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ABSTRACT

In this pape, wepresen a new androbustshapedescriptor which
canbeefficientlyusedto quickly prunea search for similar shapes
in a large image datalase The proposel shapedescriptoris ba-
sedon a multiscalerepresetation of the discrete set of points,
sampledromtheinternal and externalcontourpointsof thequery
andthe candicate shapes. In this approad, dissimilarity between
two shapesds definedastherecorstructionerror, of the candidate
shape madeby using multiscaleelementsof contous extracted
fromthe queryshape Thisdissimilaritymeasue allowsto quickly
producean accurate shortlist of candidae matdes,ranked from
the mostsimilar to the leastsimilar one suitablefor a more ca-
reful and more time consuming matcing algorithm. Experiments
onthe Snodyrass& Vanderwartdatabaseallowsto attestthe dis-
criminating power of this measue and its robustnesgo possible
distortions,warpingand occlusionartifacts.

1. INTRODUCTION

At atime of informationoverloadanda potentialexplosionin
digital content,the ability to compareandindex digital imagesin
anautomatedashionis of growing importancen variousapplica-
tion fields. This hasgreatrelevance,for example,to researchers,
marketing departmets, mediaand designcompaniespnline auc-
tion compaties,searchengines andportals.

Along with colorandtexture,widely usedin thecontern-based
imageretrieval commurity, shapeinformationremainsan impor-
tant, althoughrelatively underexploited, cue for patternrecogn-
tion and retrieval purpcsesin large image databasegsee[1] for
an extensie suney of shapematchingin computervision). Ne-
verthelessevenwhencolor andtexture areabsentasin line dra-
wing, the humanvisual systemcan recogrize objectsquite well
andcanalsomale efficiently coarsealistinctionsvery quickly. This
demonstratethe highly discriminative anddescriptve power that
is only corveyed by the information modeledby a single shape
contour

One shape-basedppro@h, commory usedin an automatic
imagedatabaseetrieval systemjs the deformableemplate-based
framawork [1][2][3]. This apprach of shapematchingthrough
global deformationss now well known and gives quite good re-
sults.A drawbackof thistechniqueis its compuationalcost.Such
anapproaclcouldnotbeviableonadatabasef severalthousands
objects While afinal stageof deformalbe matchingmaybeneces-
saryto male very fine distinctions,it would be interestingto do
fastearly pruningbasedn muchcrudermeasuresThisis thegoal
of this paper The contrikution of this paperis to proposea shape

basedsimilarity measureallowing to quickly produceanaccurate
shortlistof candidatanatchesranked from themostsimilarto the
leastsimilar one, suitablefor a more careful(andalsomoretime
consuming) (possiblyshape-basgdnatchingengine.

In that prospect,Wei et al. have recentlypropcsedan inter-
esting multiscalemodel to synthesize a texture of arbitrary size
from a given texture sample[4]. Contraryto classicalparametric
models,their approachjs simple, intuitive and works surprisin-
gly well evenfor awide variety of complex textures.This model
allowsto efficiently capturethelocalandglobalvisualcharacteris-
tics of a comple input texture andthus seemsalsowell suitedto
compae somelocal geometriccharacteristicsat differentscales,
of two contou shapes.

This paperis organizedasfollows. In Section2, we provide a
brief overview of themultiscalemodelintroducedby Wei etal. for
the texture synthesisandwe generalizetheir model,in Section3,
for definingan efficient shapesimilarity distancefor the problem
of rapid shaperetrieval and shapeindexing. We provide experi-
mentalresultson the Snodgras® Vandervart databaseand we
discussthe obtainedresultsin Section4. Finally, future work and
conclwsionaregivenin Section5.

2. PREVIOUSWORK

RecentlyWei etal. [4] have proposedaninterestingnonpara-
metric multiscalemodelto synthesizean outputimagefrom a gi-
veninput texture sample.Their approachworks surprisinglywell
for awide rangeof textures.Their algorithminvolvesa pyramidal
structureof synthesizedmagesand a multiresolution(Gaussian)
pyramid built from the input textural sample From coarseto fine,
eachlevel of the pyramid is synthesizedasin Efros’s algorithm
(5]

e The outputpyramidalstructureis initialized with arandom
noisewhosehistogramis equalizedwith respecto the oneof the
Gaussiarpyramid built from theinput sample.

e For eachpixel of eachoutputlevel, in scan-lineorder the
already-sythesizedvaluesin neighboriood of currentpixel z of
a specific(fixed) size (N (z)) is consideredandis compaed with
all possibleneighbahoods N (z) from the input sample(of the
samepyramidallevel). Thevalueof theinputpixel z with themost
similar N (z) is thenassignedo pixel z.

The consideredcheighbahood usesspatialadjacentsitesand
sitesbelongingto thecoarsescale Thesimilarity of thetwo consi-
deredneighbortoodsis compuedaccordingio the L, norm.In or-
derto obtaingood synthesigesults the size of the neighbahood
mustbelargeenoughto capturethescaleof thetextureelementof



theinputsample Althoughthis searchingorocesss deterministic,
the randomaspectof eachsynthesizd texture is ensuredoy the
initial randomnoise(first causingthe boundary pixelsto be assi-
gnedsemi-stochasticallpndthenusingthesefirst assignmets as
aseed)Thismethod combinel with atree-structuregtectorquan

tization,to acceleratéhe searchfor thenearesheighba, provides
surprisinglygood resultseven on comple textures[4]. The syn-
thesizedexturesarevery similar to the original andseento come
from the same(undelying) generatie processasthe input textu-

ral samplesWei etal.’s synthesislgorithmrun alsoefficiently on

input binary textural images(suchasline drawings of a contou

shape)cf. Fig. 1).
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FIG. 1 —Wei etal.’s texture synthesislgorithmresulton a binary
textural image. Theresultingtexture (right) is synthesizedt twice
the sizeof the original input sample(left) (seeRef [4] for more
exampleson input colored textural samples).

Letz={z,,s€ S} andz ={zs, s € S} designateatfull reso-
lution, the setof grey valuesassociatetb the IV pixelsof theinput
andoutpu textureimagegespectiely andlocatedonalattice S of
N sitess. Giventheinitial texturalsamplez andtheinitial random
noiseof the outputpyramidal,an outputsynthesizedmagez is a
configurationfor which thedistanceDist(z || z), atfull resolution,
is low with,

Dist(z || z) = Z(gleigD(N(xp), N(zs)), 1)
seS

whereD(.) is the L, distanceand N() designateshe spatialand
scalecausaheighbrhoodon the multiscalestructure.

Thismultiscalemodelwith this spatialandscalecausaheigh-
borhoal offerstheopportunity to capturevery efficiently thelarger
scalecharacteristicof a given texture sample.This hierarchical
modelalongwith its neighborlvod structureis alsovery closeto
theprior modelusedin Ref.[6], to capturethelargerscalecharac-
teristicsof sonaimagecontentsfor theultrasoundmagesegmen
tationissue.Of course a shapecontouris fundamentally different
of a textural sample.Shapegenerallycontaindetailedand non
repeatingvariations.Neverthelessthe distanceDist(z || z) seems
alsowell suitedto capturesomelocal geometriccharacteristicef
a shapecontourandcould be usedto infer anddefinean efficient
shapedescriptoffor the shapeindexing problem.We considetthis
in thenext Section.

3. SHAPE SIMILARITY DISTANCE

The queryshapedescribeonly oneof the possibleinstances
of the consideredshapeclass.In orderto take into accountthe
variability of eachpossibleshape relatedto the objectclassto be

detectedin the databasewe do not exploit directly the discrete
setof points, sampledfrom the internal or external contourson

the shape.Instead,we exploit an edgepotentialfield. This field

is determinedby the positionsof the edgepointsin the contour
images.For a pixel (4, 7) in the contaur image I, we defineits

edgepotentialby,

1 o 1
@13, §) = exp{~— (8! +82)3},

where(d;, ;) is the displacemento the nearesedgepointin the

imageand p is a smoothingfactor which controlsthe degree of

smoothressof the potentialfield andconsegently theintrinsic va-

riability of theobjectclassto bedetected. We computethis poten-
tial field bothfor the (internalandexternal) contous of the query
shapeandfor the contoursof the candidateshape The queryand
candidate imagesare then decomposd into multiple resolutions
by building two Gaussiarpyramidsin orderto getthe multiscale
structurethat will be usedin our matchingprocess Exampleof

this multiscalepotentialedgefield is shovn in Fig. 2.

©

©

@) (b)

FIG. 2 — (a) Original line drawing stemmingrromthe Snodgass
& Vanderwartdatadbae (b) Multiscaleedge potentialmap (with
two levelsof pyramidand p = 4).

Finally, in orderto geta symmetricshapesimilarity measure,
the distanceDist(q, ¢) betweena query (¢) and a candidate(c)
shapeis definedas,

Dist(g, c) = max{D(QHC) ) D(c||q)},

with, Dist(g||c) = Znelian(N(‘1>qp),N(<I>cs)), )
sGCcp 4

wherethe first summationis over the contourpoints {cs } of the
candidateshapec. The 2nd summationis over the contourpoints
{gs} of thequeryshapey which arenotalreadyselected N (®,,, )
and N(®.,) designatesespectiely the (multiscale)setof edge
potentialvaluesestimatedat contou point p of the queryimage
andpotentialvaluesat contourpoint s of thecandidcateimage.The
shapesimilarity distanceDist(q, ¢) canbealsointerpretecasare-
constrution error measureof the contourof the candidae shape

lwe caneasiy complee this edgepotental field & (, j) by addingto
it a directonal componehin orde to obtain a directiond edgepotential
field,

QDI(ZL]) = CDI(Za]) ‘COSIB(i’j) |’

wheref(i, 5) is the anglebetweenthe tangent of the nearest edgeandthe
tangentdirection of the contourat (z, j). This potental is similar to the
oneproposedn [2] for the globaly deformalte templae-basedmatchirg
apprach.



using multiscalecontourelementsof the query shape(like a re-
constructiongiven by a jigsav madeup of multiscalepieces)see
Fig. 3). In this way, we expectto obtainlow distancevaluesfor

similar shapesindhigh distancevaluesfor distinctones.
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FI1G. 3—Example®f reconstructios betweera givenqueryshape
and two canddate contourshapeqp = 1 in this example).(a)(d)
Queryshapeg. (b)(e) Candidae shapesc. (c) Goodrecorstruction
resultand consegently low distancevalue (Dist(c || ¢) = 6.8 x
10%) and good similarity betweerthe two shapeg(a) and (b). (f)
Lessgoodrecorstructionresultand consegentlyhigher distance
value (Dist(c || ¢) = 9.65 x 10°) and low similarity betweerthe
two shapegd) and(e).

4. EXPERIMENTAL RESULTS

We useonelevel of pyramidanda 17 x 17 spatialand sym-
metric neightorhoodin the fine level with a symmetric17 x 17
spatialneighbortood in the coarselevel. We setp = 4. Finally,
we usean approximate-parest-neighbosearchtechnique[7] to
acceleratehe searchof the minimal of the L, norm D(.) in Eq.
2. In orderto reducethe compuational cost, the first and second
summationof Eq. 2 is over a subsebf (regularly spacefl contou
points on the query and the candidae shapesA similarity mea-
suretakesabout75msto performa singlematchingbetweenwo
shape®naPCworkstation(1Ghz).Dueto thelocal characteristic
of this measureanimplementatioron parallelmachine remains
possibleandcould greatlyreducethe computationatime.

Our shapesimilarity measurehas beentestedon the Snod-
grasst Vandervartline draving databaseT hisdatasetfrequerily
usedin the psyctophysicscommurity for testswith humansub-
jects,containsline dravings of 260 commonlyoccurringanddis-
tinct objects(only oneimageper object)[8]. In this test,no pre-
processingphaseis requiredfor normalizingthe shapesizeor for
extracting the edgessince the imagesare only line drawings of
fixed size.In the caseof raw images,a canry edgedetector[9]
would allow to extract line featuresfrom the imagesand a pre-
treatmentvould berequiredfor normalizingthesizeof theshapes.
In our application,we useonly an Hotelling transform[10] in or-
derto align the binary shapeswith their principalaxes.In orderto
alsotesttheability of our pruningmethodto dealwith possiblede-
formationsandocclusiongi.e., contous partially detectedpf the
objectclassto be detectedwe create for eachshape a synthetic
distortedand/orwarpedand/oroccultedcontou versionwhich is
addedto theinitial dataset.

Figs4 and5 shav somequeryshapesnda shortlistof candi-
datematchedi.e., thefour mostsimilar shaperanked from 1 to 4)
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FIG. 4 — Retrieval results.The first columnis the query shape
Theremainingcolumnsshowthe closestd mattesto eac query
object.



proposel by our pruningmethod.Our shapesimilarity measures
quite insensitve to the deformatiors andthe distortedand/oroc-
cludedversionof eachshapeis correctly selectedn the four clo-
sestmatchesMoreover, our pruning methodallows to find quite
correctlyvisually similar shapesResultsof the rankingare quite
consistentwith the humanvisual system.Our methodcanbe ef-
ficiently combired in a secondstagewith a more powerful and
moretime consumig comparisortechniquesuchasadeformable
template-basechatchingalgorithm,to only the shortlist,in order
to refinethe searchprocessFinally, let usrecallthatthereis addi-
tional andinterestingappeaanceinformationavailablethatwould
not be capturedby our retrieval system.e.g., textural and color
information. A completeimage databaseetrieval systemshould
includetheseinformations.

5. CONCLUSION

In this paperwe have presented new andefficientshapedes-
criptorfor aquick andcoarseshapematching.To thisend,we have
exploited the multiscalenon parametrianodelintroducedby Wei
etal. for texture synthesigo defineanintuitive similarity measure
betweentwo contou shapesThis techniquehasshawn itself to
bewell suitedto efficiently comparesomelocal geometriccharac-
teristicsat different scaleof two contou shaps. This similarity
measureallows to quickly prodwce an accurateshortlist of can-
didatematchesyranked from the mostsimilar to the leastsimilar
one, suitablefor a more powerful and more time consumingin-
dexing tool suchasa deformabletemplate-basethatchingsearch
engine Experimenton contourshapedatabasallows to attesthe
discriminatingpower of this shapedescriptorandits robustnesgo
distortionsandocclusionsartifacts.
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FIG. 5 — Retrieval results . Thefirst columnis the queryshape Theremai-
ning columrs showthe closest4 matdesto ead queryobjed.



