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Abstract

Region basedfeaturesare getting popular due to their
higher descriptivepowerrelative to other features. How-
ever, real world imagesexhibit changesin image segments
capturingthe samescenepart taken at different time, un-
der different lighting conditions,fromdifferentviewpoints,
etc. Segmentationalgorithms re�ect thesechanges, and
thussegmentationsexhibit poor repeatability. In this paper
weaddresstheproblemof matching regionsof similar ob-
jectsunderunstablesegmentations.Merging and splitting
of regions makes it dif�cult to �nd such correspondences
usingone-to-onematching algorithms. We presentpartial
region matching as a solutionto this problem. We assume
that the high contrast, dominantcontours of an objectare
fairly repeatable, and usethemto computepartial match-
ing cost(PMC) betweenregions. Region correspondences
are obtainedunder region adjacencyconstraints encoded
by Region AdjacencyGraph (RAG). We integrate PMC in
a many-to-onelabel assignmentframework for matching
RAGs,andsolveit usingbeliefpropagation. We showthat
our algorithm can match imagesof similar objectsacross
unstableimagesegmentations.Wealsocomparetheperfor-
manceof our algorithmwith thatof thestandard one-to-one
matching algorithm on three motion sequences.We con-
cludethat our partial region matching approach is robust
undersegmentationirrepeatabilities.

1. Intr oduction

The regions of an object obtainedby many segmenta-
tion methodsin imagestakenunderslightly differentimag-
ing conditions(e.g. lighting, viewpoint, etc.) differ signif-
icantly. This is becausethe existing segmentationalgo-
rithms do not alwaysproduceperceptuallymeaningfulre-
gions. This resultsin splitting andmergersof adjacentre-
gions, even if the contrastchangesvery slightly. On the
otherhand,in conditionswherestableregionscanbe reli-
ablyobtained,for instance,by usingadditionalinformation
suchas,shapecuesasin [20], theef�cacy of region based
matchinghasbeensuccessfullydemonstratedfor high level

vision taskssuchas object recognition. Despitetheir de-
scriptivepower, regionshavenotbeenaverypopularchoice
for computervision tasksrequiringimagematching,partly
becauseof the lack of segmentationalgorithmswhich pro-
ducerepeatableregions.

Most of the existing algorithmsfor region correspon-
dencesemploy both the absoluteregion propertiese.g.
shape,area,meanintensityetc., aswell asrelationalcon-
straintse.g. adjacency (regionssharingboundary)andhi-
erarchy, encodedin graphstructurese.g. Region Adjacency
Graphs(RAGs) [17,20] (encodingadjacency), or segmen-
tation trees[1, 2,13] (encodinghierarchy). The splits and
mergersof regionscorrespondingto thesamesceneconsid-
erablyaffect both (i) the regions' absoluteproperties,and
(ii) their relationshipswith otherregionsin theimage.Con-
sider for instancetwo examplesegmentationsof the same
object,shown in Fig. 1. ThecorrespondingRAGsareover-
laid onthetopof segmentedimages(middlecolumn).Here
region b in the top imageis a merger of regionsb1 andb2
in thebottomimage.In theidealcase,bshouldbematched
to bothb1 andb2. However, absolutepropertiesof b1 and
b2 differ signi�cantly ascomparedto their mergerb there-
fore theunarymatchcostof b is high with bothb1 andb2.
Also notethat theadjacency relationshipsbetweenregions
changeconsiderably, e.g., b2 in thebottomimageis notad-
jacentto a, but b in thetop image,which is themergercon-
tainingb2, is adjacentto a. Thiscausesirrepeatabilityin the
structureof (RAGs)of thetwo images,commonlyreferred
to asstructuralnoise.Matchingbwith its fragmentsb1 and
b2 is thusdif�cult by i) any algorithmthatoutputsaone-to-
onematchingbetweenregions,or ii) any algorithmthatuses
only theunarymatchcostbasedon regions' absoluteprop-
erties.This paperis aimedat providing a solutionfor both
of the above problems. It proposesa novel cost measure
betweenregions,onethatdependson thepropertiesof the
portionof overlapbetweenregionsaftertransformingthem
appropriatelyandnot the propertiesof entireregions. We
denotethis measureby Partial Match Cost (PMC). Also,
the paperintegratesthis cost measureinto a many-to-one
regionmatchingframework.

Prior Work. Onesolutionto thesegmentationinstabil-
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ity problemis allowing accessto region segmentationsat
multiple scales,e.g., contrastlevels, [1, 2,13]. However,
evensearchingall possiblescalesof segmentationdoesnot
guaranteeperfectrepeatability. Similar observation is re-
ported in [11], wherein the authorsuse regions obtained
from multiple segmentations,at multiple scales,anddeter-
mineif theseregionsreliablycorrespondto thespatialsup-
port of naturalobjects.They concludethatevenwith large
numberof regionsavailableper image,explicit mergersof
regionsarestill requiredto obtaindesirablelevels of sup-
port. Sincemergersleadto combinatorialcomplexity, us-
ing regionsundersuchconditionsbecomescomputationally
prohibitive quickly. An approachthat would allow partial
matchingof regions,so that thesplit portionscouldmatch
thewhole,is thereforedesirable.

The problemof structuralnoisein graphshasbeenad-
dressedbefore by relaxing the enforcementof relational
constraintsbetweenregions. For instance,insteadof using
the direct parent-childconstraintsbetweenregions while
matchingsegmentationtrees,Torselloetal. [16] suggestus-
ing transitive closuresin treeswhich connectevery nodein
thetreeto every descendant.Thusany ancestor-descendant
pair in onetreecanmatchwith any suchpair in the other,
even if their levels aredifferent. As anotherexample,the
techniquein [17] usesa �x ednumberof regionswith near-
est centroids, insteadof directly adjacentregions while
matchingRAGs. However, even with the relaxed con-
straints,theassumptionof one-to-onecorrespondenceis of-
tenfoundto betoo restrictive for realimages.

Another class of approachesperform explicit region
mergers, to deal with problemof high unary matchcost
betweenabsoluteregion propertiescausedby region merg-
ing andsplitting [7, 8,13,17]. Theseareguidedby some
heuristicallysetthresholds,e.g.,thosedependingon inten-
sity contrastbetweentwo regions. However, suchmergers
maynot produceperfectone-to-onecorrespondences.Ke-
selmanet al. [9] obtaina modelRAG, referredto asLeast
CommonAbstraction(LCA), usingRAG of exemplarim-
agesof a particularobjectcategory. FindingLCA requires
searchfor isomorphicRAGs amongthoseobtainedby all
possibleregion mergers in the original RAGs. Matching
explicit splits andmergersof regionsasperformedby the
above techniquescanquickly becomecomputationallypro-
hibitive due to their combinatorialnature. The partial re-
gion matchingapproachproposedin this papercanreduce
thiscombinatorialsearchspacedrastically. Anotherclassof
previousapproachesis thatof inexactgraphmatching[18],
whereingrapheditoperationssuchasnode(or edge)substi-
tution, deletionandinsertionsarede�ned to handlethe in-
consistenciesin graphstructure.Inexactgraphmatchingis
ann-pcompleteproblemandis computationallyintractable
for real images,sincethe spaceof all possibleedit opera-
tionsis huge.A numberof approximatesolutionshavebeen

proposedin literature; however, the convergencein these
casesdependsheavily uponinitialization.

Overview of our approach. We provide a solution to
dealwith the irrepeatibility of regionscausedby merging
andsplitting, andnoisein graphstructure,while matching
region adjacency graphs. We de�ne the matchscorebe-
tweentwo regions in a robust fashion,which allows frag-
mentsof thesameregionto havelow unarymatchcostwith
theoriginal region. WedenotethiscostasthePartialMatch
Cost(PMC).TowardscomputingPMC,weassumethatthe
dominantcontoursof objectarerepeatableunderdifferent
imagingconditions. In this paper, we consideradjacency
relationshipsbetweenregionscontainedin RAG. However
notethatPMCis genericenoughto beintegratedwith other
typesof relations,e.g. containment,asobservedin segmen-
tation hierarchies(trees).To handlethe structuralnoisein
RAGs, we formulatethe problemof RAG matchingas a
many-to-one label assignmentproblem, i.e., allowing for
multiple regionsfrom oneRAG to matchwith a singlere-
gion in the otherRAG. We solve this assignmentproblem
using the loopy belief propagation technique. Our algo-
rithm can thusmatchfragmentswith their merger region,
while respectingtheadjacency constraints.In Fig. 1, third
column,we show exampleresultsof our algorithm.Notice
that our algorithmcanhandleboth of the problemsdueto
segmentationnoise,mentionedabove. This paperhasthe
following contributions: 1) It usespartialregion matching
which is a robustsimilarity measurebetweenregions.This
eliminatestheneedfor performinga combinatoriallylarge
numberof explicit region mergers,which is otherwisenec-
essaryto dealwith irrepeatibilityof regionsobservedunder
unstablesegmentations.2) This paperalsoproposesanef-
fective solution of many-to-onelabel assignmentsfor the
problemof structuralnoisein RAGs,which is possibledue
to ourde�nition of partialmatchcost.

Therestof thepaperis organizedasfollows: In Sec.2,
we explain our partial region matchcost. In Sec.3, we ex-
plain our labelassignmentformulationfor RAG matching.
Experimentsandresultsaredescribedin Sec.4. Finally, we
concludethepaperin Sec.6.

2. Partial RegionMatching

Sincetheglobalpropertiesof regionschangedrastically
amongsegmentationsof thesamesceneunderslightly dif-
ferentconditions,(e.g., lighting, viewpoint, etc.), they can
not beusedto obtaina reliablematchbetweenthesegmen-
tations. The propertiesof regionsshouldinsteadbe com-
paredin theportionscommonto thetwo regions.Consider
for instancethe regions b and b1 shown in Fig. 1, corre-
spondingto thetorsoandshirt of theman.Insteadof com-
paringtheir globalproperties,if we comparetheproperties
only in thecommonphysicalportionof theseregions,i.e.,
shirt,wewill beableto assignlow costto amatchbetween



Figure 1. Imagesin the �rst column show adjacentframesof a
video sequence.Secondcolumnshows the region splitting phe-
nomenonandthechangedRAG structuredueto it. We show only
apartof RAG for bettervisibilty. Third columnshowssomeof the
matchedregionsobtainedby our algorithm. Matchedregionsare
shown with thesamecolor. Noticethatshirt andpantfragmentsin
thebottomimagearesuccessfullymatchedto the torso fragment
in thetop image.

theseregions. We denotethe matchcostobtainedin such
a mannerasPartial Match Cost (PMC). As we shall next
explain, we hypothesizethat deductionaboutsucha com-
monportionbetweentheregionsin differentimagescanbe
obtainedasatransformationT, by robustly registeringtheir
contours.For two regions,r 1 in the �rst imageandr 2 in
thesecondimage,andthetransformationT betweenthem,
wecanthende�ne overlappingportionsaso1 = r 1 \ T(r 2)
ando2 = r 2 \ T � 1(r 1), in thedomainsof the�rst andsec-
ond images,respectively. We de�ne the PMC betweenr 1

andr 2 as

PM C(r 1; r 2) = jj f (o1) � f (o2)) jj (1)

where f (r ) denotesthe propertiesof region r and jj � jj
is the euclidiannorm. SinceEq. (1) computesthe costof
matchingoverlappingportionsof registeredregions,assum-
ing that the transformationbetweenregionshasbeencom-
putedcorrectly, it will alwaysreturnlow costfor matching
a region with oneof its fragments(e.g.bwith b1 in Fig. 1).
Below weexplainourmethodologyfor estimatingthetrans-
formationT.

2.1.Regiontransformation

We assumethat dominant contourscorrespondingto
physicalboundariesof differentpartsof anobjectarefairly
repeatable.Due to the presenceof a few spuriouspixels
on the boundaries,the originally closedregionsof the ob-
ject leak out to form big regions. It is this leakagethat is
mostly responsiblefor irrepeatabilityof regionsacrossim-
agesof the sameobject. We thereforewant to exploit the
partsof theregionboundarieswhichareundisturbedby the
imagenoise,to estimatethe transformationT betweenre-
gionsr 1 andr 2. Let usdenotetheboundariesof r 1 andr 2

by bo1 = f x 1
1; : : : ; x 1

k g andbo2 = f x 2
1; : : : ; x 2

m g where

(a) (b)

(c)

Figure2. KDC Registration. Boundariesof regionsfrom the�rst
imageareshown in blueandthetransformedboundariesof corre-
spondingfragmentsin thesecondimageareoverlaidon thetop in
differentcolors. (a) Regionsfrom imagepair in Fig. 3(c) areac-
curatelyregistereddespitehugescalevariations.(b) Regionsfrom
imagepair in Fig. 3(b)areaccuratelyregisteredunderaf�ne trans-
formations.(c) Theface-neck region is successfullyregisteredto
faceandneck regions(seeFig. 3(a)).

x 1
i , i 2 f 1; : : : ; kg andx 2

j , j 2 f 1; : : : ; mg areboundary
pixelsof regionsr 1 andr 2 respectively. Ourgoalis to align
piecesof boundarieswhicharecommonin thetwo regions.
Moreover, in orderto successfullyalign fragmentsof a re-
gion with thewholeregion,we mustdo this alignmentin a
mannersuchthat it is robust to outliers. Therehasbeena
muchtowardsrobustlyestimatingatransformationbetween
pointcloudsin suchacorrespondencelesssetting[6,14,19].
We adoptrobustkerneldensitycorrelation(KDC) machin-
ery, describedin [15], for solvingthis problem.According
to [15], the problemof robustly matchingpoint cloudsis
formulatedas that of matchingthe respective kernel den-
sity (also known as parzenwindow) estimates[5] of the
samplesin eachof thesepoint clouds. KDC is usedasa
measureof matchbetweenthesekerneldensityestimates.
Theequivalencebetweenkerneldensityestimatorsandro-
bustM-estimatorswasshown in [3], andit is from herethat
KDC inheritsits robustnessto outliers.

Following the formulation in [15], we assumethat the
point setsbo1 andappropriatelytransformedbo2 aregen-
eratedfrom thesameunderlyingpdf. Thequality of match
betweenbo1 andT(bo2) is thengivenby thecorrelationof
thecorrespondingestimatesof theunderlyingpdf, givenby
thefollowing equation,asdescribedin [15].

K DC(bo1; T(bo2)) =
X

x i 2 bo 1
x j 2 bo 2

K (H � 1(x i � T(x j ))) (2)

where,K is the kernelfunction with zeromean,unit area



and identity covariancematrix, and H is a non singular
bandwidthmatrix. We useGaussiankernel in our experi-
ments. Maximizing KDC measurein Eq. (2) givesus the
T betweentwo regions.Givenanappropriateinitialization,
themaximizerof Eq. (2) canbeestimatedef�ciently in an
iterative fashionby usingvariationaloptimizationmachin-
ery, asshown in [15]. In our implementation,we restrictT
to beanaf�ne transformation.We discusstheinitialization
in Sec 4.

Fig. 2 shows someexampleresultsof our region trans-
formationestimationusingKDC. Boundaryof theregionin
�rst imageis shown in blue. The correspondingregion of
the objectwasbroken into fragmentsin the segmentation
of the secondimage. Seesegmentationimagesin second
row in Fig. 3. We have shown the boundariesof the frag-
mentregionsoverlaidon thetopof theoriginal regionafter
transformingthemusingthecomputedtransformation,with
differentcolors.Noticehow eachfragmentfrom secondim-
ageis robustly registeredon thesinglemergerregion in the
�rst image.

3. Matching RegionAdjacencyGraphs

We abstractthesegmentationof eachimageasa Region
Adjacency Graph(RAG) constructedin thefollowing fash-
ion. For an imageI , we de�ne anRAG G = (P; N ) con-
sistingof a setof nodesP anda setof edgesN � P � P.
Eachnodep 2 P representsa region in the image. An
edge(p;q) 2 N exists if regionsp andq sharea common
boundary(are adjacent),i.e., p � q. Towardsmatching
RAGsof two images,G1 = (P; N1) andG2 = (L ; N2), we
wantacorrespondencebetweentheirnodeswhichhasalow
partial matchcost,andpreservesadjacency relations. We
alsowantthiscorrespondencespaceto includemany-to-one
matchessincea nodein oneRAG might exist asmultiple
fragmentsin theotherRAG. Wethusde�ne RAG matching
astheminimumunarycostlabelingor mappingl : P ! L
satisfyingthe constraintsthat 8(p;q) 2 N1, we have ei-
ther (l (p); l (q)) 2 N2 or l(p) = l(q). For convenience,
we usethenotationlp = l(p). Notethat theconstraintson
thelabelingpreserve adjacency by allowing adjacentnodes
in G1 to take labelscorrespondingto adjacentnodesin G2

andcanproducemany-to-onematchesby allowing adjacent
nodesto take thesamelabel.Following this discussion,we
canwrite theenergy associatedwith a labelingl as

E(l) =
X

p2P

Dp(lp) +
X

p;q2N 1

V(lp; lq) (3)

Here,Dp(lp) is the unarycostof matchingnodesp 2 P
andlp 2 L computedaspartial matchcostusingEq. (1),
i.e., Dp(lp) = PM C(p; lp). ThetermV(lp; lq) is thecost

of violating theconstraints,de�ned as

V(lp; lq) =
�

0 if lp; lq 2 N2 or lp = lq
K if lp; lq =2 N2

(4)

Here,K is the constraintviolation penaltyand is set to a
high value. Thustheminimizerof E (l) givesanoptimum
assignmentin termsof both the unarycostandadjacency
relations.

Estimatinga globalminimum of the energy function in
Eq.(3) requiresasearchover thediscretespaceof all possi-
ble labelings.However, ef�cient iterative techniquesbased
on messagepassingalgorithms[12] and graph cuts [10]
have beenproposedin literature to estimatestrong local
minimumof suchanenergy function. We useloopy belief
propagation (LBP), which is a messagepassingalgorithm,
to solve theminimizationin Eq. (3). In LBP, eachnodeit-
eratively receivesmessagesfrom its neighborsin thegraph,
and updatesits own con�denceof having a certainlabel.
Oncethe messagesstopchangingbeyond a threshold,the
iterationsare terminated,andeachnodecomputesthe re-
sultingbelief over all thelabels.Thepernodelabel is then
obtainedby maximizationover theseindividual beliefs. If
convergent,LBP hasprovedto beagoodapproximationfor
many applications[12]. In ourexperiments,LBP converges
in approximately50 iterations.For our formulation,wecan
write the messagepassedby nodep to its neighborq for
labellq at iterationt as

mt
p! q(lq) = min

l p

0

B
B
@V(lp; lq) + Dp(lp) +

X

s6= q
(s;p )2N 1

mt � 1
s! p(lp)

1

C
C
A

After T iterationsof messagepassing,the belief vectorat
nodeq for labellq is computedas

bq(lq) = Dq(lq) +
X

f (p;q)2N 1 g

mT
p! q(lq) (5)

Finally, the label l �
q that minimizesbq(lq) at nodeq is se-

lected.

4. Experimentsand Results

Wetesttheperformanceof theproposedPMCandmany-
to-onematchingapproachwith two differentexperiments:
(a) matchingimagesof similar objectstaken underdiffer-
ent imagingconditions,and(b) matchingimagesof a mo-
tion sequence.For imagematching,we presentqualitative
resultson imagepairs with varying degreesof complexi-
ties,validatingtheability of our algorithmtowardsmatch-
ing a region with its fragments,and many-to-one region
matching(seeSec.4.1). For matchingimagesof motion
sequences,we presentbothqualitative andquantitative re-
sults.On thesesequences,we comparetheperformanceof



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

For all the experiments, image segmentationis per-
formedusing the mean-shiftclusteringapproach[4]. For
eachimagepair, we usethe samescaleparametersfor the
mean-shiftsegmentation. However, in order for our as-
sumptionof having repeatablecontoursin both imagesbe-
ing valid, we pick a scalewhich preservesdominantcon-
tours in segmentationoutput of the two images. As we
shall seein the results,therestill arenumerousexamples
of region irrepeatabilitesmakingtheregioncorrespondence
taskreally dif�cult. This selectionof the scaleparameter
canbecompletelyavoidedby takingregionsfrom segmen-
tationoutputsobtainedat multiple scales.Note thatwe do
not separatelytunethe scaleparametersfor eachimagein
thepair to getsimilarregions.Wesetthevalueof constraint
violation costK in Eq. (4) to 100 andthe region property
functionf in Eq.(1) is chosenasgrayscaleabsoluteinten-
sity differenceat eachpixel. Further, we assumethat the
transformationto be estimatedusingKDC, T, is an af�ne
transformation.KDC beinganiterativeapproachrequiresa
goodinitialization to searchfor theglobaloptimal.For im-
agematchingexperiments,we usemultiple initializations,
obtainedby matchinglocalappearancesat cornerpointson
theimagepairs.For matchingimagesof amotionsequence,
we initialize the transformationasan identity transforma-
tion.

4.1.Matching imagepairs

We show theresultsof our RAG matchingalgorithmon
a setof imagepairsconsistingof similar objects,captured
underdifferentconditions.Eachimageis representedasan
RAG,andPMCis computedbetweeneveryregionpaircon-
sistingof aregionfrom the�rst imageandaregionfrom the
secondimage. Region correspondencesare thenobtained
by matchingRAGsusingthealgorithmdescribedin Sec 3.
Note that our original formulation for label assignmentis
many-to-one,however, we re-runthe algorithmby revers-
ing theorderof imagesto obtainmany-to-many correspon-
dences.For eachsetof imagesin Fig.3, theoriginal images
areshown in the top row, the segmentationsin the middle
row, and,thematchedregionsareshown in thesamecolors
in the bottomrow. The nodeswhich arenot matchedare
shown in black.

Fig. 3(a)shows thematchingof faceimagesof thesame
personon differentbackgrounds.Here,the regionscorre-
spondingto face,neck and right collar in the left image
fusetogetherto form asingleface-neck-collar mergerin the
right image. Note that our formulationis ableto �nd cor-
respondencesbetweenthis merger andits individual frag-
ments. This shows the robustnessof PMC basedunary
costandtheability of ourRAG matchingalgorithmtowards
handlingmany-to-onematches.Also notethat the regions

neighboringtheface-neck-collar portionin theimagesstill
getmatchedappropriatelydespitetheir signi�cantly differ-
ent neighborhoods.Thus, our algorithm can also handle
structuralnoisein RAGs. Fig. 3(b) shows matchingresults
onimagesof agraf�ti whichhavecomplex adjacency struc-
ture.Matchingtheseimagesusingany globalregion match
measureor one-to-oneRAG matchingmethodologywould
be very dif�cult, dueto hugedifferencesin segmentations
in termsof mergersandsplitsof regions,aswell astheadja-
cency structure.However, our matchingframework is able
to handlethis successfully. Note the partial matchingfor
theregionsshown in blue,wherethecorrespondingregion
in thesecondimageoccupieslessthanhalf of theareaof the
regionin the�rst image(seethecorrespondingregistrations
in Fig. 2). Also notethatdespiteof instancesof structural
noisein the graphs,we areable to matchthemcorrectly.
For instance,theregionscoloredin blueandorangearead-
jacentin the�rst image,but not in thesecond,andyet they
arematchedcorrectly.

Fig. 3(c)and(d) show matchingresultson imagesof the
Kremlin andthe Statueof Liberty, respectively. Note that
theKremlin appearsasa singleregion in oneimageandis
fragmentedinto multiple regionsin thesecondimage.Our
algorithmis ableto matchthesefragmentswith the entire
region. Many of thesefragments,asshown in Fig. 2(a),are
successfullyregisteredto thesingleKremlin region,provid-
ing a low matchcostbetweenthesecorrespondingregions.
A similareffect canbeseenfor theStatueof Liberty image
pair.

Fig. 3(e) and (f) show matchingresultsfor rhino and
horseimagespairs.Notethatthemany regionscorrespond-
ing to theobjectarematchedcorrectly, but backgroundre-
gionsarenot. This is becausethebackgroundregionsand
their adjacency relationshipsaredifferentin theseimages.
Also, someregionsinsidethe objectarenot matchedcor-
rectly. dueto lackof suf�cient boundaryoverlapfor reliable
transformationestimationusingKDC.

4.2.Matching Motion Sequences

We comparethe resultsof our algorithm,both qualita-
tively andquantitatively, againstaone-to-oneregionmatch-
ing algorithm, which usesabsoluteregion propertiesfor
computingmatch 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 regions is computedas sum-of-squared-
differencesbetweentheseabsoluteproperties. The one-
to-oneRAG matchingalgorithmimplementedis the same
as the onedescribedin Sec.3, except that we changethe
constraintcost in Eq. (4) so that V (lp; lq) = 0 only when
lp; lq 2 N2. Thus,thereis a high costfor neighboringre-
gions taking the samelabel, i.e., penalizingmany-to-one



(a) (b) (c)

(d) (e) (f)

Figure3. Imagematching results. Eachsetof imagesshowstheoriginal imagesin thetop row, thesegmentedimagesin themiddle row,
andmatchingresultsin thebottom row. Matchedregionpairsareshown with thesamecolor in thetwo images.Imagesin (a) show results
for matchingfaceof a personon differentbackgrounds.Imagesin (b) show matchingresultsfor Graf�ti imageswhich have complex
adjacency structure.Notethat theinstancesof partialmatchingandmany-to-many matchingsaredetectedcorrectly. Imagesin (c) shows
matchingof theKremlin imagesunderscalevariations,all thefragmentsof thestructurearecorrectlymatchedto thecorrespondingmerger
region. Similarly (d), (e), (f) show resultson instancesof theStatueof Liberty, rhinosandhorses.Noticehow thedifferentsegmentson
theobjectarematchedaccurately. (This �gure is bestviewedin color.)

matching.
We choosemotionsequencesfor this comparison.Note

that the assumptionof one-to-onecorrespondenceis suit-
able underthis setting. We have consideredthreediffer-
ent motion sequenceshere, namely, the housesequence
from CMU motion database,the man sequenceof a per-
sonwalking on staticbackground,and,theKwansequence
of olympic ice-skaterMichelle Kwan. Matching is per-
formed on successive 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 thealgorithm,but not
a groundtruth matchpair. Thetotal region mismatch error
perimageis computedastheratioof thetotalnumberof er-
roneousmatchedpairsreturnedby thealgorithm,andtheto-

tal numberof groundtruthregionpairs.Thepixelmismatch
error for anerroneouspair is computedastheminimumof
theareasof thetwo regionsin thematchedpair. Wechoose
theminimumareato respectpartialmatching.Theper im-
agepixel mismatcherroris computedastheratioof sumof
pixel mismatcherrorsof eacherroneouspair, andthe total
imagearea.For eachsequence,we reportthemeanperim-
ageregion andpixel mismatcherrors,computedastheav-
erageof region andpixel mismatcherrorsof all theframes
of that sequence,shown in Fig. 4. Note that the many-to-
onematchingalgorithmhaslowererrorsascomparedto the
one-to-onematchingalgorithm,for eachof thesequences.
As canbeseenin Fig. 5, thehousesequencehasthehighest
ambiguitydueto multiple window regionswhich arevery
similar in appearance.This is not thecasewith theotherse-
quences,andhencethey have lowerregionmatchingerrors.
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Figure 4. Performance comparison. Detection error for our
method(many-to-one)is shown in pink andthe error for one-to-
onematchingmethodis shown in blue. Averageerrorsfor three
motionsequencesareshown. (a) We have obtainedlower region
detection error for all the threesequences.Performancegain is
thehighestfor housesequencebecauseof its complex RAG struc-
ture,dueto which this sequenceis moreproneto structuralnoise.
(b) Pixel matching error usingone-to-onematchingis high for
thekwansequencesinceit haslargebackgroundclutterandanum-
berof instancesof non-repeatingregionsin adjacentframes.Our
PMC basedmethodgivesvery low error on this sequence.Man
sequencewasthe leastchallengingamongstthe threeandhence
boththemethodsperformalmostequallywell on it.

However, theareaoccupiedby theseambiguousregionsis
very small, andhencethe pixel matchingerrorsare lower
thanthe Kwan sequence.The mansequenceis the easiest
with not muchcomplex motion,andhigh repeatability, and
henceproduceslowesterrors.

In Fig. 5 we show exampleframesof theabove motion
sequences.Top row shows original imagesof consecutive
framesin themotionsequencesmiddlerow showsmatching
resultsby our methodandthebottomrow shows matching
resultsreturnedby theone-to-onemethod.Noticehow our
methodcanmatchshirt, pantwith the torso region in the
mansequence.Also hair andfaceregionsarematchedby
ourmethodbut notby one-to-one.In kwansequencesimilar
effect can be observed. We can matchthe torso of kwan
with both upperbody andlower body whereasone-to-one
matchesit only with theupperbody.

5. Computational Complexity

The most expensive step towards computing the par-
tial matchcostis thecomputationof robust transformation
using KDC. From Eq. (2), the complexity of computing
theKDC similarity measurebetweensamplesfrom bound-
aries of two regions, bo1 = f x 1

1; : : : ; x 1
k g and bo2 =

f x 2
1; : : : ; x 2

m g for a given transformationT is O(km),
wherek andm are the numberof boundarypoints in the
respective boundaries.Let us assumethat the KDC con-
verges to a stable transformationin T iterations. Then
the complexity of KDC computationsfor estimatingT is
given by O(mkT). Let us denoteby nbj

i , the numberof
boundarypoints in th i -th region of j -th image, and by

N bj =
P

i nbj
i , thesumof boundarypointsof all regions

in the j th image.Then,thetotal complexity of KDC stage
canbecomputedas

CK D C = O(
X

i 1;i 2

Tnb1
i 1nb2

i 2) = O(TN b1N b2) (6)

Theloopy beliefpropagationfor many-to-oneRAG match-
ing hasthecomplexity, CB P = O(N 1N 2N 2t), with num-
berof nodes(regionsin �rst image)N 1 andnumberof la-
bels(regionsin secondimage)N 2 andt iterations.Theone-
to-onematchingapproachwithout PMC hascomputational
complexity of O(N 1N 2) for computingthematchcostbe-
tweenN 1 regionsin the �rst imageandN 2 regionsin the
secondimage.Thecomplexity of graphmatchingstageus-
ing labelassignmentis sameasCB P for boththemethods.
Thus PMC provides increasedaccuracy at the cost of in-
creasedcomputations.However, as demonstratedearlier,
even in simplestsettingsassumptionof one-to-oneregion
correspondencesis very restrictive. Notethat,ascompared
to methodswhich performexplicit region mergerswe save
substantiallyin termsof computations.For instance,if we
considerall possiblemergersof N 1 nodesweget2N 1

nodes
andthisthusmakesthecomplexity of computingmatchcost
exponentialO(2N 1

2N 2
). Thecostof graphmatchingstage

is alsoincreasedexponentially.

6. Conclusion

In this paper, we proposea solution of partial region
matchingfor matchinga region with its componentfrag-
ments.Wefurtheraddresstheproblemof structuralnoisein
region adjacency graphsthroughour formulationof many-
to-oneassignmentproblem.Theresultsof ouralgorithmfor
matchingimagesof similar objectswith differentsegmen-
tationsshow that the conceptof partial region matchcost
is promisingfor handlingirrepeatabilityusually observed
in the outputof imagesegmentationalgorithms. We also
demonstrateperformanceenhancementwith our many-to-
onematchingmethodbasedon partialmatchcost,over the
one-to-onemethodwhich takesabsolutepropertiesof the
regions into consideration.An immediatepossibleexten-
sionof our work is matchingregion adjacency graphscon-
structedusingregionsobtainedfrom multiscalesegmenta-
tion outputs,to ensurebetterrepeatabilityin termsof image
contours. Possibility of integratinghierarchicaland adja-
cency constraintsin suchregion adjacency graphscanalso
beexplored.
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(a)HouseSequence (b) KwanSequence (c) ManSequence

Figure5. Example frames fr om thr eemotion sequences.Original imagesareshown in the top row, matchingresultsobtainedby our
methodis shown in themiddle row andone-to-onematchingresultsareshown in thebottomrow. Matchedregionsareshown with the
samecolor in theleft andright images,regionswhicharenotmatchedareshown in black. (a) House.Notethatsomeof thesmallregions
correspondingto windowsarenotmatchedcorrectlyby one-to-onemethodwhile wecanmatchthem.(b) Kwan. Wecanmatchthelower
bodyandupperbodyof kwanin theright imagewith thewholebodyregion in theleft imagewhereasone-to-onematchingcannotachieve
this. (c) Man. Noticehow theshirt, face,andhair regionsareleft unmatchedby one-to-onemethodwhich arematchedaccuratelyby our
method.
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