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ABSTRACT
In thispaper, wepresent a new androbustshapedescriptor, which
canbeefficientlyusedto quickly prunea search for similar shapes
in a large image database. Theproposed shapedescriptoris ba-
sedon a multiscalerepresentation of the discrete set of points,
sampledfromtheinternalandexternalcontourpointsof thequery
andthecandidateshapes. In this approach, dissimilaritybetween
two shapesis definedasthereconstructionerror, of thecandidate
shape, madeby using multiscaleelementsof contours extracted
fromthequeryshape. Thisdissimilaritymeasure allowsto quickly
producean accurate shortlist of candidate matches,ranked from
the mostsimilar to the leastsimilar one, suitablefor a more ca-
reful and more timeconsumingmatching algorithm.Experiments
on theSnodgrass& Vanderwartdatabaseallowsto attestthedis-
criminating powerof this measure and its robustnessto possible
distortions,warpingandocclusionartifacts.

1. INTRODUCTION

At a timeof informationoverloadanda potentialexplosionin
digital content,theability to compareandindex digital imagesin
anautomatedfashionis of growing importancein variousapplica-
tion fields.This hasgreatrelevance,for example,to researchers,
marketingdepartments,mediaanddesigncompanies,onlineauc-
tion companies,searchenginesandportals.

Along with colorandtexture,widely usedin thecontent-based
imageretrieval community, shapeinformationremainsan impor-
tant,althoughrelatively under-exploited, cuefor patternrecogni-
tion and retrieval purposesin large imagedatabase(see[1] for
an extensive survey of shapematchingin computervision). Ne-
vertheless,evenwhencolor andtextureareabsent,asin line dra-
wing, the humanvisual systemcan recognize objectsquite well
andcanalsomakeefficiently coarsedistinctionsveryquickly. This
demonstratesthehighly discriminative anddescriptive power that
is only conveyed by the information modeledby a single shape
contour.

Oneshape-basedapproach, commonly usedin an automatic
imagedatabaseretrieval system,is thedeformabletemplate-based
framework [1][2][3]. This approach of shapematchingthrough
global deformationsis now well known andgivesquite goodre-
sults.A drawbackof this technique is its computationalcost.Such
anapproachcouldnotbeviableonadatabaseof severalthousands
objects.While afinal stageof deformable matchingmaybeneces-
sary to make very fine distinctions,it would be interestingto do
fastearlypruningbasedonmuchcrudermeasures.This is thegoal
of this paper. Thecontribution of this paperis to proposea shape-

basedsimilarity measureallowing to quickly produceanaccurate
shortlistof candidatematches,rankedfrom themostsimilar to the
leastsimilar one,suitablefor a morecareful(andalsomoretime
consuming) (possiblyshape-based) matchingengine.

In that prospect,Wei et al. have recentlyproposedan inter-
estingmultiscalemodel to synthesize a texture of arbitrary size
from a given texture sample[4]. Contraryto classicalparametric
models,their approach,is simple, intuitive and works surprisin-
gly well even for a wide variety of complex textures.This model
allowsto efficiently capturethelocalandglobalvisualcharacteris-
tics of a complex input textureandthusseemsalsowell suitedto
compare somelocal geometriccharacteristics,at differentscales,
of two contour shapes.

This paperis organizedasfollows. In Section2, we provide a
brief overview of themultiscalemodelintroducedby Wei etal. for
the texturesynthesisandwe generalizetheir model,in Section3,
for definingan efficient shapesimilarity distancefor theproblem
of rapid shaperetrieval and shapeindexing. We provide experi-
mentalresultson the Snodgrass& Vanderwart databaseand we
discusstheobtainedresultsin Section4. Finally, futurework and
conclusionaregivenin Section5.

2. PREVIOUS WORK

RecentlyWei et al. [4] have proposedaninterestingnonpara-
metricmultiscalemodelto synthesizeanoutputimagefrom a gi-
ven input texturesample.Their approachworks surprisinglywell
for a wide rangeof textures.Their algorithminvolvesa pyramidal
structureof synthesizedimagesanda multiresolution(Gaussian)
pyramid built from theinput textural sample.Fromcoarseto fine,
eachlevel of the pyramid is synthesizedas in Efros’s algorithm
[5] ; � Theoutputpyramidalstructureis initialized with a random
noisewhosehistogramis equalizedwith respectto theoneof the
Gaussianpyramidbuilt from theinput sample.� For eachpixel of eachoutput level, in scan-lineorder, the
already-synthesizedvaluesin neighborhood of currentpixel � of
a specific(fixed)size(

��� ��� ) is consideredandis comparedwith
all possibleneighborhoods

���
	 � from the input sample(of the
samepyramidallevel).Thevalueof theinputpixel

	
with themost

similar
���
	 � is thenassignedto pixel � .

The consideredneighborhoodusesspatialadjacentsitesand
sitesbelongingto thecoarserscale.Thesimilarityof thetwoconsi-
deredneighborhoodsis computedaccordingto the �
� norm.In or-
der to obtaingoodsynthesisresults,thesizeof theneighborhood
mustbelargeenoughto capturethescaleof thetextureelementsof



theinputsample.Althoughthissearchingprocessis deterministic,
the randomaspectof eachsynthesized texture is ensuredby the
initial randomnoise(first causingthe boundary pixels to be assi-
gnedsemi-stochasticallyandthenusingthesefirst assignments as
aseed).Thismethod, combined with atree-structuredvectorquan-
tization,to acceleratethesearchfor thenearestneighbor, provides
surprisinglygoodresultseven on complex textures[4]. The syn-
thesizedtexturesareverysimilar to theoriginal andseemto come
from thesame(underlying) generative processasthe input textu-
ral samples.Wei etal.’ssynthesisalgorithmrunalsoefficiently on
input binary textural images(suchas line drawings of a contour
shape)(cf. Fig. 1).

FIG. 1 – Wei etal.’s texture synthesisalgorithmresulton a binary
textural image. Theresultingtexture (right) is synthesizedat twice
the sizeof the original input sample(left) (seeRef. [4] for more
exampleson input coloredtextural samples).

Let ������������������� and
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�

pixelsof theinput
andoutput textureimagesrespectively andlocatedonalattice � of�

sites� . Giventheinitial texturalsample� andtheinitial random
noiseof theoutputpyramidal,anoutputsynthesizedimage

	
is a

configurationfor which thedistanceDist
�
	 � ��� , at full resolution,

is low with,
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where 0 �46 � is the ��� distanceand
��� � designatesthespatialand

scalecausalneighborhoodon themultiscalestructure.
Thismultiscalemodelwith thisspatialandscalecausalneigh-

borhood offerstheopportunity to captureveryefficiently thelarger
scalecharacteristicsof a given texture sample.This hierarchical
modelalongwith its neighborhood structureis alsovery closeto
theprior modelusedin Ref.[6], to capturethelargerscalecharac-
teristicsof sonarimagecontents,for theultrasoundimagesegmen-
tationissue.Of course,a shapecontouris fundamentally different
of a textural sample.Shapesgenerallycontaindetailedandnon-
repeatingvariations.Nevertheless,thedistanceDist

�
	7� ��� seems
alsowell suitedto capturesomelocal geometriccharacteristicsof
a shapecontourandcouldbeusedto infer anddefineanefficient
shapedescriptorfor theshapeindexing problem.We considerthis
in thenext Section.

3. SHAPE SIMILARITY DISTANCE

Thequeryshapedescribesonly oneof thepossibleinstances
of the consideredshapeclass.In order to take into accountthe
variability of eachpossibleshapes relatedto theobjectclassto be

detectedin the database,we do not exploit directly the discrete
set of points,sampledfrom the internal or external contourson
the shape.Instead,we exploit an edgepotentialfield. This field
is determinedby the positionsof the edgepoints in the contour
images.For a pixel

�
8 �:9�� in the contour image ; , we defineits
edgepotentialby,

<>='�
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where

�
L M � L P � is thedisplacement to thenearestedgepoint in the
imageand K is a smoothingfactor which controlsthe degreeof
smoothnessof thepotentialfield andconsequentlytheintrinsicva-
riability of theobjectclassto bedetected1. Wecomputethispoten-
tial field bothfor the(internalandexternal)contours of thequery
shapeandfor thecontoursof thecandidateshape.Thequeryand
candidate imagesare then decomposed into multiple resolutions
by building two Gaussianpyramidsin orderto get the multiscale
structurethat will be usedin our matchingprocess. Exampleof
this multiscalepotentialedgefield is shown in Fig. 2.

(a) (b)

FIG. 2 – (a) Original line drawing stemmingfromthe Snodgrass
& Vanderwartdatadbase. (b) Multiscaleedge potentialmap(with
two levelsof pyramidand K �VU ).

Finally, in orderto geta symmetricshapesimilarity measure,
the distanceDist

�
W �YX�� betweena query (
W
) and a candidate( X )

shapeis definedas,

Dist
�
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with, Dist
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wherethe first summationis over the contourpoints ��XY��� of the
candidateshapeX . The i nd summationis over thecontourpoints� W ��� of thequeryshape

W
whicharenot alreadyselected.

���*< d f �
and

���*< g4h � designatesrespectively the (multiscale)setof edge
potentialvaluesestimatedat contour point j of the query image
andpotentialvaluesatcontourpoint � of thecandidateimage.The
shapesimilarity distanceDist

�
W �YX\� canbealsointerpretedasa re-
construction error measureof the contourof the candidate shape

1Wecaneasily complete this edgepotential field k =5lnmporq5s by adding to
it a directional component in order to obtain a directional edgepotential
field, t = lum:o
q`s�v k = lnmporq5s?wnx�y�z'{�lnmporq5s'w o
where

{]lum:o
q`s
is theanglebetweenthetangent of thenearest edgeandthe

tangentdirection of the contourat
lnmpo
q`s

. This potential is similar to the
oneproposedin [2] for the globally deformable template-basedmatching
approach.



usingmultiscalecontourelementsof the queryshape(like a re-
constructiongivenby a jigsaw madeup of multiscalepieces)(see
Fig. 3). In this way, we expect to obtain low distancevaluesfor
similarshapesandhigh distancevaluesfor distinctones.

(a) (b) (c)

(d) (e) (f)

FIG. 3 – Examplesof reconstructionsbetweena givenqueryshape
and two candidatecontourshapes( K � I in this example).(a)(d)
Queryshapeq. (b)(e) Candidateshapesc. (c) Goodreconstruction
resultand consequently low distancevalue(Dist

� X ��W �|�V} 6 ~��
I\�'� ) and goodsimilarity betweenthe two shapes(a) and (b). (f)
Lessgoodreconstructionresultandconsequentlyhigherdistance
value(Dist

� X �^W ����� 6 }'� � I�� � ) and low similarity betweenthe
two shapes(d) and(e).

4. EXPERIMENTAL RESULTS

We useonelevel of pyramid anda I�� � I�� spatialandsym-
metric neighborhoodin the fine level with a symmetric I�� � I��spatialneighborhood in the coarselevel. We set K ��U . Finally,
we usean approximate-nearest-neighborsearchtechnique[7] to
acceleratethe searchof the minimal of the � � norm 0 �46 � in Eq.
2. In orderto reducethe computationalcost,the first andsecond
summationof Eq.2 is over a subsetof (regularly spaced) contour
pointson the queryand the candidate shapes.A similarity mea-
suretakesabout � � ms to performa singlematchingbetweentwo
shapesonaPCworkstation(1Ghz).Dueto thelocalcharacteristic
of this measure,an implementationon parallelmachines remains
possibleandcouldgreatlyreducethecomputational time.

Our shapesimilarity measurehasbeentestedon the Snod-
grass& Vanderwart line drawing database.Thisdataset,frequently
usedin the psychophysicscommunity for testswith humansub-
jects,containsline drawingsof i�} � commonlyoccurringanddis-
tinct objects(only oneimageper object) [8]. In this test,no pre-
processingphaseis requiredfor normalizingtheshapesizeor for
extracting the edgessincethe imagesare only line drawings of
fixed size. In the caseof raw images,a canny edgedetector[9]
would allow to extract line featuresfrom the imagesand a pre-
treatmentwouldberequiredfor normalizingthesizeof theshapes.
In our application,we useonly anHotelling transform[10] in or-
derto align thebinaryshapeswith their principalaxes.In orderto
alsotesttheability of ourpruningmethodto dealwith possiblede-
formationsandocclusions(i.e.,contours partially detected)of the
objectclassto be detected,we create,for eachshape, a synthetic
distortedand/orwarpedand/oroccultedcontour versionwhich is
addedto theinitial dataset.

Figs4 and5 show somequeryshapesanda shortlistof candi-
datematches(i.e.,thefour mostsimilarshaperankedfrom 1 to 4)

FIG. 4 – Retrieval results.The first columnis the query shape.
TheremainingcolumnsshowtheclosestU matchesto each query
object.



proposed by our pruningmethod.Our shapesimilarity measureis
quite insensitive to the deformations andthe distortedand/oroc-
cludedversionof eachshapeis correctlyselectedin the four clo-
sestmatches.Moreover, our pruningmethodallows to find quite
correctlyvisually similar shapes.Resultsof the rankingarequite
consistentwith the humanvisual system.Our methodcanbe ef-
ficiently combined in a secondstagewith a more powerful and
moretimeconsuming comparisontechniquesuchasadeformable
template-basedmatchingalgorithm,to only theshortlist,in order
to refinethesearchprocess.Finally, let usrecallthatthereis addi-
tionalandinterestingappearanceinformationavailablethatwould
not be capturedby our retrieval system.e.g., textural and color
information.A completeimagedatabaseretrieval systemshould
includetheseinformations.

5. CONCLUSION

In thispaper, wehavepresentedanew andefficientshapedes-
criptor for aquickandcoarseshapematching.To thisend,wehave
exploited themultiscalenonparametricmodelintroducedby Wei
etal. for texturesynthesisto defineanintuitivesimilarity measure
betweentwo contour shapes.This techniquehasshown itself to
bewell suitedto efficiently comparesomelocalgeometriccharac-
teristicsat different scaleof two contour shapes. This similarity
measureallows to quickly produce an accurateshortlist of can-
didatematches,ranked from the mostsimilar to the leastsimilar
one,suitablefor a morepowerful andmore time consumingin-
dexing tool suchasa deformabletemplate-basedmatchingsearch
engine.Experimentsoncontourshapedatabaseallowsto attestthe
discriminatingpower of this shapedescriptorandits robustnessto
distortionsandocclusionsartifacts.
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