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Abstract

We presenta novel appmoacd to measuringsimilar-
ity betweenshapesand exploit it for object recagni-
tion. In our framavork, the measuementof similar-
ity is precededby (1) solvingfor correspondencebe-
tweenpointsonthetwo shapes(2) usingthe correspon-
dencego estimatean aligning transform. In order to
solvethe correspondenceroblem,we attach a descrip-
tor, the shapecontet, to each point. The shapecon-
text at a refelencepoint capturesthe distribution of the
remainingpointsrelativeto it, thusoffering a globally
discriminativecharacterization. Correspondingpoints
on two similar shapeswill havesimilar shapecontexts,
enablingusto solvefor correspondencess an optimal
assignmenproblem. Giventhe point correspondences,
we estimatethe transformationthat bestaligns the two
shapes;regularized thin—plate splinesprovide a flexi-
ble classof transformationrmapsfor this purpose Dis-
similarity betweerntwo shapess computedas a sumof
matding errors betweercorrespondingpoints,together
with a term measuringthe magnitude of the aligning
transform. We treat recagnition in a neaest-neighbor
classificationframavork. Resultsare presentedor sil-
houettestrademarkshandwrittendigits and the COIL
dataset.

1 Intr oduction

Considerthe two 5’s in Figurel. Regardedasvec-
tors of pixel brightnessvaluesand comparedusing L
norms, they are very different. However, regardedas
shapeghey appearrathersimilar to a humanobsenrer.
Our objective in this paperis to operationalizea notion
of shapesimilarity, with the ultimate goal of usingthat
asa basisfor category-level recognition. We approach
this as a three stageprocess:(1) solve the correspon-
denceproblembetweerthe two shapes(2) usethe cor-
respondencet® estimateanaligning transform,and(3)
computethedistancebetweerthetwo shapesisasumof
matchingerrorsbetweercorrespondingpoints,together

with a term measuringthe magnitudeof the aligning
transformation.

We wish to solve the problemin considerablegener
ality. Shapesrearbitrary2D figures,e.g.derivedfrom
edgesextractedin imagesof 3D objects notjustsilhou-
ettes.Thefamily of aligningtransformsncludeaffineas
well asnon-rigid smoothtransformationsparametrized
usingthin plate splines. Matching errorsbetweencor-
respondingpoints are computedusing both shapeand
localappearancdifferences.

At the heartof our approachs a tradition of match-
ing shapeshy deformationthat can be tracedat least
asfar backasD’Arcy Thompson.In his classicwork
On GrowthandForm [27], Thompsorobsenedthatre-
latedbut notidenticalshapeganoftenbedeformednto
alignmentusingsimplecoordinateransformationsFis-
chler and Elschlager[9] operationalizedhis approach
using enegy minimization in a mass-springmodel.
Grenandeet al. [13] developedtheseideasin a prob-
abilistic setting. Yuille’s [31] versionof the deformable
templateconcepffitted hand-craftegparametrizeanod-
els, e.g.for eyes,in the image domainusing gradient
descent.Von der Malshurg andcollaboratord19] used
elasticgraphmatchingfor aligningfaces.

Our primary contribution is a simple and robust al-
gorithm for finding correspondencebetweenshapes.
Shapesarerepresentethy a setof pointssampledfrom
the shapecontours(typically 100 or so pixel locations
sampledirom the outputof an edgedetectorare used).
Thereis nothingspecialaboutthe points. They arenot
requiredto be landmarksor curvatureextrema,etc.; as
we usemoresamplesve obtainever betterapproxima-
tionsto the underlyingshape We introducea shapede-
scriptor, the shapecontext, to describethe coarsedistri-
bution of therestof the shapewith respecto a pointon
theshapeFindingcorrespondencésetweertwo shapes
is then equivalentto finding for eachsamplepoint on
oneshapethe samplepoint on the othershapethat has
themostsimilar shapecontext. Maximizing similarities
andenforcinguniquenessaturallyleadsto a setupasa
bipartite graphmatching(equivalently, optimal assign-
ment) problem. As desired,we canincorporateother



Figurel. Examplesof two handwrittendigits.

sourcesof matchinginformationreadily, e.g.similarity
of localappearancat correspondingpoints.

Giventhe correspondencest samplepoints, we ex-
tendthe correspondenct the completeshapeby esti-
matingan aligning transformatiorthat mapsone shape
ontotheother Thetransformationganbe pickedfrom
ary of anumberof families— we have usedEuclidean,
affine andregularizedthin platesplinesin variousappli-
cations. Oncethe shapesre aligned,computingsim-
ilarity scoresandrecognitionby k-NN classificationis
relatively straightforvard.

We demonstrat@bjectrecognitionin a wide variety
of settings. We dealwith 2D objects,e.g. the MNIST
datasetof handwrittendigits (Fig. 5), silhouettes,and
trademarks(Fig. 7), as well as 3D objectsfrom the
ColumbiaCOIL datasetmodeledusingmultiple views
(Fig. 6). Thesearewidely usedbenchmarksndour ap-
proachturnsout to be the leadingperformeron all the
problemsfor which thereis comparatie data.

The structureof this paperis asfollows. We discuss
relatedwork in Section2. In Section3 we thendescribe
our shapematchingmethodin detail. Our transforma-
tion modelis discussedn Section4. We thendiscuss
the problemof measuringshapesimilarity in Section5
and demonstrat@ur proposedneasureon a variety of
databasedcluding handwrittendigits and picturesof
3D objects.Finally, we concludein Section6.

2 Prior Work on ShapeMatching

An extensie surwey of shapematchingin computer
vision canbefoundin [28]. Broadly speakingthereare
two approaches(1) feature-basedand (2) brightness-
based.

Feature-basedpproachesvolve the useof spatial
arrangementf extracted featuressuch as edgesor
junctions. Silhouetteshave beendescribed(and com-
pared)usingFourierdescriptorse.g.[32], skeletonsde-
rived using Blum’s medial axis transform [26], or di-
rectly matchedusing dynamic programminge.g. [11].
Since silhouettesare limited as shapedescriptorsfor
general objects, other approaches[1410] treat the

1They ignoreinternalcontoursandaredifficult to extractfrom real
images.

shapeasa setof pointsin the 2D image,extractedus-
ing, say an edgedetector Amit and Geman[1] find
key pointsor landmarksandrecognizeobjectsusingthe
spatialarrangementsf point sets. However not all ob-
jectshave distinguishedkey points(think of a circle for
instance)andusingkey pointsalonesacrificegheshape
informationavailablein smoothportionsof objectcon-
tours. Most closelyrelatedto our approachs the work
of Rangarajarand collaboratorg12, 7], which is dis-
cussedn Section3.2.

Brightness-basedpproachesnake more direct use
of pixel brightneswalues.Severalapproaches[129, 8]
first attemptto find correspondencelsetweenthe two
images,before doing the comparison. This turns out
to be quite a challengeasdifferential optical flow tech-
niquesdo not copewell with the large distortionsthat
mustbehandleddueto pose/illuminatiorvariations.Er-
rors in finding correspondencwill causedownstream
processingerrorsin the recognitionstage. As an alter
native, thereare a numberof methodsthat build clas-
sifiers without explicitly finding correspondencesin
suchapproachegnereliesonalearningalgorithmhav-
ing enoughexamplesto acquirethe appropriateinvari-
ances.Someexamplesinclude [21, 6] for handwritten
digit recognition[22] for facerecognition,andisolated
3D objectrecognition[24].

3 Matching with ShapeContexts

In our approacha shapeis representedyy a discrete
setof pointssampledrom the internalor externalcon-
tourson the shape.Thesecanbe obtainedaslocations
of edgepixelsasfound by anedgedetectorgiving usa
setP = {p1,... ,pn}, pi € R?, of n points. They need
not,andtypically will not,correspondo key-pointssuch
as maximaof curvatureor inflection points. We pre-
fer to samplethe shapewith roughly uniform spacing,
thoughthisis alsonotcritical. Fig. 2(a,b)shovs sample
pointsfor two shapesAssumingcontoursarepiecavise
smooth,we canobtainasgoodan approximatiorto the
underlyingcontinuousshapessdesiredby pickingn to
be sufiiciently large.

For eachpoint p; on thefirst shapewe wantto find
the "best” matchingpoint ¢; on the secondshape.This
is acorrespondengaroblemsimilarto thatin stereopsis.
Experienceheresuggestshat matchingis easiernf one
usesarich local descriptoye.g.agray scalewindow or
avectorof filter outputs,insteadof justthe brightnessat
a singlepixel or edgelocation. Rich descriptorgeduce
theambiguityin matching.

As a key contribution we proposea descriptoy the
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Figure 2. Shapecontet computatiorandmatching. (a,b) Sampled
edgepoints of two shapes.(c) Diagramof log-polarhistogrambins
usedin computingthe shapecontets. We use5 binsfor log r and12
binsfor 8. (d-f) Exampleshapecontexts for referencesamplesnarled
by o, ¢, < in (a,b). Eachshapecontet is alog-polarhistogramof the
coordinatef the restof the point setmeasuredisingthe reference
point asthe origin. (Dark=lage value.) Note the visual similarity of
the shapecontets for o ando, which were computedfor relatively
similar pointson thetwo shapesBy contrastthe shapecontet for <
is quitedifferent.(g) Correspondencdeundusingbipartitematching,
with costsdefinedby thex? distancebetweerhistograms.

shape contet, that could play such a role in shape
matching.Considerthe setof vectorsoriginatingfrom a
pointto all othersamplepointson a shape.Thesevec-
tors expressthe configurationof the entire shaperela-
tive to the referencepoint. Obviously, this setof n — 1

vectorsis a rich description,sinceasn getslarge, the
representationf the shapebecomesxact.

Thefull setof vectorsasa shapedescriptoris much
too detailedsinceshapesandtheir sampledrepresenta-
tion may vary from one instanceto anotherin a cate-
gory. We identify thedistribution over relative positions
asamorerobustandcompactyet highly discriminative
descriptor For a point p; on the shapewe computea
coarsehistogramh; of therelative coordinate®f there-
mainingn — 1 points,

#{a#pi : (¢—p)€bink)} .(1)

This histogramis definedto bethe shapecontext of p;.
The descriptorshouldbe more sensitve to differences
in nearbypixels. We thus proposeto usea log-polar
coordinatesystem.An exampleis shavn in Fig. 2(c).

hi(k) =

4

lmj

Considera point p; on the first shapeanda point g;
on the secondshape. Let C;; = C(p;,q;) denotethe
costof matchingthesetwo points. As shapecontexts
aredistributionsrepresentedshistogramsit is naturaf
to usethe x? teststatistic:

where h;(k) and h;(k) denotethe K-bin normalized
histogramatp; andg;, respectiely.

Giventhesetof costsC;; betweerrll pairsof points
i onthefirst shapeandj onthesecondshapene wantto
minimize the total costof matchingsubjectto the con-
straintthat the matchingbe one-to-one. This is anin-
stanceof the squareassignmentor weightedbipartite
matching)problem which canbesolvedin O(N?) time
usingtheHungariarmethod.In our experimentsweuse
themoreefficientalgorithmof [17]. Theinputto theas-
signmentproblemis a squarecost matrix with entries
C;;. Theresultis a permutationr(¢) suchthatthe sum
> i Ci,x(s) 18 minimized.

Whenthe numberof sampleson two shapess not
equal, the cost matrix can be madesquareby adding
“dummy” nodedo eachpointsetwith aconstantnatch-
ing costof ¢4. The sametechniquemay also be used
even whenthe samplenumbersare equalto allow for
robusthandlingof outliers. In this casea pointwill be
matchedo a“dummy” wheneverthereis no realmatch
available at smallercostthane;. Thus, ¢4 canbe re-
gardedasathresholdparametefor outlier detection.

ThecostC; for matchingpointscaninclude,anad-
ditional term basedon the local appeaancesimilarity
at points p; andg;. This is particularly useful when
we are comparingshapesderived from gray-level im-
agesnsteadof line drawings. For example,onecanadd
acostbasedn color or texture similarity, SSDbetween
smallgray-scalgatchesdistancebetweernvectorsof fil-
ter outputs similarity of tangentanglesandsoon.

3.1 Invariance and Robustness

A matchingapproachshouldbe (1) invariantunder
scalingandtranslationand(2) robustundersmallaffine
transformationspcclusionandpresencef outliers. In
certainapplicationspne may wantcompleteinvariance
underrotation,or perhapseventhe full groupof affine
transformationsWe now evaluateshapecontext match-
ing by thesecriteria.

2Alternatives include Bickel’s generalizatiorof the Kolmogoro-
Smirnor testfor 2D distributions[4], which doesnot requirebinning.



Invarianceto translationis intrinsic to the shapecon-
text definitionsinceall measurementsretakenwith re-
specto pointsontheobject. To achieve scaleinvariance
we normalizeall radial distancedy the meandistance
a betweerthen? point pairsin theshape.

Sinceshapecontexts are extremelyrich descriptors,
they areinherentlyinsensitve to small perturbationsof
partsof the shape.While we have no theoreticalguar
anteeshere,robustnesgo small affine transformations,
occlusionsand presencef outliersis evaluatedexperi-
mentallyin Sect.4.1.

In the shapecontext frameawork, we canprovide for
completerotationinvariancef thisis desirabl€or anap-
plication. Insteadof usingthe absoluteframefor com-
puting the shapecontext at eachpoint, onecanusethe
tangentvector at eachpoint asthe positive z-axis. In
this way the referencerameturnswith the tangentan-
gle, andtheresultis a completelyrotationinvariantde-
scriptor In the extendedversionof this paper[3] we
demonstratehis experimentallyusingthe datasefrom
Kimia andcollaborators[2p

3.2 Relatedwork

The most comprehensie body of work on shape
correspondenc@é this generalsettingis the work of
Rangarajarand collaboratorg12, 7]. They developed
an iterative optimizationalgorithm to determinepoint
correspondenceandunderlyingimagetransformations
jointly, where typically some generic transformation
classis assumede.g. affine or thin plate splines. The
costfunctionthatis beingminimizedis the sumof Eu-
clidean distancesbetweena point on the transformed
first shapeandthesecondshape This setsup achicken-
and-gg problem: the distancesnake senseonly when
thereis atleastaroughalignmentof shapeJointestima-
tion of correspondenceandshaperansformatioreads
to a difficult, highly non-comvex optimizationproblem,
which is addressedising deterministicannealing[12].
Theshapecontetis averydiscriminative pointdescrip-
tor, facilitatingeasyandrobustcorrespondencecovery
by incorporatingglobal shapeinformationinto a local
descriptor

As faraswe areawareof, the shapecontext descrip-
tor andits usefor matching2D shapess novel. The
mostcloselyrelateddeain pastworkis thatdueto John-
sonandHebert16] in theirwork onrangeimages.They
introducedarepresentatiofor matchingdensecloudsof
oriented3D pointscalledthe “spin image”. A spinim-
ageis a2D histogranformedby spinningaplanearound
anormalvectoronthesurfaceof theobjectandcounting

the pointsthatfall insidebinsin the plane.

4 Modeling Transformations

Givena setof correspondencdsetweentwo shapes,
onecanproceedo estimatea transformatiorthat maps
themodelinto thetarget. For this purposehereareser-
eraloptions;perhapsmostcommonis the affine model.
In this work, we usethe thin plate spline (TPS) model,
which is commonly usedfor representindglexible co-
ordinatetransformationg30, 25]. Bookstein[5], for
example,found it to be highly effective for modeling
changesn biologicalforms. Thethin platesplineis the
2D generalizatiorof the cubic spline. In its regularized
form, whichis discussedbelow, the TPSmodelincludes
the affine modelasa specialcase.We will now provide
somebackgroundnformationonthe TPSmodel.

Let v; denotethe target function valuesat corre-
spondinglocationsp; = (x;,¥;) in the plane, with
i = 1,2,...,n. In particular we will setv; equal
to z; andy; in turn to obtain one continuoustransfor
mationfor eachcoordinate. We assumethat the loca-
tions (z;,y;) areall differentandarenot collinear The
TPSinterpolantf(z,y) minimizesthe bendingenegy
Iy = [[ f2, +2f2, + f2,dedy andhastheform:

flzy) =

a1 + Az + ayy

+ 2wl (I@sy) = @l @

whereU(r) = r2logr. In orderfor f(z,y) to have
squardntegrableseconderivatives,we requirethat

n n n
dw; =0 and Y wimi = » wiy; = 0 (3)
i=1 =1 i=1

Togetherwith the interpolationconditions, f (z;, ;) =
v;, thisyieldsalinearsystemfor the TPScoeficients:

(o) () - )

whereK;; = U(||(z:, ¥:) — (=5, y;)]]), theith row of P
is (1,z;,¥;), w andv arecolumnvectorsformedfrom
w; andw;, respectrely, anda is the columnvectorwith
elementsi, a;, a,. Wewill denotethe(n+3) x (n+3)
matrix of this systemby L. As discussec.g.in [25], L
is nonsingularandwe canfind the solutionby inverting
L. If wedenotetheupperleft n x n blockof L' by A,
thenit canbeshavn thatl; oc vT Av = w? Kw.
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FigureB. lllustrationof the matchingprocessappliedto theexample
of Fig. 1. Toprow: 1stiteration. Bottomrow: 5thiteration. Left col-

umn: estimateatorrespondenceshavn relative to transformednodel,

with tangentvectorsshovn. Middle column: estimatedcorrespon-
dencesshawn relative to untransformedanodel. Right column: result
of transformingthe modelbasedon the currentcorrespondenceshis

is theinputto the next iteration. The grid pointsillustratethe interpo-
latedtransformatiorover R?. Herewe have useda regularizedTPS
modelwith A = 1.

Whenthereis noisein the specifiedvaluesv;, one
maywishto relaxtheexactinterpolationrequiremenby
meansof regularization. This is accomplishedy mini-
mizing H[f] = >, (vi — f(=i,¥:))* + Als. Thereg-
ularization parameter}, a positive scalar controlsthe
amountof smoothingthelimiting caseof A = 0 reduces
to exactinterpolation.As demonstratedh [30], we can
solve for the TPScoeficientsin the regularizedcaseby
replacingthematrix K by K + AI, wherel isthen x n
identity matrix. It is interestingto notethatthe highly
regularizedTPSmodeldegenerateso the least-squares
affine model.

To addresghe dependencef A on the datascale,
suppose(z;,y;) and(z}, y!) arereplacedby (a;, ay;)
and(az}, ay;), respectiely, for somepositive constant
a. Thenit canbe shavn that the parametersv, a, I+
of the optimal thin platesplineareunafectedif X is re-
placedby a?)\. This simple scalingbehaior suggests
a normalizeddefinition of the regularizationparameter
Let o againrepresenthe scaleof the point setasesti-
matedby the meanedgelength betweentwo pointsin
the set. Thenwe candefine) in termsof a and ),, a
scale-independemggularizationparametervia the sim-
plerelation\ = a2 ),.

The completematchingalgorithmis obtainedby al-
ternating betweenthe stepsof recovering correspon-
dencesand estimating transformations(see Fig. 3).
We usually employ a fixed numberof iterations,typi-
cally threein large scaleexperimentsput morerefined
schemesrepossible OnaregularPentiumlll 500MHz
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Figure 4. Empirical robustnessevaluation, following [7]. Two
model pointsetsare shavn in the first column of rows 1 and 2.
Columns2-4 shav examplesof point setsfor the deformation noise,
andoutlier tests.Row 3 shaws errorasa function of the deformation,
noise,or outlier to dataratio for our method(Q®), [7]' s method(x) and
iteratedclosestpoint (o) for thefish shapen row 1. Row 4 shaws the
resultsfor the Chinesecharactein row 2. Theerrorbarsindicatethe
std. dev. of theerrorover 100randomtrials.

workstationthis procesdakesroughly 200mswhenthe
shapesiave 100samplepointseach.

4.1 Empirical RobustnessEvaluation

In order to study the robustnessof our proposed
method,we performedthe syntheticpoint setmatching
experimentdescribedn [7]. The experimentsarebro-
keninto threepartsdesignedo measureobustnesdo
deformation,noise,and outliers. (The latter testseach
includea “moderate”amountof deformation.)In each
test,wesubjectedhemodelpointsetto oneof theabove
distortionsto createa “target” point set. We thenranour
algorithmto find the bestwarping betweenthe model
andthetarget. Finally, the performancas quantifiedby
computingtheaveragedistancebetweerthecoordinates
of thewarpedmodelandthoseof thetarget. Theresults
are shown in Fig. 4. More detailsof the experiments
maybefoundin [2].



5 ShapeSimilarity and Recognition

We define the shapedistance D(P, Q) between
shape$ andQ asaweightedsumof threeterms:shape
contet distancejmageappearancelistanceand bend-
ing enegy. We will demonstratehe use of this dis-
tancefor recognitionin a nearest-neighbarlassifierfor
anumberof differentobjectrecognitionproblems.

We measureshapecontet distancebetweenshapes
P and @ as the symmetric sum of shape con-
text matching costs over best matching points, i.e.
Ds(P,Q) = % Zpep argmingeo CT(q) +
o g argmingep C (p, T (¢)) whereT'(-) denotes
the estimatedr PSshaperansformation.

Often there is additional appearancenformation
available that is not capturedby our notion of shape,
e.g.localimagepatchestexturalinformation,color, etc.
As akey benefitof the shapematchingframework, the
distortedimagecanbe warpedbackinto a normalform
afterrecovery of the underlying2D imagetransforma-
tion, thuscorrectingfor distortionsof theimageappear
ance. We useda term D, (P, Q) for appearanceost
whichis thesumof squaredlifferencesn Gaussianvin-
dows aroundcorrespondingpoints.

Thethird term correspondso the ‘amount’ of trans-
formationnecessaryo aligntheshapesin the TPScase
the bendingenegy Dpe (P, Q) = w’ Kw is a natural
measure.

5.1 Digit Recognition

We begin with resultson the well-known MNIST
datasebf handwrittendigits, which consistsof 60,000
training and 10,000testdigits[21]. Matchingused100
point samplesselectedfrom the Canry edgesof each
digit image. We employeda TPStransformatiormodel
andused3 iterationsof shapecontext matchingandTPS
re-estimationWe usedanearesheighborclassifierwith
D(P, Q) asdefinedabore.

Nearesnheighborclassifiershave the propertythatas
the numberof examplesn in the training set — oo,
the 1-NN error corvergesto avalue< 2E*, where E*
is the BayesRisk (for k-NN, by makingk — oo and
k/n — 0, theerror— E*). However, what mattersin
practiceis the performancdor smalln, andthis givesus
awayto compardifferentsimilarity/distancaneasures.
In Fig. 5, our shapedistanceis comparedo SSD (sum
of squareddifferencesbetweenpixel brightnessvalues
of imagesregardedasvectors).

On the MNIST dataset nearly 30 algorithms
have been compared (http://www.research.att.com/
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Figure5. Handwrittendigit recognitionontheMNIST datasetLeft:

Testseterrorsof a1-NN classifierusingSSDandShapeDistance(SD)
measures.Right: Detail of performancecurve for ShapeDistance,
includingresultswith training setsizesof 15,000and20,000.Results
areshavn onasemilogz scalefor K = 1, 3, 5 nearesheighbors.

~yann/exdb/mnist/ind&.html). Thelowesttestseterror
ratepublishedatthistimeis 0.7% for aboosted_eNet-4
with a training setof size 60,000 x 10 syntheticdis-
tortions per training digit. Our error rate using 20,000
trainingexamplesand3-NN is 0.63%.

5.2 MPEG-7 ShapeSilhouette Database

Our next experimentinvolves the MPEG-7 shape
silhouettedatabasespecifically Core ExperimentCE-
Shape-1 part B, which measuresperformance of
similarity-basedetrieval [15]. Thedatabaseonsistsof
1400images: 70 shapecateyories,20 imagesper cate-
gory. The performancés measuredisingthe so-called
“bullseye test; in which eachimageis usedasa query
andonecountsthe numberof correctimagesin thetop
40 matches.

As this experimentinvolvesintricate shapeswe in-
creasedthe numberof samplesfrom 100 to 300. In
somecateayoriesthe shapesappearotatedandflipped,
which we addresausing a modified distancefunction.
The distancedist(R, ) betweena referenceshapeR
anda queryshape) is definedas

dis(Q, R) = min{dis(Q, R%), dist(@, R"), dist(Q, R°)}

whereR®, R® and R¢ denotethreeversionsof R: un-
changedyertically flipped,andhorizontallyflipped.

With thesechangesn placebut otherwiseusingthe
sameapproachasin the MNIST digit experimentswe
obtainaretrieval rateof 76.51%.Currentlythebestpub-
lished performanceis achieved by Latecki et al. [20],
with aretrieval rateof 76.45% followedby Mokhtarian
etal.[23] at 75.44%.



LILIEILE
as g
=S

Figure 6. Left: 3D objectrecognitionusing the COIL-20 dataset.
Comparisorof testseterrorfor SSD,ShapeDistance(SD),andShape
Distancewith k-medoidprototypes(SD-proto)vs. numberof proto-

type views. For SSD and SD, we varied the numberof prototypes
uniformly for all objects.For SD-proto,the numberof prototypesper

objectdependednthewithin-objectvariationaswell asthebetween-
objectsimilarity. Right: K-medoidprototypeviews for two different
3D objectsusinganaverageof 4 views perobject. With thisapproach,

0 2 4 6 8 10 12
average no. of prototypes per object

resourcesireallocatedadaptvely dependingn thevisual compleity
of anobject. In this examplewe obsenre thatthe Anacinbox requires
twice asmary views asthe babypowderbottle.

5.3 Columbia COIL-20 Database

Our next experimentinvolvesthe 20 commonhouse-
hold objectsfrom the COIL-20 databas¢?4]. Eachob-
ject wasplacedon a turntableand photographedvery
5° for a total of 72 views per object. We preparedour
training setsby selectinga numberof equally spaced
views for eachobjectandusingtheremainingviews for
testing. The matchingalgorithmandshapedistanceare
exactly the sameasfor digits.

Fig. 6(a) shavs the performanceof a 1-NN classi-
fier using our shapedistanceas well as SSD (sum of
squareddifferences). SSD performsvery well on this
easydatabasedueto thelack of variationin lighting [14]
(PCAjustmakesit faster).

In a companionpaper[2] we recently developeda
novel editing algorithmbasedon shapecontext similar
ity andk-medoidclustering.Theeditingalgorithmis il-
lustratedn Fig. 6(b). More views arechoserfor visually
comple categories. This ideais relatedto the “aspect”
conceptas discussedn [18]. The curve marked SC-
protoin Fig. 6(a) shovstheimprovedclassificatiorper
formanceusingthis prototypeselectionstratgy instead
of equally-spacedgliews. Notethatwe obtaina 2.4%er-
ror ratewith anaverageof only 4 two-dimensionaviews
for eachthree-dimensionadbject,thanksto theflexibil-
ity providedby the matchingalgorithm.

5.4 Trademark Retrieval

The automaticidentification of trademarkinfringe-
mentis of commercialinterest. Currently trademarks
are broadly classifiedaccordingto the Vienna code,
andinfringementsaredetectedy manuallylooking for
close perceptualsimilarity in an appropriatecategory.
Shape,togetherwith text andtexture, is key in defin-
ing perceptuakimilarity. Usingour notionof shapedis-
tance,Fig. 7 depictsnearestneighborretrieval results
from a databaseof 300 trademarks.We experimented
with eightdifferentquerytrademarkgor eachof which
the databasecontainedat leastone potential infringe-
ment. It is clearly seenthat the potentialinfringements
areeasilydetectecandappearlsmostsimilaronthetop
ranksdespitesubstantialvariationof the actualshapes.
It has beenmanually verified that no visually similar
trademarkhasbeenmissedoy thealgorithm.

6 Conclusion

We have presented new approactto the analysisof
shape. A key characteristiof our approachs the es-
timation of shapesimilarity andcorrespondencdsased
on a novel descriptoy the shapecontet. In our experi-
mentswe have demonstrate@xcellentperformanceon
awide varietyof datasetshothof 2D and3D objects.
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