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Abstract

This paper presentsa novel recaynition framevork which
is basedon matding shod graphsof 2D shapeoutlines,
whele the distancebetweentwo shapesds de nedto bethe
costoftheleastactionpathdeformingoneshapeo another
Three key ideasrenderthe implementatiorof this frame-
work practical. First, the shapespaceis partitioned by
de ning an equivalenceclasson shapeswhele two shapes
with the sameshod graph topology are consideed to be
equivalent.Secondthespaceof deformationss discretized
by de ning all deformationswith the samesequenceof
shok graphtransitionsasequivalent.Sho transitionsare
pointsalongthe deformationwhere the shod graphtopol-
ogy changes. Third, we employa graph edit distanceal-
gorithmthat searchesin the spaceof all possibletransition
sequenceand nds the globally optimal sequencén poly-
nomialtime The effectivenes®f the proposedtechnique
in the presenceof a variety of visual transformationdn-
cluding occlusion,articulation and deformationof parts,
shadowand highlights, viewpointvariation, and boundary
perturbationsis demonstated. Indexing into two sepaate
database®f roughly100 shapegesultsin accuracy
for top threemathesand for thenext threematdes.

1 Intr oduction

We presenta novel approachto objectrecognitionthatis
basedon nding the bestdeformationof one shapeto an-
other andde ning the distancebetweenwo shapesasthe
extentof this deformation. Therehasbeenextensive work
in the areaof shapecomparisorfor objectrecognitionand
it is well known that the underlyingrepresentatiomf the
shapeof objectscanhave a signi cant impacton the effec-
tivenesof arecognitionstratgy. Shapedave beenrepre-
sentedby their outline curves[1, 3, 14, 21], point sets fea-
turesetq2, 5], andby theirmedialaxis[11, 13, 15, 18, 23],
amongothers.

In curve-basedepresentationshe matchingis typically
basedon eitheraligning featurepoints by an optimal sim-
ilarity transformation,or by nding a mappingfrom one
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Figurel: The matchingresultbetweenwo shes basedn their
shockgraphs.Samecolorsindicatematchingshockbranchesand
grey coloredbranchesn theshockgraphshave beenspliced.This
colorschemas usedthroughouthe paper

curve to the otherthat minimizesan “elastic” performance
functional,penalizingthe “stretching”and“bending” ener
giesof deformation[1, 3, 14, 21]. The curve outline-based
matchingmethodwftensuffer from oneor moreof thefol-
lowing dravbacks:asymmetridreatmenbf thetwo curves,
sensitvity to sampling,lack of rotationandscalinginvari-
ance,and sensitvity to articulationsand deformationsof
parts.

Anothertype of shaperepresentatiomodelsthe shape
outline as a point setand matchesthe point setusing an
assignmentlgorithm. Gold et al. [5] use graduatedas-
signmentto matchimage boundaryfeatures. In a recent
approachBelongieet al. [2] usethe Hungarianmethodto
matchunorderedoundarypoints,usinga coarsehistogram
of the relative locationof the remainingpointsasfeatures.
Thesemethodshave the advantageof notrequiringordered
boundarypoints, but the match doesnot necessarilypre-
senethecoherencef shapesn thattherelationshipamong
portionsof shapéen theproces®f matchingmaynotbepre-
sened.

Shapedave alsobeenrepresentedby their medial axis
which canthenbe usedfor matching.Zhu andYuille [23]
have proposeda framewvork (FORMS) for matchingan-
imate shapesby comparingtheir skeletal graphsusing a
branchand bound strateyy. The inherentinstabilities of
their skeletalrepresentatiomre accountedor by usingan
a priori de ned model graph. The applicability of their
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Figure2: Thedynamicinterpretatiorof amedialaxisasa o wing
singularity(shock)givesriseto amorere ned partitioning.

approacho inanimateobjectsis limited dueto the choice
of primitives usedin modeling. Liu and Geiger[11] use
the A* algorithmto matchshapeaxis trees,which arede-
ned by thelocusof midpointsof optimally corresponding
boundarnypoints. They dealwith articulationsandocclusion
by allowing graphtopologychangingoperationsHowever,
their algorithm doesnot presere the orderingof edgesat
nodeswhich canresultin matcheghatdo not presere the
coherencef theshapeln addition,theapplicability of this
methodto large dataset®f shapess yetto beestablished.

A variantof themedialaxisis the shockstructurewhich
is obtainedby viewing the medialaxis asthe locusof sin-
gularities(shocks)formedin the courseof wave propaga-
tion (grass- re)from boundarieg7, 17, 19]. This dynamic
interpretationof the shocktrajectoryassociatea direction
of ow, andaninstantaneouselocity to eachshockpoint,
Figure 1a. The shocksggments,which arede ned asme-
dial axissggmentswith monotonic o w, giveamorere ned
partition of the medialaxis. Theresultingshockgraphis a
richerdescriptorof shapethanthe medialaxisgraph,since
its graphtopology is morein accordwith our perceptual
notionsof shapg16].

Severalrecognitiomapproachebave beerbasedncom-
paringshockgraphs.Sharvitetal. [15, 6] consideregair-
wise assignmenbf shockgraphnodesandthe cumulatve
similarity of nodesandlinks in a graduatedssignmenap-
proach[5] to nd the optimal match. While this leadsto
fairly goodmatchestheerrorspointoutafundamentala w
in that coherenceof a shapeis not necessarilypresered
in the match process, , the hierarchicalrelationships
amongpartsof the shapecanat timesbe violated. Siddiqi
et al. corvert the shockgraphsto rootedtreesand match
them basedon subgraphisomorphism[18], or by nding
maximal cliques[13], which performwell in someshape
matchingandindexing tasks. However, the choiceof the
oldestshockastheroot of thetreeis arbitraryandcanlead
to erroneousnatcheslin addition,all theabose shockgraph
matchingmethodg6, 15, 13, 18] donotexplicitly modelthe
instabilitiesof the symmetry-basedepresentationsyhich
can be problematicwhen dealingwith visual transforma-
tionslike occlusion,view pointvariation,andarticulation.

We now presenta brief overview of the proposedap-
proachfor comparing2D shapesvhich addressesomeof
theseissues.Themainideais to treateachshapeasa point
in a shapespaceand de ne the distancebetweenshapes
as the minimum cost of the deformationpath connecting
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Figure3: Every pair of shapesn the shapespacés relatedby an
in nite numberof deformationpaths,oneof whichis shavn here.
Eachdeformatiorpathcontinuouslydeformsshape to shape ,

but canbe effectively characterizedy a sequencef transitions
(dots).

oneshapeto the other Since,thereareanin nite number
of dimensiongandin nite extentsalongeach)in which a
shapecan be deformed,the spaceof shapesand of defor

mationsmust be partitionedto reducethe dimensionality
of the searchto practicallimits. We addresghis issueby

rst de ning anequialencerelationwhereall shapesvith

the sameshockgraphtopologyareequialent,andthenby

de ning asequialentall thedeformationpathswhich have

thesamesetof transitionpoints(boundariedbetweershape
equivalenceclasses)Figure3. Theseshocktransitionshave

beenformally classi ed recentlyandtheir completelist is

now known [4]. Eachtransitionin thegraphdomainis rep-
resentedy an“edit” operationon the shockgraph.A cost
is associatedvith eachedit operationand individual edit
costsaresummedo representhe costof a deformationse-
guence.A graphedit distancealgorithmwasdevelopedin

[8, 9] basedon string edit distanceg20] andtraditionaltree
editdistancg22]. Thealgorithm nds the globally optimal
pathin polynomialtime which allows for a practicalimple-

mentationof this framework.

2 Partitioning the ShapeSpace

The key bottleneckin a deformation-base@pproachto
shapematchingis the high-dimensionalityof the underly-
ing spaceof deformations.We de ne equivalenceclasses
of shapesand deformationsto reducethe dimensionality
suchthatit is practicalto searchthis spacefor an optimal
deformationpath betweentwo shapes.First, obsenre that
generallyas a shapeis deformed,the shockgraphtopol-
ogy remainsunalteredput only the attributesof the graph,
, curvatureand acceleratiorfunctionsstoredin links,
arealtered,Figure4a. However, while this describesa lo-
cal neighborhoodor mostshapesFigure 4a, nearcertain
“transition” shapesanin nitesimal changen theshapecan
causea large (abrupt)changein the shockgraphtopology,
Figure 4b. Theseshapesare preciselythe instabilities of
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Figure4: (a) A few examplesof shapesbelongingto the same
shapecell, , having the sameshockgraphtopology (b) This
gure illustratesoneof thetransitions(contract). and arethe
originalshapesandthe isthedegenerateshapeatthetransition.
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Figure5: The rst threecolumnsshav a schematiadescription
of the six possibletransitionsof the shockstructure while thelast
threecolumnsillustrate correspondingxamplesof shapedefor
mations[4]. The centralcolumnrepresentshe transitionin the
deformationfrom the left to right, or right to left columns. In
the notationof [4] (a) is the transition, (b) and (c) are
the two typesof , (d) and (e) are the two types of with
in nite velocity, and(f) isthe  pointwith in nite velocity and
zeroaccelerationThe graphoperationgo male theright andleft
columnsequialentare: splice, contract(two types),and meige
(threetypes).

the medialaxis/shockgraph. All genericshocktransitions
have beenformally enumerateéndclassi ed alonga one-
parameterfamily of deformationg4], Figure5. At these
transitionsthe local topologybreaksdown, creatinggapsat
thetransitionshapenhenusingthe skeletalrepresentation,
Figure6a. This motivatesanexplicit embeddingf thetran-
sitions,the “seams”of the shapespacejn thede nition of
thenotionof aneighborhood:

De nition 1 A shapecell is a collection of shapeswhich
haveidenticalshok graphtopolagy.

De nition 2 A shapedeformationbundleis the setof one-
parameter families of deformationspassingthrough an
identicalsequencef shod transitions.

Obsene that this equivalencerelation partitionsthe shape
space. The groupingof a setof deformationpathsinto a

Figure6: (a) Gapsin thetopologyof the shapespacecreatecby
shocktransitions. (b) This gure sketchestwo deformationpath
bundlesbetweernshapes and . Eachof the two groupsof de-
formationsrepresentwo distinct bundlesof equivalentdeforma-
tions.
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Figure7: A deformationpathwherefeaturesare rst addedand
thenremovedis clearly not an optimal pathandneednot be con-
sidered.In orderto avoid suchpaths,we considereachdeforma-
tion pathasa pair of deformationpathsfrom and leadingto
acommonshape whereeachsequencésimpli es” theshape.

bundle, Figure 6b, is a discretizationof a ratherhigh di-
mensionakpaceof shapesndtheir deformation.

We note further that not all deformationspathsare of
interestto recognition. Considerthe deformationpathre-
lating one shapeto anotherin Figure 7. Clearly, this de-
formation sequencesannotbe the optimal sequencesince
featuresarecreatedandthenremoved. Thus,the collection
of candidatgpathsshouldexcludethosewhich unnecessar
ily ventureinto more complicatedshapes.We ensurethis
by considerincgadeformatiorpathfrom and toa“sim-
pler” commonshape , Figure 8a, thus ensuringthat no
unnecessargomplicationsarise.

The notion of simplicity usedin this framework is de-
rived from the transitionsthemseles. Note that a defor
mationfrom a shapeto its neighboringtransitionshapere-
strictsthe shapeby simplifying it: the rst transitionsplices
off branchesthe secondandthird transition“symmetrize”
theshapethefourthtransitionremovespartsat“necks”, the
fth transitionmovesthe shapeo aroundershapeandthe
lasttransitionremoveswavy patternson theboundary The
mainpointis thata move from eachshapeo a neighboring
transitionshaperemovesone degreeof freedomandleads
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Figure8: (a) The optimal pathis obtainedby searchingll pairsof simplifying deformationpathsleadingto a commonshape

() A

hand-dravn sketchof how the spaceof one-parametefiamily of deformationdor eachshapecanbe discretizedusingtransitionshapes.
Eachdeformationsegmentis capturedby a graphoperationon the shockgraph,namely the “edit operation”. Shape the sh onthe
left (red)initially givesriseto seven shapeseachof which give riseto a nite numberof othershapeenclosedn the dasheccunes. A
similar processappliesto the secondshapeon theright. Commonshapesith equivalentshockgraphtopologyaredetectedandmarked
by commoniconswith commonshape/coloringo indicatetheidenti cation of afull deformationpaths.The optimalpathis the pathwith
theleastcost,whichin this case goesthroughthe grey-hashechexagonalsurround.

to a shapecell of lower dimensionality As this procesds
repeatedeachshapes increasingly‘simpli ed” until it re-
semblesan elongatedblob and nally a circle, Figure 8h.
Thesetransition shapesare reachedby applying a shock
graphoperation,which we referto asan “edit operation”
in thegraphdomain.

Note thatdeformingthe shapes and alongall one-
parametefamiliesof “simplifying” deformationscanonly
leadtoa nite numberf shapeindicatedby the nite num-
berof applicabldaransitionsateachstage, , sevenfor the
rst applicationof transitionson theleft sh in Figure 8h.
In a secondphaseof the transitionsequenceeachof the
se/en shapeaundegoesa similar applicationof deforma-
tionstowardsthe next applicabletransition.In afew steps,
theshockgraphreachesighly simpli ed shapes, ,elon-
gatedapproximation®f theobject(notshovn). A complete
path consistsof a pair of deformationpathsto a common
shapecell.

3 Edit DistanceAlgorithm

Despitethe above discretizationand a tremendouseduc-
tion in dimensionality Figure 8 illustratesthat numerous
pathsremainto be consideredthus requiring an ef cient
algorithmto seekthe optimal pathamongall possibilities.
We have developeda polynomialtime edit distancealgo-
rithm [8, 9] for comparingunrootedrees which we review
here. The notion of edit-distancevas originally proposed
to comparecharactestrings[20], andappliedto otherdo-
mains,including somein computervision [12]. In string
matchingapplicationsthere are threekinds of edit opera-

tions: deletinga characterinsertinga characterandchang-
ing one characteinto another Oncecostsareassignedo
eachedit operationedit distanceis de ned to be the mini-
mum costof the sequencef operationgequiredto corvert
one string to anothey andis typically computedusing dy-
namicprogramming.The notion of edit distancehasbeen
generalizedo comparingordered,rootedtrees[22]. The
editoperationgor comparingreesaretypically de ned as:
change thelabelof anedge,  contractanedge,and
the inverseoperationuncontiact an edge. Theseare
thenaturaledit operationsn the domainof trees.

In applying the edit distanceapproachto comparing
shockgraphswe derive the edit operationsrom the insta-
bilities of the shockgraphor shocktransitions,Figure 5,
which leadto four groupsof edit operations: the splice
operationdeletesa shockbranchand mergesthe remain-
ing two; thecontractoperationgieletesa shockbranch
connectingwo degree-threenodes; the mege opera-
tionscombinegwo branchest a degree-two node; we
alsode ne a deformedit to relatetwo shapesn the same
shapecell, , shapewvith thesameshockgraphtopology
but with differentattributes. We have developeda polyno-
mial time algorithmto nd the modi ed edit distancebe-
tweentwo unrootedtrees,and nd theglobally optimal se-
guenceof transitionsbetweerntwo shockgraphs.Thealgo-
rithm detailsarepresentedn [8, 9].

A critical issueis how the costsareassignedo eachop-
erationin themodi ed editdistancen a mannerthatis not
inconsistentvith perceptuammetricsof similarity. Thebasic
approachis to rst derive the costof the deformedit,
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(b)
Figure 9: The shock andthe correspondinghapeboundary
sggments and

thedistancebetweenwo shapesvithin the sameshapecell
(identicalshocktopology),andthenderive the costof other
editsasthelimit of the deformcostasthe shapemovesto
the boundaryof the shapecell (transition). We derive the
deformcostby summingover local shapedifferencescast
in thelanguageof differencebetweermatchingshockseg-
mentattributes.Thesearein turn de ned basedn a metric
developedearlierfor comparingcurves|[14].

This approacho comparingwo curvesconsistof nd-
ing theminimum-cosdeformatiorof onecurveto theother
wherethe costis thesumof “stretching”and“bending” en-
ergies[21]. Speci cally, we de ne the costof matching
in nitesimal sgmentson thetwo curvesby lengthandcur-
vaturedifferencesas , Where

is a constant. The problemis then castas minimizing
a functional over all possiblealignmentsbetweenthe two
curves,usingthenotionof analignmentcurve anddynamic
programmind14].

To extendthis ideato matchingtwo shock-graptedges,
we view theproblemof deforminganedgein ashockgraph,

in Figure 9a, to an edgein anothershockgraphby de-
formingthecorrespondingpoundarysegments, and
representing “joint curve matchingproblem”. As in the
caseof curves,we penalizestretchingand bendingof the
pair of boundarysegmentsin termsof lengthandcurvature
differencesHowever, this notionof joint curve matchingof
shapéboundarysggmentpairsis notenoughsincechanges
in the relative poseof the two segments,namely width of
the shapeandthe relative orientationof the boundarysey-
ments mustalsobetakeninto account.

Speci cally, let the edgesof the shock graphsbeing
matched, and ,beparameterizely and respectiely.
Lettheboundarysegmentscorrespondingo and
be parameterizeddy and . Let and
be orientationsof and , Figure9b. The boundary
segmentsof  aresimilarly de ned. The costof match-
ing in nitesimal segmentsof the shockedgesare de ned
by lengthdifferences , boundary
cunaturedifferences , width
differences , andrelative orientation

differences ,
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Figure 10: Shockmatchingin the presenceof boundarynoise
wherethe sameshapeis representedyy a coarserdiscretization
(top and middle rows) or by a coarserdiscretizationas well as
a shapechange(bottom row). Obsere that shock graphsare
matchedcorrectly pruningoutall the spuriousedgesonthegraph
of the noisy boundary Note that the matchis intuitive: all the
edgescorrespondingto the boundarynoise are pruned, while
matchingsalientparts, , heads, ns, andtips of tails of the
two shes.
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where is thelengthof the alignmentcurve , mediating
thematch[14]. Then,the deformcostof the shockedge
and is de ned asthecostof the optimalalignment,

whichis foundby a dynamic-programmingethod[14].

The above describesthe cost betweenthe shock sey-
mentsin an intrinsic manner Otheredit costsare consid-
eredto belimiting casesf a deformcostwhenoneof the
shocksegmentsis shrunkto a point. We omit a discussion
of thesecostsdueto lack of space.

4 Recognitionunder Visual Transfor-

mations

Thissection rst examinesthe performancef shock-graph
matchingin the presenceof commonly occurring visual

transformationslik e articulationanddeformationof parts,

shadev andhighlights,viewpointvariation,scale boundary
perturbationspcclusion. It thenshaws recognitionresults
for two databasesf roughly 100shapegach.

Shock computationis sensitve to boundaryperturba-
tions, which canintroducespuriousshock edges. While
thetraditionalapproachncludesregularizationin thedetec-
tion processpnecanview the regularizationaspart of the
recognitionprocessObsene thatthe costof asplicein this
caseis very low sincecorrespondinghangesequiredin
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Figure 11: Effect of articulationand deformationof parts. Top
row: Obsenre thatthe nose, ns, andtail of the dolphinin two
differentposesarematchedntuitively. Bottomrow: Matchingof
thetwo posesf the babyis intuitive. Obsere, in particular how
the legs are matchedcorrectlyin spite of the self occlusionthat
meigespartof thelegsin theshapeontheright.
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Figure 12: Effect of viewpoint variation. The 2D shapesvere
obtainedby projectinga 3D model. Toprow: Obsere,in particu-
lar, how thehindlegsof theretriever arematchecdcorrectlydespite
beingpartly meigedin the shapeon theleft. Middle row: In both
views of the cartoonmodel,theleft andtheright armsarevisible,

but despitea changen view thearmsmatcheccorrectly Bottom
row: Notehow theleft armof modelin theright view hasmeiged
with thetorso,thuschangingthe overall partstructure.However,

the correspondencgiven by shock-graphmatchingis intuitive as
it is ableto spliceouttheleft handin theleft view.

theboundarymodelareslight. Thus,the cumulative costof
alarge sequencef splicesof spuriousshocksis ratherlow
andthis typically formsthe optimalsequencerigure 10.

The shock graph of a shapeinherently segmentsthe
shapeinto parts,andcaptureghe hierarchicalrelationship
betweerthoseparts.Thus,shock-grapmmatchingmplicitly
involvesmatchingthe global hierarchyof partsin addition
to matchingtheindividual parts,makingit robustto changes
whichmayoccurin someof theparts.Hence shockmatch-
ing is robustin thepresencef articulationanddeformation
of partsof the shapewhenthe overall parthierarchyis not
signi cantly altered,Figurel1.

Since2D shapesretypically obtainedfrom projections
of 3D objects,robustnesgo viewpoint variationsis critical
to a 2D shapematchingtechnique. When the viewpoint
is varied gradually the spatiallocation and the shapeof

]
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Figure 13: Shockmatchingwhenshadevs andhighlightsaffect
thesggmentation Theoriginalimagesarefrom thetoolsdatabase
of StanSclarof, BostonUniversity Thetoolsweresegmentedus-
ing aregion growing techniguewith manuallyselectedhresholds.
Note that partsof the hammerandthe wrenchare sggmentedas
backgrounddueto highlights. Also, notethe sggmentatiorerrors
dueto theshadav castby the hammer(top right). Thecorrespon-
denceobtainedby shock-graptmatchingis intuitive in bothcases.

Figurel4: Shockmatchingn thepresencef ascalingtransform.
Thehandontheright wasobtainedoy scalingthe original handby
. Obsere thatthe correspondencis intuitive.

partstypically changegyradually This is handledby the
deformedit. Exceptionally at certainviews, thereis a sud-
denappearancer disappearancef apart,whichis handled
by the splice transition. Also, changesn aspectare han-
dled by contractoperations.In general,a changein view-

pointconstitutes one-parametdamily of deformationn

shapefor which awell-de ned neighborhoodocally exists
throughthe explicit embeddingf transitionsFigurel2.

The presenceof shadavs and highlights can affect the
segmentatiorof anobject. Changesn theboundarycaused
by highlightstendto besmall,but typically affecttheshock-
graphtopology On the otherhand,changesn the shock
graphcausediy shadavs are often moreglobal in nature,
andtendnot to affect the shock-graphopology Figurel3
shaws that shock-graphmatchingis effective in the pres-
enceof alimited extentof sggmentatiorerrors.

We have examinedthe robustnes®f the proposedech-
nigue to changedn scale. Obsene that the shock-graph
topology is not changedwhen a global scaling transfor
mationis applied. However, the shockedgecomparison
metricis not scaleinvariant(seeSection3). Nevertheless,
shock-graphmatching gives the intuitive correspondence
in the presenceof modestamountsof scaling, Figure 14.
However, in the presencef large amountsof scaling(
times),unintuitive correspondenceanresultif partsof un-
equalsize are present,as the costof matchingequal-size
but non-correspondingarts may becomedominant. The



"
RN

Figure 15: Shockgraphmatchingin the presencef partial oc-
clusion,bothblendingwith thebackgroundandwith theobject.In
all casesthe effectsof occlusionon the matchis con ned to the
occludedpartsof theshape.

currentimplementationmequiresmatchingat severalscales;
theinclusionof scalein the matchingprocesds oneof our
futuregoals.

Occlusionis a seriouschallengefor ary recognition
framavork. We considertwo typesof occlusion,onewhere
the backgroundblendswith part of the shapeand second
wherepartof theshapéeblendswith thebackgroundin both
typesshock-graphmatchinggives the intuitive correspon-
denceby splicing out the occludedpart, Figure 15. How-
ever, it mayfalil if alarge partof the shapes occluded,in
which casesplicecostdominateghetotal cost.

Having demonstratethe performancef therecognition
algorithmundervariousvisualtransformationsye now ex-

amine recognitionratesfor indexing into two databases.

The rst databasevas createdfrom nine catgyories: sh,
rabbit, airplane,“greeble” (obtainedfrom Mike Tarr's col-
lection), tool (obtainedfrom Stan Sclarof's database),
hand, doll, four-leggedanimal, and sea-animalobtained
from Farzin Mokhtarians database). We include eleven
shapesin eachcateyory to allow for variationsin form,
aswell asfor occlusion,articulation, missingparts, .,
for atotal of  shapes. Eachshapeis matchedagainst
all others,and resultswere orderedby edit distance,Ta-
ble 1. Sincetherearetenpossiblecorrectmatchegor each
shapgwithin categyory) excludingthe shapdtself whichis
a perfect match, we measurethe performanceby a vec-
tor of 10 numberswhich representshe proportionof cor
rectmatches.Five othershapesvhich shov non-catgory
matchesare also shavn. Recognitionratesin by this

measureare , e [
otherwordsthetop threechoicesarealwayscorrectfor this
database.

We constructe@dsecondiatabasérom sample®f avery
largedatabasef shapesreatedor testingthecompression
ratesfor MPEG7,kindly provided by LateckiandLakam-
per [10]. This databaseconsistsof 8 cateyorieswith 12
shapesn eachcategory. Recognitionratesin  are(

) ) ) , .+ s+ , ) inotherwords
thetop six choicesarealwayscorrectfor this database.

We aim to explore recognitionrateson a much larger
database.However, two developmentsare needed. First,
thealgorithmtypically takesabout minutesonanSGlIn-
digo 11 ( MHz) for the examplespresentechere. Im-
provementsn ef ciency arepossibleby rewriting the code
andby revisingthealgorithm.Secondye have developeda
notionof prototypeswhich canbeincludedin theindexing
schemeo reducehecomputationaburden.lt isin thecon-
text of amuchlarger spaceof shapeghatthe effectiveness
of this algorithmcantruly be explored,theseinitial results
areratherpromisingandsupportfurtherexplorationof this
framawork.
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300/ 600|607|617|622|628|634|637| 641|642]| 643| 643|649|650|654

o X X X S R e X X o

535|556|558|614|628|637| 646|652 685|693] 702| 702| 714|720(738

Tablel: Left: A databasef 99 shapesvith 9 categoriesand11shapesn eachcategory. Right: Eachshapés matchechgainsevery other
shapean thedatabaseThe 15 nearesheighborsor afew shapesn thedatabaserderedby theeditdistancebetweereachpair, normalized
by the sumof thearclengthf theshapesandmultiplied by 1000for clarity of presentationAs thereare11 shapesn eachcateory, upto

tennearesheighborscanbefrom thesamecategory. Thenext ve matchesareshavn for completenesfObsere thatin mostcasethetop

10 matchesarefrom the samecategory. We ratethe performanceébasedon the numberof timestheten nearesneighborsarein the same
catgory. Theresultsin proportionsof 99 are: (99,99,99,98,98,98,96,95,94,86).

203|368|371|372|384|407|408|422|423|425|431]515|538|552| 553

097)100{107|114|120|130({148|149|152|166|192] 444|453|481|507

285/ 296|296 315|330| 332|352 352|358 369|402] 481|500|523| 526

216| 225|226|232|241|257|262| 264| 268|273| 313] 404|404]405/417

279|281|306|308|322| 323|325|327|342|349|350] 470|479|493|499

275|316|324|349|382|390{411|417|419]432|444]452|468|475/481

Table2: Left: A databasef shapesselectedrom the MPEG testdatabasereatedby Latecki and Lakamper[10], who kindly made
this available to us. We selected96 shapeswith 8 cateyoriesand 12 shapesn eachcategory. Right: The 15 nearestneighborsfor
a few shapesn the database.As thereare 11 other shapesn eachcateyory, up to eleven nearestneighborscan be from the same
catgjory. Obsenre thatin mostcaseghe top 11 matchesare from the samecateyory: the resultsin proportionsof 96 are asfollows:
(96,96,96,96,96,96,95,95,93,94,91).

[11] T. Liu andD. Geiger Approximatetreematchingandshape [18] K. Siddiqgi, A. Sholoufandeh,S. Dickinson,andS. Zucker.

similarity. ICCV, pagesA56-462,1999. Shockgraphsandshapematching.lJCV, 35(1):13-321999.
[12] R. Myers,R. Wilson, andE. Hancock. Bayesiangraphedit [19] H. Tek and B. B. Kimia. Symmetrymapsof free-form
distance PAMI, 22(6):628-6352000. curve sggmentsvia wave propagation. ICCV, pages362—
[13] M. Pelillo, K. Siddigi, andS. Zucker. Matching hierarchi- 369,1999.
cal structuresusingassociatiorgraphs.PAMI, 21(11):1105- [20] R. WagnerandM. Fischer The string-to-stringcorrection
1120,1999. problem.J. ACM, 21:168-1731974.
[14] :; B.d’Sebastlla.nP. ’;‘ Ele'n' aFdB' B. Kimia. Alignment- [21] L. Younes. Computableelastic distancebetweenshapes.
zggi ecognitionof shapeoutlines. IWVF, pages606-618, SIAMJ. Appl. Math, 1996.

[22] K. ZhangandD. Sasha.Simplefastalgorithmsfor the edit-
ing distancebetweentreesand relatedproblems. SIAM J.
Computing 18:1245-12621989.

[15] D. Sharvit,J.Chan,H. Tek,andB. Kimia. Symmetry-based
indexing of imagedatabases]VCIR 9(4):366—380,1998.

[16] K. Siddigi, B. Kimia, A. Tannenbaum,and S. Zucker. . . )
Shocks shapesandwiggles. IVC, 17(5-6):365-3731999. [23] S.C.ZhuandA. L. Yuille. FORMS:A e xible objectrecog-

iti dmodeli tem.lJCV, 20(3),1996.
[17] K. SiddigiandB. B. Kimia. A shockgrammarfor recogni- nition ahdmodelingsystem @)
tion. CVPR pages07-5131996.



