Shape Context and Chamfer Matching in Cluttered Scenes
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Abstract

This paper compaes two method for objectlocalization
fromcontaurs: shape context andchamfermatding of tem-
plates.In thelight of our experimentsye suggestimprove-
mentsto the shape contet: Shape cortexts are usedto find

corresporing featulesbetweermodelandimage. In real

imagesit is shownthat the shapecontet is highly influ-

encedby clutter, furthermoe evenwhenthe objed is cor-

rectly localized, the featule corresponéncemay be poa.

We showthat the robustnesof shapematding canbein-

creasedby including a figural contiruity constaint. The
combned shapeand contiruity costis minimizedusing
the Viterbi algorithm on featues sequentilly aroundthe
cortour, resultingin improvedlocalizationand correspon-
derce Our algarithm canbe geneally appliedto anyfea-
ture basedshapematting method.

Chamfermatding correlatesmodeltemplateswith the
distarce transformof the edge image. This can be dore
efficiently using a coarse-to-fine search over the transfor
mationparametes. The methodis robustin clutter, how-
ever multipletemplatesare neededo hande scale rotation
and shapevariation We compae both method for locat-
ing hard shapesin cluttered images, and apgdied to word
recaynition in EZ-Gimpy images.

1. Introduction

Peopleusemultiple visual cuesto recognize objects,such
asobjed colar, texture andshape.In the absencef color
andtexture information,we canmostly still recogize ob-
jectsby theirgeorretry alone for examge in line drawings.
Growinglow level featuesto sggmeri theobjectis by itself
ahardprodem. A comnon appoachis, therebre,to usea
pratotypeshapeandsearchor it in theimage. This leads
to the task of shapematching which hasnumeous apgi-
catiors, suchasobjectlocalization imageretrieval, mocel
registration, and tracking One way to representa shape
is by a set number of featurepoints, for exanple Canry
edges. In orderto matchtwo shapespointcorrespnderces
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on the two shapedave to be established.Subsegently a
transfamationwhich alignsthe two shapesan be found.
The type of transfamation depenls on the particula set-
ting. Two exanples are 2D affine transforns, and non-
rigid thin-plate spline transfamations. The two problens
of finding correspadenes andestimatingthe transfoma-
tion aretightly coupled Thebetterthecorrespadencs are
known, the betterthe transfomationcanbe estimatedand
vice versa. Therdore, mary methals are basedon an it-
eratedtwo-stepalgorithm alternatirg estimationof corre-
sponenceandtransfamation

In the next section,we review existing work on shape
basedand chanfer matchirg. The two method are ex-
plained briefly in section2, and we outline someof the
prablemsthat arisewhen appliedto sceneswith cluttered
baclgrourd in section3. In section4 we shav how shape
context matchingcan be significantly improved by using
a continuty constrain. The dynamic progammingalgo-
rithm usedfor optimizationreadly generalizeso ary other
type of featue. Section5 showvs experimentalresultson
two typesof data,imagesof handsandwords on textured
baclgrourd.

1.1. Previous Work

Belongieet al. [3] have introduwced the shage contet de-
scriptor which charaterizesa particularpoint locationon
the shape. This descriftor is the histogam of the relative
polarcoadinatesof all otherpoints. Correspading poirts
on two different shapeshave a similar relative positionin
eachshapeandwill ideally have a similar shapecortext.
Shapecontext matchinghasbeenappliedto a varietyof ob-
ject recoqnition prodems|[3, 13]. The backgoundclutter
in theseapplicatiors wasusuallylimited.

Sullivanand Carlsson[17] usea topolagy-basedshape
descripto to find correspadenes. The topolaical type
of all combirationsof four pointsis recodedin a voting
matrix, andone-toene corresponéncesare found usinga
greed algoithm. The examges shavn did not contain
significantclutter  While their topologcal descriptorhas



higher discrimimative power thanthe shapecortext, com-
puting the descrigor for all combirations of four points
is of compleity O(n*) (n number of points),andis sig-

nificartly slower thancompiting shapecontets, which is

of comgexity O(n?). Both methals use shapedescrip-
tors without enfordng ary contiruity constrain, resulting
in a nunber of incorrect correspadenes. This shortcan-

ing may sometime$e compensatedy iterative alignmen

andrecomputation of the shapedescripto. However, this

is computationally expensie, andit would be desirableto

obtan goad corresponéncesn thefirst step.

Chamfer matching was first proposed by Barrowv et
al. [2] andimproved versionshave beenusedfor object
recanition and contaur alignment. Borgefors [5] intro-
duaed hierachical chamfermatching in which a coase-
to-fine searchis performedusinga resolution pyramid of
theimage. OlsonandHuttenlacher[15] usea templatehi-
erardy to recogrize threedimersionalobjectsfrom differ-
entviews. They alsodemamstratetheimportanceof using
oriertededgeinformationfor Hausdorf matching whichis
closelyrelatedto chanfer matchirg. Gavrila [9] usescham-
fer matchirg to detectpedestriarshapesn realtime. In this
caseatemplatehierarcly is usedto hande shapevaiiation.

Whena singletemplateis used,chamfermatchirg can-
nothandlelarge shapevariatiors. Eithermultiple templates
have to be used,or, if the initial localizationis goad, the
shapescan subsequetty be aligned using point registra-
tion. A standardmethodfor point registration is the It-
eratedClosestPoint (ICP) algorithm [4, 6], wherecorre-
spordencesarefound usinga nearst-neighlor assignmety
andthe transfamationis estimatedby minimizing the ge-
omdric erra betweenpoint pairs. ICP is fastand con-
vergesto a local minimum However, it requiresa good
initial alignmen of modé andimage. A numbe of im-
proved point registrationmethodshave beendevelopedre-
cently [7, 8, 11]. Fitzgiblon [8] introduced a version of
the ICP algaithm which combinesthe correspondeceand
the alignmen stepswithin the structureof the Leventerg-
Marquardtalgoiithm.

2. Methods

In this sectionwe explainthetwo methals of shapecontext
matchng andchamér matchirg.

2.1. Shape Context Matching

The shapecontet descriptorfor a point on the shapeis
a histogam of the relative polar coordnatesof all other
poirts on the shape[3]. Point correspadenes between
two shapesare found by minimizing the point matching
costs,which is the x2 teststatisticfor histograns. Glob-
ally optimal correspondecesarefound by minimizing the
sumof theindividual matchirg costs.Thisis solvedwith a
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Figurel: Point correspondences found with shape con-
texts. Shape contets can be usedto find corresponéhg
poirts on similar shapesin unclutered scenes.(ab) Im-
agesof two pairs of scissos. () Connetionsbetweercor-
responihg points. (c,d) Imagesof a hard anda 3D hand
model. (f) Correspondingpoints betweeredge map of (c)
andprojectedcontous of (d). For visualclarity notall cor-
responéncesare shown.

bi-partite gragh matchingalgorithm, enforcing oneto-one
point matching igure 1 shawvs point correspondecesbe-
tweendifferentshapeswvhich were found usingthe shape
context descripto. Theshapecontet descripto hasthefol-
lowing invalianceproperties.

1. Translation The shapecontet descriptoris inher
ently translationinvariantasit is basedn relative pointlo-
cations.

2. Scale: For clutterfreeimagesthe descripto canbe
madescaleinvariant by normalizing theradialdistancesy
themean(or median)distancebetweenrall poirt pairs.

3. Rotation: It canbe maderotationinvariarn by rotat-
ing the coodinate systemat eachpoint so that the posi-
tive z-axisis aligned with thetangentvector However, this
redwcesthe discrimirative power of the descripto signifi-
cantly andis therdore notusedhere.

4. Shapevariatin: The shapecontet is robusttowards
slightshapevariaions. Whenpointsin theshapevalry alot,
thediscretebinningeffect will leadto largermatchingcosts,
andwrongmatches.

5. Few outliers: Pointswith afinal matchingcostlarger
thanathresholdvaluee areclassifiecasoutliers. Additiond



‘dummy’ pointswith the coste areintroducedto make the
nunber of points on the two shapesqual,andthe points
matched to thesedunmy pointsare also classifiedas out-
liers. A comma way to increasethe robustnesgowards
outliers is to useknowledgefrom the modelandonly use
thosebinsfor compuing the matchingcostwhich arenon-
empy for themocel poirt.

2.2. Chamfer Matching

The similarity betweentwo shapescan be measurd us-
ing their chamer distance.Given the two poirt setsi/ =
{wi}7, andV = {v;}72,, thechameér distancefunction
is themeanof thedistancedetweereachpoirt, u; € U and
its closestpointin V:

1 .

deham (u; V) =0 ulze:u glgl} ||uz UJH‘ (1)
The symmetic chamfer distanceis obtainedby adding
deham(V,U). The chamer distancebetweentwo shapes
can be efficiently computed using a distancetransform
(DT). This transfamationtakes a binary featue imageas
input, andassignsto eachpixel in the imagethe distance
to its nearesteature. The distancebetweera templateand
anedgemapcanthenbe computedasthe meanof the DT
valuesat thetemplatepoint coodinates.Thematchirg can
be mademorerobust by usingthe meanof thethreshdded
distance

1 .
dcham,r(uav) = E Z max (ngl; ||uz - vj||7T> (2)

u; EU

whete 7 is the thresholdvalue. This rediwcesthe effect of
outliers andmissingedges.

Chamfermatchingasproposedby Barrow et al. [2] re-
quires a goodinitialization of the template. In the hierar
chicalcham&r matchimg algoithm [5], candichtetemplate
locatilnsarefound usingby hierarclical searctusingares-
olution pyramid of the image. Subsequatly an aligning
transfam for thesecandicaite matchess estimated. Mul-
tiple templatesare usedto find threedimensioml objects
in animage[9, 15]. In our expaimentswe usetemplates
whicharegeneratd by prgectinga 3D handmodé.

After the detectionstep, the best matchirg model is
alignal by estimatingthe intrinsic parametes of this 3D
mocel. Leventerg-Marquadt optimizatian is used for
alignment,asdescribedn [8], usingthe samechanfer cost
function in the transfomationstepasin the searchstepof
thealgoiithm.

3. ProblemsWith Methodsin Clutter

There are, however, prablemswith the techniqiesin the
presege of baclgrourd clutter, which aredescritedin the
following section.

3.1. Shape Context

It turnsoutthatusingthe shapecontet in clutteredscenes
is unreliable. It is difficult to recover the scale parane-
ter, sincenomalizing the radial distance<y the meanor
medianpoint distanceswill no longerwork. Objectand
non-objectpointscloseto theobjectarehardto distinguish
on the basisof their shapecontet alone. Pointswhich are
closeto eachotheronthemockel shapeareoftenmatchedo
pointswhicharefarawayfrom eachotherin theimage.The
iterative natureof the algorithm may sometimese ableto
compensateor this shortconing, improving the point cor-
respomlencesn eachstep. Anotherappoachcoud be, if
someof the correspadercesare correct, to identify out-
liers in the alignmen phaseof the iteration processusing
a robust estimationscheme e.g. RANSAC. Outlierscan
thenbe excludedfrom the next shapecontext computation.
However, shapedefamationscannd behandledeasilythis
way.

3.2. Chamfer Matching

When using a single template,cham&r matchingcanna
hande large shapevaiations. The chamfe distances not
invariant towards translation, rotation or scale. Further
more, the numbe of templatesneead increasesith ob-
ject compledity. Eachof thesecaseshasto be handledby
matchirg with differenttemplatesin orde to matchalarge
nunberof templatesfficiently, tree-basedearchmethod
have beensuggsted,wherea large numkber of hypotheses
canbeeliminatedat anearlystage[9]. In sceneswith clut-
teredbackgound the chanfer costfunction (2) will typi-
cally have severallocal minima In orderto make a deci-
sionabou the objectlocation orientation andscale it may
benecessaryo usea subsegantverificationstag€e9].

4. Proposed Improvements for Shape
Context Matching

This sectiondescrites two method of improving the ro-
bustnes®f pointmatchng usingshapecontexts.

4.1. Using Edge Orientation

Accordngto[9, 15 multiplefeaturemagescanbeused py
dividing edgepointsinto discretesetshasedntheedgeori-
entation Thesamedeacanbeappied to theshapecontext
by only matchingpointswith similar gradien orientatian.
Figure2 shavs an exanple of estimatingpoint correspon-
den@swhenusingsingle versus multiple features. Using
multiple edgefeatues increaseghe discrimination power
of the shapecontet, and geneally leadsto improved re-
sults. However, ascanbe seenin figure 2, alsowith multi-
ple featues,incorrectmatcha canoccur(points on middle
fingeraremappedo ring finger) Notethatin casesvhere
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Figure 2: Shape context matching isimproved by using
edge orientation. Finding corresponénceshy (a) matd-
ing all edge points (original method, (b) matding edge
poirts with similar gradentdirectiononly. Thelighter col-
ored poirts are matced to ‘dummy’ poirts and are classi-
fiedasoutliers.

the gradien direction canswitch, e.g. darker/lighterback-
ground behird the object, the sign of the gradent vector
shoud not matterwhengroying theedgss.

4.2. Shape Context With Figural Continuity

The shapecontet descripto aloneis not powerful enowgh

to yield reliable point correspadencs in clutteredscenes.

We proposeincormporatirg a cortinuity constrainin thecor
respmdenceestimation.Theideais thatneighboring points
onthemodelshapé/, u; andu;, shouldmapto pointsv 4;
andvy ;) onthetarge shape) whicharealsocloseto each
otha. The correspoadercesare dended by a function ¢
which mapseachmodel point index to the correspading
imagepointindex. Thecostfunctionfor ¢ is givenby
C¢(U, V) = Cse(U, V) + AContU, V) + p Cours (U, V)
3)
whete C,, arethe shapecontet costs,C'..,; IS a cortinu-
ity costterm, C..., iS a curnvaturecosttermand\ and u
areweighing parametes. The shapecontect costsare,as
befae, thesumof all individual point matchirg costs

n

Z Csc(uiavd)(i))- (4)

i=1

Csc(U,V) =

The cortinuity cost term should ensurethat two points
which arecloseonthe modé shapeareclosein theimage
Assumingthatu; andu; ; areneighboringpoints:

Ccont u V Z ||v¢(1) - V¢(, 1)“ (5)

Algorithm 1 Viterbi Algorithm for PointCorrespadences
1: Compue theshapecontet costsCl,.(i,7) Vi,
2: Initialization
Cy(1,7) = Cse(1, )
3: Propagation
For eachmockl point u;
For eachfeatute poirt v ;
Fork=1,...m

ji=1..,m

1=2,...,mn
1=1..m
Ch(i,4) = Coli — 1,k) + Cacli, 5) + Allvi — |
+ pllk(vi) — £(ai—1)| )
Compue the costsof assigningu; to v; as

. . _ . k . .
Co(i,§) = min C5(, j)

Storea pointer to the previous corresponénceindex
P(i,j) = argmin Cj (i, j)
k

4; Termination
Assignthepointwith optimal coststo u,,
¢(u,) =min; Cy(n,j) j=1,...m
5: Optimal Path Backtracking
Find theothercorrespadencs by

$(w;) = P(¢(i,ui41)) i=n—1,..,1

The cunvaturecostterm will have low costsif the corre-
spondng pointshave similar cunatureenegy

curvu V ZHH ul _sz(ﬁ l))“ (6)

where k is the curvature enegy at the point, k(u;) =
[|lui—1 — 2u; + u;41]||- Findingthe minimum of this cost
functionis geneally expersive. However, in the casewhen
anorderirg of themodelpointis given, this function canbe
optimized using dynamic programmirg. Writing the pos-
sible point assignmets into a matrix, we usethe Viterbi

algoithm to find a path through this matrix which mini-

mizesthe total costfor its correspnderes(algoithm 1).

Figure 3 shows the resultsof the proposedmethodcom-
paredto the original version (usingonly shapecontet and
bi-partite matching. The figure shovs matcles after the
first correspondace step (no aligning transfomation has
beenapplied) The matchesound by the origind method
do not obey the continlty constraim, whereascorrespon-
denesfoundby Viterbi areclearly better We usethe same
scaleobtainel from the modelshapeto computeall shape
contxts. The methodis therefge not scaleinvariant, but

in practicecanhandlesomedegreeof scalevariation The

Viterbi appoachdoesdepenl on therebeingcontous that



canbefollowedin edgeimageswhich notalwaysthe case.
In orderto dealwith discontiniousedgesa ‘dummy’ point
is added to which modelpointsarematchedo, aslong as
thereareno goad edgepoint candicites. Otheroptimiza-
tion methals could be usedto minimize the costfunction
in equation3, which do not rely on sequetial contaur fol-
lowing. The algorithm, asdescribé here,is designedor
the casewhenan ordeing of the modelpointsis given If
thisis not the case for exanple, whenedgesbranchoff or
meige, the contintity termhasto bemodified,still ensuring
thattwo pointsthatarecloseon the mocel arealsonearby
in theimage.

It is interestingto notethatthe continuty andcurvature
termsaresimilar to the enegy termsusedin active contaur
mocels[12]. The modelusedherecantherebre be char
acterizedasa snale with integratedshapeinformation. In
fact, the algoiithm is independen of the particdar shape
descripor.

5. Results

To comparethe algoithms, we shav resultson two types
of data,imagesof handsin clutteredscenesandwordson
texturedbackgound

5.1. Initializinga Hand Model

We useshapematchingto locatea handin animageand
estimatea setof shapgraranetersof a3D handmodé [16].
Thisis theinitialization stepin amodelbasechandtracker,
whele automatidnitialization andadaptatio to the useris
requred (seefigure4). The 15 model parametesto be es-
timatedaretranslationandrotatian in theimageplane(3),
scale(1), the andes betweerfingeis andpalm (5), the fin-
ger lengths(5) and a width paraneter for all fingers(1).
The useris required to hold the openhandparallelto the
imageplane.Theprodem of paraneterestimationis under
deteminedwhenusinga singleview, however, the method
extends to multiple views, similar to [10]. Theimagefea-
ture pointsare Canry edges, the modelpointsarethe pro-
jectedcontous. For the resultsshavn here,we do not use
skin color information. Skin color classificatiorwith alow
detectim threstold could be usedto remove someback-
ground clutter, however, this wasnot dore in theseexper
iments. In the caseof shapecortext matchirg, correspo-
dercesarefound only once The parametes of the align-
ing 3D transfamationarethenestimatedisingLeventer-
Marquardt optimization. In the caseof chamfe match-
ing, the handis first localizedusinga global coarseto-fine
searchThemodelis thenalignedusingaversionof theICP
algaithm which employs Levenbeg-Marquardtoptimiza-
tion (LM-1 CP)[8]. Theerrorfunctionfor bothglobalsearch
andalignmentaredefinal usingthe chamér distance.The
discrimirative power of the erra function is enhaiced by

Figure4: Hand localization and model alignment. The
images show the initialization phase of a model-lased
tracker. Thehandis locatedusing chamfer matding and
subseqantly aligned by optimization The right image
showsthe projectedcontous of theadaged modé,

usingmultiple featue typesbasedn edgeorientaion (dis-
cretizedinto 8 regions). The global searchin imagetrans-
lation andscalespaces dorein a hierardical fashion.For
the resultsshovn we use 147 templatesusing 7 rotation
anglesin the imageplane,7 different scalesand 3 shape
variations.

Figure5 shaws resultsof handlocalizationexpaiments
unceranumker of differentlighting situationsandwith sig-
nificant backgourd clutter It canbe seenthat matching
usingthe shapecontet with contintty constraint{middle
colum) aswell aschamfermatchirg (right column) give
godl resultsin the shavn caseswhereasmatchirg using
the shapecontet alone (left colurm) does not work for
otherthanrelatively simple baclgrourds. Figure6 shawvs
atypical failure mock of the shapecontet matchirg using
Viterbi, while chamfe matchirg still producesreasoable
results. The underlying reasorfor the failureis that when
theshapecontet informationis unreliabbe dueto clutteror
variatinsin scaleandshapethe contiruity constraintmay
notbeableto compeatefor this. In theexanpletheedges
in thebaclground have ashapecontet similarto themodé
poirts of thethumh andhene awrong pathalongthecon-
touris chosen.

Thenumter of templatepoirts is abou 200,the nunber
of samplededgepointsin theimageis typically 10062000.
Thetime until detectionis appoximately10sfor the origi-
nalshapecontext version 20sfor Viterbiand6sfor chanfer
matchirg (onaPentiumlll, 1.0GHz).

5.2. Word Recognition in Cluttered | mages

We use chamfermatchirg for recoquizing words in im-
agesgeneatedby the EZ-Gimpyprogiam [1]. Theseare
wordimagesfrom adictionary containng 561 words)cor
ruptedwith differenttypesof imagenoise,deformationsor
baclgrourd texture Automdic recogition is madediffi-
cult specifically for the task to tell humars and comput-
ersapart[18]. Mori andMalik [14] have obtaned a word
recoqnition rateof 92.1% on 191 EZ-Gimpy images.Their
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Figure 3: Shape context matching is improved by using shape continuity. Correspondecesfourd betweeredge poirts
andpointson hard templatein the casef (a) correctscale (b) scalevariation, (c) rotation (d) shapevariation, (e) back-
grourd clutter. Top: input images, middle: resultsof the original method using shage context and bi-partite matding,
bottan: resultsof shage context combine with contiruity constaint, computd with Miterbi. Theresultsshownare the cor-
resporlencegoundafter a singlematding stepwithoutiteration. Evenin relativelysimplecaseghe original shapecontext
methd finds manywrong matdes,whereastheintroductionof the contintity constaint leadsto improvedcorresponénces.

methal is basedon matchirg lettersusing shapecontexts
andthin platesplinetransfamations.This methodhaspre-
viously beenmappliedsuccessfullyo theclutterfree MNIST
datasetof handwitten digits [3].

We condict two expeiiments, using one and two tem-
platesper letter. As a pregocessingstep,the imagesare
first binaiized usingsimplethreshdding. We compute the
symnetric chanfer cost betweentemplatesand image at
eachlocationin anexhatstive manrer. Local costminima
are hypothesizedetter locatiors. The symmetic chamfer
costis usedbecaseit allows discrimination betweentwo
letters,whereone letter shapes part of the otherone,for
example‘o’ and‘p’. In cortrastto section5.1, no further
optimization is performed Subseqantly we compute the
matchng costfor eachword in thedictionay. We alsouse
theknowledgethattheletterdistancewithin aword haslow
valiance. The word matchingcostis the averagesymmet-

ric chamer distanceof the lettersandthe variarce of letter
distancedn the z andy direction On the sametest set
usedby Mori and Malik, we obtaina recogtition rate of
89.5% whenusingonetemplateand93.2% whenusingtwo
templateger letter (an addtional shearedrersion of each
template) Figure7 shovs examples of matchirg results.
Imageswith anincorred top match,aremostlydistortedoy
a ‘whirl’ or ‘wave’ transfornation (lasttwo rows in figure
7). A further optimization stepmayimprove theresults.

6. Summary and Conclusions

We have presetedanempiiical studyof two differentmeth-
odsfor objectlocalizationfrom edgesn clutteredscenes-
shapecontext and chamér matchirg. The resultsdeman-
stratethattheoriginal shapecontext algoithm failsin hear-
ily clutteredsceneswhereit is no longerrobust towards



valiationsin scaleor rotation. By including contou con-
tinuity and cunatureinformation, similar to thoseusedin
active contaur mockls, it is possibleto obtainsignificantly
bettercorrespondenesand modé alignment results. If a
poirt ordeing is given for themockl, thejoint costfunction
canbeoptimizedusingthe Viterbi algorithm
Whenusingthe samenunber of templatesshapecon-
text matchirg canhande larger shapevariationsthancham-
fer matching However, when shapecortext matching
fails, theincorrectcorrespadenesoftenleadto badalign-
men, andsubseqantoptimizatian fails to find thethe cor
rect transfamation Failure casesin chamé&r matching
aremainly dueto falsepositive matchesduring the global
searchphase.Theresultsmay beimprovedby includinga
hypothesisverificationstep. Our expeimentshave shovn
thatcham&r matchingis morerobustin clutterthanshape
cortext matching evenwith the suggstedimprovemerts.
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Figure 5: Results of hand localization. Left colurm: hand
locdlization usingshapecortext informationonly (original
algarithm), middle column shapecontext with contindty
corstraint, right column chamfermatding andLM-ICP.

@ (b)

(©

Figure6: Failure case for shape context matching. (a)
Edge points and modelpoints. Edge points matded us-
ing Viterbi are black, (b) alignmentusingViterbi, (c) using

chamfermatding.
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Figure7: Word recognition results. Exampes of reca-
nizedwordsin EZ-Gimpy images. Thetop six matdesfor

ead word andtheir costare shown.



