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1 Intr oduction

Thanksto technologicahdvancementén variousareasan ever-growing amountof digital imagesarebecomingac-
cessibleto the generaluser To takeadvantageof therich informationcontentsof thesedata,researcherhave pro-
posedthe content-basethdexing andretrieval paradigm.Variousfeaturessuchascolors,textures,shapestc. have
beenusedto characterizéhe contentof imagesto enableindexing andretrieval [1, 2, 3, 4, 5, 6, 7]. Figurel showvs
theblock diagramof awidely usedcontent-baseninageindexing andretrieval modelthatwe adoptfor our prototype.
In thedatabas@opulationphasefeaturesuchasprominentedgedn our caseareextracted.Thesefeaturestogether
with the correspondingmagedata,aresaved. At querytime, the queryitem(image)goesthroughthe samefeature
extractionstep. The searchenginethen calculateghe similarities betweenthe queryitem andthe databasentries

usingthefeaturesxtracted.Themostsimilar databasentriesfor some , arethenshavnto theuser In this paper
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Figurel: Block diagramof a content-baseinageindexing andretrieval system.

we proposean approacho automaticallyextract prominentedgesrom imagesastheir representagie features.Sim-
ilarities betweenimagesare computedusingindividual geometricattributesof theseedgessuchaslength,angleof
inclinationof straightlines,andcurvatureetc. andrelative spatialrelationshipsetweeredges We believe thatin re-
alisticquerysessiongtheuserusuallydoesnotdrav the querysketchin closecorrespondend® theintendedmages.
Thereforethe emphasi®f our feature-basedpproachs to provide robustnesgowardsdistortionin querysketches.
Speci cally we wouldlike to investigatea methodwith gracefulretrieval performancelegradationascorrespondence
betweena querysketchandits intendeddatabasémage(s)decreasesWe will alsodescribea prototype,built upon
the Java applettechnologythatallowsthe userto drav sketchegndposequeriesover the WWW. Preliminaryresults
usinga databasef 137 color photoandcomputergeneratedmagesshaw thatour feature-basedpproackperforms

betterthana pixel-basednethodthathasbeenadoptedy variousimageretrieval systemg1, 2, 3].



2 RelatedWork

Loprestiand Tomkins have consideredhe problemof matchinghand-dravn pictorial queriesagainstan existing
databasef sketche$8]. They describea hierarchicabpproachdesignedo exploit thetemporalnatureof electronic
ink. Theinputis rst sgmentednto strokesandvectorsof descriptve featurege.g., strokelength,total angletra-
versed)areextracted. Thesefeaturevectorsarethenmappednto a smallsetof basictypesusingvectorquantization
(VQ). Theeffectis to represenhandwritingasa string over an alphabef stroketypes. A new stringblock editing
algorithm[9] is thenusedto performcomparisonbetweenthe queryandthe databaseIn a follow-up paper Lo-
presti, Tomkins,andZhou presenia moredetailedanalysisof the sketch-matchingroblem,including the resultsof
anexperimentinvolving ve subjectseachof whomcreateda databasef 25 sketchesand25 queriego matchagainst
it [10].

In [4], Del Bimboetal. introduceanimageretrieval algorithmby elasticmatchingof shapesandimagepatterns.
Rectangulaareasenclosingobjectsof interestare selectednanuallyand subsequentlyntensity gradientmapsfor
theseareasareobtained.Finally, a hill-climbing optimizationalgorithmis appliedto thesegradientmapsto identify
theboundarie®f theobjects.A criterionfor the selectiorof suchrectangulaareags thatthe objectsarequitedistinct
from thebackground.

In the ART MUSEUM project[1], Hirataet. al. proposea methodto computesimilaritiesof a usersketchwith
imagesin the databaseln their work, color oil paintingimagesare passedhrougha seriesof stepsincludingsize
regularization.edgedetectionthinning,andshrinking. Theresultingabstracimagesarethencomparedvith theuser
sketchby a templatematchingmethod. This methodhasbeenadoptedby a numberof content-basetmage/video
retrieval researclprojectssuchasthe IBM QBIC [2] andthework by Zhangetal. [3].

The subjectof our presentwork follows naturallyfrom the work by Loprestiet al., but differsin a fundamental
way in thatthetargetdatabasés composeaf photographiémagesnothand-dravn sketchesAs aresult,anentirely
new approachis required. The databasémagestamgetedby both Del Bimbo et al. andHirataet. al. aresimilarto
ours. Thework by Del Bimbo etal. differsfrom oursin thattheir semi-automatisystemrst relieson a humanto
selectobjectsof interestandthenextractsboundarie®f theseobjectsautomatically Our approachs automaticbut

doesnot seekto extractobjectboundariesThework by Hirataet. al. is closesto ourswith onemajordifferencethat



a pixel-basedemplatematchingmethodis usedto calculatethe similaritiesbetweeredgemapsof imageswhile our

similarity computatiormethodusesedgesegments.

3 A Feature-BasedApproachfor Image Retrieval by Sketch

In this paper we introducea feature-basedpproactfor imageretrieval by comparisorof salientedgefeaturesij.e.
signi cant edgessuchaslong straightline andcurve sggmentsjn images.Hereaftertheterm“edgesegment”is used
to meaneithera line or a curve sggment. The databaseémagesthat we aretargeting are static photoimages,clip
art,andcomputergeneratedraphics.Thereareafew assumptionshatwe rely on. First of all, therearesigni cant
edgeghatcharacterizéheobjectsin theimages.Secondf all, theuserhasseenthetamgetimagebeforeandwantsto
retrieve it andhopefully similar onesfrom the databaseL astly, the usercanreproducehe edgeswith a fair amount
of accurag in termsof absoluteandrelative positionsaswell asindividualattributessuchaslength,cunatureetc.

In Section3.1, we will illustratethe featureextractionstepof our approach.Similarity computatiorusingthese
featureawill beexplainedin Section3.2. Implementatiorof our prototypethatis basedon a client/serer modeland
utilizesthe Java applettechnologyto enableuserqueryfrom multiple platformsusingthe WWW will bediscussedn
Section3.3. Section3.4 will presensomepreliminaryexperimentalresultsof our currentimplementation This will
befollowedby adiscussiorof the promiseaswell asthelimitationsof our approachFinally, we concludethis paper

with alook at areador futurework.

3.1 Feature Extraction

In [11], Grayevaluatedhe pixel-basedmageretrieval techniqudrom [1]. It wasfoundthatthepixel-basedemplate
matchingmethoddid not performwell with imageshaving mary extraneousdgesafteredgedetection.Moreover, it
wasalsoobsered that goodretrieval resultscould only be expectedwhenthe userremembexd the intendedimage
well anddrew the querysketchin closecorrespondence the prominentedgesof the intendeddatabasémage. As
will beshavnin Section3.4,ourexperimentausing5 subjectsuggestethatevenif theintendedmagewasshowvn to
theuseratthetime of sketchinghequery he/shdendedo ignoresome‘details’ In thesescenariosextraneougdges

only sene asnoiseto confuseary similarity calculatingalgorithm. Similar to Gray's obseration, our experiments
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Figure2: Pixel-basednethoddecideghatsimilarity betweerpatternga) & (b) is thesameasthatbetweer(a) and(c).

They aremagni ed subpartof 3 sggmentsj.e. (a)lineat , (b)lineat , and(c)“tip” of coniccurve

alsogave evidencethatevenif the intendedmagehadonly a few prominentedgesthe userdid notdrav the edges
in sucha way that the pixelsin the query sketchalignedwell with thoseof the intendedimage. If this happensa
pixel-basedmethodcould give counterintuitive results. Figure2 depictsone suchsituation. The threepatternsare
magni ed subpartof threeedgesggmentswith eachblackblock representingnenlagedpixel. Speci cally, pattern
(a)is partof aline sgmentinclinedat ~ while pattern(b) representsneroughlyat . Ontheotherhand,pattern
(c) depictsthe“tip” of a coniccurve of theform . While ahumanwould decidethat (a) and(b) aremore
similar, a pixel-basedemplatematchingmethodwould decidethatthe similarity between(a) and (b) is the sameas
thatbetweer(a) and(c) becaus¢hesetwo pairshave the samenumberof overlappingpixels.

In orderto improve retrieval performancegiven the obsenation that the usermay not alwayssketchwith good
accurayg andthe databasémagesmay be quite noisy, we reasorthat a feature-basedethod,which computeghe
similarity betweentwo imagesbasedn salientedgeseggmentswhich canbe long straightline or curve sggments,is
desirable.Oneadwantageof this approaclhis thatwhenedgepixels aregroupednto edgesegments thosesggments
that aredeemednsigni cant, namely thosewhich are relatively shortwhencomparedvith others,canbeignored
in similarity computation.Theseshortedgesegmentseithermay be noisy patternsor tendto beignoredby the user
whensketchinga query assuggestethy our experiments.

A secondadwantageis that evenif the userdravs the edgessomevhat differently from what are intended,say
slightly rotatedor translatedtheindividualattributesof theseedgesuchaslength,angleof inclination,andcurvature

etc. do not changesubstantially More importantly we canusean analyticfunctionto calculatethesediscrepancies
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Figure3: Processingtagedor prominentedgeextraction.

as part of the similarity metric. Thirdly, in contrastto unomganizededgepixels, edgesegmentsexplicitly corvey
structurainformationof the objectsinsideimagesmakingit easietto computesimilaritiesbetweenmages.Fourthly,
areducechumberof featuresusedto characteriz¢heimagedacilitatesfastersimilarity computation.

Speci cally we would like our feature-basaimilarity computationmethodto provide robustnesgowardsboth
reasonablelistortionsin query sketchesand moderatenoisein images. Notice that we do not intendto device an
algorithmthatcouldhandlearbitrarydistortions.

The goal of our featureextractionstepis quite differentfrom thatrequiredby an objectrecognitionapplication.
We only hopeto extractprominentedgesegmentsandmakeno attempto groupedgesandextractcontoursaccording
to differentobjects. The reasoris that our target databasémagescancontainoverlappingobjectsthatin turn could
be embeddedn slightly clutteredbackground.An objectrecognitionapproachthat seeksto automaticallyextract
boundarie®f objectsmay prove dif cult.

The stepsto extract prominentedgesegmentsin color imagesthat we proposeareshowvn in Figure3. Theedge
detectionstep rst identi es perceptuallysigni cant edgepixels. Unrelatedpixelsin the edgemap thus obtained
convey little informationregardingthe edgesin the original imageunlessthey areorganized. Thereforethe Hough
transform[12] is appliedto the edgemapto relateedgepixelsthatlie on the samestraightline. While the Hough
transformtells us what pixels lie on which straightline, thesepixels may belongto differentline segmentsall of
whichlie onthesamédine. Henceit is the objective of theline sggmentextractionstepto subsequentlidentify these
line sgments. Furthermoreline sggmentswhich are too shortand thus may be noiseor ignoredby the userare
eliminated. Signi cant curvesin the original imageappearmasadjacentbut brokenline segmentsafterthis step. It is
the goal of thefollowing cure sggmentextractionphaseo join themtogether In subsequentlgectionsthesesteps

will be explainedin details.
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Figure4d: A imageregion wherea pseudo-Sobealperatorcomputesolor gradientat pixel

3.1.1 Edgedetection

This stepis similar to whatis employedn [1]. Whendoingedgedetectionpartial derivativesat eachpixel areused
to computethe color-change(or intensity-changén the caseof a grayscalémage). However, derivatives have the
tendenyg to enhancenoisein images. Thereforewe usea simple extensionof the Sobeloperatorg12] to 3-D color
spacefor our purpose.The Sobeloperatorshave both differencingand smoothingeffectsandthe latteris usefulto
reducenoisein resultingedgemaps.Figure4 shavs a regionin animagewherethe color gradientat pixel

is calculated Thefollowing is the extensionof the Sobeloperatorghatwe use

where isthevalueof pixel in colorchannel . Themagnitudeof thegradientvectoratpixel is

thenapproximateds

—_— (1)

which givesthe rate of color changeat pixel . Theedgemap of the original colorimageis a gray level image

formedby  whichcapturegherateof colorchangej.e.

where isthepixel atthelocation in theoriginalimagewith size
After computingthe edgemap , we computea global threshold  usingthe meanand deviation of all the

edgepixelsof . Edgeintensitiesthat are lessthan  are eliminatedto form a globally thresholdededgemap



We furtherenhancehe edgemapby consideringonly closeneighborhoodnformation. A local threshold

is computedusingthe meananddeviation of pixelsinsidea smalllocalwindow (size= in ourimplementation)
with asthecentemixel. We eliminateary pixel whosevalueis lessthan to form thelocally thresholded
edgemap

where and arelocalmeananddeviation. Noticethatthe nal edgemap is abinaryimage.

3.1.2 Houghtransform

Unorganizedpixelsin the edgemap obtainedfrom the previous phasecorvey little informationregardingthe struc-
turesof objectsin the original imageunlessthey areorganized. Applying the Houghtransformto the binary edge
map, we wantto identify subsetf pixelsthatlie on the samelines. We usethe polar representationf aline i.e.

, whenperformingthe Houghtransform.For detailsof this transformationpleasereferto

[12].



3.1.3 Line segmentextraction

While theHoughtransformtells uswhatpixelslie onwhich straightline, thesepixelsmay notbe connectedi.e. they
may belongto differentline sggmentslying on that straightline. The objectie of this line sggmentextractionstep
is two-fold. First, we wantto examinethe continuity of the pixelsto identify subsetof pixels suchthateachsubset
containgpreciselythosethatbelongto oneline sgment.Secondwe would like to eliminatevery shortline segments
in anattemptto reduceextraneousedgesandnoisein theedgemap.

Given the pixels lying on a straightline, we comparethe distancebetweentwo consecutie pointswith a line
sggmentseparatiorthreshold . Inter-pixel distancebetweenpixels and thatis largerthan  is
takenasa discontinuityof pixels alongthe line betweenthesetwo pointswhich are subsequenthassignedhe end
points of differentsegments. Using a line segmentlengththreshold, , we eliminateary line sggmentsthat are
shorterthan

Finally, we sorttheline sgmentsin decreasingrderof their lengthsandusea greedyalgorithmto furtherelim-
inateline sggmentsthat arecloseto anothedongersegmentwith very similar orientation. The rationalebehindthis
stepis thatthe usertendsto ignorea shorteredgein the presencef a closebut longeronewhentheir orientationsare

similar. Thisassumptiorseemgusti ed by our experimentdcf. Section3.4)with differentsubjects.

3.1.4 Curve segmentextraction

For thoseprominentedgestructureshat are not straightlines, they will appearas mary shortline sggmentsafter
the previous stages.The objectve of the curve sggmentextractionstepis to join theseline sggmentsto recorer the

prominentfeaturestructuresA statisticalgroupingmethodis usedto guidethejoining process.

statistical grouping method We usea line segments tendeng or preferenceof joining with its neighborsasthe
mainfactorin the procesf join testing. Underthe assumptiorthat the pointsalonga setof line sgmentsareac-
tually generatedaccordingto somefeaturemodel(called curwelet) plus white noise,the probability that this setof
line sggmentscomesfrom thesamecunelet  (henceneedso be groupedogether)canbewritten asa functionof
this curweletfeature  andthe noisemodel[13]. This probability value measuresion well a setof datapointsis

representetdy a givencurweletstructure . It is thegeometricstructureof the datasetitself, andnot dependentn



therelative locationof or point orderingsalongthegivenline sggments.
The goalhereis to generate setof featurestructuregcurwelets)thatis the bestor mostprobablerepresentation
of theoriginaledgemap. Thegeneraketupis asfollows. Givena curveletmodel  andadataset , if

we assumehatthepointsin ~ aregeneratedrom the modelindependentlythe probabilitythat ~ generates is

[13, 14]:
here, isthestandardieviation of noisemodel, isthedistancdrom apoint tothecurweletmodel
and is a scalefactor. The netresultof thedistanceerrorsfrom all thedatapointsmeasureghe tness of the

modelfor thedataset.
If we furtherassumehatdifferentcurveletsareindependentywe canobtainthe overall probabilitythatedgemap

is generatedby asetof curwelets

here, is the curveletmodelfor the dataset . is the total distanceerror metric of the
datasetinderthe given cuneletrepresentation . Ourgoalhereisto nd abestsetof curveletmodelsthathas
the smallestrepresentatiorrror, or equivalently, is the mostprobablesetof curveletmodelsthatgenerateshe given
edgemap.

This is a global optimizationproblem. To reducethe compleity of computationwe usea greedysearchingal-
gorithm and adopta neighborhooctriterion. We only searcha line sggments neighboringsegmentsfor possible
meging. Oneline sggmentis anothers neighborif they areclosein bothlocationandtangendirection. We startthe
searchfrom the mostdistinctive line sggment  (thelongestone). If a neighboringline sggmentis joinedto it, 's
neighborhoodstructureis updatedandthe searchingcontinueson the new neighborhoodstructure. Whenno more
neighboringline segmentscanbe joinedtogether becomesa nal curweletfeatureandit is saved to the disk. A
new searchbegins amongthoseremainingline sggments. This processstopswhenno morefree line sggmentsare
available.We canrun anotheiterationon theresultingcurveletsetto improve the quality of joining.

Figure5 shows a painting of a plant, followed by a plot of its line sgments(after line sggmentextracting) and

theresultsof thetwo joining iterations.To illustratethejoining effect, adjacentine segmentsor curveletsareslightly
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adjustedanddrawn with differentlevels of thickness We seethataftereachiteration,the totalnumberof curveletsis
reducedby abouthalf. Theresultaftertwo iterationsis very satisfactory Figure6 is animageof airplane.Although
therearemary smalldetailsin theairplanebody (morethan2000smallline sgmentsto startwith), the totalnumber

of curwveletsafterlinking andgroupingis still very small.

Curvelet structure models We useimplicit polynomials(IP) asthe curweletfeaturemodels. Therearemary rea-
sonswe choosePsasthe models. They aresimpleandconcisecurve structurerepresentationsVe canexpressthe
approximatedistanceerrorof anIP modelasthefunctionof its coefcients explicitly. IP modelis alsoa naturalgen-
eralizationof theline featurestructure.Anotherimportantpropertyof IP modelsis their algebraidnvariants,which
capturetheshapenvariantstructureandareindependentf theunderlyingcoordinatesystenchangesit canbevery

usefulin mary featurebasedjueryapplications.

An IP function of dggree is a polynomialfunction . Here 'sarethe
coefcients. An IP function is a representatioof a shapeg(object) if every
pointof is onthelP modelzeroset [16]. ThesimplestiP modelis theline structure

whosedgagreeis one. Circles(or conicsin generaljarelPsof degreetwo. It is customaryto uselP tting procedures
to obtainlP representationfor a givendataset.

ThelP tting problemis usuallysetup asfollows. Given a dataset , hd the
bestIP modelof certaindegreethat minimizesthe averagesquaredistancefrom the datapointsto the zerosetof
the polynomial . An iterative processs neededo solve for the exact distancefrom a point to the zerosetof an
implicit polynomialbecausehereis no explicit expressiorfor this distance.A commonlyused rst orderdistance
approximatioris [15, 13]:

)
OncethelP modelis given,this canbe calculateddirectly for eachpointin a dataset. The averagesquaredlistance
is:
— - — 3)

Equation3 is the errormetricwe usefor theIP curveletmodels.
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(c) (d)

Figure5: (a) original plantimage. (b) resultof line segmentextraction. (c) curweletsafter rst join iteration. (d)

cuneletsaftersecondoin iteration.
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@) (b)

Figure6: (a) originalb17aircraftimage.(b) curveletsaftertwo join iterations.

3.2 Similarity Computation

Assumingthat we are giventwo setsof features,.e. curwelets,onefrom a databasémageandthe otherfrom the
queryitem, we calculatethe similarity betweentheseémagesusingcuneletsmodeledoy rst degreelPsin ourcurrent
implementationA similarity computatioralgorithmusinghigherdegreecurveletsarebeingdeveloped.Nevertheless,
theexperimentakesultsin Section3.4 alreadyshov the promiseof our feature-basedpproach.

Thesimilarity betweertwo imagess computedy calculatingthe similaritiesbetweerpairsof cureletsfrom the

two images.Giventwo setsof curvelets

where and arethesetsof curweletscorrespondingo thequeryanddatabasémagegqthereason
for theinclusionof in will beapparentater),and is a curweletwith centroidat . We rst
calculatethedissimilarity is calculatechs

where is amapping

and
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We calculatethe dissimilaritybetweentwo rst degreecurwelets and  usingtheir lengths,anglesof inclination,

,and asfollows

where , ,and areconstants, is thelengthof is the angleof inclinationof from - to —,
and thewidth andheightof the databasémagerespectiely, and thecostof deleting whichis alinear
functionof its length.

Basically wetreatthesetof querycureletsasawholeentity wheretherelative spatialrelationships amongthem

are x ed. Thenthis setis shiftedwithin a window in the databasémage. This allows for the
casewherethe usersketchis a translatedsersionof the intendedone. For eachquerycunelet , this global
shift movesit to the coordinates in thedatabasémage. is thenallowedto move within a small

window. Thereasoris thatevenif thelocationof the whole setof querycurneletsis closeto

thetamgetimagecurwelets,centroidsof individual curveletsmay deviate. Thelocal shift of individual cruveletsallows

for thistype of imprecision.This movementgivesyet a pair of new coordinates in the
databasénage.

If thereis no curweletin the databasémagewith centroidat , thematchingcostis
assignedo the costof deletingthe querycurwelet which is a linearfunction of its length . Otherwise,
the costis a function of the lengthsandanglesof the two curveletsaswell asthe local shift vector . Ascan

be seenfrom our similarity function,we currentlypenalizelocal shift but not global one. To accountfor othertypes

of distortionof the usersketchwe couldalsoreplacethe shift operatordy af ne operatorghatwill takeinto account
rotation,scaling,andsheeringHowever, we have notinvestigatedhe performancef suchanimplementation.

Notice thatin calculating , we accumulatefor eachquerycunelet , the dissimilarity between andsome

, hence . To betterre ect the similarity betweerthe queryanddatabasémageswe penalize

all curveletsin thedatabas@nagethatdo not have a matchingquerycurwelet,i.e. theset . Thereforethe

relatve centroiddisplacementbetweenrst degreecurveletdan our currentimplementation

14



similarity betweerthetwo imagess

where is anarbitrarily largeconstanto make apositive quantity Thereasorthatthe sumof the costsof deleting
thesenon-matchinglatabaseurweletsbe scaledby constant , where , iIs becausave believe thatdeleting
a databaseurvelet shouldincur lesspenaltythandeletinga queryone. Having a querycurwelet matchingno corre-
spondingdatabaseureletmeanghatthe userdren onebut it doesnot appeaiin the databasémage. On the other
hand,the absencef a querycuneletin correspondenct a databas@ne may only meanthat the userforgetsor

doesnot careaboutthis curwelet(edge).We would like to allow partial sketcheswith little penaltysothatqueryon

subpartof animageis possible. Throughoutur experimentswe obsered thatour subjectgendedto ignoresome
lessimportantedgesandthis suggestethatplacinglesspenaltyon deletingdatabaseurveletsmaybe anappropriate

stratgy.

3.3 Prototype Implementation
3.3.1 WWW -baseduserinterface

In orderto provide an ervironmentwherethe usercan posequeriesregardlessof locationand platform, we elect
to implementa WWW-basedretrieval by sketchprototypeas shavn in Figure7. On the client side, the usercan
download an appletwhich captureshe sketch. It thensendsthe datato the sener via the HTTP POST method.
On the sener side, thesesketchdataare subsequentlypassedo a CGI programwhich is the searchengine. Query
resultsare thensaved asa HTML pageon the sener machineand the URL sentbackto the appletthat hasbeen
busy-waiting. A call by the appletuponreceving the result URL to the browserthat containsit to load the result
HTML pagecompletesa querycycle. Figure8 depictsa querysessiorandFigure9 shavs the correspondingjuery
resultHTML pagethatdisplaysthe 10 mostsimilarimagesn our databaseTheuseof anHTML pageasameango

presentetrieval resultsfree usfrom complicatedvindow displaymanipulation.

15
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Figure7: WWW-basedmageretrieval by sketchsystem.

Figure8: A querysessiorwherethe userdownloadsthe sketchcapturingappletfrom the sener andcomposeshe

sketchquery
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Figure9: A sketchresultHTML pagethatdisplaysthe 10 imagesfrom the databasdaving prominentedgesmost

similarto thosein the querysketch.Similarity decreasekeft to right, top to bottom.
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3.4 Experimentation

To testthe effectivenessof our feature-basedketchmatchingapproachwe implementedhe pixel-basednatching
methodin [1] for comparisorpurposes.The currentdatabaseonsistsof 137 color photoand computergenerated
images.All of theseimageshave prominentedges.However, in orderto investigatehe ability of our feature-based
approachn dealingwith imagesvhoseedgemapsaremoderatelynoisy, therearea smallsubsebf suchimagesnside

thedatabase.

3.4.1 Pixel-basedmatching method

We adoptthe matchingmethodintroducedin [1] with two minor modi cations in accordanceo the characteristics
of our databaseFirstly, sincethe databas¢hatwe areusingare photoandcomputergeneratedmageswhile theirs
wereoil paintingsthe edgesn ourimagecollectionare not assharpin generalandthe resultingedgemapscanbe
fairly noisy. We therefore afteredgedetectionpassheedgemapsthroughour line sgmentextractionstepwith ner
Houghtransformresolutionandsmallerline segmentlengththreshold in an attemptto reducenoise. As canbe
seenin Figure10 which compareswo edgeimageswith oneprocessedby the line extractionstepandthe otherone
not, prominentedgesarewell preseredwhile muchnoiseis eliminated.

Secondlywereasorthatfor a 1-to-Opixel mismatchjt meansauserdravs somethingut thedatabasenagedoes
not have thecorrespondingixel while a 0-to-1 mismatchmaymeanthattheuserdoesnotremembenr doesnot care.
Thereforewe believe thatthe penaltyfor the rst type shouldbe largerthanthat of the second.In our experiments,
we used-30and-3 astherespectie penaltiesIn [1], theratio betweera 1-to-1pixel matchto a mismatchs 10: (-3)
anda 0-to-0O matchcarries weightof a 1-to-1 match. Accordingly, in our experimentswe used100and10 as

the 1-to-1and0-to-Omatchscoregespectiely.

3.4.2 Empirical results

Rolustnesof similarity computatiortowardsquery sketchdistortionsis the focusof our work. Therearevarious
possiblefactorsthat affect the users ability to drawv the querysketchin closecorrespondenct whatis intended.
Thesecouldincludehow well hissThermemoryworks,hown well onecandraw, how easyit is for theuserto maneuer

thedrawing hardwareetc. Throughouthe courseof our investigationmice wereusedasthedrawing tool becaus®f
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Figure10: ( ) and( ) areedgemapsof two imagesafteredgedetectionthresholdingthinning,andshrinkingwhile

( ) and( ) areedgemapswith extraneousdgesemaed.

its wide-spreadwailability.

We conductedwo setsof experiments.Theobjective of the rst setwasto concentrat®n peoplesability to drav
andthe effectivenesof the two similarity calculatingalgorithmswith the variableof humanmemoryremoved. With
the secondsetof experimentswe hopedto investigatehe robustnes®f the two algorithmswhenthe memoryfactor
wastakeninto account.

The 16 imagesthatwereusedastamgetimagesareshavn in Figure11l. Somehave only afew clearlyperceptible
contoursanduniform backgroundvhile somehave moredetailsandnoisy background Five subjectsvereaskedio
sketchthe edgesf thesetargetimageswhile theimageswereshavn to them. Oneobsenration wasthatthey tended
to ignoresomeof the shorteredgesvhenthe targetimagehad moredetails. Figure 12 depictsthe edgemapsof two
targetimageswith their respectie sketches.

Moreover, evenif they wereaskedo draw the edgeswith care,sketchededgedid notalign well with thosein the
images.Otherobsered deviationsof the sketchegrom the actualedgemapsincludeskeved or displacedcontours
(edges)f objects,edgeghatthe usersdren but missingfrom the respectre edgemaps. This latter deviation arises
from thefactthathumanshave a strongobjectrecognitionability andhencecould easilytracethe contoursof objects

usingdifferenttypesof informationnot availableto anedgedetectioralgorithmwhich merelyusescolor gradientgo
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Figure11: 16 imagesfrom a databasef 137 color photo and computergeneratedmagesas targetsin our query

experiments.

accomplishits task.

Studyingthe overall distortionsof the sketchesiravn by differentsubjectswe found that Subject3 drew with
mostprecision.Subject2, 4, and5 sketchedvith lessaccuratepixel correspondendsut edgesn sketchesverestill
closeto whatwerein theintendeddatabasémages.Comparatiely, sketchegrom Subjectl appearednostdistorted.

In Figure13, we plot theranksof thesel 6 targetimagesamongthe 137 databas@magedor the 5 subjectsIt can
beobseredthatthefeature-basethethodgenerallyperformshetterthanthe pixel-basedpproachn termsof ranking
of targetimages.

When the sketcheswvere dravn with closecorrespondence the intendedimages,asin the caseof sketches
from Subject3, bothalgorithmsgave goodretrieval results,with the feature-basedethodperformingbetter When
sketchesveredravn with somevhatlessprecision asin the caseof sketchedy Subject, 4, and5, thefeature-based

methodstill providedgoodperformanceHowever, the pixel-basedechniques effectivenesdegradedmuchmore.

20



E L SERYSE Y SO CI <)
e M B AT R R

Figure12: Edgemapsof two imageqleft moston eachrow) andtheir respectie sketchedy 5 subjects.

Whenthe sketchprecisionfurtherdeterioratedasin the caseof sketchedrom Subjectl, retrieval effectivenesof
bothmethodgdeclinedmore. Althoughits performancavasstill “better” thanthatof the pixel-basednethodoverall,
thefeature-basetéchniquedemonstratedomeerraticretrieval results having onetargetrankedat 30 andtwo ranked
around80, out of a total of 137 images. The reasorwasthat even thoughthe feature-basedchethodprovided some
tolerancetowardsdistortionsin sketchesit failedto capturethe similaritiesbetweenrst degreecurveletswhenthe
distortionsweretoo large. We believe thatat this level of sketchdistortion,a matchingtechniquethat makesuseof
higherdegreecurveletswhich capturemoreglobal structurainformationwould be morerobust.

Whenauserwishesto nd animagefrom thedatabaseyery oftenhe/shedoesnot have theintendedmageshavn
beforehim/her He/shemay have seenit andonly remembersoughlywhattheimagemaylook like. Thesecondset
of experimentonductedvasto investigatehe effectivenes®f thetwo algorithmswhenthe humanmemoryvariable
was considered. We askedSubjects3 and 5 to remembeithosetestimageswhenthey performedthe rst sketch
sessionOnedaylater, they wereaskedo drav whatthey remembered.

Generallyspeakingsketche$rom the secondsessiorweremoredistortedcomparedo their counterpartfrom the
rst session.Subject3 seemedo remembethe imagesbetterthan Subject5 andhencehis sketcheshaved closer
correspondend® whatwereintended Amongotherdeviations,Subjects drew a -rotatedandshrunkversionof
the objectin the testimage. His sketchegxhibited a higherdegreeof distortionwhencomparedhoseby those
by Subjectl from the rst session.

Figure 14 shows the retrieval resultsof their sketches.Due to moredistortionsof the sketchesandas expected,
ranksof sketchedrom the secondsessiorare lower for both pixel-basedandfeature-basedimilarity computation

methodswhencomparedvith their resultsusingsketchedrom thetwo subjects'rst sketchsession.
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Thefeature-basethethoddemonstratetetterretrieval performanceisingsketchedy Subject3. However, when
examiningthe resultsusing sketchegrom by Subject5, we could not decidewhich methodgave betterresults. At
a highlevel of sketchdistortion,neitherthefeature-basethethodnor the pixel-basednethodperformedreasonably
We believe thatthe feature-basedhouldusehighercurveletsin orderto improve its tolerancetowardsthis level of

distortions.

4 Conclusionsand Futur e Work

In this paper we introducea feature-basedpproachfor imageretrieval by sketch.Using edgesegmentsasfeatures
whicharemodeledy implicit polynomialswe hopeto providea similarity computatiormethodhatis robusttowards
userquerysketchdistortions. We reportsomepreliminaryresultsof the rst phaseof our work in this paper From
theseexperimentalresults,we could seethat the feature-basedhethod,which currentlyusesrst degreecurnelets,
generallyperformsbetterthanthe pixel-basednethod. It appearsnorerobustandtoleranttowardsdistortionin the
sketches.We attribute this quality to the fact thatit usesmorestructureinformationto computethe similaritiesbe-
tweenimages.

However, in caseswvherethe deggreeof distortionin sketchesleteriorategurther, it would give erraticretrieval
results. We believe that at this level of sketchdistortion, higher degreecuneletsthat captureeven more structure
informationof imagesshouldbe usedto improve theretrieval performancef thefeature-basethethod.Theinvesti-

gationof suchatechniques the objective of ourimmediatefuture work.
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