,theenginedoesnot imposeany (similarity, ranking,cutoff) policy of
its own on theanswerset;it performsanexactmatchbasedon thequerytermsagainstthedatabase.Semantichigherconcepts
suchasweighingtherelevanceof queryterms,is left to theuserasa taskwhile refiningtheirqueryto reachthedesiredanswer
set. Given the hundredsof featuretermsinvolved in queryspots,refinementalgorithmsare to be encapsulatedin separate
applications,whichactasanintermediarybetweenour searchengineandtheusers.

Keywords: content-basedimageretrieval, exactmatching,queryarticulation,main-memorydatabases.

1. INTRODUCTION

In this paperwe arguethat imagequeryingthroughimage‘spots’ is a betterway of formulatingan imagequerycomparedto
traditionalqueryformulationmethodsbasedon featurevectorspaces.We defineanimagespotasa ‘significant’ portionof a
queryimageandthis spotis usedto searchalternativesin a (possibly)largeimageset.More precisely:a spotconsistsof one
or moreclosedregions,or spotelements,in animage.Whena spotconsistsof morethanonespotelement,we call thespota
multi-spot. Any partof animagecanbea spot,andhenceforththerearea hugenumberof possiblespotsperimage.A system
thatenablessearchingon a collectionof imagespotscanbeseenasa third-generationcontent-basedimageretrieval system.
Our systemis sucha third-generationsystem.

Recallthatfirst generationimagequeryingsystemsarebasedoncolorhistogrammatching.A sampleimageis characterized
by its color/texturecontentsandimagesarecomparedby, for example,computingtheEuclideandistancesimilarity function.
betweentheimages’colorhistograms.Therecurringproblemwith thisapproachis thatoftenspatialconsiderationsareignored
and that only completeimagescan be compared. Imageswith the samecolor build-up as the sampleimage,but that are
semanticallydifferent,arealsopresentedasgoodanswersin thisqueryscheme.

Secondgenerationcontent-basedimageretrieval approachesalsoconsiderspatialconstraintsandobjectlayouts.A number
of systemscombineboth color and/ortexturecontentsof imageswith spatialinformation/1032 andallow searchoperationson
‘combinedfeatures.’ Unfortunately, this featuredatabaseis computationallyexpensive to constructandsearch.Nevertheless,
thetendency is thatusingspatialconstraintsimprovethequalityof thequeryresults.

Third generationsystemsextendtheformerby enablingtheuserto formulatemorepreciselyacompoundqueryexpression
usingimagespotsasfocal points. Imagespotsin our systemareconstruedin termsof thecolor componentsof salientobjects
aswell asthespatiallayoutof thesecomponentswhenwe aresearchingthroughour database.Contraryto secondgeneration
systemswe do not store‘objects’ in our databaseindexes: insteadwe only storethe spatiallocationof dominantcolorsof
images.By carefullymatchingdominantcolorswe reconstruct‘objects’while performingquerysearchesin thedatabase.

Althougha spot-basedapproachdramaticallyincreasesboththequeryandanswerdomain,we canrely on thehypothesis
that not all portionsof an imageareequally importantfor mostquery formulations. Especiallyin imagescontainingmany
objectsonerequiresmoreprecisionto articulatea querycomparedto traditionalmethods.Conversely, a multi-objectquery
answerimagemaycontaina smallspotof high interestotherwisehiddenbehindthestatisticsof thecompleteimage.
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To limit the scopeof our project,our searchenginecurrentlyperformsexact spatial-colormatches.4 Usersformulatea
queryin termsof spatialrelationshipsbetweencolorsmanifestin images.Thesearchenginemapstheuserqueryrequestonto
the indexesstoredin thedatabaseand,basedon maximumscalingandconstellationoffsets,only matchesthoseimagesfrom
thedatabasewhichsatisfytheuserconstraintsprecisely. A randomsampleandsomestatisticsof theanswersetarereturnedto
helptheuserin refiningthequery.

Thesearchengineis keptassimpleaspossible.It wasour aim to abolishany searchpolicy from thesearchengineandto
maketheseexplicit for andcontrollableby usersor userapplications.Theprimereasonis thathidingsearchpoliciesinsidethe
enginemakesthesearchengine,in ourview, toostatic:it is likely thatwith built-in policiesthesearchenginecanonly beused
for a limited numberof typesof searchoperations.By expelling idiosyncratic(black magic)searchpoliciesfrom the search
engine,differentkindsof userinterfacescanmake useof thesamesearchengine.Semanticallyhigherlevel conceptsarealso
not thescopeof ourwork: weacknowledgethatthey maybeindexedaswell andweenvisionapplicationsusingtheseconcepts
to prunethedatabaseor answersetto improvetheresponsequality.

We arecurrentlybuilding up a databaseto hold more than1 M imagesto performspot-searchexperiments.We believe
that only whensystemsarecapableof storing,andsearchingthroughsuchlarge numbersof images,professionaluseof an
imagedatabasecanbefruitful. A largesampledatabaseavoidsthetrapthatretrieval/similarityalgorithmsarebiasedto thefew
clustersemerging in a featurespacebuilt from just a few thousand(highly different)objects.

2. RELATED WORK

Many imageretrieval systemsusethe(color) histogramapproach.In this approacha histogramis constructedfrom theimage
andimagesarecomparedusinga distancefunction. Examplesof this distancefunctionarethe 5 . distancemetricasusedby
Swain et al. . or a moreelaboratedistancefunctionsuchastheweightedquadraticdistancefunction.6 This sectionoverviews
a numberof approaches.

QBIC is a systemwith which userscanquery, for example,animagedatabaseandsearchfor colors,texturesandshapes.7
Userscanquerythe databasethrough‘query by example,’ or canactually look for particularcolor or texture componentin
the imagesthrougha color or texture histogramsearch. (Weighted)Euclideandistancefunctionsare usedto combinethe
multi-dimensionalvectors.In Faloutsoset al. 8 andSawhney et al. 6 it is shown how to constructanefficient filter to reducethe
computationalconsequencesof theQBIC high dimensionalhistogramcomparisons.

VisualSEEk9 implementsa segmentationapproachwhereall similarly coloredregionsareextractedfrom the image. All
regionsfoundcanbeusedasqueries.Theimagesareextractedby iteratingoverall possiblecombinationsin astronglyreduced
color set. VisualSEEk’s approachallows searchingfor multiple regions in imagesandallows for spatialconstraintsof the
regions.

In BlobWorld: a high-dimensionalspaceis constructedfrom the image’s L*a*b color space,its texturesandregionsthat
have thesamecolor/texture. Theseregionsarecalledblobs. Featurevectorsarematchedwith a weightedEuclideandistance
function. The improvementof BlobWorld with respectto QBIC is that the index holds‘things’ (i.e. objects)ratherthanlow-
level ‘stuff.’ It is shown that BlobWorld works well for distinctive sceneimages(e.g. tigers,cheetahsor zebras).However,
thereareclassesfor which thesystemdoesnot work well (in particularplanes).Theproblemwith this particularclassis that
theobjectthatis lookedfor hasa commoncolorandtexture.

Huanget al.2 presentthe color correlogram. With a color correlogram,spatialcorrelationof colorsis captured.Pairsof
colorsandtheir distancesarekept in a histogramanddistancesbetweensuchhistogramsarecomputed.It turnsout that this
approachis quiteeffective to differentiatebetweencolor similar, but structurelydifferentimages.This work shows thatusing
color transitionsratherthancolorsis a goodapproachin findingsimilar images.

Passet al. /3; < presentan extensionon the histogramapproachby definingclassesof histogramsthroughcolor histogram
refinementand color coherencevectors. The idea is to constructhistogramsfrom a global histogramby groupingrelated
features(e.g. textures)into the samehistogram. In the refinementphasethe imageis split in the 75% inner and25% outer
pixelsandtwo histogramsareconstructed,andin thesecondphasespatiallyconnectedpixelswith thesamecolor aregrouped
(thecolor coherencevector).Only relatedhistogramsarecompared.It is shown thatthis approachleadsto considerablebetter
resultswhencomparedto plain histogramcomparisons.In thosecaseswherethecoherencevectorsperformedbadly, a poor
choiceof color spacewasaccountable.=

We arein theprocessof integratingtexture-basedsearchesin our engine.



Geverset al. .1> presentthe retrieval capacityof variouscolor modelsfor 500 images.It is shown thatwith 16 color and
color transitionbins,therecognitionrateof 70testimagesin theoriginalsetof imagesis between80%and97%for thevarious
color models.In this testcolor histogrammatchingworkedbetterthanthecolor transitionshistogrammatching.In Stricker et
al. .?. it is observedthat‘Indexing by color histogramsworksonly if thehistogramsaresparse,i.e.,mostof theimagescontain
only a fractionof thenumberof colorsof thecolorspace.’ It is for this reasonthatGeversetal. used16bins: therewasagood
tradeoff betweenthesparsenessof thehistogramsandthecomputationalcomplexity to matchthehistograms.

Weareconsideringover1 M images.Giventheconstraintsby Strickeretal. usingcolorhistogrammatchingrequiresahigh
dimensionalcolor spaceto maintainsparseness.Unfortunately, asis shown by Beyer et al., .1/ increasingthedimensionality
also reducesthe effectivenessof the queries: all resultshave approximatelythe samedistanceto the querypoint, with the
exceptionof theexactmatch.

Stricker et al. .@< show that color indexing andcontent-basedimageretrieval basedon color moments,ratherthancolor
histogramsanda minimal amountof spatialinformationleadsto meaningfulresults.Their systemdefinesfive fuzzy regions
(thecenterof theimageandthefour corners),andfor eachof theseregionsthefirst threemomentsof thecolor aremeasured
andstoredin theindex. Queryingis performedby searchingtheindex on themoments.It is shown thatthisspatialinformation
betterresultsareachievedcomparedto querieswithout thespatialinformation.

TheViper.A2 systemusesmany discretefeaturesto representthecontentof theimages.Viperexploits invertedfile indexing
structuresto manageseveral thousandsof featuresper image,andmatchesimagesto a queryimagebasedon theabsenceand
presenceof featuresin both. Our approachdiffersfrom Viper in thatwe targetfor largersetsof imagesandwe emphasizeon
imagespotsfor thespecificationof queries.

3. IMAGE SPOTS

A spotmayconsistof asinglespatiallyclosedregion,aspotelement,or it mayconsistof multiplespot-elements(amulti-spot).
We experimentallyobserved that singlespotelementsdo not selectobjectsfrom imageswell: too many imagessatisfy the
constraintsasimposedby a singlespotelement.Multi spotsaremoreselective dueto their spatialconstraints.Given these
observations,we think that the majority of imagespotqueriesareconstruedfrom multi spots. The searchenginehasbeen
constructedwith multi-spotsin mind.

Figure1 presentsamulti-spotin asampleimagefrom theCOREL .@6 imageset.Whenalternativefacesaresoughtusingthis
queryimage,onemayidentify theeyesandthe lips asthesignificantregionsof theimage.Thesearchis subsequentlybased
on thefeaturesmaintainedin thedatabasefor all possibleregions.

Sinceour databasedoesnot know anythingaboutimageobjects(suchaseyesandlips), we needto formulateour queryin
databaseindex terms.As describedbefore,our databaseholdsthedominantcolor informationwith their spatiallocation. So,
to formulatea query, the selectedmulti-spot is transformedinto querybasedon colors. Sucha transformationis performed
throughourspot-editor, which merelypanstheregionsof interest.

An exampleoutputof the spot-editoris shown in Figure2. The spot-editorallows usersto selectfrom spotsforeground
and,whenrequired,backgroundcolorsof intereston a spot-elementbasis.In eachspotelementthecolor bandmarkedwith
an ’x’ at the top representsthe foregroundcolor, thebottom’x’ representstheselectedbackgroundcolor. B Theheightof the
barrepresentsthenumberof pixelsfor thatcolor. Currentlywe have defineda backgrounda color thatenclosesa foreground
color in all directions.We realizethat differenttypesof spatialrelationshipsbetweenforegroundandbackgroundcolorsare
possibleandweareextendingourspot-editorto supportsuchrelationships.In termsof theexample,thecolorof skin is agood
candidateasabackgroundcolor (color0).

As is alsoshown in Figure2, userscanonly selectbetweena few colors.Weuseareducedversionof theItten-Rungecolor
space.@7 with only 12 color and4 grey scalebins for color selection.In our experiencea color spacewith many bins (e.g. a
256-binHuecolor space)is far too selective for querying.With suchhigh dimensionalcolor spacesit is quitelikely thatonly
theoriginal imagesatisfiesamulti-spotcolor-basedquery. Althoughthe12+4colorspaceis currentlybuilt-in in thespot-editor,
wecanreplacethiscolorspacefor othercolorspaceswhenthey provemoreeffective. For example,colorspacesasintroduced
by Gevers.1> andGeusebroek.@8 mayreplaceand/orstrengthenourcolorspace.

Implicitly, by selectingthemulti-spotandtheforegroundcolorsthroughthespot-editor, theuserautomaticallyselectsthe
spatialconstraintsof thequery. Thespatialconstraintsbetweenthespotsin themulti-spotsaredeterminedby thegravity pointsC

Unfortunately, thebottom’x’-es do notshow on thegrayscalepaperversionof thisarticle.For all spot-elements,colorbin 0 is selected
asbackground.



Figure 1. A multi-spotin a COREL image.

Figure 2. Thespot-editorX11-window output.
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Figure 3. Quad-treesegmentation.

of theforegroundcolors.Theinter-spot-elementvectoranglesandtheabsolutedistancesbetweenthemcharacterizethecolor
layoutof thequery.

Whatis notshown in Figure2 is thatadditionaldistanceandconstellationoffsetsconstraintscanbegiven.Userscanspecify
themarginsof theforegroundinter-sub-spotdistancesandhow muchinter-spot-elementvectoranglesmaybealteredfor agood
match.For example,whentheuserselects180 W to bethemaximumconstellationoffset,animagewith anupside-down faceis
consideredasa goodcandidate.

4. DATABASE INDEX

Our imagedatabasecurrentlycontainsfor eachimageadominant-colorquadtree,.@9 muchlikeasis donein Smithetal. .@: and
by Lu et al. /@> Thequadtreedescribesin eachnodeof its tree,the locationof thedominantfeatureandthe featureitself (the
features’color). An approximationof theimage,or any significantregion,canbereconstructedby a top-down materialization
of thequadtreein a2-dimensionalimagearray.

For the color quadtree,we convert a standardRGB imageto a 256-binHSV color spaceandwe determinethe dominant
color of theoverall image.Whenthis color is availablefor at least10%of thepixelsin all four quadrantsof theimage,acolor
featurewith a locationID andcolor valueis definedfor thatrectangle.Unlike previousapproaches,we subsequentlywipe out
all pixelsin thedominantcolor, andthealgorithmproceedswith eachof thefour quadrantsseparatelyasa ’new’ image.When
not all quadrantshave at least10%of thedominantpixels,no featureis definedfor thatareaandthequadtreeleave remains
empty.

Figure3 showsasampleimagequadtreeandtheareathequadtreedescribes.In thisfigure,shadedboxesrepresentfeatures,
while whiteboxesrepresentthoseareaswhereno featureis defined.At eachlevel, featuresarenumberedfrom left to right and
top to bottomin a Z-ordering..@9 Thefigurepresentsthe location IDs aswell. Theimageshown in theexamplequadtreehas
a dominantcolor for theentireimage(feature0), it hasa featurefor theupper-left corner(feature1) andbottom-rightcorner
(feature4). An imagecanbereconstructedby logically AND-ing all materializedfeatures,i.e. by ‘addingup’ all rectanglesas
is shown in thebottomhalf of theexample.

The reasonfor storingthe imagesin quadtreesis their storageefficiency. We only recordthe nodeswith featuresin our
database.Given the examplein Figure3, only features0, 1, 4, 10, 11, 18 and20 arerecorded.By breakingup the images
throughtheaforementionedsegmentationalgorithm,wecandescribethe384x256COREL imagesin, onaverageapproximately
3700quadtreenodes.Eachpoint only requiresthreebytesof encoding:two bytesfor thespatiallocationof thefeaturein the
imageandonebyteto encodethecontentsof thenode(i.e., thecolorvalue).Comparedto theoriginal file sizewerequireonly



a fractionof the JPEG file sizefor storingall requiredcolor informationof the image.More informationon thesegmentation
algorithmcanbefoundseparately./?<

We storeall featuresin Monet, our main-memorydatabaseserver./@2 Monet runs on a 32-node,64Gb main-memory
machine,so whenonly color quadtreesareconsidered,we canstoremorethan6 million imagesin main memory. As said
earlier, we arecurrentlyintegratingtexture informationin the form of quadtreesaswell. Whenbothcolor andtexturequad
treesareconsideredthedatabaseourdatabasecanholdmorethan2 million imagesin mainmemory.

Althoughwecanstoreafairly largeamountof imagesin ourdatabase,thispaperdoesnotdescribetheproblemof searching
throughmillions of images.Instead,we assumethe existenceof functionality to reducethe large imagesetto a setof about
10,000imagesthat maybe of interestfor the exact matchquerieswe areperforming.X Our searchengineanswersan exact
matchqueryon a sub-setof theimagesquickly enoughsothatuserscanbrowseinteractively sucha reducedset.

5. QUERY PROCESSING

Oncethemulti-spotqueryhasbeenformulated,our databaseserver matchesthequeryto its index. We performthis searchin
a numberof steps:first userscanpre-selectimagesbasedon color values,they canmatchspotsusingspot-elementconstraints
andthey canmatchtheentirespotcontentsbasedon inter-spot-elementspatialconstraints.

Wewould like to seeusersto browsetheimagedatabasemuchlikepeopleusetheAltaVistasearchengineY : oftenusersdo
not know which keyword worksbestwhensearchingfor a web-pagea priori. Only aftersomeexperimentation,usersfind out
which typeof selectionworksbestfor their purposes.By allowing usersto play with theselectioncriteria,they canlearnhow
to articulatea querywell. We would like to find a similar way of dealingwith colorsandspatialconsiderations:a priori one
doesnot know whatcolor feature,featuresor spatialconstaintsmakesthespotelementstandout.

Onceimagepre-selectionhastakenplaceandmaximally10,000imagesareavailablefor furtheranalysis,we materialize
thequadtreesinto free-formattedstructuresfor exactmatchingpurposes.Thesefree-formattedstructuresdescribeall enclosed
areasthatsatisfyaparticularcolorconstraint.For example,giventhewomanin Figure1, theskin, lips andeyecolorsrepresent
suchconstraints.Note thata fore- or backgroundconstraintmayconsistof multiple colors. For example,the woman’s eyes
areencodedin colors6, 7, 13 and7, 8, 13 for theleft andright eye, respectively. Our spot-editorenablesusersto specifysuch
constraints.

Thereasonfor materializingis thatour quadtreesarenot suitablefor exactmatchingoperations.Whenperformingexact
matchoperations,we needto matchmulti-spotsbasedon what is actually representedin the image. To do so from a quad
tree,we needto traversetheentiretreefrom top to bottomto reconstructanapproximationof theoriginal image.In theorywe
couldhave keptthequadtreeasbasicstoragemechanismwhile performingexactmatchoperations.However, sincethequad
treesarenot fully populated(asis shown by Figure3), andno explicit parent/childreferencesarekeptin thedatabase,finding
neighboringfeaturesof anareaimpliesat leastonefull treetraversalto build anindex on thequadtree.

Oncestructureshave beenidentified, the actualmulti-spot matchingcan start. We allow the usersto prunethe set of
structuresthrougha varietyof selectioncriteria: by addingmorerestrictioncriteria fewer resultsarereturned,or by relaxing
someof thecriteriamoreresultsarereturned.Thefollowing selectioncriteriaexist:

Z Weights.Makesuretherelativeweightof all foregroundvaluesfrom theoriginalmulti-spotcorrespondwith acandidate
multi-spotfrom thedatabase.Theuserhasthefreedomto choosebetweenvariousweightrelationshipsrangingfrom a
simpleordering(thenumberof pixelsfor thelips mustbelargerthanthosefor theeyes)to precisemeasurements.

Z Distanceandconstellations.Make surethat thedistanceandtheanglesof thevectorsbetweenthegravity pointsof the
selectedareascorrespondto thosein thequerymulti-spot.Here,theusercanselecta level of freedomin matchingboth
distanceandconstellation.For eachsetof structuresthe searchenginefirst matchesthe first two spotelementsfrom
themulti-spot,anddeterminesa distancefactorandconstellationoffsetto allow for scaledandrotatedmulti-spots.The
remainderof the multi-spotis matchedwith the adjustingdistancefactorandconstallationoffset. Whenall spotsin a
multi-spotmatch,theareasareconsideredfor furtherprocessing.[

Othersub-groupswithin ourdatabasegrouparelooking into suchissues.\
www.altavista.com



Figure 4. Resultsfrom a simplesearchon lips andeyes.

Z Backgrounds.Makesureaselectedforegroundstructureis enclosedby a backgroundstructure.Theway theforeground
is to beenclosedis determinedby theuser. For example,thewoman’s mouthandeyesfrom Figure1 mustbeenclosed
in all directionsby thecolor of skin. This constraintsworksby identifying a backgroundcolor in all directionsfrom the
gravity pointof theforegroundcolor.

The spot-editordrivesthe databasesearchoperationsby sendingselectionandmatchingrequests.Given the examplein
Figure2, thisqueryis evaluatedasfollows:

Z Findall gravity pointsof thecombinedstructureswith color6, 7, and13 for theleft eye;

Z Findall gravity pointsof thecombinedstructureswith color7, 8, and13 for theright eye;

Z Findall gravity pointsfor thestructureswith color11 for thelips;

Z Makesureall thesegravity pointsareenclosedby thestructureswith color0 for theskin;

Z Make surethe relative distanceandvectorsin databaseimagescorrespondto the distanceandvectorsin the original
multi-spot.

Figure4 presentsthumbnailsfrom the answersetandthe exact locationsinsidethe thumbnailsfor the lips andeyes. It
shows that therearea few goodresults,which arehighlightedin Figure5. The’x’ markspresentwherein the imagethespot
elementsarefound. Figure4 alsoshows a numberof matchesinsideimagesof buildingsor imagesof streets.Theseresults
are,accordingto theoriginalquery, correct.

The imagesof buildingsandstreetsarenot whatwe weresearchingfor. It turnsout that in orderto find otherfaceswith
eyesandlips, it is importantto constraintheresultsevenmorewith additionalselectioncriteria.For thisquerytype,it is likely
thatadditionaltextureselectioncriteria improve thequality of thequeryanswerset. As hasbeenshown by Flecket al. /3. and
Forsythetal., /]/ textureis agoodselectioncriteriumfor detectingskin. It is relatively straightforwardto implementaqueryto



Figure 5. Samplesfrom foundimages.



Figure 6. Refinedresultsfrom asimplesearchon lips andeyes.

selecton thecolor of the lips asforegroundcolor andto reducethenumberof candidatespotsby constraininga skin colored
backgroundanda skin texturebackground.

Alternatively, whenonly consideringcolors,anextra spotelementremovesthe building andthestreetimages.Whenwe
defineanextraspotelementin thecenterof thethreeexistingspotelements,theimagesthatareshown in Figure6 remainvalid.
Thereasontheblondwomanis droppedfrom picturesetis becausewe currentlyonly searchfor gravity pointsof foreground
colors,which is a built-in policy. Thishiddenpolicy will alsoberemovedfrom thesearchengineandmadeexplicit.

As for theexamplepresentedhere,theprocessingspeedof thesearchengineis currentlytoo slow. To generatestructures
from theimagequadtreesbasedon thecolor selection,eachmaterializationanddetectionof structuresconsumesabout80ms
perimageona300Mhz MIPS-R10Kprocessor. Wefind about220structuresperimagebasedononefore-andonebackground
selectionperspotelement.

Oncethestructureshavebeenmaterializedit takesabout30msperimageto calculatethegravity pointson theforeground
structures,to performthe enclosuretestwith the backgroundsandto performthe distanceandconstellationselection. The
backgroundtestreducesthenumberof candidatesby about97%. Thedistanceandconstellationselectionreducesthenumber
of final resultsby another93%.

We realizethatour currentsearchengineis currentlynot fastenoughfor interactive use.However, we arecurrentlyusing
only asingleprocessorfor queryevaluation,andwehavenotyetfine-tunedthesearchprocess.Severaldevelopmenttrackslay
aheadto speedupour searchprocessfor interactiveuse.

6. DISCUSSION

Our approachis quitedifferentfrom mostapproachesreportedin the literature. The reasonfor this freshstartis thatwhole-
imageapproachesdonotsolve theproblemof findingsub-imageareas,while oftenusersareonly interestedin aspecificimage
part. Secondly, commonbelieve is that thecomputervision problemat largewill not besolvedin thenearfuture. Therefore,
we conjuncturethatmuchmoreresearcheffort shouldbe investedin helpingtheuserto articulatehis queriesandto help the
userin finding theright imagethroughsteering.

As adatabasegroup,westartedout by usingdatabasetechniquesfor solvingthecontent-basedimageretrieval problem.In
our first efforts/]< thedatabaseindex in theform of thequadtreeitself playedanimportantrole: it is aneasy, thougharbitrary,
segmentationalgorithm. The hypothesiswasto rely on the filter capabilityof quadtreesto reducethe searchspacequickly,
e.g. by only analyzinghigh levelsof thequadtreesto reducethesearchspaceto matchspots.We alsoexpectedto usecolor
transitionsof neighboringfeaturesinsidethequadtreesasauxilirary selectioncriteria. Analytical resultsof theselectionrate
of color transitions(or color transitionstrings)aresufficiently high to reducea largeimageset(morethan1 M images)quickly
to proportionalamounts.

Unfortunately, noneof our approacheson raw quadtreesworked (well). The fundamentalproblemwith suchan angle
of attackis that by only analyzinga part of the index (e.g. top layersof a quadtree), one is not necessarilyanalyzinga
representative partof an image,but merelya partof an imagethatmaynot exist: thedetailmakesthe image. So,we hadto
revert to the‘old-fashioned’approachof analyzingtheactualstructuresinsideanimagelikeBlobWorld: asasecondaryphase.

Fortunately, our quadtreesegmentationapproachis not entirelyuseless.The numberof featuresthatarerequiredfor an
approximationof animagearelow throughthequadtreesegmentationapproach.Withoutany compression,wecandescribea
100K pixel imagein approximately3,700featureswith a storagerequirementthatis a fractionof theJPEG file size.However,
giventhatwe only usethequadtreefor storingthecoloring(or texture)information,othersegmentationalgorithmsmaywork
equallywell.



Throughoutthis projectwe learnedthat it is importantto matchimagespotsin the databasethroughan exact matching
process.Whenoneis searchingfor a particularobjectfrom a sampleimageinsideotherimages,thereareoftena numberof
local featuresof theobjectthatcharacterizetheobject. For example,whenlooking for facestheeyes,lips andtheskin make
theobjectdistinguishable.Alternatively, whenlooking for balloons,thebuckets,thecolor andtextureof theballoonandthe
bluesky areinterestingfeaturesto searchfor.

Beingableto performexactmatchesof sub-spotsin a databaseof imagesdifferentiatesour approachfrom (most)existing
approaches.We allow the usersto preciselydescribewhat they are interestedin, insteadof enforcinga systemwide (black
box)searchpolicy ontheusers.Thesearchenginein ourdatabasesimplyperformsthesearchbasedontheboundariesasgiven
throughthequery.

The ability to refine querieswhen the resultsare a supersetof the requestedimagesallows usersto browse the image
database:it enablesusersto ‘zoom in’ on the requestedimage. In the examplethat we have given,we have only presented
theresultsof a smallsetof images.However, if theinput setis large(e.g. 10,000images)andtherearemoreresultsselected
throughaquerythancanbepresentedonascreen,possiblyanumberof goodcandidatesarenotshown. In fact,wecontemplate
ontakenarandomsamplewhentherearemoreresultsthancanbeshown. This impliesthatthereis apossibilitythatthedesired
imageis not selected.By allowing theuserto refinetherequest,it is likely thatthedesiredimageareshown in a laterstageof
thequeryprocess.

Oftensystemsdealingwith contentbasedimageretrieval discussrecall andprecision. Here,recallmeansthe fractionof
thecorrectlyfoundimageson thetotal amountof relevantimagesandprecisionmeansthefractionof irrelevantimageson the
total amountof found images.We think recallandprecisionarenot the termsto validateour searchengine.Both recalland
precisiondealwith a semanticallyhigherlevelsthanwhatcanbesearchedfor throughour searchengine.Insteadwe envision
a layeron top of our searchenginethathelpstheuserto formulatequeriesbasedon thesesemanticallyhigherconcepts.This
layerwill supportissuessuchasweighingtherelevanceof resultsandkeepahistoryof queriesandtheir results.

7. SUMMARY

In this paperwe have presentedmulti-spotqueriesasan alternative for content-basedimageretrieval. Our approachis that
by usinglocal imagefeatures,userscansearchon sub-imageareasratherthanimagesasa whole. It is our thesisthat these
sub-imagesareof moreinterestto theusersthanwholeimages.

To zoomin on the desiredimages,we allow usersto selectively prunethe imagesetwith color andspatialconstraints.
Througha multi-stepsearchalgorithmin our main-memorydatabase,userscancontrol the searchprocessin all detail and
continuouslyrelax or refinethe search.Our searchenginemustbe a policy-freesearchengine,it only needsto provide the
mechanismfor searchingto usersor userapplications.

Oursystemis not finished.Currentlywehavea prototypesystemavailablewith color-basedimagefeatureswith whichwe
canperformcolor-basedretrieval experiments.It is imperative thatwe needto extendthefeaturespacewith differenttypesof
imagefeatures.We arecurrentlyintegratingtexturefeaturesin oursystem.
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