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1 Intr oduction

Thanksto technologicaladvancementsin variousareas,anever-growing amountof digital imagesarebecomingac-

cessibleto the generaluser. To takeadvantageof therich informationcontentsof thesedata,researchershave pro-

posedthecontent-basedindexing andretrieval paradigm.Variousfeaturessuchascolors,textures,shapesetc. have

beenusedto characterizethecontentsof imagesto enableindexing andretrieval [1, 2, 3, 4, 5, 6, 7]. Figure1 shows

theblockdiagramof awidely usedcontent-basedimageindexing andretrieval modelthatweadoptfor ourprototype.

In thedatabasepopulationphase,featuressuchasprominentedgesin ourcase,areextracted.Thesefeatures,together

with thecorrespondingimagedata,aresaved. At querytime, the queryitem(image)goesthroughthe samefeature

extractionstep. The searchenginethencalculatesthe similaritiesbetweenthe queryitem andthe databaseentries

usingthefeaturesextracted.Themostsimilar � databaseentries,for some� , arethenshown to theuser. In thispaper,
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Figure1: Block diagramof a content-basedimageindexing andretrieval system.

we proposeanapproachto automaticallyextractprominentedgesfrom imagesastheir representative features.Sim-

ilarities betweenimagesarecomputedusingindividual geometricattributesof theseedgessuchaslength,angleof

inclinationof straightlines,andcurvatureetc. andrelativespatialrelationshipsbetweenedges.We believe thatin re-

alisticquerysessions,theuserusuallydoesnotdraw thequerysketchin closecorrespondenceto theintendedimages.

Therefore,theemphasisof our feature-basedapproachis to provide robustnesstowardsdistortionin querysketches.

Speci�cally wewouldlike to investigatea methodwith gracefulretrieval performancedegradationascorrespondence

betweena querysketchandits intendeddatabaseimage(s)decreases.We will alsodescribea prototype,built upon

theJava applettechnology, thatallowstheuserto draw sketchesandposequeriesover theWWW. Preliminaryresults

usinga databaseof 137color photoandcomputergeneratedimagesshow thatour feature-basedapproachperforms

betterthana pixel-basedmethodthathasbeenadoptedby variousimageretrieval systems[1, 2, 3].
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2 RelatedWork

Lopresti and Tomkins have consideredthe problemof matchinghand-drawn pictorial queriesagainstan existing

databaseof sketches[8]. They describea hierarchicalapproachdesignedto exploit thetemporalnatureof electronic

ink. The input is �rst segmentedinto strokesandvectorsof descriptive features(e.g., strokelength,total angletra-

versed)areextracted.Thesefeaturevectorsarethenmappedinto a smallsetof basictypesusingvectorquantization

(VQ). Theeffect is to representhandwritingasa stringover analphabetof stroketypes.A new stringblock editing

algorithm[9] is thenusedto performcomparisonsbetweenthe queryandthe database.In a follow-up paper, Lo-

presti,Tomkins,andZhoupresenta moredetailedanalysisof thesketch-matchingproblem,includingtheresultsof

anexperimentinvolving � vesubjects,eachof whomcreatedadatabaseof 25sketchesand25queriesto matchagainst

it [10].

In [4], Del Bimboet al. introduceanimageretrieval algorithmby elasticmatchingof shapesandimagepatterns.

Rectangularareasenclosingobjectsof interestareselectedmanuallyandsubsequentlyintensitygradientmapsfor

theseareasareobtained.Finally, a hill-climbing optimizationalgorithmis appliedto thesegradientmapsto identify

theboundariesof theobjects.A criterionfor theselectionof suchrectangularareasis thattheobjectsarequitedistinct

from thebackground.

In theART MUSEUM project[1], Hirataet. al. proposea methodto computesimilaritiesof a usersketchwith

imagesin the database.In their work, color oil paintingimagesarepassedthrougha seriesof stepsincludingsize

regularization,edgedetection,thinning,andshrinking.Theresultingabstractimagesarethencomparedwith theuser

sketchby a templatematchingmethod. This methodhasbeenadoptedby a numberof content-basedimage/video

retrieval researchprojectssuchastheIBM QBIC [2] andthework by Zhangetal. [3].

The subjectof our presentwork follows naturallyfrom thework by Loprestiet al., but differs in a fundamental

way in thatthetargetdatabaseis composedof photographicimages,nothand-drawn sketches.As a result,anentirely

new approachis required.The databaseimagestargetedby bothDel Bimbo et al. andHirataet. al. aresimilar to

ours. Thework by Del Bimbo et al. differsfrom oursin that their semi-automaticsystem�rst relieson a humanto

selectobjectsof interestandthenextractsboundariesof theseobjectsautomatically. Our approachis automaticbut

doesnot seekto extractobjectboundaries.Thework by Hirataet. al. is closestto ourswith onemajordifferencethat
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a pixel-basedtemplatematchingmethodis usedto calculatethesimilaritiesbetweenedgemapsof imageswhile our

similarity computationmethodusesedgesegments.

3 A Feature-BasedApproachfor ImageRetrieval by Sketch

In this paper, we introducea feature-basedapproachfor imageretrieval by comparisonof salientedgefeatures,i.e.

signi�cant edgessuchaslongstraightline andcurve segments,in images.Hereafter, theterm“edgesegment”is used

to meaneithera line or a curvesegment. The databaseimagesthat we aretargetingarestaticphoto images,clip

art, andcomputergeneratedgraphics.Therearea few assumptionsthatwe rely on. First of all, therearesigni�cant

edgesthatcharacterizetheobjectsin theimages.Secondof all, theuserhasseenthetargetimagebeforeandwantsto

retrieve it andhopefullysimilar onesfrom thedatabase.Lastly, theusercanreproducetheedgeswith a fair amount

of accuracy in termsof absoluteandrelative positionsaswell asindividualattributessuchaslength,curvatureetc.

In Section3.1, we will illustratethe featureextractionstepof our approach.Similarity computationusingthese

featureswill beexplainedin Section3.2. Implementationof our prototypethatis basedon a client/server modeland

utilizestheJava applettechnologyto enableuserqueryfrom multipleplatformsusingtheWWW will bediscussedin

Section3.3. Section3.4 will presentsomepreliminaryexperimentalresultsof our currentimplementation.This will

befollowedby a discussionof thepromiseaswell asthelimitationsof ourapproach.Finally, weconcludethis paper

with a look at areasfor futurework.

3.1 FeatureExtraction

In [11], Grayevaluatedthepixel-basedimageretrieval techniquefrom [1]. It wasfoundthatthepixel-basedtemplate

matchingmethoddid not performwell with imageshaving many extraneousedgesafteredgedetection.Moreover, it

wasalsoobserved thatgoodretrieval resultscouldonly beexpectedwhenthe userremembered the intendedimage

well anddrew thequerysketchin closecorrespondenceto theprominentedgesof the intendeddatabaseimage. As

will beshown in Section3.4,ourexperimentsusing5 subjectssuggestedthatevenif theintendedimagewasshown to

theuserat thetimeof sketchingthequery, he/shetendedto ignoresome“details.” In thesescenarios,extraneousedges

only serve asnoiseto confuseany similarity calculatingalgorithm. Similar to Gray's observation,our experiments
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(a) (b) (c)

Figure2: Pixel-basedmethoddecidesthatsimilarity betweenpatterns(a)& (b) is thesameasthatbetween(a)and(c).

They aremagni�edsubpartsof 3 segments,i.e. (a) line at
�����

, (b) line at ���

�

, and(c) “tip” of coniccurve �	��
���
�� .

alsogave evidencethateven if the intendedimagehadonly a few prominentedges,theuserdid not draw theedges

in sucha way that the pixels in the querysketchalignedwell with thoseof the intendedimage. If this happens,a

pixel-basedmethodcould give counter-intuitive results. Figure2 depictsonesuchsituation. The threepatternsare

magni�ed subpartsof threeedgesegmentswith eachblackblock representinganenlargedpixel. Speci�cally, pattern

(a) is partof a line segmentinclinedat
�����

while pattern(b) representsoneroughlyat ���

�

. On theotherhand,pattern

(c) depictsthe“tip” of a coniccurve of theform ����
���
�� . While a humanwould decidethat(a) and(b) aremore

similar, a pixel-basedtemplatematchingmethodwould decidethat thesimilarity between(a) and(b) is thesameas

thatbetween(a) and(c) becausethesetwo pairshave thesamenumberof overlappingpixels.

In orderto improve retrieval performance,given theobservation that the usermay not alwayssketchwith good

accuracy andthe databaseimagesmay be quite noisy, we reasonthat a feature-basedmethod,which computesthe

similarity betweentwo imagesbasedon salientedgesegmentswhich canbe long straightline or curve segments,is

desirable.Oneadvantageof this approachis thatwhenedgepixelsaregroupedinto edgesegments,thosesegments

that aredeemedinsigni�cant, namely, thosewhich arerelatively shortwhencomparedwith others,canbe ignored

in similarity computation.Theseshortedgesegmentseithermaybenoisypatternsor tendto beignoredby theuser

whensketchinga query, assuggestedby ourexperiments.

A secondadvantageis that even if the userdraws the edgessomewhat differently from what are intended,say

slightly rotatedor translated,theindividualattributesof theseedgessuchaslength,angleof inclination,andcurvature

etc. do not changesubstantially. More importantly, we canuseananalyticfunctionto calculatethesediscrepancies
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Figure3: Processingstagesfor prominentedgeextraction.

as part of the similarity metric. Thirdly, in contrastto unorganizededgepixels, edgesegmentsexplicitly convey

structuralinformationof theobjectsinsideimages,makingit easierto computesimilaritiesbetweenimages.Fourthly,

a reducednumberof featuresusedto characterizetheimagesfacilitatesfastersimilarity computation.

Speci�cally we would like our feature-basesimilarity computationmethodto provide robustnesstowardsboth

reasonabledistortionsin querysketchesandmoderatenoisein images. Notice that we do not intend to device an

algorithmthatcouldhandlearbitrarydistortions.

Thegoal of our featureextractionstepis quitedifferentfrom that requiredby anobjectrecognitionapplication.

Weonly hopeto extractprominentedgesegmentsandmakenoattemptto groupedgesandextractcontoursaccording

to differentobjects.Thereasonis thatour targetdatabaseimagescancontainoverlappingobjectsthat in turn could

be embeddedin slightly clutteredbackground.An object recognitionapproachthat seeksto automaticallyextract

boundariesof objectsmayprove dif�cult.

Thestepsto extract prominentedgesegmentsin color imagesthatwe proposeareshown in Figure3. Theedge

detectionstep�rst identi�es perceptuallysigni�cant edgepixels. Unrelatedpixels in the edgemap thusobtained

convey little informationregardingtheedgesin the original imageunlessthey areorganized.Thereforethe Hough

transform[12] is appliedto the edgemapto relateedgepixels that lie on the samestraightline. While the Hough

transformtells us what pixels lie on which straightline, thesepixels may belongto different line segmentsall of

which lie on thesameline. Henceit is theobjectiveof theline segmentextractionstepto subsequentlyidentify these

line segments. Furthermore,line segmentswhich are too shortand thus may be noiseor ignoredby the userare

eliminated.Signi�cant curvesin theoriginal imageappearasadjacentbut brokenline segmentsafter this step. It is

thegoalof thefollowing curve segmentextractionphaseto join themtogether. In subsequentlysections,thesesteps

will beexplainedin details.
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Figure4: A
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imageregion wherea pseudo-Sobeloperatorcomputescolorgradientatpixel �

�

.

3.1.1 Edgedetection

This stepis similar to whatis employedin [1]. Whendoingedgedetection,partialderivativesat eachpixel areused

to computethe color-change(or intensity-changein the caseof a grayscaleimage). However, derivativeshave the

tendency to enhancenoisein images.Thereforewe usea simpleextensionof theSobeloperators[12] to 3-D color

spacefor our purpose.TheSobeloperatorshave bothdifferencingandsmoothingeffectsandthe latter is usefulto

reducenoisein resultingedgemaps.Figure4 showsa
�����	���

region in animagewherethecolorgradientatpixel �

�

is calculated.Thefollowing is theextensionof theSobeloperatorsthatweuse
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where� ��� is thevalueof pixel � � in colorchannel "!�#�$&%('�%()&* . Themagnitudeof thegradientvectoratpixel �
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is

thenapproximatedas
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which givesthe rateof color changeat pixel �

�

. The edgemap : of the original color imageis a gray level image

formedby
+��

whichcapturestherateof colorchange,i.e.
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where�K� L is thepixel at thelocation
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>

�

in theoriginal imagewith size E

�

I .

After computingthe edgemap : , we computea global thresholdMON using the meanand deviation of all the

edgepixels of : . Edgeintensitiesthat are lessthan MON are eliminatedto form a globally thresholdededgemap
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We furtherenhancetheedgemapby consideringonly closeneighborhoodinformation. A local thresholdM����

� 5 L��

is computedusingthemeananddeviationof pixelsinsidea small localwindow (size=
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in our implementation)
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where�

�

�

� 5 L��

and �

���

� 5 L��

arelocalmeananddeviation. Noticethatthe�nal edgemap :!� is a binaryimage.

3.1.2 Hough transform

Unorganizedpixels in theedgemapobtainedfrom the previousphaseconvey little informationregardingthestruc-

turesof objectsin the original imageunlessthey areorganized.Applying the Houghtransformto the binary edge

map,we want to identify subsetsof pixels that lie on the samelines. We usethe polar representationof a line i.e.

�#"�$&%(' � 
)"�$&%('�
+* , whenperformingtheHoughtransform.For detailsof this transformation,pleasereferto

[12].
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3.1.3 Line segmentextraction

While theHoughtransformtellsuswhatpixelslie onwhichstraightline, thesepixelsmaynotbeconnected,i.e. they

may belongto differentline segmentslying on that straightline. Theobjective of this line segmentextractionstep

is two-fold. First, we want to examinethecontinuityof thepixels to identify subsetsof pixelssuchthateachsubset

containspreciselythosethatbelongto oneline segment.Second,wewould like to eliminatevery shortline segments

in anattemptto reduceextraneousedgesandnoisein theedgemap.

Given the pixels lying on a straightline, we comparethe distancebetweentwo consecutive pointswith a line

segmentseparationthresholdM

��� . Inter-pixel distancebetweenpixels
�

��� % 
��

�

and
�

� L % 
�L

�

that is larger than M

��� is

takenasa discontinuityof pixelsalongthe line betweenthesetwo pointswhich aresubsequentlyassignedthe end

pointsof differentsegments. Using a line segmentlength threshold,M

�

� , we eliminateany line segmentsthat are

shorterthan M

�

� .

Finally, we sort theline segmentsin decreasingorderof their lengthsandusea greedyalgorithmto furtherelim-

inateline segmentsthatarecloseto anotherlongersegmentwith very similar orientation.Therationalebehindthis

stepis thattheusertendsto ignorea shorteredgein thepresenceof aclosebut longeronewhentheirorientationsare

similar. Thisassumptionseemsjusti�ed by ourexperiments(cf. Section3.4)with differentsubjects.

3.1.4 Curve segmentextraction

For thoseprominentedgestructuresthat arenot straightlines, they will appearas many short line segmentsafter

the previousstages.Theobjective of the curve segmentextractionstepis to join theseline segmentsto recover the

prominentfeaturestructures.A statisticalgroupingmethodis usedto guidethejoining process.

statistical grouping method We usea line segment's tendency or preferenceof joining with its neighborsasthe

main factor in theprocessof join testing. Undertheassumptionthat the pointsalonga setof line segmentsareac-

tually generatedaccordingto somefeaturemodel(calledcurvelet) plus white noise,the probability that this setof

line segmentscomesfrom thesamecurvelet
�

(henceneedsto begroupedtogether)canbewritten asa functionof

this curvelet feature
�

andthe noisemodel[13]. This probabilityvaluemeasureshow well a setof datapointsis

representedby a givencurveletstructure
�

. It is thegeometricstructureof thedatasetitself, andnot dependenton
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therelative locationof or pointorderingsalongthegivenline segments.

Thegoalhereis to generatea setof featurestructures(curvelets)that is thebestor mostprobablerepresentation

of theoriginaledgemap.Thegeneralsetupis asfollows. Givena curveletmodel
�

L andadataset
���


;#��

�

�

*��

�����

, if

we assumethat thepointsin
���

aregeneratedfrom themodelindependently, theprobabilitythat
�
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[13, 14]:
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is a scalefactor. Thenetresultof thedistanceerrorsfrom all thedatapointsmeasuresthe�tness of the

modelfor thedataset.

If we furtherassumethatdifferentcurveletsareindependent,wecanobtaintheoverall probabilitythatedgemap
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here,
�

L

� is the curveletmodel for the dataset
���

. �

�

� �

�

�K ���M

�

�

�

�

�

%

�

L

�

�4�

is the total distanceerror metricof the

datasetunderthegivencurvelet representation#

�

L�* . Our goalhereis to �nd a bestsetof curveletmodelsthathas

thesmallestrepresentationerror, or equivalently, is themostprobablesetof curveletmodelsthatgeneratesthegiven

edgemap.

This is a globaloptimizationproblem. To reducethecomplexity of computation,we usea greedysearchingal-

gorithm and adopta neighborhoodcriterion. We only searcha line segment's neighboringsegmentsfor possible

merging. Oneline segmentis another'sneighborif they areclosein bothlocationandtangentdirection.We startthe

searchfrom the mostdistinctive line segment � (the longestone). If a neighboringline segmentis joinedto it, � 's

neighborhoodstructureis updatedandthe searchingcontinueson the new neighborhoodstructure.Whenno more

neighboringline segmentscanbe joined together, � becomesa �nal curvelet featureandit is saved to the disk. A

new searchbegins amongthoseremainingline segments. This processstopswhenno morefree line segmentsare

available.We canrunanotheriterationon theresultingcurveletsetto improve thequalityof joining.

Figure5 shows a paintingof a plant, followedby a plot of its line segments(after line segmentextracting)and

theresultsof thetwo joining iterations.To illustratethejoining effect,adjacentline segmentsor curveletsareslightly
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adjustedanddrawn with differentlevelsof thickness.We seethataftereachiteration,thetotalnumberof curveletsis

reducedby abouthalf. Theresultaftertwo iterationsis very satisfactory. Figure6 is animageof airplane.Although

therearemany smalldetailsin theairplanebody(morethan2000small line segmentsto startwith), thetotalnumber

of curveletsafterlinking andgroupingis still very small.

Curvelet structure models We useimplicit polynomials(IP) asthecurvelet featuremodels.Therearemany rea-

sonswe chooseIPsasthemodels.They aresimpleandconcisecurve structurerepresentations.We canexpressthe

approximatedistanceerrorof anIP modelasthefunctionof its coef�cients explicitly. IP modelis alsoa naturalgen-

eralizationof theline featurestructure.Anotherimportantpropertyof IP modelsis their algebraicinvariants,which

capturetheshapeinvariantstructuresandareindependentof theunderlyingcoordinatesystemchanges.It canbevery

usefulin many featurebasedqueryapplications.

An IP functionof degree � is a polynomialfunction
�

�

� % 
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 � is a representationof a shape(object)
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���* [16]. ThesimplestIP modelis theline structure

whosedegreeis one.Circles(or conicsin general)areIPsof degreetwo. It is customaryto useIP �tting procedures

to obtainIP representationsfor agivendataset.

The IP �tting problemis usuallysetup asfollows. Givena dataset � 
 #�� � 
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��� % 
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� ?

 �
 �=%���� %���* , �nd the

bestIP modelof certaindegreethatminimizesthe averagesquareddistancefrom the datapointsto the zerosetof

thepolynomial �

�

�

�

. An iterative processis neededto solve for theexactdistancefrom a point to thezerosetof an

implicit polynomialbecausethereis no explicit expressionfor this distance.A commonlyused�rst orderdistance

approximationis [15, 13]:
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OncetheIP modelis given,this canbecalculateddirectly for eachpoint in a dataset.Theaveragesquareddistance

is:
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Equation3 is theerrormetricweusefor theIP curveletmodels.
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(a) (b)

(c) (d)

Figure5: (a) original plant image. (b) resultof line segmentextraction. (c) curveletsafter �rst join iteration. (d)

curveletsaftersecondjoin iteration.
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(a) (b)

Figure6: (a)originalb17aircraft image.(b) curveletsaftertwo join iterations.

3.2 Similarity Computation

Assumingthat we aregiven two setsof features,i.e. curvelets,onefrom a databaseimageandthe otherfrom the

queryitem,wecalculatethesimilarity betweentheseimagesusingcurveletsmodeledby �rst degreeIPsin ourcurrent

implementation.A similarity computationalgorithmusinghigherdegreecurveletsarebeingdeveloped.Nevertheless,

theexperimentalresultsin Section3.4alreadyshow thepromiseof our feature-basedapproach.

Thesimilarity betweentwo imagesis computedby calculatingthesimilaritiesbetweenpairsof curveletsfrom the

two images.Giventwo setsof curvelets
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, and
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areconstants,�
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is the lengthof � ,
	&�
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is the angleof inclinationof � from
�
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to �

�

, I �

&

N

and EH�

&

N thewidth andheightof thedatabaseimagerespectively, and �K<��

�

�

�

thecostof deleting� which is a linear

functionof its length.

Basically, wetreatthesetof querycurveletsasawholeentitywheretherelativespatialrelationships� amongthem

are�x ed. Thenthis setis shiftedwithin a
�

�

�

�;�

�@� �

� � �;�

�

window in thedatabaseimage.This allows for the

casewherethe usersketchis a translatedversionof the intendedone. For eachquerycurvelet �#�

�

� % 


�

, this global

shift movesit to thecoordinates
�

���




� % 
 �







�

in thedatabaseimage. � � is thenallowedto move within a small
�

�

�

�J�

�@� �

� ���J�

�

window. Thereasonis thateven if the locationof thewholesetof querycurveletsis closeto

thetargetimagecurvelets,centroidsof individualcurveletsmaydeviate.Thelocalshift of individualcruveletsallows

for this typeof imprecision.This movementgivesyet a pair of new coordinates
�

���




��� .�� % 
��





�� . 


�

in the

databaseimage.

If thereis no curvelet in thedatabaseimagewith centroidat
�

� �




��� .�� % 
��





�� . 


�

, thematchingcostis

assignedto thecostof deletingthequerycurvelet �K<��

�

� �

�

which is a linear functionof its length �

�

���

�

. Otherwise,

thecostis a functionof the lengthsandanglesof the two curveletsaswell asthe local shift vector
�

.�� %�. 


�

. As can

beseenfrom our similarity function,we currentlypenalizelocal shift but not globalone. To accountfor othertypes

of distortionof theusersketch,wecouldalsoreplacetheshift operatorsby af�ne operatorsthatwill takeinto account

rotation,scaling,andsheering.However, wehave not investigatedtheperformanceof suchanimplementation.

Notice that in calculating� , we accumulate,for eachquerycurvelet � � , the dissimilaritybetween��� andsome
�

���&!

�	�

7 , hence#

�

��� *��

�	�

7 . To betterre�ect thesimilarity betweenthequeryanddatabaseimages,we penalize

all curveletsin thedatabaseimagethatdonot have a matchingquerycurvelet,i.e. theset
���

7
�@#

�

���(* . Thereforethe

�

relativecentroiddisplacementsbetween�rst degreecurveletsin our currentimplementation
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similarity betweenthetwo imagesis
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where
�

is anarbitrarily largeconstantto make� apositivequantity. Thereasonthatthesumof thecostsof deleting

thesenon-matchingdatabasecurveletsbescaledby constant� , where�

�

�

�

� , is becausewe believe thatdeleting

a databasecurvelet shouldincur lesspenaltythandeletinga queryone. Having a querycurveletmatchingno corre-

spondingdatabasecurveletmeansthat theuserdrew onebut it doesnot appearin thedatabaseimage. On theother

hand,the absenceof a querycurvelet in correspondenceto a databaseonemay only meanthat the userforgetsor

doesnot careaboutthis curvelet(edge).We would like to allow partial sketcheswith little penaltyso thatqueryon

subpartsof an imageis possible.Throughoutour experiments,we observed thatour subjectstendedto ignoresome

lessimportantedgesandthissuggestedthatplacinglesspenaltyondeletingdatabasecurveletsmaybeanappropriate

strategy.

3.3 Prototype Implementation

3.3.1 WWW -baseduser interface

In order to provide an environmentwherethe usercanposequeriesregardlessof locationandplatform, we elect

to implementa WWW-basedretrieval by sketchprototypeasshown in Figure7. On the client side, the usercan

downloadan appletwhich capturesthe sketch. It thensendsthe datato the server via the HTTP POST method.

On the server side,thesesketchdataaresubsequentlypassedto a CGI programwhich is the searchengine. Query

resultsare thensaved as a HTML pageon the server machineand the URL sentback to the appletthat hasbeen

busy-waiting. A call by the appletuponreceiving the resultURL to the browserthat containsit to load the result

HTML pagecompletesa querycycle. Figure8 depictsa querysessionandFigure9 shows thecorrespondingquery

resultHTML pagethatdisplaysthe10mostsimilar imagesin ourdatabase.Theuseof anHTML pageasa meansto

presentretrieval resultsfreeusfrom complicatedwindow displaymanipulation.
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World

Wide

Web

http http
Query capturing

applet
Image search

engine

Figure7: WWW-basedimageretrieval by sketchsystem.

Figure8: A querysessionwherethe userdownloadsthe sketchcapturingappletfrom the server andcomposesthe

sketchquery.
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Figure9: A sketchresultHTML pagethatdisplaysthe 10 imagesfrom the databasehaving prominentedgesmost

similar to thosein thequerysketch.Similarity decreasesleft to right, top to bottom.
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3.4 Experimentation

To testthe effectivenessof our feature-basedsketchmatchingapproach,we implementedthe pixel-basedmatching

methodin [1] for comparisonpurposes.The currentdatabaseconsistsof 137 color photoandcomputergenerated

images.All of theseimageshave prominentedges.However, in orderto investigatetheability of our feature-based

approachin dealingwith imageswhoseedgemapsaremoderatelynoisy, thereareasmallsubsetof suchimagesinside

thedatabase.

3.4.1 Pixel-basedmatching method

We adoptthe matchingmethodintroducedin [1] with two minor modi�cations in accordanceto the characteristics

of our database.Firstly, sincethedatabasethatwe areusingarephotoandcomputergeneratedimageswhile theirs

wereoil paintings,theedgesin our imagecollectionarenot assharpin generalandtheresultingedgemapscanbe

fairly noisy. Wetherefore,afteredgedetection,passtheedgemapsthroughour line segmentextractionstepwith �ner

Houghtransformresolutionandsmallerline segmentlengththresholdM

�

� in an attemptto reducenoise. As canbe

seenin Figure10 which comparestwo edgeimageswith oneprocessedby the line extractionstepandtheotherone

not,prominentedgesarewell preservedwhile muchnoiseis eliminated.

Secondly, wereasonthatfor a1-to-0pixel mismatch,it meansauserdrawssomethingbut thedatabaseimagedoes

nothavethecorrespondingpixel while a0-to-1mismatchmaymeanthattheuserdoesnotrememberor doesnotcare.

Thereforewe believe that thepenaltyfor the �rst typeshouldbe larger thanthatof thesecond.In our experiments,

weused-30and-3 astherespective penalties.In [1], theratiobetweena 1-to-1pixel matchto a mismatchis 10 : (-3)

anda 0-to-0matchcarries �

�

� � weightof a 1-to-1match. Accordingly, in our experiments,we used100and10 as

the1-to-1and0-to-0matchscoresrespectively.

3.4.2 Empirical results

Robustnessof similarity computationtowardsquerysketchdistortionsis the focusof our work. Therearevarious

possiblefactorsthat affect the user's ability to draw the querysketchin closecorrespondenceto what is intended.

Thesecouldincludehow well his/hermemoryworks,how well onecandraw, how easyit is for theuserto maneuver

thedrawing hardwareetc.Throughoutthecourseof our investigation,micewereusedasthedrawing tool becauseof
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Figure10: (
�

) and(
�

) areedgemapsof two imagesafteredgedetection,thresholding,thinning,andshrinkingwhile

(
�

�

) and(
�

�

) areedgemapswith extraneousedgesremoved.

its wide-spreadavailability.

Weconductedtwo setsof experiments.Theobjectiveof the�rst setwasto concentrateonpeople'sability to draw

andtheeffectivenessof thetwo similarity calculatingalgorithmswith thevariableof humanmemoryremoved. With

thesecondsetof experiments,we hopedto investigatetherobustnessof thetwo algorithmswhenthememoryfactor

wastakeninto account.

The16 imagesthatwereusedastarget imagesareshown in Figure11. Somehave only a few clearlyperceptible

contoursanduniformbackgroundwhile somehave moredetailsandnoisybackground.Five subjectswereaskedto

sketchtheedgesof thesetarget imageswhile theimageswereshown to them. Oneobservationwasthat they tended

to ignoresomeof theshorteredgeswhenthetarget imagehadmoredetails.Figure12 depictstheedgemapsof two

targetimageswith their respective sketches.

Moreover, evenif they wereaskedto draw theedgeswith care,sketchededgesdid notalignwell with thosein the

images.Otherobserveddeviationsof thesketchesfrom theactualedgemapsincludeskewedor displacedcontours

(edges)of objects,edgesthat theusersdrew but missingfrom therespective edgemaps.This latterdeviation arises

from thefact thathumanshave a strongobjectrecognitionability andhencecouldeasilytracethecontoursof objects

usingdifferenttypesof informationnot availableto anedgedetectionalgorithmwhichmerelyusescolorgradientsto
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Figure11: 16 imagesfrom a databaseof 137 color photoandcomputergeneratedimagesas targetsin our query

experiments.

accomplishits task.

Studyingthe overall distortionsof the sketchesdrawn by differentsubjects,we found that Subject3 drew with

mostprecision.Subjects2, 4, and5 sketchedwith lessaccuratepixel correspondencebut edgesin sketcheswerestill

closeto whatwerein theintendeddatabaseimages.Comparatively, sketchesfrom Subject1 appearedmostdistorted.

In Figure13,weplot theranksof these16target imagesamongthe137databaseimagesfor the5 subjects.It can

beobservedthatthefeature-basedmethodgenerallyperformsbetterthanthepixel-basedapproachin termsof ranking

of targetimages.

When the sketcheswere drawn with closecorrespondenceto the intendedimages,as in the caseof sketches

from Subject3, bothalgorithmsgave goodretrieval results,with the feature-basedmethodperformingbetter. When

sketchesweredrawn with somewhatlessprecision,asin thecaseof sketchesby Subjects2, 4, and5, thefeature-based

methodstill providedgoodperformance.However, thepixel-basedtechnique'seffectivenessdegradedmuchmore.
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Figure12: Edgemapsof two images(left mostoneachrow) andtheir respective sketchesby 5 subjects.

Whenthesketchprecisionfurtherdeteriorated,asin thecaseof sketchesfrom Subject1, retrieval effectivenessof

bothmethodsdeclinedmore.Althoughits performancewasstill “better” thanthatof thepixel-basedmethodoverall,

thefeature-basedtechniquedemonstratedsomeerraticretrieval results,having onetargetrankedat30andtwo ranked

around80, out of a total of 137 images.Thereasonwasthateven thoughthe feature-basedmethodprovidedsome

tolerancetowardsdistortionsin sketches,it failed to capturethesimilaritiesbetween�rst degreecurveletswhenthe

distortionsweretoo large. We believe thatat this level of sketchdistortion,a matchingtechniquethatmakesuseof

higherdegreecurveletswhichcapturemoreglobalstructuralinformationwouldbemorerobust.

Whenauserwishesto �nd animagefrom thedatabase,veryoftenhe/shedoesnothave theintendedimageshown

beforehim/her. He/shemayhave seenit andonly remembersroughlywhattheimagemaylook like. Thesecondset

of experimentsconductedwasto investigatetheeffectivenessof thetwo algorithmswhenthehumanmemoryvariable

wasconsidered.We askedSubjects3 and5 to rememberthosetest imageswhen they performedthe �rst sketch

session.Onedaylater, they wereaskedto draw whatthey remembered.

Generallyspeaking,sketchesfrom thesecondsessionweremoredistortedcomparedto theircounterpartsfrom the

�rst session.Subject3 seemedto rememberthe imagesbetterthanSubject5 andhencehis sketchesshowedcloser

correspondenceto whatwereintended.Amongotherdeviations,Subject5 drew a � ���

�

-rotatedandshrunkversionof

theobjectin the � �




�

testimage.His sketchesexhibiteda higherdegreeof distortionwhencomparedthoseby those

by Subject1 from the�rst session.

Figure14 shows the retrieval resultsof their sketches.Due to moredistortionsof the sketchesandasexpected,

ranksof sketchesfrom the secondsessionare lower for both pixel-basedandfeature-basedsimilarity computation

methods,whencomparedwith their resultsusingsketchesfrom thetwo subjects'�rst sketchsession.
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Thefeature-basedmethoddemonstratedbetterretrieval performanceusingsketchesby Subject3. However, when

examiningthe resultsusingsketchesfrom by Subject5, we couldnot decidewhich methodgave betterresults. At

a high level of sketchdistortion,neitherthefeature-basedmethodnor thepixel-basedmethodperformedreasonably.

We believe that the feature-basedshouldusehighercurveletsin orderto improve its tolerancetowardsthis level of

distortions.

4 Conclusionsand Futur eWork

In this paper, we introducea feature-basedapproachfor imageretrieval by sketch.Usingedgesegmentsasfeatures

whicharemodeledby implicit polynomials,wehopeto provideasimilaritycomputationmethodthatis robusttowards

userquerysketchdistortions.We reportsomepreliminaryresultsof the �rst phaseof our work in this paper. From

theseexperimentalresults,we could seethat the feature-basedmethod,which currentlyuses�rst degreecurvelets,

generallyperformsbetterthanthe pixel-basedmethod.It appearsmorerobustandtoleranttowardsdistortionin the

sketches.We attribute this quality to the fact that it usesmorestructureinformationto computethe similaritiesbe-

tweenimages.

However, in caseswherethe degreeof distortionin sketchesdeterioratesfurther, it would give erraticretrieval

results. We believe that at this level of sketchdistortion,higherdegreecurveletsthat captureeven morestructure

informationof imagesshouldbeusedto improve theretrieval performanceof thefeature-basedmethod.Theinvesti-

gationof sucha techniqueis theobjectiveof our immediatefuturework.
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