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Abstract

Thetype of representationsedin describingshapecanhave a signi cant impacton the effectivenessandef ciency
of a recognitionstratgy. Shapehasbeenrepresentedby a point set, outline curve and the shockgraph (or medial
axis). The curve-basedepresentatiomanbe viewed aspoint-basedepresentatiowith additionalorganization,namely
orderalonga contour;shock-basedepresentationin turn, canbe viewed ascurve-basedepresentatiomwith additional
organization,namely pairing of contours. This additionalcompleity in organizationleadsto greatercomputational
effort in deriving and matchingtheserepresentationsHowever, it leadsto anincreasdn robustnessn the presencef
variations.In this paper we examinethetradeof betweerrobustnesandcomputationatompleity for curve andshock
basedrepresentationsOur resultsindicatethat the additionalcomputationakeffort requiredin shock-graphmatching
is worthwhile in the presenceof large amountvariations,in particularthoseinvolving the presenceof articulationor
rearrangementf parts. However, whenthe spaceof variationsis smaller curve matchingis a betterstratgy dueto its
lower compleity androughly equivalentrecognitionrate.

1 Intr oduction

Recognitionof objectsin imagesis a key part of a content-basedetrieval system. It is alsoa very challengingprob-
lem mainly dueto the large degreeof variationsexperiencedy projectionsof objectsin 2D imagesunderwithin class
variations articulations andotherobject-basedhangesyariationsin position,viewing direction,illumination, occlusion
andothers.Hence the representationf objectsin imagesrequiresa high-dimensionaspaceto characterizehesevari-
ations. Most recognitionapproachesendto restrictthe representatiospaceby focusingon the main variationsin the
projectedntensitypattern(intensity-based)n the within cateyory variationsof shapenvhenrestrictedto a setof models
(model-based}andon thevariationsof theapparentontour(shape-based).

Intensity-base@pproachesocuson the main variationsin the projectedintensity pattern. One approachs to treat
the intensity valuesin animageas a high-dimensionafeaturevector which are then comparecdby projectingonto a
low-dimensionalsubspacef principal componentaising principal componentanalysis(PCA) or Karhunen-Loge ex-
pansiorn1, 2, 3]. Thisapproacthasbeenusedfor facerecognition[1], 3D objectrecognition2], andimageretrieval [3].
Imageintensitieshave alsobeencomparedusing color histogramg4], discretecosinetransform[5] andwavelet coef-
cients [6]. Intensity-basedpproachesave the advantageof not requiring a priori segmentation. However, they are
sensitve to changesn illuminationsandviewpoint variations.

Model-basedecognitionapproacheaccounfor thevariationsof shapeof anobjectby usinga setof models.Features
are extractedfrom animage,andthen matchedagainstone of the models. Theseapproachesomein two avors: (i)
model-to-imaes wherea model (typically userspeci ed) is matchedagainst a databaseof imagesto nd the closest
image[7, 8], and(ii ) image-to-modelsvherefeaturesare extractedfrom animageand matchedagainsta databasef
pre-speci edmodelsto nd the modelthatmatcheghebest[9, 10, 11, 12, 13]. Imageintensityis typically usedasthe
imagefeature[7, 8], but perceptuallygroupededgeshave alsobeenused[10]. The matchingcanbe basedon elastic
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enegy [7], featurematching[12, 13], or probabilisticmeasure$10, 8]. Geometrichashingis commonlyusedto nd

the closestmodelsin the databas¢12, 13], but it hasthe dravbackof beingmemory-intensie. The major challengein
model-basedecognitionis selectingthe appropriatesetof modelsand nding the modelthatis mostlikely to matchthe
featuresn agivenimageto renderthe computationatompleity of model-basedchemegpractical.

Shape-basedpproachesxtracta representationf the shapeof the objectandobjectsimilarity is measuredy com-
paringtheserepresentationsMost shape-basethethodsrepresenshapeby its boundary but thereare approachesghat
usearegion-basedepresentatiofil6, 17, 18]. In aregion-basedipproact16] a shapes tted usinga x ed numberof
rectangleswhich allows the shapeto be representedby a featurevectorof numericparametersor a pointin a multidi-
mensionakpacewhich arethencompared. Anotherregion-basedpproacH18] represenshapedy the eigenmodesf
the nite elementmodel. Shapesimilarity thenis computedasthe modaldeformationenegy neededo align the two
objects. This methodhandlessmoothdeformationswvell, but the global natureof the computatiormay causedif culties
dealingwith global changedike occlusion.Relatedapproachesisea part-basedepresentatiowherepartsof anobject
arerepresentedsthe nodesof a graphare describedn [15, 14]. In [14] the shapeis partitionedinto “lumps” along
parallellinesatdifferentorientationswhich arerepresentedsagraph.A collectionof shapess thenderived by pruning
theleafnodesof thegraphoneatatime. Similarity betweertwo shapess thendeterminedy nding thelargestcommon
graphbetweertherespectie collectionfor eachshape.

Boundary-basedepresentationsf shapesnclude unoiganizedpoint sets[19, 31, 20|, curves[21, 22, 23, 24], and
medialaxis or shockgraphs[25, 26, 27, 28, 29]. Outlinesof shapesave beenrepresente@ds unowganizedpoint sets,
which aretypically matchedusingan assignmenalgorithm[30, 31, 20]. In [20] graduatedassignmenis usedto match
imageboundaryfeatures.In [30], the Hungarianmethodis usedto match’shapecontets”, wherea coarsehistogramof
therelative locationof theremainingpointsis usedasthefeature.A relatedapproach32] useshegeneralizedHausdorf
distanceto compareedgemapsof 2D images. Thesemethodshave the advantageof not requiring orderedboundary
points, but the matchdoesnot necessarilypresere the coherenceof shapedn that the relationshipamongportionsof
shapédn the procesf matchingmaynotbe presered.

The shapeoutlineshave alsobeenrepresentedsingFourierdescriptorg33, 34] algebraiccurves[35, 36]. andinvari-
ants[37, 38, 39]. Therepresentationaretypically comparedn termsof the coefcients, andthesemethodsareinvariant
to translationsrotationsandothergeneralineartransformationsHowever, all theseapproacheareglobalin natureand
may have problemswhendealingwith noisy or partial data. Curvaturescalespaceproposedn [40] is anotherapproach
thatrepresentshe outline of shapesisinga few featurepoints. The curvaturescalespaces generatedy smoothingthe
outlineusingGaussiarkernelsof increasingscale.Thefeaturepointsarethelocationswherezero-crossingsf cunature
functionmeetandannihilate.

In mary objectrecognitionandshape-baseithdexing applicationsthe objectsarerepresentedy their outline curves
and matched22, 23, 24]. Matchingtypically involves nding a mappingfrom one curve to the otherthat minimizes
an*“elastic” performancdunctional,which penalizes'stretching”and“bending” [21, 24]. The minimizationproblemin
the discretedomainis transformednto one of matchingshapesignatureswith curvature,bendingangle,or orientation
asattributes[21, 22, 23]. The curve-basednethodsn generattypically suffer from oneor more of the following draw-
backs: asymmetrictreatmentof the two curves, lack of rotationandscalinginvariance,and sensitvity to articulations
and deformationsof parts. In [41, 42] the notion of alignmentcune is introducedto ensurea symmetrictreatmentof
the curves,androtation-irvarianceis guaranteedy the useof intrinsic properties. This proposedapproachs effective
in several applicationgncluding handwrittencharacterecognition,prototypeformation, morphing,gesturerecognition,
andshape-baseithdexing, asshavnin [41, 42)].

Shapehave alsobeenrepresentethy the medialaxis, which representdoththeinterior andthe outline of the shape,
and which hasbeenusedas a basisfor matchingshapesge:g, [25, 29]. The shockgraphis a variant of the medial
axis endaved with geometricand dynamicsinformation,andis a richer descriptorof shapethanthe medialaxis graph,
sinceits graphtopologyis morein accordwith our perceptuahotionsof shape.Shock-graphmatchinghasbeenused
in [26, 27, 28] for someobject recognitionand imageindexing tasks. Theseshock-basedanethodsdo not explicitly
modelthe well-known instabilitiesof the symmetry-basedepresentationsk-or a recognitionmethodto be robustto an
extensve rangeof visual transformationsthe matchingstratgyy hasto relateshapesn eitherside of aninstability with



Figure 1: A schematiccomparisonof shaperepresentatiomising unoiganizedpoints, outline curve, and shockgraph. The curve
representatioinducesan orderingof points. The shockgraphrepresentatiomntroducesan additionalconstraintby the pairing two
boundarysggments(shavn by dottedlines)to representheinterior of the shape.

negligible cost. A recentapproact{43] accountdor theinstabilitiesof the symmetry-basedepresentationgndusesan
edit-distancg44, 45 betweershockgraphgso matchshape®ffectively. Thisapproachs robustin thepresencef several
visualtransformationaindgivesexcellentrecognitionratesfor indexing into shapedatabases.

This paperdealswith a comparisorof boundary-baseshapeepresentationgoint sets,curvesandshockgraphs.An
interestingconnectiorbasenthelevel of “organization”canbedravn betweertheseapparentiydiverserepresentations.
A curwe canbeviewedasa setof ordered points. This orderingconstrainghelocal neighborhooaf eachpoint, andthus
the curve representatiomanbeviewed asan “organized”versionof the point-setrepresentationT he shock-graplor the
medialaxisrepresentationf a shapeoutlineimposesadditionalconstraintsn thatthe shockor medialpoint corresponds
to two pointson the outline, Figure 1, thus constrainingthe local neighborhoof eachcurne. The additionalorgani-
zationapparenin curve andmedialbasedrepresentationsicreaseobustnesgo changesn the shapeoutlinesresulting
from articulation,occlusion,viewpoint variationetc. However, this robustnescomesat a cost: the computationakffort
requiredto matchcurvesandshockgraphsareincreasinglyhigher Thistradeof betweerthe robustnes®f therepresen-
tationandthe comple&ity of matchingis exploredin this paper with afocuson comparingcurve andshock-graptbased
representationsSpeci cally, two shapematchingframevorksthatrely on matchingshapesepresentedy their outline
cunes([41, 42] andshapesepresentedby their shockgraphs[43] is comparedn an experimentalsettingusingseveral
databases.

2 Curve Matching

In this section,we brie y review the outline-basedecognitionmethod,which is basedon nding the minimum-cost
deformationof onecurve to the other The costof the deformationis de ned asthe sumof “stretching” and“bending”
enepies[24]. Let the curvesto be matched C and €, be parameterizety arclengths and$, respectiely. Let (s) and
“(s) bethetangentorientationsof Cand&, respectiely. The basicpremiseof the approachs thatthe costof deforming
the entire curves can be expressedas the sum of the costsof deformingin nitesimal subsgments,which in turn is
penalizedby lengthandcurvaturedifferences.Speci cally, we de ne the costof matchingin nitesimal curve segments
asd = jd&8 dsj+ Rjd" d j, whereR is a scale-dependembnstant. The problemcanthenbe castasminimizing
anenegy functionalover all possiblealignmentdetweerthetwo curnves. Thenotionof analignmentcurveis introduced
to representhe alignmentwhich ensureshe symmetrictreatmenbf thetwo curves. Speci cally, thealignmentcurve ,
()= (s( );8( )) representshe pointson thetwo curvesC(s( )) and&(8( )) thatcorrespondThe optimalalignment
curve isfoundby minimizing thefunctional
Zr g4s ds d"(8) d (s)
[]_O d—d—+Rd—d—d. Q)
whereC is thelengthof thealignmentcurve. A key advantageof usingthe alignmentcurwe is thatthe alignmentcanbe
expressedn termsof a singlefunction. We choosehe anglebetweerthe tangeniof thealignmentcurve andthex  axis,
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Figure?2: This gure from [41, 47] illustratesthatthe curve matchingalgorithmworkswell in presencef modestamountsof view-
point variation (a), articulation (b), partial occlusion(c), and af ne transformationgd). The alignmentis indicatedby arbitrarily
coloring portionsof the alignedcurvesby identical colorswith a numberindicatingthe eachportion's end point. Obsenre thatthe
matchesreintuitive, e.g., hands)egsandheadof the dolls correspond.

( ). Then,thefunctionalin Equationl canberewrittenin termsof as
z C
[ 1= jcof ) sin( )j+ Rj cos() ~"sin( )jd: @)
0

Theoptimalalignmentcurve  is computediusinga dynamic-programminglgorithm[41, 42).

This techniqueworkswell in the presencef commonlyoccurringvisual transformationsncluding modestamounts
of articulation, viewpoint variation, partial occlusion,and someafne transformationsFigure 2. In addition, it has
beensuccessfullyappliedto several applicationsincluding handwrittencharacterecognition(seeFigure 3), prototype
formation,shapemorphing,gestureecognition(seeFigure4) andobjectrecognition[41, 42)].

3 ShockGraph Matching

In this sectionwe brie y review the matchingof shapesvhich arerepresentetdy their shockgraphs.Shapesreviewed
aspointsin a shapespaceandthe distancebetweenshapess de ned asthe costof the least-costdeformationpath
connectingone shapeto another To make this searchpractical,an equivalenceclasson shapess de ned, whereall

shapesaving the sameshockgraphtopologyare considerecequivalent. In addition, all the deformationpathspassing
throughthe samesetof shapesquivalenceclassesrede ned asequialent. Further we represeneachdeformationpath
by the transition shapes which are points on the boundariesbetweenshapeequialenceclassesand wherethe shock
graphtopology changes. Thesetransition shapeshave beenformally classi ed and enumerated48]. In the discrete
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Figure3: This gure from [42] examinesthe performancef curve matchingfor handwrittencharacterecognition.Left: Examples
of theoptimalalignmentfor handwrittencharactersObsene thatthe matchesareintuitive. Right: Thetop-ranked catgoriesfor afew
representate queries.
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Figure4: This gure from[42] examinegheperformanc®f curve matchingfor gesturaecognition.Left: Theresultof matchingsome
representatie gestures Obsere thatthe correspondencas intuitive in all cases.Right: Precision-recaltliagramfor the GESTURE
datase{23]. Notethatour approachoutperformsrourier descriptord46], sequentiamoments47], geometricmomentg37], non-
optimaldynamicprogramming23] andshapecontext [19].
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Figure5: This gure from [43] intermediateshockgraphsresultingfrom applyingthe editsin the optimaledit sequencéor matching
acatanddog. Theboxed shockgraphshave the sametopology Thedistancebetweerthe shapess the sumof all edit costs.

domain,an “edit” operationon the shockgraphrepresentshe deformationof a shapeto the adjacentransitionshape.
Four typesof edit operationsarenecessaryor shockgraphs:(i) the spliceoperationdeletesa shockbranchandmemges
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Figure6: This gure from [43] illustratesthat the shockgraphmatchingalgorithmworks well in presencef view-point variation
(a) andarticulationand deformationof parts(b) andocclusion(c). Samecolorsindicatematchingshockbranchesandgrey colored
branchesén the shockgraphshave beenspliced. Thematchingis intuitive in all casesObsere, in particular how therideronthehorse
is prunedwhenmatchedagainsthorseby itself.
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theremainingtwo; (ii ) the contract operationgleletesa shockbranchconnectingwo degree-threanodesyiii ) themeige
operationscombinestwo branchesat a degree-two node; (iv) we alsode ne a deformedit to relatetwo shapesn the
sameshapecell, i:e:, shapesvith the sameshockgraphtopologybut with differentattributes. Oncea costis assignedo
eachedit operationtheminimum-cossequencef editsis foundby a polynomial-timeedit distancealgorithmdeveloped
in [44, 45]. An optimal edit sequencés shavn in Figure5. To ensurethatthe edit costsare consistentvith eachother
we rst de ne the deformcostandthende ne the costsof otheredits asthe limits correspondingleformedits. The
deformcostis computedby observinghateachshocksegmentcorrespondso a pair of boundarycurves,andusingasan
extensionof the curve comparisormetric[43].

Theshockgraphmatchingtechniqueworkswell in the presenc®f articulation,deformationof parts,occlusion pres-
enceof shadev andhighlights,boundarynoise,andviewpoint variation,Figure6.
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Figure7: Left: A databasef 99 shapeq43]. Right: The precision-recalbdiagramshaws that shock-graphmatchingoutperforms
curve matching.Note,hawever, thatbothmethodshave high precision(> 85%).
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Table 1: Eachshapein the databasén Figure 7 is matchedagpinstall other shapesandthe fteen nearesineighborsfor a few

representatie shapesareshovn usingcurve matching(top table) and shockgraphmatching(bottomtable). For shapeswith limited

amountof variability (e:g:;, sh in row 1 andrabbitin row 2) mostof thetop matchesarecorrectusingboth methods However, in the

presencef partialocclusion(e:g:, planein row 3) andwhenthevariability is high (e:g:, donkey in row 4) shockmatchingoutperforms
curve matching.

4 Curvesvs Skeletons: Experimental Results

This sectiondiscusseur experimentsusing curve and shock-graphbasedrepresentationfor matchingshapesand
applyingit for databaséndexing for four distinct shapedatabaseskirst, considerthe shapedatabasén Figure7. There
are99 shapesn this databasérom nine cateyories,which werecollectedfrom a variety of sources:sh andsea-animals
from Farzin Mokhtarian, “greebles”from Mike Tarr, andtools from StanSclarof. Eleven shapesare includedfrom
eachcatagyory sothatshapesave variationsin form, andaswell astransformationsuchasocclusion,articulation,and
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Figure8: Left: A databasef 216shapeg43]. Right: The precision-recaltliagramshaws thatshock-graptmatchingperformsbetter
thancurve matching.

missingparts[43]. Thetop matchedor afew representatie shapesisingthe curve andshock-graptmatchingis shavnin
Tablel. Obserethatthetop ve matchesarefrom thecorrectcateory for bothmethodsn all the casesHowever, there
areinterestingdifferencesaswell. For the queriesQ1 (a sh) andQ2 (a rabbit) both curve and shock-graphmatching
recallthetop matchesorrectly In contrastfor queriesQ3 (a partially occludedplane) andQ4 (adonkey) shock-graph
matchingoutperformscurve matching.For this databasesgvery shapes matchedo all othershapesndthe performance
is measuredisingthe precision-recaldiagrams. Precisionandrecall have beenusedto evaluatethe performanceof a
shaperetrieval schemd23]. Precisionis theratio of the numberof similar shapesetrievedto the total numberof shapes
retrieved, while recallis the ratio of the numberof similar shapegetrieved to the total numberof similar shapesn the
databaseThe precision-recaldiagramshaws that shock-grapimatchingoutperformscurve matching,Figure 7. Note,
however, thatbothmethodperformvery well with a precisionof morethan85%

Secondconsiderthe databasef 216 shapesn Figure 8, which is a subsetof a larger databasef shapeaisedfor
testingMPEG-7compressiomates[49]. Our selectionconsistf twelve shapegachfrom eighteercateyoriesfor atotal
of 216shape$43]. Asin the rst databaseprecision-recaltliagramindicateshatshockgraphedit-distanceutperforms
curve matching,Figure8.

Third, we comparehecurve andshock-graptimatchingfor indexing into adatabasef 1032shape$rom 40 categories.
The shapeswvere collectedfrom a variety of sources.We have includedshapedrom the MPEG-7testdatabasefarzin
Mokhtarian( sh, seaanimals)Mike Tarr (greebles)andStanSclarof (tools). We highlightthe differencesetweerthe
two methodsfor threerepresentatie shapesFigures10 and11. For the rst queryshape( sh) both methodsperform
well, mainly because¢he sh cateyory haslimited shapevariation.However, for theremainingtwo queryshapegray and
bird), the within-category variationis higher andshock-graphmatchingsigni cantly outperformscurve matching.

Finally, considera databaseof 64 72 shapeggeneratedy taking 72 views of 64 3D objects, Figure 12, taken
from [51]. In this paperanaspecgraphwasgeneratedby endaving the viewing spherewith a dissimilarity metricand
groupingof views to generateaspectsand prototypesfor this aspect. A measureof effectivenessof this metricis the
extentof invarianceto viewpointchangesvhich affectthenumberof aspectsmeededor successfuBD objectrecognition.
While both curve-basedind shock-basednatchingallows for effective 3D recognition,98% for curve-basedand 100%
for shock-basedsingtop threematchesthe curve-baseadomparisorrequiresa largernumberof aspectskFigure13.
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Figure9: From[50]. Thedatabasef 1032shapes.

5 Discussion

A carefulexaminationof theseexperimentalresultsled us to concludea few fundamentalifferencesetweenthe two
representationsyhich cansigni cantly affect the performanceof the recognitionalgorithm. On the onehand,the major
advantageof directly matchingthe outline curvesof shapess the computationakf ciency of curve matching,which is
anorderof magnitudefasterthanshockgraphmatching. Speci cally, for the shapesn Figure7, shock-graphmatching
takesabout5 minuteson averageto matcheachpair of shapeswhile matchingthe shapeoutlineswhich arerepresented
ascurwestakesonly about0:2 second®n an SGl Indigo (195MHz).

Ontheotherhand while thereis asigni cant advantageor usingcurve matchingin termsof speedsomefundamental
limitationsin usinga curve-basedepresentatiofior generalpurposeobjectrecognitioncanbeidenti ed by examining
unintuitive matchesarisingfrom our experiments.First, a well-known shortcomingof curve-basedepresentatiors that
it doesnot representheinterior of a shape Figure14. Hence,curve matchingcannoteasily distinguishbetweenthose
perceptuallydistinctshapesvhoselocal curve-basedeatureqwavy linesin this example)arevery similar, but wherethe
spatialarrangemendf featuredeadsto distinctshapesSimilarly, local featureof two shapesn Figurel5forceamatch
thatignorestheregionallayout. On the otherhand,the shockgraphrepresentatiomducesa pairing of pointsalongthe
boundariesandrepresentsheinterior of the shapeaswell asits boundary Hence the globalregionalview is takeninto
accounwhenmatchingof the shapes.

Anotherdravbackof the curve representatioandhencecurve matchingis the sensitvity to the presencendspatial
arrangementf parts,Figuresl6 and17. This is mainly becauseurve representatiomloesnot capturethe overall part
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Figure 10: Comparisorof curve matchingandshock-graphmatchingfor indexing a databas@f 1032 shapes.The top matchesor
threerepresentate shapesireshavn. The matchesarehighlightedasfollows (red- correctcateyory, green- wrong cateyory, yellow
- additionalmatches).Obsere thatin the caseof sh, curve matchingperformsaswell asshockmatching,while in the othertwo
examplesshockmatchingsigni cantly outperformscurve matchingasshavn in Figure11l.

hierarcly. In otherwords, curve matchingtendsto matchlocal parts,andignoresthe global view of how theseparts
arespatialarrangedwith respecto eachother Figure16 shavs an examplewherecurve matchinggivesincorrectcor
respondenceetweentwo shes, becauseghe ns onthemarearrangedifferently Obsere thatthe removal of the n

to the arrangemensimilar resultsin the intuitive correspondenceFigure 17 compareghe performanceof curvesand
shockgraphsfor matchingsimilar shapesvith differentspatialarrangementf parts.In the caseof a pair of ellipseswith

protrusionscurve matchinggivesthe correctcorrespondenctor the larger protrusion,asit lies on the samesideof the
ellipsein both cases.However, the smallerprotrusionsareincorrectlymatchedasthey lie on the oppositesidesof the

10
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Figurel11: This gure plotstherecallfor theindexing resultsshavn in Figure10. Obsere thatcurve matchingperformsaswell as
shockmatchingwhenthequeryshapds a sh (left). However, for the othertwo queriesaray andabird, shockmatchingsigni cantly
outperformscurve matching(middle andright).

Figure12: From[51]. This gure shavsthe databasef 64 objectsusedin 3D objectrecognitionexperimentg51]. Theviews were
generateeitherby projecting3D VRML models(blackbackgroundpr by usinga turntableanddigital camergred background).
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Figure13: This gure from [51] illustratesthe comparisorof curve andshock-graptbasedepresentationfor 3D objectrecognition

usinganaspecgraphrepresentation_eft: Curve matching[41, 42] is moresensitve to a changen thelayoutof a shapegventhough

thestructureof the shapedoesnot changeresultingin alargernumberof characteristiziews. In contrastthe comparisorof the same
seriesof views usingthe shock-graphmatching[43] captureshe underlyingstructureof the shapeandresultsin fewer characteristic
views. Right: Thetop matchedor a few representadie queriesusingthe curve andshock-graphmetrics. The recognitionratesfor the

top threematchesare(90:3%; 96:7%; 98:3%) and(95:2%; 97:6%; 100:0%) usingcurve andshock-graphmatchingrespectiely.
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Figure 14: Curvesdo not representheinterior of the shape andhencecannotadequatehdistinguishbetweenperceptuallydistinct

shapesvhoseoutlineshave similar features.
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Figure15: Curvesdo nothave a notionof theinterior of the shape Hencecurve matchingcannotnd theintuitive correspondencia
somecaseseg:g;, for a pair of noisy squaresywheretwo of the sidesarereplacedby a “wavy” lines. Curve matchingalignsthe wavy

sidesto optimally matchthe boundaryfeatures jgnoring the spatialinformationthat underliesthe perceptof a square.Shock-graph
matchinggivesanintuitive correspondencgThis exampleandothersmustbeviewedin color.)

ellipses.Similarly for matchingthe hands the presencef the smallbumpandthe missing nger cause<urve matching
to give anerroneousorrespondencé.heshockgraphof a shapepntheotherhand,inherentlyinducesa part-basedep-
resentatiorof shapebasedon regionalaspectsandcaptureghe spatialandhierarchicakelationshipsamongtheseparts.
Theedit-distancdetweershockgraphaot only matchegairsof individual partsbut alsothe overall parthierarcly. This
enableghe shockgraphmatchingto berobustto part-basedhangeskigurel7.

Aside from thesecategyories,our resultsreveal that the curve matchingapproach41] is robustto modestamounts
of visual transformationsif it doesthe overall part structureof the objectis not altered,Figure 2. However, whena
visual transformatioraddsor deletesa part, or altersthe spatialarrangementf parts,curve matchingcanfail. Thisis
illustratedin Figure 18 for partial occlusion. Whenthe unoccludedsh outlinesare matchedboth curve matchingand
shockmatchinggive intuitive correspondenceg§igure 18a. However, the occlusionof partof thetail of the secondsh
altersthe overall part structure,and resultsin an erroneousorrespondencasing curve matching,Figure 18h Shock

12
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Figurel16: This gure illustratesthe sensitvity of curve matchingto the spatialarrangemenof parts.Note thatthereis an“extra” n
at the bottomsideof secondsh. This causeghe correspondenct® beincorrect(a); a n onthetop sh is matchedo the headthe
bottom sh. (b) and(c) examinesthe effect of remaving the “extra” n. Whenthe“extra” n is removedfrom the“wrong” side,the
correspondencis still incorrect(b). However, whenthe“extra” n is removedfrom the “correct” side,curve matchinggivesintuitive
correspondence.

graphmatchinggivestheintuitive correspondenciey pruningthe shockbranchcorrespondingo the occludedpart.

6 Conclusion

In this paperwe have comparecturve andshock-graptbasedepresentationfor recognitionapplications.We conclude
thatin applicationswherethe spaceof variationsdoesnot includerearrangemerdandarticulationof partsandwherethe
regionalinteractionis not signi cant, e:g;, handwrittencharacterecognition signatureveri cation, etc., curve matching
is preferreddueto its superioref ciency. On the otherhand,in thoseapplicationswherethe arrangementf partsand
regional effectsplay a role, e:g: for generalobjectrecognitionproblemdueto the enormity of the spaceof variations,
matchingbasedn shockgraphsgivessuperioresults,andjustify the additionalcomputationatosts.
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