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Abstract

This paper addresseghe problemof estimatingdense
correspondencketweerarbitrary framesromcaptuedse-
guence®f shapeand appeaancefor surfacesundegoing
free-formdeformation. Previoustecniquesrequite either
a prior model,limiting the range of surfacedeformations,
or frame-to-famesurfacetracking which sufers from sta-
bilisation problemsover completemotion sequencesnd
doesnot provide correspondencéetweersequencesThe
primary contribution of this paperis the introduction of
a systenfor wide-timefamesurfacematding without the
requirementfor a prior modelor tracking. Deformation-
invariant surfacematding is formulatedas a locally iso-
metric mappingat a discrete setof surfacepoints. A setof
featule descriptos are presentedhat are invariant to iso-
metric deformationsand a novel MAP-MRF framevork is
presentedo label sparse-to-denssurfacecorrespondence
preservingherelativedistribution of surfacefeatueswhile
allowing for changesin surfacetopolagy. Performanceis
evaluatedon challengingdata from a moving personwith
looseclothing Ground-truthfeature correspondenceare
manuallymarked and the recall-accurcy characteristicis
guanti ed in matding. Resultsdemonstate an improved
performanceompaedto non-rigid point-patternmatding
usingrobustmatding andgraph-matting usingrelaxation
labelling, with successfumatding achieved acrosswide
variationsin humanbodyposeand surfacetopology.

1. Intr oduction

A frameawork is presentedio matcharbitraryframesfrom
capturedsequencesf afree-formsurfaceundegoinglarge
scalearticulatedmotions. The goal of this work is to per
form surfacematchingin capturedsequencesf humanmo-
tion asa basisfor both intra-sequenceand inter-sequence
surface correspondencéor the analysisof dynamic sur
facedeformation. Intra-sequenceorrespondencesquires
matchingbetweenarbitrary framesin a single motion se-
guenceandinter-sequenceorrespondencequiresmatch-
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Figure 1. Correspondenckabelling for wide-timeframematching
betweerntwo framesfrom differentsurfacemotionsequences.

ing betweerarbitraryframesfrom two differentsequences.

Temporally varying surface matching has been ad-
dressegbreviously usingmodeltrackingand tting, provid-
ing an approximatesurfacecorrespondenceModel based
techniquesiowever requirea prede nedmodelandrestrict
the spaceof feasiblesurfacedeformation20]. In tracking,
3D scene- ow[23] hasbeenproposedo derive temporal
correspondencedowever, stablelongterm o w is required
for wide-timeframematcheswhich remainsan openprob-
lem for differentialtracking algorithmsand temporalcor
respondenceannotmatchsurfacesbetweendifferentmo-
tion sequencesThis papercontritutesa new approacho
the surfacematchingproblemthat allows recovery of sur
facecorrespondendae arbitrarytime frameswithoutthere-
guiremenfor sequentiatrackingor aprede nedmodeland
with the e xibility to allow for changesn surfacetopology
duringmotion.

Ourapproachio 3D surfacematchingis motivatedby re-
centwork in viewpointinvariantimagematchingfor wide-
baselineimage correspondenc¢l4]. Wide-baselineim-



agematchingis addressetly constructingeature-pointe-
scriptorsthatareinvariantto a speci ¢ classof transforma-
tionsandby deriving aconsistensetof featurematcheghat
placetheimagesn correspondencédere,we formulate3D
surfacecorrespondencasthe problemof matchingsurface
pointsbetweentwo objectsusinglocal descriptorghatare
invariantto surfacedeformation. Deformationis assumed
to bealocally isometrictransformatiorthat preseresgeo-
desicsurfacedistance Featurematchingis thenformulated
asthe inferenceof the mostlikely labelling of correspon-
denceby modelling the feature point con gurationsas a
Markov random eld (MRF) that preseres the geodesic
distancebetweenfeaturepoints. A maximuma posteriori
(MAP) estimatéor thejoint distribution of correspondence
labelsis thenrecoveredby Bayesiarbelief propagtion.
Theprimarycontritutionof this paperis aframework for
wide-timeframesurface correspondencéhat doesnot re-
quireaprior modelor temporalracking. Two contrikutions
aremadein this frameawork, (i) a setof featuredescriptors
are presentedhat are invariantto isometric deformations
and (ii) a novel MAP-MRF framework is presentedo la-
bel sparse-to-denssurface correspondenceThe resultis
adensesurface-to-suidcecorrespondencthatlocally pro-
vides an isometricembeddingwhile allowing for changes
in globalgeodesisurfacedistancewith changesn surface
topology during deformation. An evaluationis performed
in matchingsurfacepointsacrosdifferentposesn apublic
databasef humansurfacemotion[22]. Therecall-accurag
characteristicthe numberof correctmatchesagainst the
requiredtolerancein matchingis evaluatedand compared
to non-rigid point-patternmatchingusing robust matching
(RPM-TPS)[4] andrelaxationlabelling[24].

2. Related Work

Cornventionalmultiple-vien scenereconstructiomecor-
ers a separatesurface representatiorat eachtime instant
and doesnot provide the structureand motion of the un-
derlying scene. Structureand motion hasbeenaddressed
using o w-basedalgorithmsto track surfacesin multiple
view video sequencesVedulaet al. [23] introducedthe
conceptof scene- owasthe extensionof 2D optic- ow to
the 3D surface of a scene. Carceroniand Kutulakos [2]
computeshapeand non-rigid motion underknown light-
ing conditionsusingrelatively large scale3D surfaceele-
ments. Ponset al. [16] presenta variationalapproactfor
reconstructiorand scene- ov providing a global solution
for the motion estimationof a surface. For cloth motion,
distinct featureshave beenusedin trackingto producea
consistensurface parameterisationequiring either highly
texture surfaceq17] or a colourcodedpattern[19]. Wide-
timeframemotion-estimatioris inherentlyambiguousand
anopenproblemfor o w-baseddifferentialtrackingalgo-
rithms. Correspondenclasonly beendemonstratedor

highly structuredsceneg19] or by restrictingthe topology
of thescend21].

Surfacecorrespondenckasbeenaddressedvithout the
requirementfor sequentiatracking using prior modelsof
shapeandappearanceModel registrationand tting atar
bitrary time points providesan approximatesurfacecorre-
spondencevia the intermediatedomain of the model sur
face. Salzmanret al. [18] constructa parameterisedle-
formable model for the non-rigid motion of inextensible
planarsurfaces. Correspondence derived in monocular
imagesequencessingwide-baselindeaturematchingfor
registrationandby tting the parameterisednodel. In the
medicaldomain,deformablemodelshave beenwidely used
to extract anatomicalsurfacesusing landmarkregistration
and model deformation[13]. For humansurface shape,
parameterisednodelsare widely usedto derive the gross
articulatedmotion of the humanbody [15]. Deformable
surface tting hasbeenperformed[20, 3] given the pose
of a skeletonmodelto extract the shapeand appearance
of a personat differenttime frames. Model-basednatch-
ing and tting is however inherentlylimited to the shape
andtopologyof the prior parameterisechodel,which con-
strainsthe spaceof feasiblesurfacedeformations.For ex-
ample,a generichumanbodywill not matcha persorwith
looseclothing or dynamichair motion.

Featurebasedsurface matching has beeninvesticated
previously for the problemof appearancenatchingin im-
agesandshapematchingfor surfaces.In wide-baselinem-
age matching[14] afne invariant featuredescriptorsare
typically adoptedas invariantto transformationdetween
views. For monocularimage sequencesing and Jacobs
[11] introducealocal appearancdistribution descriptorfor
deformation-irariantimagematching. Belongieet al. [1]
proposeda local shapecontext descriptorfor deformable
2D shapenatching.Localfeaturedescriptorhave beende-
velopedfor 3D shapemnatchingin 3D shapeaecognition9].
Galetal. [6] introducea local shapedistribution descriptor
thatis invariantto articulatedpose.Gatzle andGarland[ 7]
resamplesurfacecurvatureonto a radial descriptorembed-
dedonthesurface.EladandKimmel [5] constructending
invariantrepresentationgsinganisometricembeddingor
a surfacein a higherdimensionaEuclideanspace.In this
paperwe describea setof bendinginvariantlocal descrip-
torsfor bothshapeandappearancembeddedn a deform-
ing surface.

3. Surface Descriptors

Surface matchingis basedon the assumptiorthat de-
formationsareinextensible,undegoing neitherdilation or
contractionduring motion. The correspondenceetween
two surfacesS and T can then be formalisedas a map
f :S! T thatpreseresgeodesisurfacedistanceaniso-
metricmapping.Thestrictassumptiorof a singledistance-



preservingoijective map|[5, 21] is relaxed. Large changes
in geodesidistancecanoccurin practisewith changesn
surfacetopologyfor articulatedmotionsandassurfacere-
gionsappearanddisappeamwith changesn visibility. In-
steadwe assumeonly a local isometricmappingat a dis-
cretesetof surfacepoints. In this sectionsurfacepoint de-
scriptorsare constructedhat areinvariantto isometricde-
formationsandin Section4 matchingof pointdescriptorss
formulatedin a probabilisticframevork thatpreseresgeo-
desicsurfacedistancewvherethisis possible.

3.1.lsometric mapping

Local descriptorsareconstructedor a surfacein anin-
termediatedomainwherethe non-rigid isometricmapping
betweenwo surfacescanbe representedy a rigid isome-
try. A local Euclideanisometricembeddings performedn
R?, removing surface bendingsuchthat the mappingbe-
tweentwo surfacescan be locally evaluatedup to a 2D
rigid body transformation.lsometricembeddinghasbeen
proposedpreviously [5] using Multi-Dimensional Scaling
(MDS) to presere geodesicsuriacedistance.Here Least-
SquareonformalMapping(LSCM) [10] is adoptedmin-
imising angulardeformationsas well asnon-uniformsur
facescalingin constructinghemapf : S! R?.

A surfaceS is representedby a triangulatedmeshde-
ned by (V;K), whereV is a nite setof vertex positions
in R® andK is a simplicial complex de ning the vertices
fig 2 K, edgeconnectiondi;jg 2 K, andfacecon-
nectionsfi; j; kg 2 K. A localmappingf : S! R?is
centredat a givenvertex i correspondingo a featurepoint
onthesurface. A genus-zersubmeshs rst extractedus-
ing a wavefrontcentredoni by extractingall trianglesup
to a given geodesidistancein which the triangle vertices
have a consistentlistancein the wavefront. This submesh
is topologicallyequialentto a discandsocanbe attened
to R? usingLSCM [10]. The nal stepis to scalethe map
suchthat geodesiddistanceis consistentn R? by apply-
ing anareapreservinguniform scaling. Figure?2 illustrates
theisometric-mappindor correspondingpointson two sur
faces.

3.2.Surfaceattrib utes

Surface attributes are resampledonto the geodesic-
distancepreservingdomainfor comparison Attributesare
de ned for boththe colourandshapeat the verticesfig 2
K . Colouris derivedby view-dependenblendingfrom the
multiple view imagesusedto reconstructthe surface. A
conserative visibility testis performedusingadepthbuffer
in which the surfacehasbeenin ated suchthatambiguous
pointscloseto occlusionboundariedecomeoccludedand
arenot considerediisible. Shapeis representedisingvol-
umetricintegral invariantsproviding robustnesgo surface
noisecomparedo differential curvaturebaseddescriptors

F ¢ - X

W "
i

L i g/‘. |
Figure2. Isometricmappingf : S! R? atamanuallymarked

point correspondencbetweentwo surfaces. The appearancés
similar up to arigid isometryin R?.

[8]. While volumetricinvariantsin factcharacterissurface
bendingand as suchare not presered in isometric map-
ping, they provide a meansto distinguishdissimilarvolu-
metric regions suchasthe humanarms,legsandbody A
singleattributevectoris constructedor eachvertex a; with
bothcolourandshapeattributed,togethemwith a covariance
matrix ~de ning the expectedvariancefor the attributes
in motion sequences.The distancebetweenattribute val-
uescanthenbecomputedasthenormalisedsumof squared
differencesvhereN, is thesizeof a.
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3.3.Corner descriptor

Cornerfeaturesarewidely usedin matchingandrecog-
nition tasksdueto thelocalisedandpotentiallydistinctna-
ture of the featurepoint. Cornerfeaturesare extractedin
the multiple-view imagesusedto reconstructa surface S
usingthe SUSAN cornerdetector Thefeaturesarethenas-
sociatedwith the closestvisible vertex on the surface. A
descriptor© is thenconstructedor eachfeaturevertex by
mappingto R? andresamplingattributesin sphericalbins
FC(r; ). The minimum distancebetweentwo featurede-
scriptorsis computedup to a rigid-body rotationof the de-
scriptor

X

d F;FS) = argmin d a(r; )g(r; +

)

bins r

3.4.Edgedescriptor

Edgefeaturesde ne alocally salientregion thatis am-
biguousin oneorientation. Edgefeaturesare extractedus-
ing a Canry-Dericheedgedetectoiin the multiple-view im-
ages.Thefeaturesareagpin associatedvith theclosestis-
ible vertex on the surfaceandthe vertex setis uniformly
decimatedo provide a semi-denssamplingalongthe sur



faceedgesHereconserative visibility testingsenesto re-
move arti cial edgesthatoccurat occlusionboundariesn
animage. A rotationinvariantedgedescriptorF £ is con-
structedby mappingto R? andthenresamplingelative to a
anassigneddgeorientationasadoptedn the SIFT feature
descriptorf12]. Thedistancebetweenwo featuress then
computedwith no transformation.
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3.5.Regiondescriptor

Cornersand edgesprovide only sparsefeaturepoints.
Densesurface matchingis performedby uniformly sam-
pling the surfaceto createa set of region featurepoints
that describethe relative distribution of surface attributes
for non-salientregions. The geodesic-intensithistogram
(GIH) [11] approachis adoptedn which thedistributioniis
representedby a 2D histogramof attribute valuesagainst
geodesidistance. The descriptorprovides a grossrepre-
sentatiorof thesurfaceattributesthatis invariantto distance
preservingdeformations.This descriptorwas proposedo
matchintensityimagesandis appliedhereto a manifold
in R® with arbitrary surfaceattributes. The descriptorF R
is computeddirectly without mappingto R? by traversinga
wavefrontcentreconafeaturevertex i andbinningattribute
valuesdirectly againstgeodesidalistance.The distancebe-
tweentwo descriptords computedusingthe 2 difference
betweerthe normalisechistograms.
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Figure 3 illustratesthe corner edgeandregion feature
pointsextractedfor a surface.

4. Correspondencé.abelling

Surfacecorrespondencis formulatedasthe problemof
nding the mostlikely assignmenbetweera setof feature
pointson a sourcesurfaceS andtamgetsurfaceT. A local
neighbourhoodstructureis de ned on S forming an undi-
rectedgraph,or Markov randomeld (MRF). The nodesof
this graphrepresentandomvariablesde ning the discrete
assignmenfrom S to T and the edgesde ne dependen-
ciesin the assignmenfor neighbouringpointson S. The
edgeconnectionsn the graphprovide a prior probability
on the compatibility betweenneighbouringpoint assign-
mentsandlocal supportis aggr@atedin the graphthrough
a procesof belief propa@tion. The maximuma posterior
(MAP) solutionis soughtin labelling the correspondence,
in whichthejoint probabilitydistributionfor theassignment

Figure 3. Surfacefeaturepointsshoving extractedcorners.edges
andregion pointsasblackpointson the surfacemesh.

is maximised. In this sectionwe outline the construction
of a Markov network for the correspondencproblemand
presenbur algorithmfor sparse-to-densaurfacematching.
Local supportis explicitly de nedin this formulationup to

agivengeodesisurfacedistanceD nqx for whichtopology
andhencegeodesicsurfacedistances assumedo be pre-

sened, while allowing for changesn global surfacetopol-

ogyatd > Dax -

FR(uv;a) FR(U V@) 24.1.MRF Formulation

The setof featurepointson the sourceS is denotedby
X wherea featurepoint is de ned by the positionin R3
and the featuredescriptor xs = (Xs;Fs) 2 X. Simi-
larly the setof featurepoints on the tamget T is denoted
by y; = (Xt?':t) 2 Y. The correspondencbetweenfea-
ture pointsis a setof randomvariablesL wherel; 2 L
corresponds$o eachfeaturepointx; 2 X andtakesoneof
a discretesetof labelscorrespondingo the featurepoints
Yyt 2 Y. A particularrealisationof the label variablel;
implies a speci ¢ correspondenceetweenfeature points
li : Xs = V.

Thelikelihoodthata sourcepoint correspondso a par
ticulartarmgetpointis de ned by a potentialfunction ( I;).

P(xs=wili)/ (I) )

A pair-wise Markov network is de ned on S asanundi-
rectedgraphG = (N; E) whereeachnodein the graphN
representshe randomvariablel; for assignmenandeach
edgein E adependencbetweentwo noded;; l; . Thegraph
is constructedisinga local neighbourhooaystemN; that



containsall pointswithin a givengeodesicsurfacedistance
Dn  Dmax of thesourcefeaturepointx;.

N; = fj 2 Xjd(xi;xj) Dn;j 6 ig (6)

The prior probability for an assignment; in the MRF
is thende ned by a compatibility function ( I;;l;) onthe
neighbourhoodN;. This compatibility functionde nesthe
probability of assignmentccordingto consisteng in la-
bellingin the neighbourhood.

p(li) / (is1p) )
j2N;

The posteriomprobabilityat a nodein the graphcanthen
bewritten by applyingBayes'rule asfollows, whereZ is a
normalisingfactor

Y
(1) (i) 8

J2N;

. 1

p(lijyt) = 7

The MAP solutionis foundby maximisingthejoint pos-
terior probability distribution.

Y Y
L = arg mlax (1)
i isj

(is1y) ©)

Theprobabilityfunctionsaremodelledusinga Gaussian
distribution for therelative distancebetweerfeaturepoints.
Thepotentialfunction ( I;) de nesthelikelihoodof acor
respondencdabel accordingto the distancebetweenthe
correspondindeaturedescriptord-s; F;.

() = exp gd(FSP;F'P) SD=TD

: 0 SD6& TD
(10)

The compatibility function ( Ii;1;) de nes the prior

probabilityfor arealisationusingthe differencein the geo-
desicsurfacedistancebetweenthe sourcepointsd(x;; X; )
andthelabelledassignmend(y;, ; yi, ).

n 0
(i) =exp o dxiix) diyiiy) °  (11)

The relative in uence of the distancefunctionsis con-
trolled by a parameter . As we only comparefeaturesof
the sametype (SD = TD), thereis no needto balance
the relative weighting of featuredistancesandin practise
we simply set ¢ = 1. Thein uence of the prior com-
patibility probabilityis setaccordingto the expectedvaria-
tion in geodesidistance a function of both differencesn
surfaceand featuresamplingas well asnon-isometricde-
formationsarising from inexact surfacereconstructionfor
examplewherefoldsin clothingarenotreconstructedead-
ing to areducedsurfacearea.

4.2.Propagating Corr espondence

Exactinferencein the MRF is infeasibleandthe MAP
solutionis approximatedisingthe max-productalgorithm
for Loopy Belief Propagation The algorithm passesnes-
sagedetweenadjacentnodesin the network de ning the
supportfor the label assignmenat eachnode. At eachit-
eration,a nodei passes messagen; to eachneighbour
j 2 N; de ning thebeliefin thelabell; giventhelabell;.
Messagearepassedn parallelandthemessagenfj atthe
next iterationis de ned by theupdaterule.

Y
mg (1)) = max  (li;1;) (1) mgi  (12)
' k2N;

Belief propagtion is performedfor a setnumberof it-
erationsandthe label that maximisesthe nal beliefis se-
lectedat eachnode. The algorithmis initialised with no
prior informationon the consisteng betweemodesby set-
tingm? = 1.

Y
li = argmax  (Ii) mji (13)
' j2N;

Belief propagtion in surface point matchingis inher
entlyambiguousPointsonthedifferentregionsof thebody
suchasthearms,torso,headandlegswill have ahighlike-
lihood in matchingall pointsin the sametargetregion. In-
correctmatcheswill alsobe supportedoy the MRF neigh-
bourhoodstructurewhereneighbouringpointshave a high
likelihoodin incorrectly matchingthe neighbouringpoints
in the target region. Similarly edgepoints at the bound-
ary betweerregionscanmatchary edgepointonthetarget
boundary Only cornerfeaturegrovide arelatively distinct
descriptorsuitablefor unambiguousnatchingbut this oc-
cursonly at a sparsesetof pointsas shovn in Figure 3.
The solutioncanthereforeconverge to a local optimumas
shavn in Figure4(a).

A sparse-to-denséabelling stratgyy is introducedin
which cornerfeaturesare matchedrst to achieve surface
registration,thenedgeandregion featurepointsaresubse-
guentlymatched. A processof cross-alidationand prun-
ing is introducedto ensurethat only valid featurecorre-
spondencegersistin belief propagtion. Inferenceis per
formedin an MRF constructedrom the setof featuresfor
matching, rst f cornersg, thenf corneis,ed@g, and nally
f corners,ed@s, egionyy. Belief propagtionin the MRF is
performedusingonly a cross-alidatedsetof labelsto form
the messagejpdatesmi? . The nal setof labelsarethen
extractedandprunedto a self-consistenset. Belief propa-
gationin the MRF is thenrepeatedisingthe consistentet
of labelsto initialise the messagemfj’ .

Cross-alidation is performedby verifying a consistent
source-taget, tarmget-sourcelabelling of correspondence.
The posteriorprobability distribution is maintainedat each



(a) Belief Propagtion
Figure4. Surfacefeaturepointsshaving extractedcorners gdgesandregion points.

(b) Sparseo Dense

nodein the network during belief propagtion. This en-
codesan assignmenmmatrix betweenthe sourceandtarget
featurepoints. Cross-alidationis performedby only prop-
agating messagewherebeliefis maximisedwith a consis-
tentsource-to-tagetandtamget-to-sourcessignment.

Pruning is performedusinga voting stratgy to de ne
the consisteng in the nal setof labelsextractedfrom be-
lief propagtion. For eachpair of featurepointsd(x;; x; ) <
Dmax consisteng is votedwherethe geodesicsurfacedis-
tanceon the sourceand target surface agreeto within a
thresholdkD ax . A self-consistenset of labelsis then
extractedby pruninglabelswith alow numberof votes.

The effect of belief propagtion in deriving the set of
correspondenchabelsL is illustratedin Figure4. Belief
propagtion alone,Figure4(a), resultsin a locally optimal
solutiondueto theinherentambiguityin matchingthe point
descriptorsSparse-to-dengeatchingimprovescorrespon-
dencefor thearmsbut failsto correctlymatchthelegs, Fig-
ure 4(b). Validationandconsisteng checkingensureghat
correspondencis correctlylabelledacrosghe whole body
asshawvn in Figure 4(c). The proposedmethodsenesto
provide a validatedsetof consistentlylabelledsurfacecor
respondences.

4.3.Regularisedlik elihood

Completesurface matchingis nally introducedusing
the prior shapeof themodelto regularisethelabellinglik e-
lihood in the MRF. Thisis basedon a commonframewvork
for shapematchingin which an iterative procesf corre-
spondencestimationand modeltransformatioris usedto
consistentlylabelcorrespondence.

Regularisationis performedby iteratvely derving the
labelsL in belief propagtionanddeformingthe surfaceto
matchthe estimatedcorrespondencd; : xs = y;. The
surfaceis treatedas an elastically deformablemodel that
is optimisedto minimisethe distancebetweerthe surfaces
X 2 Sandy 2 T while preservingsurfacedistance.The
surfaceS is rst updatedo satisfytherigid body transfor
mationde ned by thelabelsL andthenoptimisedto satisfy

(c) Validated (d) Regularised

the following deformationequationwherex® denotesthe
original surfacecon gurationfor S.

X
S = min ky, XK+ (14)
X =i
=
1
A

X
(d(xi;x;)  d(xP;x7))?

J2N;

In practise,non-lineargeodesicsurface distanceis re-
placedby alinear Euclideandistanceandthe surfaceis op-
timisedby gradientdescent.Thetransformedeaturepoint
locationsx arethenusedto derive thelikelihoodpotential.

n 0
FA(Fs;Fogexp  pky,  x.k?)

(15)

Thein uence of positionregularisatioris controlledby a

parameter p de ning the expectedvariancefrom the pre-

dicted surfacelocation. The effect of a regularisedlikeli-

hoodin the MRF is shavn in Figure4(d). A completesur

facecorrespondencis now derived.

(Ii) = expf

5. Evaluation

In this section aquantitatve evaluationof matchingper
formanceis presentedor a setof surfacesfrom a public
databasef humansurfacemotion[22]. A totalof 25frames
wereselectedrom 8 motionsto testcorrespondenctor a
wide variationin body poseandacrosdlifferentmotionse-
guencesvith changesn surfacetopology Theframesused
in this evaluationareshavn in Figure5. A setof 25feature
pointsweremanuallymarked on eachsurfaceon the head,
arms,legs andtorso,to provide a ground-truthestimateof
correspondence.

A true-positivecorrespondencis de ned wherethe la-
belledmatchfor a markedfeaturepointfalls within agiven
accuracythresholdon geodesicurfacedistance. Thetrue-
positive rate, or recall, in matchingis de ned asthe pro-
portion of correctly labelled correspondencé¢o the total



Figure 5. 25 Framesof 3D surfacecaptureusedto evaluatecor
respondenctabelling. Thetopologyis genus-0(10 frames),1 (8
frames),2 (3 frames),3 (2 frames)and5 (2 frames).

number of correspondences.ln matchingall framesto
all frames,the potentialnumberof correspondencestals
15625andin matchingfrom oneto all 625. Note thatthe
false-positiverate,or one-pecision is notconsideredsthe
setof marked pointsis sparsdeadingto anarti cially high
precision.Insteadherecall- accurmcycharacteristiés pre-
sentedo evaluatetheaccurag in localisingmatches.

Figure6 shavstheaccuray in matchingfrom all frames
to all frames. Therecallis approximately90% for an ac-
curay thresholdof 20cm. It is importantto note that the
accurayg in manuallylabellingcorrespondencis non-zero,
althoughthis hasnot beenquanti ed it is feasiblethatthe
erroris in theorderof 5 - 10cm. Performancés compared
with point matchingusingthe RPM-TPSalgorithm[4], an
alternatingoroces®f robustpointmatching RPM) andsur
facedeformatiorusingathin-platespline(TPS).A compar
isonis alsomadeagainsta graphmatchingtechniqud 24],
termedRL-RPM, in whichthe RPM-TPSalgorithmis aug-
mentedwith a relaxationlabelling stepthat maintainsthe
neighbourhoodtructurefor the points.

Resultsdemonstratean improved performancefor the
proposedechniquein Figures6, 7 and Figure 8 shavs a
direct comparisonof the recovered correspondence.The
principal dravbackin RPM-TPSand RL-RPM lies in the
normalisationstep for RPM which can break the neigh-
bourhoodconsisteng that is explicitly maintainedin be-
lief propa@tion with an MRF. The accurag in matching
a single referenceframe to all framesis shavn in Figure
7. Theaccuray is higherfor a genus-Osurface,with 90%
correctlabelswithin 10cmandalmost100%recallat30cm.
Thishighlightsthefactthata genus-Gsurfacecanmoreeas-
ily presere local geodesialistancen matching.Matching
from high to low genuswill causea large changein lo-
cal surfacedistance.For examplewith the genus-1surface
shavn in Figure 7(right), the handtoucheghe body giving
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Figure6. Recall-accuracin matchingall framesto all frames.
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Figure 7. Recall-accurac in matching(left) a genus-Oreference
poseand(right) agenus-Iposeto all frames.

a local distanceto be presered in labelling that doesnot
exist onthe genus-Gsurfaceshowvn in Figure 7(left).

6. Conclusions

In this paperthe problemof estimatingdensesurface
correspondenda arbitraryframesof capturedsurfaceshas
beenaddressedThe work focuseson matchingthe shape
of amoving personwith looseclothingwherethe matchfor
correspondingpartsof thebodyis highly ambiguousA set
of surfacepoint descriptorshave beenintroducedthat are
invariantto isometric surface deformationsto constructa
locally isometricsurfacemapping.A global surfacematch
is achieved usinga novel MAP-MRF framework that pre-
senestherelative geodesisurfacedistancéetweerpoints
in labelling the mostlikely point correspondenceMatch-
ing is performedin a sparse-to-densalgorithmthatlever
agedlistinctcornerfeaturedor surfaceregistrationandthen
progressiely matchesambiguousdgeandregion features.
Cross-alidation and self-consisteng is introducedto en-
surethatbelief propagtiondoesnot cornvergeto alocal op-
timum andlik elihoodregularisationis introducedto derive
acompletesurfacecorrespondence.

The performanceof surface matchinghasbeenevalu-
ated using surface sequencedrom a databaseof human
motion. Ground-truthfeaturecorrespondencesere man-
ually marked andthe recall-accurag characteristicevalu-
ated. Resultsdemonstrat@n improved performancecom-
paredto non-rigid point-patterrmatchingtechniqueswith



(2) MAP-MRF (b) RPM-TPS (c) RL-RPM

(d) MAP-MRF (e)RPM-TPS (f) RL-RPM

Figure8. Comparisorof surfacecorrespondenci®r the proposedMAP-MRF techniquewith RPM-TPS[4] andRL-RPM [24].

successfumatchingacrosswide variationsin humanbody
poseand surfacetopology Correspondenckabelling pro-

vides a promising mechanismo achieze wide-timeframe
surface matcheswithout the requirementfor robust long-

term sequentiatrackingor a prior modelthatrestrictsthe

spaceof feasiblesurfacedeformation. Furtherwork is re-

quiredto evaluatethe attributesanddescriptorsaadoptedor

surface correspondencandto validatethe framevork on

differentdata-sets.
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