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Abstract

In this work we demonstate that a recentlyintroduced
shapedescriptor the “shape contet”, can be usedto
quickly prunea seach for similar shapes.Our represen-
tation for a shapeis a discretesetof pointssampledrom
its internal and external contouss. For eac of thesepoints,
theshapecontet is a histagram of the relative positionsof
the remainingpoints. We presenttwo methodsfor
rapid shaperetrieval: onethatdoescomparisondasedon
asmallnumberof shapecontextsandanotherthatusesrec-
tor quantizationin the spaceof shapecontexts. We verify
thediscriminativepowerof thesemethodswith testson the
Columbia (COIL-100) 3D object databaseand the Snod-
grassand Vanderwartline drawings. The shapecontext-
basedmethodsare shownto quickly producean accurate
shortlist of candidatessuitablefor a more exact matding
enginein spiteof posevariation andocclusion.

1 Intr oduction

We areinterestedn the useof shapefor recognizing3D
objects,representedby a collection of multiple 2D views.
A satishctorytheoryof shaperepresentatiomould have a
numberof desirableattributes:

1. It shouldsupportrecognitionbasedn exquisitely ne
differences.g. distinguishingfacesof twins.

2. At thesametime, it shouldsupportmakingcoarselis-
criminationsvery quickly. Thorpe, Fize and Merlot
[22] shavedthat people,whenpresentedvith anim-
age,cananswercoarsajueriessuchaspresencer ab-
senceof ananimalin aslittle as150ms.

3. Theapproactshouldscaleto dealwith alargenumber
of objects. Biederman[3 hasarguedthathumanscan
distinguishontheorderof differentobjects.

4. It shouldbe possibleto acquirea representationf an
objectcategory from relatively few examples.e. there
shouldbeagoodgeneralizatiorability.

In this paperwe develop further an approachbasedon
the representatiorof shape contets introducedin Be-
longie,Malik andPuzichd2], which arguablysatis escri-
teria (1), (2) and(4) above while (3) is yet only a distant
possibility*.

Thebasicideaof shapecontectsis illustratedin Fig. 1. A
shapasrepresentetly adiscretesetof pointssampledrom
theinternalor externalcontoursontheshape Thesecanbe
obtainedas locationsof edgepixels asfound by an edge
detector giving usa set , , of
points’. Considetthesetof vectorsoriginatingfrom a point
to all othersamplepointson ashape.These vectors
expressthe con guration of the entireshaperelative to the
referencepoint. Oneway to capturethis informationis as
the distribution of the relative positionsof the remaining

pointsin aspatialistogram.Concretelyfor apoint
ontheshapecomputea coarsehistogram of therelative
coordinate®f theremaining points,

bin

This histogramis de ned to betheshapecontext of . We
usebinsthatareuniformin log-polarspacemakingthede-
scriptormoresensitve to positionsof nearbysamplepoints
thanto thoseof pointsfartheraway. All radial distances
are rst normalizedby themeandistance betweerthe
pointpairsin theshapethusensuringhatthe shapecontext
of a point on a shapeis invariantunderuniform scalingof
theshapeasawhole.

As illustratedin Fig. 1, shapecontects will be differ-
entfor differentpointson a singleshape ; however cor
responding(homologous)points on similar shapes and

will tendto have similar shapecontexts. By construc-
tion, the shapecontet at a given point on a shapeis in-
variantundertranslationand scaling. Shapecontets are
notinvariantunderarbitraryaf ne transformsput the log-
polarbinningensureshatfor smalllocally af ne distortions
dueto posechangeintra-catgoryvariationetc.,thechange
in the shapecontet is correspondinglysmall. In addition,

1At leastit is not provably impossible!
2They neednot, andtypically will not, correspondo key-pointssuch
asmaximaof cunatureor in ection points.
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Figurel: Shapecontets. (a,b) Samplededgepointsof two
shapes. (c) Diagramof log-polar histogrambins usedin
computingthe shapecontects. We useb5 bins for and
12 binsfor . (d-f) Exampleshapecontexts for reference
samplesmarked by in (a,b). Eachshapecontet is
a log-polar histogramof the coordinatesof the restof the
point setmeasuredisingthe referencepoint asthe origin.
(Dark=lagevalue.) Note the visual similarity of the shape
contxts for and , which were computedfor relatively
similar points on the two shapes. By contrast,the shape
contet for is quitedifferent.

therichnessof the shapecontext descriptomalesit robust
to noiseandocclusion,asindicatedby the experimentse-
portedin [2].

Thereis anaturalway to measurehe similarity between
two shapecontexts. As shavn in [2], this facilitatesalgo-
rithmsfor solvingthecorrespondengeroblembetweertwo
similar but not identical shapessuchas seenin 1(a) and
(b). Considera point  onthe rst shapeanda point
on the secondshape.Let denotethe cost
of matchingthesetwo points. As shapecontexts aredistri-
butionsrepresentedshistogramsit is naturalto usethe
distance:

where and denotethe -bin normalizedhis-
togramat and |, respectrely. Given the setof costs
betweenall pairs of points onthe rst shapeand
on the secondshapewe wantto minimize the total costof
matchingsubjectto theconstrainthatthe matchingoeone-
to-one. This is an instanceof the squareassignmentor
weightedbipartitematching)problem,which canbesolved
in time usingthe Hungarianmethod.

We turn now to the use of shapecontexts as part of a
theoryof objectrecognitionbasedon shapematching. As
statedearlier, it is desirablefor sucha theoryto support
both accuratene discrimination,aswell as rapid coarse
discrimination.This suggests two stageapproacho shape
matchingnamely:

1. Fastpruning: Givenanunknown 2D queryshapewe
shouldbe ableto quickly retrieve a smallsetof likely
candidateshapedrom a potentiallyvery large collec-
tion of storedshapesThepresenpapemwill introduce
two algorithmsfor this problem.

2. Detailedmatding: Oncewe have a small setof can-
didateshapeswe can performa more expensve and
more accuratematching procedureto nd the best
matchingshapeto the query shape. An algorithmto
achievethis,in adeformabldemplatematchingirame-
work, waspresentedn [2]. This processs computa-
tionally expensve (about200msto matchtwo shapes
on a 500 MHz Pentium),but very accurateasshavn
by the experimentaresultsin severaldomainssuchas
handwrittendigit recognition,testson the Columbia
3D objectdatabasg18], andthe MPEG-7 shapesil-
houettedatabase.

The thrust of this paperis in Section3 wherewe de-
velop two differentalgorithmsfor fast pruning basedon
shapecontexts, resultingin a shortlistof likely candidate
shapego be evaluatedlater by the more accurateand ex-
pensve procedurean [2]. Thisis precededy Section2 on
pastwork andfollowed by a discussiorof scalingto very
large collectionsin Section4. In Section5, we shav ex-
perimentalresultson the Columbia(COIL-100) 3D object
databas¢19] andthe SnodgrassndVandervart dravings
[21]. We concluden Section6.

2 PastWork

An extensive surwey of shapematchingin computervision
canbefoundin [23]. Broadly speakingtherearetwo ap-
proaches(1) feature-basedind(2) brightness-based.
Feature-basedpproachevolve the useof spatialar
rangementof extractedfeaturessuch as edgesor junc-
tions. Silhouetteshave beendescribedandcomparedus-
ing Fourier descriptorse.g. [24], skeletonsderived using
Blum's medialaxistransform[20], or directly matchedus-
ing dynamicprogramming. Although silhouettesare sim-
ple andef cient to comparethey arelimited asshapede-
scriptorsfor generaBD objectshecauséhey ignoreinternal
contoursandaredif cult to extractfrom realimages.Other
approacheg$l10, 9] treatthe shapeasa setof pointsin the
2D image extractedusing,say anedgedetector Lamdanet
al.[15] usegeometrichashingn avotingschemeCarlsson



[6] usesorder structure to computecorrespondencesmit
andGeman1] nd key pointsor landmarksandrecognize
objectsusingthe spatialarrangementsf point sets. How-
ever not all objectshave distinguishedkey points(think of
acircle for instance) andusingkey pointsalonesacri ces
the shapeinformation availablein smoothportionsof ob-
jectcontours.Otherapproachet nding correspondences
betweerpointssetsinclude[12] and[7].

Brightness-basedpproachesnake more direct use of
pixel brightnessvalues. Seseral approaches[148] rst at-
temptto nd correspondencdsetweerthetwo imagespe-
fore doing the comparison. This turns out to be quite a
challengeasdifferentialoptical o w techniqueslonotcope
well with the large distortionsthat mustbe handleddueto
pose/illuminationvariations. Errorsin nding correspon-
dencewill causedownstreanprocessingrrorsin therecog-
nition stage.As analternatve, therearea numberof meth-
ods that build classi ers without explicitly nding corre-
spondencedn suchapproachegnereliesonalearningal-
gorithmhaving enoughexampleso acquiretheappropriate
invariancesSomeexamplesnclude[16, 5] for handwritten
digit recognition[17] for facerecognition,andisolated3D
objectrecognition[18].

3 FastPruning using ShapeContexts

Givena large setof known shapeghe problemis to deter
minewhich of theseshapess mostsimilarto aqueryshape.
Fromthis setof shapeswewishto quickly constructshort
list of candidateshapeswvhich includesthe bestmatching
shape. After completingthis coarsecomparisonstepone
canthenapplyamoretime consumingandmoreaccurate,
comparisontechniqueto only the shortlist. We leverage
the descriptve power of shapecontexts towardsthis goal
of quick pruning.

We proposetwo matchingmethodsthat addressthese
issues. In the rst method,representativeshapecontexts
we computea few shapecontexts for the query shapeand
attemptto matchusing only those. The secondmethod,
shapemeausesvectorquantizatiorto reducethe complex-
ity of the shapecontets from 60-dimensionahistograms
to quantizedtlasse®of shapepieces.

A key componento both of thesemethodsis the solv-
ing of nearestneighbourproblems. We will denoteby

the time requiredto solve a nearesteighbour
problemwith  pointsina -dimensionakpace.

3.1 Representatve ShapeContexts

Giventwo easilydiscriminableshapessuchastheoutlines
of a sh anda bicycle, we do not needto compareevery
pair of shapecontexts on the objectsto know thatthey are

—
\

Figure2: Matchingindividual shapecontexts. Threepoints
on the queryshape(left) are connectedria arrows to their
bestmatcheson two known shapes.  distancesregiven
with eachmatching.

different. Whentrying to matchthedissimilar sh andbicy-
cle, noneof the shapecontexts from the bicycle have good
matcheonthe sh —it isimmediatelyobviousthatthey are
differentshapesFigure2 demonstratethis process.

In concreteerms,the matchingprocesgproceedsn the
following manner For eachof the known shapes , we
precompute largenumber (aboutl00)of shapecontexts

. But for the queryshapewe only
computea smallnumber ( in experimentspf shape
contets. To computethese shapecontexts we randomly
select samplepointsfrom theshape We useall thesample
pointson the shapeto Il the histogrambinsfor the shape
contets correspondingo these points. We thendo com-
parisonswith eachof the known shapesusing only these
shapecontexts.

To computethe distancebetweena query shapeand a
known shape,we nd the best matchesfor eachof the

shapecontets. This involves performing nearest-
neighboursearches.The distanceto a known view is de-
ned to bethesumof these distancesDistancesrecom-
putedusingthe distance.

where

Wethen nd theclosesmatchedy comparinghesedis-
tances.

Pseudocodér Representate ShapeContext method:

PRE- PROCESSI NG

% Compute shape contexts for known shapes

PRUNI NG

shape contexts for random points



foreach  known shape

for
% Sort and truncate to return a
% shortlist.
Thepruningphaserequires time,where

is thenumberof known shapeviews.

3.2 Shapemes

The secondmatchingmethodusesvector quantizationon
the shapecontets. The full setof shapecontets for the
known shapesconsistsof -dim vectors. A stan-
dardtechniquan compressioffior dealingwith suchalarge
amountof datais vectorquantization.Vectorquantization
involves clusteringthe vectorsandthenrepresentinggach
vector by the index of the clusterthatit belongsto. We
call theseclustersshapemes canonicalshapepieces.Fig-
ure3 shawvstherepresentationf samplepointsasshapeme
labels.

To derive theseshapemespnceagainall of the shape
contexts from the known setare consideredas pointsin a
-dimensionabpaceWedo -meanglusteringto obtain

shapemes.

We representeach known view as a collection of
shapemedstach binshapecontet is quantizedo its near
estshapemeandreplacedby the shapemdabel (an inte-
gerin ). A known view is thensimpli ed into a
histogramof shapemdrequencies.No spatialinformation
amongstheshapemess stored.We have reduceckachcol-
lection of shapecontets ( bin histograms)o a single
histogramwith  bins.

In orderto matcha queryshapewe simply performthis
samevectorquantizatiorand histogramcreationoperation
on the shapecontets from the queryshape.We then nd
nearesheighboursn the spaceof histogramsf shapemes.

Pseudocod#or the Shapemenethod:

% Vector Quantize and Bin: Replace each
% shape context by closest cluster center.
% Compute frequencies of centers.
VQANDBI N( , )
= zeros (k,1)

foreach  shape context

return
PRE- PROCESSI NG:

Shape contexts of all known shapes

% KMEANS clusters the vectors in
% into clusters, returns  the centers of
% those clusters.
KMEANS
foreach  known shape
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Figure3: (a)Linedrawing, (b)samplegointswith shapeme
labels. shapemewereextractedfrom a known set
of shapeg shapecontexts). Notethe similarities
in shapemdabels(31,21,50n left side, 45 on right side)
betweersimilar portionsof the shapes.

% is a histogram of shapeme
% counts.
VQANDBI N
PRUNI NG:
VQQANDBI N
foreach  known shape

% Sort
% shortlist.

and truncate to return a

The pruningphaseof this shapeme-basadatchingpro-
cesstakes time to do the vectorquantization
(assigningthe query shapes shapecontets to shapemes,
collectingtheseshapemdrequenciesnto histogramsynd

to do the nal searchamongstthe histogramsof
shapemes.

4 Scalability

The two matching methodswe presentrequire solving
nearest-neighboproblemsin some -dimensionakpace
with points( is thenumberof known shapes)The
naive algorithmfor doing suchnearest-neighbolgearches
costs time. This brute-forceap-
proachis not viable as becomedarge. If we wish to
designa systenthatcanhandleon the orderof objects
we mustreducethis compleity.

Recent work in the theory community on the -
appmoximatenealestneighbous( -NN) problemcanbeap-
plied here. The -NN problemis to nd a point



that is the -nearestneighbourof the query point : for
all . Indyk and Mot-
wani [11] describeanalgorithmfor doing -NN queriesin

time that usesrandompro-
jectionsandthe Johnson-Lindenstraugsmma[13]. Using
an algorithmof this nature,we could performour pruning
methodsef ciently . Moreover, sincewe areconstructinga
shortlist,andare not sensitve to small scalingsin
distance,getting preciseresultsfrom a nearesteighbour
algorithmis notcritical.

5 Results

We usethe Columbia(COIL-100) 3D objectdatabaseand
theSnodgrasandVandervartline drawingsasourtestsets.
In thefollowing subsectionsve presengraphsshaoving the
performancef thetwo methodonthesetestsets.

The graphsplot errorratevs. pruningfactor(on a
scale)for variousdegreesof distortionandocclusion.The
errorratecomputatiorassumes perfectdetailedmatching
phaseThatis, aqueryshapegroducesnerroronly if there
is no correctlymatchingshapen the shortlistproducedy
thepruningmethod.The -axisoneachof thegraphsshavs
the length of the shortlist. Pruningfactoris de ned to be

. For example with known
shapesif the pruningfactoris 26 thenthe shortlisthas10
shapesn it.

In generakherepresentatie shapecontexts methodper
forms better— particularly when dealingwith occlusions.
Missing a coupleof shapecontects won't spoil the match-
ing. Moreover, the shapemearemoreeasily corruptedby
occludedpointsanddistortions.However, the vectorquan-
tizationusedin shapemedoesbuy uscomputationaspeed.

5.1 COIL-100

The rst experimentinvolvesthe COIL-100databaseThe
databaseonsistsof 100 uniqueobjects. Eachobjectwas
placedon a turntableand photographedvery 5 degrees
for a total of 72 views per object. We preparedour sets
of known shapesy selectinga numberof equallyspaced
views for eachobject and using the remainingviews for

guerying.We usea Canry edgedetectorto extractline fea-

turesfrom the images. Theseedgesare then sampledto

createpoint featuredor usein shapecontexts.

We ran experimentsusing4, 8, and 12 (corresponding
to , , and spacing)known views per object.
Figures4 and5 shaw the resultsfor thesetests. Both of
the pruning methodsare successfulfor example,with 12
known views per objecta pruningfactor of 100 (shortlist
of length 12) canbe obtainedwith an error rate of 9% for
the representatie shapecontexts method,and10% for the
shapemeanethod.
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Figure 4: Error rate vs. pruning factor on COIL-100
datasetusing shapemes. Pruning factor is de ned to be

. For example with known
shapesif the pruningfactoris 26 thenthe shortlisthas10
shapesn it.

Figure 6 shavs some of shortlists on the COIL-100
dataseusingthe shapemenatchingmethod. Many of the
errorsonthis dataseinvolve objectsthatarenearlyindistin-
guishabldan termsof shape For example theshapematch-
ing processearereadily confusedy thetoy carsof differ-
entcolour. In addition,therearea few brandsof pop and
coffee mugswith differentpatternson themin the COIL-
100datasetRelying solely on shapewithout cuessuchas
colourandtexture, it is dif cult to differentiatebetweerthe
memberof thesegroupsof objects.

5.2 Snodgrass& Vanderwart

The secondexperimentusesthe Snodgras® Vandervart
line drawings[21]. This datasetontainsline drawings of
260commonlyoccurringobjects.They area standardetof
objectsthathave beenfrequentlyusedin the psychophysics
community for testswith humansubjects. The only in-
formationavailablefor objectrecognitionin this datasets
shape- this makesit an excellentdatasebn which to test
ourmatchingmethods Sincetheimagesareonly line draw-
ings, no preprocessinghaseof edgeextractionis needed.
We just samplepointsfrom theline drawingsdirectly.
TheSnodgras& Vandervartdatasehasonly oneimage
perobject. We usetheseoriginal imagesasthe known set,
andcreatea syntheticdistortedsetof imagesfor querying.
Thethin platespline(TPS)model,whichis commonlyused
for representinge xible coordinatetransformationg4], is
usedto createthesedistortions.In a 2D view of a classof
3D objecttherearetwo sourcesof variation: posechange
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Figure5: Errorratevs. pruningfactoron COIL-100dataset
usingrepresentatie shapecontexts

andintra-classchange.We usethe non-linearTPS model
to simulateboth of thesetypesof variationsimultaneously
We apply a randomTPSwarp of x ed bendingenegy to

a referencegrid, and usethis warp to transformthe edge
pointsof aline drawing.

In additionto distortions we testthe ability of our prun-
ing methodsto deal with occlusions. We take the set of
TPS-distortedbbjectsand subjectthem to randomocclu-
sions.Theocclusionsaregeneratedssingalinearoccluding
contour Thequeryobjectsin Figure7 shov somedistorted
andoccludedSnodgras$ Vandervartimages. Note that
the occludingcontouris included— we will samplepoints
from it whencreatingthe shapecontexts.

The 260 original Snodgras$ Vandervartimageswere
usedastheknown set.We generate®200distortedimages
(20peroriginalimage)and5200distortedandoccludedm-
agesfor useasquerysets.The occludedmagesweresplit
into levelsof dif culty accordingto the percentagef edge
pixelslost underocclusion. Figures9 and 10 show there-
sultsfor our two pruning methods. The pruning methods
are both very effective in dealingwith the TPS-distorted
images. The shapemenethodcan achieve a pruningfac-
tor of (a correctmatchin a shortlistof length3 out
of 260 images)with an error rate of only 13%, while the
representatie shapecontexts methodonly hasanerrorrate
of 2%.

The power of the representatie shapecontects method
comesoutin the occlusiontests. Evenwith extremelydif-

cult levelsof occlusion(20%-30%and30%-40%)we can
still obtainlarge amountsof pruningwith reasonablerror
rates.

Figures7 and 8 shov someexample shortlistson the
Snodgrass Vandervart datasetusing the representatie

Figure6: Someshortlistsfoundfor COIL-100images.The
rst columnshaws queryobjects. The remainingcolumns
shaw the closest4 matchego eachqueryobjectusingthe
representatie shapecontexts matchingmethod. A query
is successfulf thereis at leastone matchingobjecton the
shortlist.

shapecontexts method.

6 Conclusion

Previous work on shape matching via a deformable
template-baseftamavork hasbeenvery successfufor ob-
jectrecognition.However, thesemethodsaretoo expensve
computationallyto beusedon alargescaleobjectdatabase.
We have shovn how a shapecontet-basedpruning ap-
proachcan assistby constructingan accurateshortlistin
orderto reducethis computationakxpense. We proposed
two methodsof matching— one usinga small numberof
representatie shapecontexts, andthe otherbasedon vec-
tor quantizationof shapecontexts into shapemes. Both
methodswere shavn to performwell asef cient pruning
mechanismsentheCOIL-100andSnodgras& Vandervart
datasetsanddealrobustly with occlusionandposeor intra-
classvariation.



F|g ure 7 . Someshortlistsfor the distortedand occludedSnodgrass: Vanderwartdataseusingthe repre-
sentatve shapecontexts method. The rst columnis the queryobject. Remaining4 columnsshaw closestmatcheso
eachqueryobject. An exampleof a successfufueryis the row. Thequeryobijectis afoot with thetop portion
occludednotethe presencef the occludingcontour). The rst entryin the shortlistis a correctmatch,followedby a
sock(similar shape)anda lock (hasa straightedgesimilar to the occludingcontourin the queryimage). The

row shaws afailure. The queryobjectis a partially occludedgarbagecan. Noneof the objectsonthe shortlistcorrectly
match,but they do sharesomesimilarity (verticaledges).

F| ure 8 Someshortlistsfor the distortedSnodgrass& Vanderwariataseusing the representatie shape
contexts method. The rst columnis the queryobject. Remaining4 columnsshaw closestmatchesto eachquery

object. The row shaws a successfutjuery The queryobjectis adistortedversionof the camel. All 4 objectsin
the shortli: imi t i ).The row shaws afailure. The queryobijectis a distortedroundbutton.
Theshortlistcontainsotherroundobjects but no button.
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Figure9: Errorratevs. pruningfactoron Snodgrasslataset
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