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Abstract

Region basedfeatuies are getting popular due to their
higher descriptivepowerrelative to other featuies. How-
ever, real world imagesexhibit changesin image segments
capturingthe samescenepart taken at differenttime, un-
der differentlighting conditions,from different viewpoints,
etc. S@mentationalgorithmsre ect thesechangs, and
thussegmentationgxhibit poor repeatability In this paper
we addressthe problemof matding regionsof similar ob-
jectsunderunstablesggmentations.Merging and splitting
of regions malesit dif cult to nd sud correspondences
using one-to-onematding algorithms. e presentpartial
region matding as a solutionto this problem. We assume
that the high contrast, dominantcontous of an objectare
fairly repeatableand usethemto computepartial matdh-
ing cost(PMC) betweerregions. Region correspondences
are obtainedunder region adjacencyconstaints encoded
by Region AdjacencyGraph (RAG). We integrate PMC in
a many-to-ondabel assignmenframevork for matding
RAGs, and solveit usingbelief propagation. We showthat
our algorithm can matd images of similar objectsacross
unstabldmage sggmentations\We alsocompae the perfor-
manceof our algorithmwith that of thestandad one-to-one
matding algorithm on three motion sequences.We con-
cludethat our partial region matcing appmoad is robust
undersggmentationirr epeatabilities.

1. Intr oduction

The regions of an object obtainedby mary segmenta-
tion methoddn imagestakenunderslightly differentimag-
ing conditions(e.g. lighting, viewpoint, etc) differ signif-
icantly. This is becausehe existing segmentationalgo-
rithms do not always produceperceptuallymeaningfulre-
gions. This resultsin splitting andmeigersof adjacentre-
gions, even if the contrastchangesvery slightly. On the
otherhand,in conditionswherestableregionscanbe reli-
ably obtainedfor instancepy usingadditionalinformation
suchas, shapecuesasin [20], the ef cacy of region based
matchinghasbeensuccessfulidemonstratetor high level

vision taskssuchas objectrecognition. Despitetheir de-
scriptive power, regionshave notbeenavery popularchoice
for computervision tasksrequiringimagematching partly
becausef the lack of segmentatioralgorithmswhich pro-
ducerepeatableegions.

Most of the existing algorithmsfor region correspon-
dencesemploy both the absoluteregion propertiese.g.
shape area,meanintensity etc, aswell asrelationalcon-
straintse.g. adjaceng (regions sharingboundary)and hi-
erarcly, encodedn graphstructures.g. Region Adjacency
Graphs(RAGSs)[17,20] (encodingadjaceng), or sgmen-
tation trees[1, 2,13] (encodinghierarcly). The splitsand
meigersof regionscorrespondingo thesamesceneconsid-
erably affect both (i) the regions' absoluteproperties,and
(ii) theirrelationshipswvith otherregionsin theimage.Con-
siderfor instancetwo examplesegmentationf the same
object,shavn in Fig. 1. ThecorrespondindRAGsareover-
laid onthetop of sggmentedmagegmiddlecolumn).Here
region b in the top imageis a memger of regionsbl andb2
in thebottomimage.In theidealcaseb shouldbe matched
to both bl andb2. However, absolutepropertiesof bl and
b2 differ signi cantly ascomparedo their megerb there-
fore the unarymatchcostof b is high with bothb; andb,.
Also notethatthe adjacenyg relationshipsetweerregions
changeconsiderablye.g., b2 in the bottomimageis notad-
jacentto a, but bin thetopimage ,whichis thememgercon-
tainingh2, is adjacento a. Thiscausesrrepeatabilityin the
structureof (RAGSs) of the two images,commonlyreferred
to asstructuralnoise.Matchingb with its fragment$1 and
b2 is thusdif cult by i) arny algorithmthatoutputsaone-to-
onematchingoetweerregions,orii) ary algorithmthatuses
only theunarymatchcostbasedon regions' absoluteprop-
erties. This paperis aimedat providing a solutionfor both
of the above problems. It proposesa novel costmeasure
betweerregions,onethat dependson the propertiesof the
portionof overlapbetweerregionsaftertransformingghem
appropriatelyand not the propertiesof entireregions. We
denotethis measureby Partial Match Cost (PMC). Also,
the paperintegratesthis costmeasurento a mary-to-one
region matchingframework.

Prior Work. Onesolutionto the segmentationinstabil-



ity problemis allowing accesgo region segmentationsat

multiple scales,e.g., contrastlevels, [1, 2,13]. However,

evensearchingll possiblescalesof sgmentationdoesnot

guaranteegperfectrepeatability Similar obsenration is re-

portedin [11], whereinthe authorsuse regions obtained
from multiple segmentationsat multiple scalesanddeter

mineif theseregionsreliably correspondo the spatialsup-
port of naturalobjects. They concludethatevenwith large

numberof regionsavailableperimage,explicit meimgersof

regionsare still requiredto obtaindesirablelevels of sup-
port. Sincememgersleadto combinatorialcompleity, us-

ing regionsundersuchconditionsbecomesomputationally
prohibitive quickly. An approachthatwould allow partial

matchingof regions, sothatthe split portionscould match
thewhole,is thereforedesirable.

The problemof structuralnoisein graphshasbeenad-
dressedbefore by relaxing the enforcementof relational
constraintdbetweerregions. For instancejnsteadof using
the direct parent-childconstraintsbetweenregions while
matchingsegmentatiorirees,Torselloetal. [16] suggestis-
ing transitive closuresn treeswhich connectevery nodein
thetreeto every descendantThusary ancestoidescendant
pair in onetree canmatchwith any suchpairin the other
evenif their levels aredifferent. As anotherexample,the
techniquen [17] usesa x ednumberof regionswith near
est centroids, instead of directly adjacentregions while
matching RAGs. However, even with the relaxed con-
straints theassumptiorof one-to-oneorrespondends of-
tenfoundto betoo restrictive for realimages.

Another class of approachegperform explicit region
megers, to deal with problemof high unary match cost
betweerabsoluteregion propertiescausedy region meg-
ing and splitting [7, 8,13,17]. Theseare guidedby some
heuristicallysetthresholdse.g.,thosedependingn inten-
sity contrastbetweenwo regions. However, suchmeimgers
may not produceperfectone-to-onecorrespondences e-
selmanet al. [9] obtaina modelRAG, referredto aslLeast
CommonAbstraction(LCA), using RAG of exemplarim-
agesof a particularobjectcateggory. FindingLCA requires
searchfor isomorphicRAGs amongthoseobtainedby all
possibleregion memersin the original RAGs. Matching
explicit splits and meigersof regions as performedby the
above techniquesanquickly becomecomputationallypro-
hibitive dueto their combinatorialnature. The partial re-
gion matchingapproachproposedn this papercanreduce
thiscombinatoriakearchspacedrastically Anotherclassof
previousapproachess thatof inexactgraphmatching[18],
whereingraphedit operationsuchasnode(or edge)substi-
tution, deletionandinsertionsarede ned to handlethe in-
consistencie graphstructure.lnexactgraphmatchingis
ann-p completeproblemandis computationallyintractable
for realimages,sincethe spaceof all possibleedit opera-
tionsis huge.A numberof approximatesolutionshave been

proposedin literature; however, the corvergencein these
caseslependdeaily uponinitialization.

Overview of our approach. We provide a solutionto
dealwith the irrepeatibility of regions causedoy meiging
andsplitting, andnoisein graphstructure while matching
region adjaceng graphs. We de ne the matchscorebe-
tweentwo regionsin a robust fashion,which allows frag-
mentsof thesameregion to have low unarymatchcostwith
theoriginal region. We denotethis costasthe Partial Match
Cost(PMC). TowardscomputingPMC, we assumehatthe
dominantcontoursof objectarerepeatablainderdifferent
imaging conditions. In this paper we consideradjacenyg
relationshipbetweerregionscontainedn RAG. However
notethatPMC is genericenoughto beintegratedwith other
typesof relations e.g. containmentasobseredin sggmen-
tation hierarchieqtrees). To handlethe structuralnoisein
RAGs, we formulate the problemof RAG matchingas a
mary-to-one label assignmenproblem,i.e., allowing for
multiple regionsfrom one RAG to matchwith a singlere-
gion in the otherRAG. We solve this assignmenproblem
using the loopy belief propagtion technique. Our algo-
rithm canthus matchfragmentswith their meiger region,
while respectinghe adjaceng constraints.In Fig. 1, third
column,we shav exampleresultsof our algorithm. Notice
that our algorithm canhandleboth of the problemsdueto
segmentationnoise, mentionedabove. This paperhasthe
following contributions: 1) It usespartialregion matching
whichis arobustsimilarity measurdetweerregions. This
eliminatesthe needfor performinga combinatoriallylarge
numberof explicit region memers,whichis otherwisenec-
essanyto dealwith irrepeatibility of regionsobseredunder
unstablesegmentations2) This paperalsoproposesan ef-
fective solution of mary-to-onelabel assignmentgor the
problemof structuralnoisein RAGs,whichis possibledue
to ourde nition of partialmatchcost.

Therestof the paperis organizedasfollows: In Sec.2,
we explain our partial region matchcost. In Sec.3, we ex-
plain our labelassignmentormulationfor RAG matching.
Experimentandresultsaredescribedn Sec 4. Finally, we
concludethe paperin Sec.6.

2. Partial RegionMatching

Sincethe global propertiesof regionschangedrastically
amongsegmentation®f the samesceneunderslightly dif-
ferentconditions,(e.g., lighting, viewpoint, etc), they can
not be usedto obtainareliablematchbetweerthe segmen-
tations. The propertiesof regions shouldinsteadbe com-
paredin the portionscommonto the two regions. Consider
for instancethe regions b and bl shavn in Fig. 1, corre-
spondingto thetorsoandshirt of the man. Insteadof com-
paringtheir global propertiesjf we comparethe properties
only in the commonphysical portion of theseregions, i.e.,
shirt, we will beableto assignow costto amatchbetween



Figure 1. Imagesin the rst columnshov adjacentframesof a

video sequence.Secondcolumn shaws the region splitting phe-
nomenorandthe changedRAG structuredueto it. We shav only

apartof RAG for bettervisibilty. Third columnshavs someof the
matchedregionsobtainedby our algorithm. Matchedregionsare
shavn with thesamecolor. Noticethatshirt andpantfragmentsn

the bottomimageare successfullynatchedo the torso fragment
in thetopimage.

theseregions. We denotethe matchcostobtainedin such
a manneras Partial Match Cost(PMC). As we shall next
explain, we hypothesizethat deductionaboutsucha com-
mon portionbetweertheregionsin differentimagescanbe
obtainedasatransformatior, by robustly registeringtheir
contours. For two regions,r; in the rst imageandr; in
the secondmage,andthetransformationl betweerthem,
we canthende ne overlappingportionsaso; = r1\ T(r2)
ando, = ro\ T 1(ry), in thedomainsof the rst andsec-
ondimages,respectrely. We de ne the PMC betweenr 3
andr , as

PMC(ra;rz) = jjf (01) f(02))jj 1)
wheref (r) denotesthe propertiesof regionr andjj jj
is the euclidiannorm. SinceEg. (1) computeghe costof
matchingoverlappingportionsof registeredegions,assum-
ing thatthe transformatiorbetweerregionshasbeencom-
putedcorrectly it will alwaysreturnlow costfor matching
aregionwith oneof its fragmentge.g.bwith bl in Fig. 1).
Below we explainourmethodologyfor estimatinghetrans-
formationT.

2.1.Regiontransformation

We assumethat dominant contours correspondingto
physicalboundarie®f differentpartsof anobjectarefairly
repeatable.Due to the presenceof a few spuriouspixels
on the boundariesthe originally closedregions of the ob-
ject leak out to form big regions. It is this leakagethatis
mostly responsibldor irrepeatabilityof regionsacrossm-
agesof the sameobject. We thereforewantto exploit the
partsof theregion boundariesvhich areundisturbedy the
imagenoise,to estimatethe transformationT betweenre-
gionsr; andr . Let usdenotethe boundarie®f r; andr ,

(@) ()

()

Figure2. KDC Registration. Boundarief regionsfrom the rst

imageareshawvn in blueandthetransformedoundarie®f corre-
spondingfragmentsn the secondmageareoverlaidonthetopin

differentcolors. (a) Regionsfrom imagepair in Fig. 3(c) areac-
curatelyregistereddespitehugescalevariations.(b) Regionsfrom
imagepairin Fig. 3(b) areaccuratelyegisteredunderaf ne trans-
formations. (c) The face-nek region is successfullyegisteredto
faceandned regions(seeFig. 3(a)).

pixelsof regionsr ; andr , respectrely. Ourgoalis to align

piecesof boundariesvhich arecommonin thetwo regions.

Moreover, in orderto successfullyalign fragmentsof a re-

gion with thewholeregion, we mustdo this alignmentin a

mannersuchthatit is robustto outliers. Therehasbeena

muchtowardsrobustly estimatingatransformatiorbetween
pointcloudsin suchacorrespondencelesstting[6,14,19].

We adoptrobustkerneldensitycorrelation(KDC) machin-
ery, describedn [15], for solving this problem. According

to [15], the problemof robustly matchingpoint cloudsis

formulatedas that of matchingthe respectie kernel den-

sity (also known as parzenwindow) estimateq5] of the

samplesn eachof thesepoint clouds. KDC is usedasa

measureof matchbetweenthesekerneldensityestimates.
The equivalencebetweerkerneldensityestimatorsaandro-

bustM-estimatorsvasshavn in [3], andit is from herethat

KDC inheritsits robustnesgo outliers.

Following the formulationin [15], we assumehat the
point setsbo; andappropriatelytransformedoo, aregen-
eratedfrom the sameunderlyingpdf. The quality of match
betweerbo, andT(bo,) is thengivenby thecorrelationof
thecorrespondingstimate®f theunderlyingpdf, givenby
thefollowing equationasdescribedn [15].

K DC(boy; T(boy)) =

Xi2boy
Xj2b02

KH '(xi T(x;)

where,K is the kernelfunction with zeromean,unit area



and identity covariancematrix, and H is a non singular
bandwidthmatrix. We useGaussiarkernelin our experi-
ments. Maximizing KDC measurdn Eq. (2) givesusthe
T betweentwo regions. Givenanappropriaténitialization,
the maximizerof Eq. (2) canbe estimatecef ciently in an
iterative fashionby usingvariationaloptimizationmachin-
ery, asshavn in [15]. In ourimplementationyve restrictT
to beanafne transformationWe discusgheinitialization
in Sec 4.

Fig. 2 shovs someexampleresultsof our region trans-
formationestimatiorusingKDC. Boundaryof theregionin
rst imageis shavn in blue. The correspondingegion of
the objectwas broken into fragmentsin the sgmentation
of the secondimage. Seesgmentationimagesin second
row in Fig. 3. We have shavn the boundariesf the frag-
mentregionsoverlaid on thetop of the original region after
transforminghemusingthecomputedransformationwith
differentcolors.Noticehow eachfragmentfrom secondm-
ageis robustly registeredon the singlememgerregionin the
rst image.

3. Matching RegionAdjacency Graphs

We abstracthe segmentatiorof eachimageasa Region
Adjaceny Graph(RAG) constructedn thefollowing fash-
ion. For animagel , we de ne anRAG G = (P;N) con-
sistingof asetof nodesP andasetofedgedN P P.
Eachnodep 2 P representsa region in the image. An
edge(p;q) 2 N existsif regionsp andq sharea common
boundary(are adjacent),i.e., p g. Towardsmatching
RAGsof twoimagesG; = (P;N3) andG, = (L;N3), we
wantacorrespondendeetweertheirnodesvhichhasalow
partial matchcost, and preseres adjaceng relations. We
alsowantthis correspondencgpacdo includemary-to-one
matchessincea nodein one RAG might exist asmultiple
fragmentdn theotherRAG. We thusde ne RAG matching
astheminimumunarycostlabelingor mappingl : P ! L
satisfyingthe constraintsthat 8(p;q) 2 N1, we have ei-
ther (I(p);1(q)) 2 N, orl(p) = I(g). For corvenience,
we usethe notationl, = 1(p). Notethatthe constraintn
thelabelingpresere adjaceng by allowing adjacennodes
in G to take labelscorrespondindgo adjacentnodesin G,
andcanproducemary-to-onematchedy allowing adjacent
nodego take the sameabel. Following this discussionwe
canwrite the enegy associatedavith alabelingl as

X X
Dp(lp) +
p2pP P;d2N 1

E(l) = V(lp;lg) (3

Here,Dy(lp) is the unary costof matchingnodesp 2 P
andl, 2 L computedas partial matchcostusing Eq. (1),
i.e, Dp(lp) = PMC(p;lp). ThetermV (Ip;lg) is the cost

of violating the constraintsde ned as

0 if

lp;lg 2 No or |, = |
V('p;|q)= K if p:'q 2 p q

Io:1g 2 N “)

Here,K is the constraintviolation penaltyandis setto a
high value. Thusthe minimizerof E(l) givesanoptimum
assignmenin termsof both the unary costand adjaceng
relations.

Estimatinga global minimum of the enegy functionin
Eq.(3) requiresasearctoverthediscretespaceof all possi-
ble labelings.However, ef cient iterative techniquedased
on messageassingalgorithms[12] and graph cuts [10]
have beenproposedin literatureto estimatestrong local
minimum of suchan enegy function. We useloopy belief
propagtion (LBP), which is a messaggassingalgorithm,
to solve the minimizationin Eq. (3). In LBP, eachnodeit-
eratively recevesmessagefom its neighborsn thegraph,
and updatesits own con dence of having a certainlabel.
Oncethe messagestop changingbeyond a threshold the
iterationsare terminated,and eachnode computeghe re-
sulting belief over all thelabels. The pernodelabelis then
obtainedby maximizationover theseindividual beliefs. If
convergent,LBP hasprovedto beagoodapproximatiorfor
mary applicationg12]. In ourexperiments|.BP converges
in approximatelhb0iterations.For our formulation,we can
write the messageassediy nodep to its neighborq for
labellq atiterationt as

0

1
X
mtS! 1p(|p)§

s6q
(s;p)2N 1

m}J! qllg) = n|1p|n %V(Ip;lq) + Dp(lp) +

After T iterationsof messaggassingthe belief vectorat
nodeq for labelly is computedas

y(lq) = Dq(lg) + mp q(lq) )
f(pg)2N 19

Finally, the label |, thatminimizesiy(lq) atnodeq is se-
lected.

4. Experiments and Results

Wetesttheperformancef theproposed®MCandmary-
to-onematchingapproachwith two differentexperiments:
(a) matchingimagesof similar objectstaken underdiffer-
entimagingconditions,and(b) matchingimagesof a mo-
tion sequenceFor imagematching,we presenfjualitatve
resultson image pairs with varying degreesof complei-
ties, validatingthe ability of our algorithmtowardsmatch-
ing a region with its fragments,and mary-to-oneregion
matching(seeSec.4.1). For matchingimagesof motion
sequencesye presentboth qualitatve and quantitatve re-
sults. On thesesequencesye comparethe performancef



ouralgorithmagainstits one-to-oneounterpartvhichdoes
notusePMC (explainedin Sec.4.2).

For all the experiments,image segmentationis per
formed using the mean-shiftclusteringapproach4]. For
eachimagepair, we usethe samescaleparametergor the
mean-shiftsggmentation. However, in order for our as-
sumptionof having repeatableontoursin bothimagesbe-
ing valid, we pick a scalewhich preseres dominantcon-
tours in sggmentationoutput of the two images. As we
shall seein the results,therestill are numerousexamples
of regionirrepeatabilitesnakingtheregion correspondence
taskreally dif cult. This selectionof the scaleparameter
canbe completelyavoidedby taking regionsfrom segmen-
tation outputsobtainedat multiple scales.Note thatwe do
not separatelytunethe scaleparametergor eachimagein
thepairto getsimilarregions.We setthevalueof constraint
violation costK in Eq. (4) to 100 andthe region property
functionf in Eq. (1) is chosermasgrayscaleabsoluténten-
sity differenceat eachpixel. Further we assumehatthe
transformatiorto be estimatedusingKDC, T, is anafne
transformationKDC beinganiterative approactrequiresa
goodinitialization to searchor the globaloptimal. For im-
agematchingexperimentswe usemultiple initializations,
obtainedby matchinglocal appearancest cornerpointson
theimagepairs.For matchingmagesof amotionsequence,
we initialize the transformationas an identity transforma-
tion.

4.1.Matching imagepairs

We show theresultsof our RAG matchingalgorithmon
a setof imagepairsconsistingof similar objects,captured
underdifferentconditions.Eachimageis representedsan
RAG, andPMCis computedetweereveryregion paircon-
sistingof aregionfrom the rst imageandaregionfromthe
secondimage. Region correspondencesre then obtained
by matchingRAGsusingthealgorithmdescribedn Sec 3.
Note that our original formulationfor label assignments
mary-to-one,however, we re-runthe algorithmby revers-
ing the orderof imagesto obtainmary-to-mary correspon-
dencesFor eachsetof imagesn Fig. 3, theoriginalimages
areshown in the top row, the segmentationsn the middle
row, and,thematchedegionsareshavn in the samecolors
in the bottomrow. The nodeswhich are not matchedare
shavn in black.

Fig. 3(a) shavs the matchingof faceimagesof the same
personon differentbackgrounds.Here, the regions corre-
spondingto face, neck andright collar in the left image
fusetogethetto form asingleface-nek-collar meigerin the
right image. Note that our formulationis ableto nd cor
respondencebetweenthis meiger andits individual frag-
ments. This shavs the robustnessof PMC basedunary
costandtheability of our RAG matchingalgorithmtowards
handlingmary-to-onematches.Also notethatthe regions

neighboringthe face-nek-collar portionin theimagesstill
getmatchedappropriatelydespitetheir signi cantly differ-
ent neighborhoods. Thus, our algorithm can also handle
structuralnoisein RAGs. Fig. 3(b) shavs matchingresults
onimageof agrafti whichhave complex adjaceng struc-
ture. Matchingtheseémagesusingary globalregion match
measurer one-to-oneRAG matchingmethodologywould
be very dif cult, dueto hugedifferencedn segmentations
in termsof memgersandsplitsof regions,aswell astheadja-
ceng structure.However, our matchingframework is able
to handlethis successfully Note the partial matchingfor
theregionsshavn in blue, wherethe correspondingegion
in thesecondmageoccupiedessthanhalf of theareaof the
regionin the rst image(seethecorrespondingegistrations
in Fig. 2). Also notethatdespiteof instancesf structural
noisein the graphs,we are ableto matchthem correctly
For instancetheregionscoloredin blueandorangearead-
jacentin the rst image,but notin the secondandyetthey
arematchectorrectly

Fig. 3(c) and(d) shav matchingresultsonimagesof the
Kremlin andthe Statueof Liberty, respectiely. Note that
the Kremlin appearsasa singleregion in oneimageandis
fragmentednto multiple regionsin the secondmage. Our
algorithmis ableto matchthesefragmentswith the entire
region. Many of thesefragmentsasshown in Fig. 2(a),are
successfullyegisteredo thesingleKremlin region, provid-
ing alow matchcostbetweerthesecorrespondingegions.
A similar effect canbe seenfor the Statueof Liberty image
pair.

Fig. 3(e) and (f) shav matchingresultsfor rhino and
horseimagespairs. Notethatthe mary regionscorrespond-
ing to the objectarematchedcorrectly but backgrounde-
gionsarenot. Thisis becausehe backgroundegionsand
their adjaceng relationshipsare differentin theseimages.
Also, someregionsinsidethe objectare not matchedcor-
rectly. dueto lackof sufcient boundaryoverlapfor reliable
transformatiorestimationusingkKDC.

4.2.Matching Motion Sequences

We comparethe resultsof our algorithm, both qualita-
tively andquantitatvely, againsta one-to-oneegion match-
ing algorithm, which usesabsoluteregion propertiesfor
computing match cost betweenregions insteadof PMC,
implementedin the following manner The regions are
describedusing their area,centroid, eccentricity solidity,
perimeter and, meanandvarianceof intensities. The cost
of matchingtwo regionsis computedas sum-of-squared-
differencesbetweentheseabsoluteproperties. The one-
to-oneRAG matchingalgorithmimplementeds the same
asthe onedescribedn Sec.3, exceptthat we changethe
constraintcostin Eq. (4) sothatV (l,;14) = 0 only when
lp;lqg 2 No. Thus,thereis a high costfor neighboringre-
gions taking the samelabel, i.e., penalizingmary-to-one



Figure3.Image matchlng results Eachsetof magesshrwstheonglnal imagesin thetop row, thesegmentedmagesn themiddle row,
andmatchingresultsin thebottom row. Matchedregion pairsareshovn with thesamecolorin thetwo images.Imagesn (a) shav results
for matchingfaceof a personon differentbackgrounds.Imagesin (b) shav matchingresultsfor Grafti imageswhich have complec
adjaceny structure.Note thattheinstancef partialmatchingandmary-to-mary matchingsaredetectectorrectly Imagesin (c) shavs
matchingof the Kremlin imagesunderscalevariations all thefragmentsof the structurearecorrectlymatchedo thecorrespondingneger
region. Similarly (d), (e), (f) shav resultson instance®f the Statueof Liberty, rhinosandhorses.Notice how the differentsggmentson

theobjectarematchedaccurately(This gure is bestviewedin color.)

matching.

We choosemotion sequencefor this comparison.Note
that the assumptiorof one-to-onecorrespondences sulit-
able underthis setting. We have consideredhree differ-
ent motion sequencesere, namely the housesequence
from CMU motion databasethe man sequencef a per
sonwalking on statichackgroundand,the Kwansequence
of olympic ice-skaterMichelle Kwan. Matchingis per
formed on successie frames, returning matchedregion
pairs, which are comparedagainst ground truth region
matchesmarked by us. A region pair is termedasan er-
ror, if eithera)it is a groundtruth pair, but not returnedby
thealgorithm,or, b) it is returnedby the algorithm,but not
a groundtruth matchpair. Thetotal region mismatt error
perimageis computecastheratio of thetotalnumberof er-
roneousnatchedairsreturnedoy thealgorithm,andtheto-

tal numberof groundtruthregion pairs. The pixelmismatt
error for anerroneougairis computedasthe minimum of
theareasf thetwo regionsin thematchedair. We choose
the minimum areato respecipartial matching. The perim-
agepixel mismatcherroris computedastheratio of sumof
pixel mismatcherrorsof eacherroneougair, andthe total
imagearea.For eachsequenceye reportthe meanperim-
ageregion andpixel mismatcherrors,computedasthe av-
erageof region andpixel mismatcherrorsof all theframes
of thatsequenceshowvn in Fig. 4. Note thatthe mary-to-
onematchingalgorithmhaslower errorsascomparedo the
one-to-onematchingalgorithm,for eachof the sequences.
As canbeseenin Fig. 5, thehousesequencéasthe highest
ambiguity dueto multiple window regionswhich arevery
similarin appearancelhisis notthecasewith theotherse-
guencesandhencethey have lower region matchingerrors.
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Figure 4. Performance comparison. Detectionerror for our
method(mary-to-one)is shovn in pink andthe errorfor one-to-
onematchingmethodis showvn in blue. Averageerrorsfor three
motion sequenceareshavn. (a) We have obtainedower region
detectionerror for all the threesequencesPerformanceain is

thehighestfor housesequencéecaus®f its complex RAG struc-
ture,dueto which this sequencés moreproneto structuralnoise.
(b) Pixel matching error usingone-to-onematchingis high for

thekwansequencsinceit haslargebackgroundlutterandanum-
ber of instance®f non-repeatingegionsin adjacenframes.Our
PMC basedmethodgivesvery low error on this sequence Man

sequenceavasthe leastchallengingamongstthe threeand hence
boththe methodgerformalmostequallywell oniit.

(a) Region Error

However, the areaoccupiedby theseambiguougegionsis
very small, and hencethe pixel matchingerrorsare lower
thanthe Kwan sequence The mansequences the easiest
with not muchcomplex motion,andhigh repeatabilityand
henceproducedowesterrors.

In Fig. 5 we shav exampleframesof the abose motion
sequencesTop row shaws original imagesof consecutie
framesin themotionsequencemiddlerow shovs matching
resultsby our methodandthe bottomrow shavs matching
resultsreturnedby the one-to-onemethod.Notice how our
methodcan matchshirt, pantwith the torsoregion in the
mansequenceAlso hair andfaceregionsare matchecdby
ourmethodbut notby one-to-oneln kwansequencsimilar
effect canbe obsered. We can matchthe torso of kwan
with both upperbody and lower body whereasone-to-one
matchest only with the upperbody.

5. Computational Complexity

The most expensve step towards computing the par
tial matchcostis the computationof robusttransformation
using KDC. From Eg. (2), the complity of computing
the KDC similarity measurédetweersamplefrom bound-
aries of two regions, bo; = fxi;:::;xtg andbo, =
fx2;:::;x2 g for a given transformationT is O(km),
wherek andm arethe numberof boundarypointsin the
respectre boundaries.Let us assumehat the KDC con-
vergesto a stabletransformationin T iterations. Then
the compleity of KDC computationdor estimatingT is
givenby O(mKT). Let usdenoteby nb, the numberof
boundarypointsin th i-th region of j -th image, and by

P

NB =, nbl, the sumof boundarypointsof all regions
in thej th image. Then,thetotal compleity of KDC stage
canbecomputedas

X
Ckpc = O(  Tnbinb%) = O(TNbLINK) (6)
i1;i2

Theloopy belief propa@tionfor mary-to-oneRAG match-
ing hasthe compleity, Cgp = O(N N 2N ?t), with num-

berof nodes(regionsin rst image)N ' andnumberof la-

bels(regionsin secondmage)N 2 andt iterations.Theone-
to-onematchingapproactwithout PMC hascomputational
compleity of O(N N 2) for computingthe matchcostbe-

tweenN ! regionsin the rst imageandN 2 regionsin the

secondmage.The compleity of graphmatchingstageus-

ing labelassignments sameasCg p for boththe methods.
Thus PMC provides increasedaccurag at the costof in-

creasedcomputations. However, as demonstratecrarlie

even in simplestsettingsassumptiorof one-to-oneregion

correspondencas very restrictve. Notethat,ascompared
to methodswhich performexplicit region meigerswe save

substantiallyin termsof computationsFor instancejf we

considesll possiblemegersof N 1 nodesve get2N " nodes
andthisthusmakesthecompleity of computingmatchcost
exponentialo (2N ' 2N *). The costof graphmatchingstage
is alsoincreasedxponentially

6. Conclusion

In this paper we proposea solution of partial region
matchingfor matchinga region with its componenfrag-
ments.We furtheraddresshe problemof structurahoisein
region adjaceng graphsthroughour formulationof mary-
to-oneassignmenproblem.Theresultsof ouralgorithmfor
matchingimagesof similar objectswith differentsegmen-
tationsshav that the conceptof partial region matchcost
is promisingfor handlingirrepeatabilityusually obsered
in the outputof image segmentationalgorithms. We also
demonstratgerformancesnhancemenwith our mary-to-
onematchingmethodbasedon partial matchcost,over the
one-to-onemethodwhich takes absolutepropertiesof the
regionsinto consideration.An immediatepossibleexten-
sion of our work is matchingregion adjaceng graphscon-
structedusingregions obtainedfrom multiscalesegmenta-
tion outputs to ensurebetterrepeatabilityin termsof image
contours. Possibility of integrating hierarchicaland adja-
ceng constraintdn suchregion adjaceng graphscanalso
beexplored.
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(a) HouseSequence

(b) KwanSequence

(c) Man Sequence

Figure5. Example frames from thr eemotion sequencesOriginal imagesare showvn in the top row, matchingresultsobtainedby our
methodis showvn in the middle row and one-to-onematchingresultsareshavn in the bottomrow. Matchedregionsare shavn with the
samecolorin theleft andrightimagesregionswhich arenot matchedareshavn in black. (a) House.Notethatsomeof the smallregions
correspondingo windows arenot matcheccorrectlyby one-to-onemethodwhile we canmatchthem. (b) Kwan. We canmatchthelower
bodyandupperbodyof kwanin therightimagewith thewholebodyregionin theleft imagewherea®ne-to-onanatchingcannotachieve
this. (c) Man. Notice how the shirt, face,andhair regionsareleft unmatchedy one-to-onenethodwhich arematchedaccuratelyby our
method.
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