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Abstract

This paper addressesthe problemof estimatingdense
correspondencebetweenarbitrary framesfromcapturedse-
quencesof shapeandappearancefor surfacesundergoing
free-formdeformation.Previoustechniquesrequire either
a prior model,limiting the range of surfacedeformations,
or frame-to-framesurfacetracking which suffers fromsta-
bilisation problemsover completemotion sequencesand
doesnot provide correspondencebetweensequences.The
primary contribution of this paper is the introduction of
a systemfor wide-timeframesurfacematching without the
requirementfor a prior modelor tracking. Deformation-
invariant surfacematching is formulatedas a locally iso-
metricmappingat a discretesetof surfacepoints. A setof
feature descriptors are presentedthat are invariant to iso-
metric deformationsand a novel MAP-MRFframework is
presentedto label sparse-to-densesurfacecorrespondence,
preservingtherelativedistributionof surfacefeatureswhile
allowing for changes in surfacetopology. Performanceis
evaluatedon challengingdata from a moving personwith
looseclothing. Ground-truthfeature correspondencesare
manuallymarkedand the recall-accuracycharacteristicis
quanti�ed in matching. Resultsdemonstrate an improved
performancecomparedto non-rigidpoint-patternmatching
usingrobustmatchingandgraph-matchingusingrelaxation
labelling, with successfulmatching achieved acrosswide
variationsin humanbodyposeandsurfacetopology.

1. Intr oduction

A framework is presentedto matcharbitraryframesfrom
capturedsequencesof a free-formsurfaceundergoinglarge
scalearticulatedmotions. The goal of this work is to per-
form surfacematchingin capturedsequencesof humanmo-
tion asa basisfor both intra-sequenceand inter-sequence
surface correspondencefor the analysisof dynamic sur-
facedeformation. Intra-sequencecorrespondencerequires
matchingbetweenarbitrary framesin a singlemotion se-
quenceandinter-sequencecorrespondencerequiresmatch-

Figure1. Correspondencelabelling for wide-timeframematching
betweentwo framesfrom differentsurfacemotionsequences.

ing betweenarbitraryframesfrom two differentsequences.
Temporally varying surface matching has been ad-

dressedpreviouslyusingmodeltrackingand�tting, provid-
ing an approximatesurfacecorrespondence.Model based
techniqueshowever requirea prede�nedmodelandrestrict
thespaceof feasiblesurfacedeformation[20]. In tracking,
3D scene-�ow[23] hasbeenproposedto derive temporal
correspondence.However, stablelongterm�o w is required
for wide-timeframematcheswhich remainsan openprob-
lem for differential trackingalgorithmsand temporalcor-
respondencecannotmatchsurfacesbetweendifferentmo-
tion sequences.This papercontributesa new approachto
the surfacematchingproblemthat allows recovery of sur-
facecorrespondencein arbitrarytimeframeswithoutthere-
quirementfor sequentialtrackingor aprede�nedmodeland
with the�e xibility to allow for changesin surfacetopology
duringmotion.

Ourapproachto 3D surfacematchingis motivatedby re-
centwork in viewpoint invariantimagematchingfor wide-
baselineimage correspondence[14]. Wide-baselineim-



agematchingis addressedby constructingfeature-pointde-
scriptorsthatareinvariantto a speci�c classof transforma-
tionsandby deriving aconsistentsetof featurematchesthat
placetheimagesin correspondence.Here,weformulate3D
surfacecorrespondenceastheproblemof matchingsurface
pointsbetweentwo objectsusinglocal descriptorsthatare
invariant to surfacedeformation.Deformationis assumed
to bea locally isometrictransformationthatpreservesgeo-
desicsurfacedistance.Featurematchingis thenformulated
asthe inferenceof the most likely labelling of correspon-
denceby modelling the featurepoint con�gurations as a
Markov random�eld (MRF) that preserves the geodesic
distancebetweenfeaturepoints. A maximuma posteriori
(MAP) estimatefor thejoint distributionof correspondence
labelsis thenrecoveredby Bayesianbeliefpropagation.

Theprimarycontributionof thispaperis aframework for
wide-timeframesurfacecorrespondencethat doesnot re-
quireaprior modelor temporaltracking.Two contributions
aremadein this framework, (i) a setof featuredescriptors
are presentedthat are invariant to isometricdeformations
and(ii) a novel MAP-MRF framework is presentedto la-
bel sparse-to-densesurfacecorrespondence.The result is
a densesurface-to-surfacecorrespondencethat locally pro-
videsan isometricembeddingwhile allowing for changes
in globalgeodesicsurfacedistancewith changesin surface
topologyduring deformation.An evaluationis performed
in matchingsurfacepointsacrossdifferentposesin apublic
databaseof humansurfacemotion[22]. Therecall-accuracy
characteristic,the numberof correctmatchesagainst the
requiredtolerancein matchingis evaluatedandcompared
to non-rigid point-patternmatchingusingrobust matching
(RPM-TPS)[4] andrelaxationlabelling[24].

2. RelatedWork

Conventionalmultiple-view scenereconstructionrecov-
ers a separatesurface representationat eachtime instant
and doesnot provide the structureand motion of the un-
derlying scene. Structureandmotion hasbeenaddressed
using �o w-basedalgorithmsto track surfacesin multiple
view video sequences.Vedulaet al. [23] introducedthe
conceptof scene-�owastheextensionof 2D optic-�ow to
the 3D surfaceof a scene. Carceroniand Kutulakos [2]
computeshapeand non-rigid motion underknown light-
ing conditionsusingrelatively large scale3D surfaceele-
ments. Ponset al. [16] presenta variationalapproachfor
reconstructionand scene-�ow providing a global solution
for the motion estimationof a surface. For cloth motion,
distinct featureshave beenusedin tracking to producea
consistentsurfaceparameterisationrequiringeitherhighly
texturesurfaces[17] or a colour-codedpattern[19]. Wide-
timeframemotion-estimationis inherentlyambiguousand
an openproblemfor �o w-baseddifferentialtrackingalgo-
rithms. Correspondencehasonly beendemonstratedfor

highly structuredscenes[19] or by restrictingthetopology
of thescene[21].

Surfacecorrespondencehasbeenaddressedwithout the
requirementfor sequentialtrackingusingprior modelsof
shapeandappearance.Model registrationand�tting at ar-
bitrary time pointsprovidesan approximatesurfacecorre-
spondencevia the intermediatedomainof the model sur-
face. Salzmannet al. [18] constructa parameterisedde-
formable model for the non-rigid motion of inextensible
planarsurfaces. Correspondenceis derived in monocular
imagesequencesusingwide-baselinefeaturematchingfor
registrationandby �tting the parameterisedmodel. In the
medicaldomain,deformablemodelshavebeenwidely used
to extract anatomicalsurfacesusing landmarkregistration
and model deformation[13]. For humansurface shape,
parameterisedmodelsarewidely usedto derive the gross
articulatedmotion of the humanbody [15]. Deformable
surface�tting hasbeenperformed[20, 3] given the pose
of a skeletonmodel to extract the shapeand appearance
of a personat different time frames. Model-basedmatch-
ing and �tting is however inherentlylimited to the shape
andtopologyof theprior parameterisedmodel,which con-
strainsthe spaceof feasiblesurfacedeformations.For ex-
ample,a generichumanbodywill not matcha personwith
looseclothingor dynamichairmotion.

Featurebasedsurface matchinghas beeninvestigated
previously for the problemof appearancematchingin im-
agesandshapematchingfor surfaces.In wide-baselineim-
agematching[14] af�ne invariant featuredescriptorsare
typically adoptedas invariant to transformationsbetween
views. For monocularimagesequencesLing and Jacobs
[11] introducea localappearancedistributiondescriptorfor
deformation-invariantimagematching.Belongieet al. [1]
proposeda local shapecontext descriptorfor deformable
2D shapematching.Localfeaturedescriptorshavebeende-
velopedfor 3D shapematchingin 3D shaperecognition[9].
Gal et al. [6] introducea local shapedistribution descriptor
thatis invariantto articulatedpose.Gatzke andGarland[7]
resamplesurfacecurvatureontoa radialdescriptorembed-
dedon thesurface.EladandKimmel [5] constructbending
invariantrepresentationsusingan isometricembeddingfor
a surfacein a higherdimensionalEuclideanspace.In this
paperwe describea setof bendinginvariantlocal descrip-
torsfor bothshapeandappearanceembeddedon a deform-
ing surface.

3. SurfaceDescriptors

Surfacematchingis basedon the assumptionthat de-
formationsareinextensible,undergoing neitherdilation or
contractionduring motion. The correspondencebetween
two surfacesS and T can then be formalisedas a map
f : S ! T thatpreservesgeodesicsurfacedistance,aniso-
metricmapping.Thestrictassumptionof asingledistance-



preservingbijective map[5, 21] is relaxed. Largechanges
in geodesicdistancecanoccurin practisewith changesin
surfacetopologyfor articulatedmotionsandassurfacere-
gionsappearanddisappearwith changesin visibility. In-
steadwe assumeonly a local isometricmappingat a dis-
cretesetof surfacepoints. In this sectionsurfacepoint de-
scriptorsareconstructedthatareinvariantto isometricde-
formationsandin Section4 matchingof pointdescriptorsis
formulatedin aprobabilisticframework thatpreservesgeo-
desicsurfacedistancewherethis is possible.

3.1.Isometric mapping

Local descriptorsareconstructedfor a surfacein an in-
termediatedomainwherethe non-rigid isometricmapping
betweentwo surfacescanberepresentedby a rigid isome-
try. A localEuclideanisometricembeddingis performedin
R2, removing surfacebendingsuchthat the mappingbe-
tween two surfacescan be locally evaluatedup to a 2D
rigid body transformation.Isometricembeddinghasbeen
proposedpreviously [5] using Multi-DimensionalScaling
(MDS) to preserve geodesicsurfacedistance.HereLeast-
SquaresConformalMapping(LSCM) [10] is adopted,min-
imising angulardeformationsaswell asnon-uniformsur-
facescalingin constructingthemapf : S ! R2.

A surfaceS is representedby a triangulatedmeshde-
�ned by (V; K ), whereV is a �nite setof vertex positions
in R3 andK is a simplicial complex de�ning the vertices
f ig 2 K , edgeconnectionsf i; j g 2 K , and facecon-
nectionsf i; j ; kg 2 K . A local mappingf : S ! R2 is
centredat a givenvertex i correspondingto a featurepoint
on thesurface.A genus-zerosubmeshis �rst extractedus-
ing a wavefront centredon i by extractingall trianglesup
to a given geodesicdistancein which the trianglevertices
have a consistentdistancein thewavefront. This submesh
is topologicallyequivalentto a discandsocanbe�attened
to R2 usingLSCM [10]. The �nal stepis to scalethemap
suchthat geodesicdistanceis consistentin R2 by apply-
ing anareapreservinguniform scaling.Figure2 illustrates
theisometric-mappingfor correspondingpointsontwo sur-
faces.

3.2.Surfaceattrib utes

Surface attributes are resampledonto the geodesic-
distancepreservingdomainfor comparison.Attributesare
de�ned for both thecolourandshapeat theverticesf ig 2
K . Colouris derivedby view-dependentblendingfrom the
multiple view imagesusedto reconstructthe surface. A
conservativevisibility testis performedusingadepthbuffer
in which thesurfacehasbeenin�ated suchthatambiguous
pointscloseto occlusionboundariesbecomeoccludedand
arenot consideredvisible. Shapeis representedusingvol-
umetric integral invariantsproviding robustnessto surface
noisecomparedto differentialcurvaturebaseddescriptors

Figure2. Isometricmappingf : S ! R2 at a manuallymarked
point correspondencebetweentwo surfaces. The appearanceis
similarup to a rigid isometryin R2 .

[8]. While volumetricinvariantsin factcharacterisesurface
bendingand as suchare not preserved in isometricmap-
ping, they provide a meansto distinguishdissimilarvolu-
metric regionssuchasthe humanarms,legs andbody. A
singleattributevectoris constructedfor eachvertex ai with
bothcolourandshapeattributed,togetherwith acovariance
matrix � de�ning the expectedvariancefor the attributes
in motion sequences.The distancebetweenattribute val-
uescanthenbecomputedasthenormalisedsumof squared
differenceswhereNa is thesizeof a.

d
�
ai ; aj

�
=

1
Na

(ai � aj )T � � 1(ai � aj ) (1)

3.3.Corner descriptor

Cornerfeaturesarewidely usedin matchingandrecog-
nition tasksdueto thelocalisedandpotentiallydistinctna-
ture of the featurepoint. Cornerfeaturesareextractedin
the multiple-view imagesusedto reconstructa surfaceS
usingtheSUSANcornerdetector. Thefeaturesarethenas-
sociatedwith the closestvisible vertex on the surface. A
descriptorF C

i is thenconstructedfor eachfeaturevertex by
mappingto R2 andresamplingattributesin sphericalbins
F C

i (r; � ). Theminimumdistancebetweentwo featurede-
scriptorsis computedup to a rigid-bodyrotationof thede-
scriptor.
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3.4.Edgedescriptor

Edgefeaturesde�ne a locally salientregion that is am-
biguousin oneorientation.Edgefeaturesareextractedus-
ing aCanny-Dericheedgedetectorin themultiple-view im-
ages.Thefeaturesareagainassociatedwith theclosestvis-
ible vertex on the surfaceand the vertex set is uniformly
decimatedto provide a semi-densesamplingalongthesur-



faceedges.Hereconservativevisibility testingservesto re-
move arti�cial edgesthatoccurat occlusionboundariesin
an image. A rotationinvariantedgedescriptorF E

i is con-
structedby mappingto R2 andthenresamplingrelative to a
anassignededgeorientationasadoptedin theSIFT feature
descriptor[12]. Thedistancebetweentwo featuresis then
computedwith no transformation.

d
�
F E

i ; F E
j )

�
=

1
Nbins

X

u

X

v

d
�
ai (u; v); aj (u; v)

�
(3)

3.5.Regiondescriptor

Cornersand edgesprovide only sparsefeaturepoints.
Densesurfacematchingis performedby uniformly sam-
pling the surface to createa set of region featurepoints
that describethe relative distribution of surfaceattributes
for non-salientregions. The geodesic-intensityhistogram
(GIH) [11] approachis adoptedin which thedistribution is
representedby a 2D histogramof attribute valuesagainst
geodesicdistance. The descriptorprovidesa grossrepre-
sentationof thesurfaceattributesthatis invariantto distance
preservingdeformations.This descriptorwasproposedto
matchintensity imagesand is appliedhereto a manifold
in R3 with arbitrarysurfaceattributes. The descriptorF R

i
is computeddirectlywithoutmappingto R2 by traversinga
wavefrontcentredonafeaturevertex i andbinningattribute
valuesdirectly againstgeodesicdistance.Thedistancebe-
tweentwo descriptorsis computedusingthe � 2 difference
betweenthenormalisedhistograms.
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Figure3 illustratesthe corner, edgeandregion feature
pointsextractedfor asurface.

4. Corr espondenceLabelling

Surfacecorrespondenceis formulatedastheproblemof
�nding themostlikely assignmentbetweena setof feature
pointson a sourcesurfaceS andtargetsurfaceT. A local
neighbourhoodstructureis de�ned on S forming an undi-
rectedgraph,or Markov random�eld (MRF). Thenodesof
this graphrepresentrandomvariablesde�ning thediscrete
assignmentfrom S to T and the edgesde�ne dependen-
cies in the assignmentfor neighbouringpointson S. The
edgeconnectionsin the graphprovide a prior probability
on the compatibility betweenneighbouringpoint assign-
mentsandlocal supportis aggregatedin thegraphthrough
a processof belief propagation. Themaximuma posterior
(MAP) solutionis soughtin labelling the correspondence,
in whichthejoint probabilitydistributionfor theassignment

Figure3. Surfacefeaturepointsshowing extractedcorners,edges
andregionpointsasblackpointson thesurfacemesh.

is maximised. In this sectionwe outline the construction
of a Markov network for the correspondenceproblemand
presentouralgorithmfor sparse-to-densesurfacematching.
Local supportis explicitly de�ned in this formulationup to
agivengeodesicsurfacedistanceD max for whichtopology
andhencegeodesicsurfacedistanceis assumedto be pre-
served,while allowing for changesin globalsurfacetopol-
ogyatd > Dmax .

4.1.MRF Formulation

The setof featurepointson the sourceS is denotedby
X wherea featurepoint is de�ned by the position in R3

and the featuredescriptor, xs = (xs; Fs) 2 X . Simi-
larly the set of featurepoints on the target T is denoted
by yt = (y

t
; Ft ) 2 Y . The correspondencebetweenfea-

ture points is a set of randomvariablesL wherel i 2 L
correspondsto eachfeaturepoint x i 2 X andtakesoneof
a discretesetof labelscorrespondingto the featurepoints
yt 2 Y . A particular realisationof the label variable l i

implies a speci�c correspondencebetweenfeaturepoints
l i : xs = yt .

The likelihoodthata sourcepoint correspondsto a par-
ticular targetpoint is de�ned by apotentialfunction�( l i ).

P (xs = yt jl i ) / � (l i ) (5)

A pair-wiseMarkov network is de�ned onS asanundi-
rectedgraphG = (N ; E) whereeachnodein thegraphN
representsthe randomvariablel i for assignmentandeach
edgein E adependency betweentwonodesl i ; l j . Thegraph
is constructedusinga local neighbourhoodsystemN i that



containsall pointswithin a givengeodesicsurfacedistance
DN � Dmax of thesourcefeaturepoint x i .

N i = f j 2 X jd(x i ; x j ) � DN ; j 6= ig (6)

The prior probability for an assignmentl i in the MRF
is thende�ned by a compatibility function 	( l i ; l j ) on the
neighbourhoodN i . This compatibility functionde�nes the
probability of assignmentaccordingto consistency in la-
belling in theneighbourhood.

p(l i ) /
Y

j 2 N i

	 (l i ; l j ) (7)

Theposteriorprobabilityat a nodein thegraphcanthen
bewrittenby applyingBayes'ruleasfollows,whereZ is a
normalisingfactor.

p(l i jyt ) =
1
Z

� (l i )
Y

j 2 N i

	 (l i ; l j ) (8)

TheMAP solutionis foundby maximisingthejoint pos-
teriorprobabilitydistribution.

L = argmax
l

Y

i

� (l i )
Y

i;j

	 (l i ; l j ) (9)

TheprobabilityfunctionsaremodelledusingaGaussian
distribution for therelativedistancebetweenfeaturepoints.
Thepotentialfunction�( l i ) de�nesthelikelihoodof acor-
respondencelabel accordingto the distancebetweenthe
correspondingfeaturedescriptorsFs; Ft .

� (l i ) =
�

exp
�

� � F d(F SD
s ; F T D

t )
	

SD= TD
0 SD6= TD

(10)
The compatibility function 	( l i ; l j ) de�nes the prior

probabilityfor a realisationusingthedifferencein thegeo-
desicsurfacedistancebetweenthe sourcepointsd(x i ; x j )
andthelabelledassignmentd(yl i ; yl j ).

	 (l i ; l j ) = exp
n

� � D
�
d(x i ; x j ) � d(yl i ; yl j )

� 2
o

(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 weightingof featuredistancesand in practise
we simply set � F = 1. The in�uence of the prior com-
patibility probability is setaccordingto theexpectedvaria-
tion in geodesicdistance,a functionof bothdifferencesin
surfaceandfeaturesamplingaswell asnon-isometricde-
formationsarisingfrom inexactsurfacereconstruction,for
examplewherefolds in clothingarenot reconstructedlead-
ing to a reducedsurfacearea.

4.2.PropagatingCorr espondence

Exact inferencein the MRF is infeasibleandthe MAP
solutionis approximatedusingthe max-productalgorithm
for LoopyBelief Propagation. The algorithmpassesmes-
sagesbetweenadjacentnodesin the network de�ning the
supportfor the label assignmentat eachnode. At eachit-
eration,a nodei passesa messagem ij to eachneighbour
j 2 N i de�ning thebelief in the label l j giventhe label l i .
Messagesarepassedin parallelandthemessagem0ij at the
next iterationis de�ned by theupdaterule.

m0
ij (l j ) = max

l i

	 (l i ; l j ) � (l i )
Y

k2 N i

mk i (12)

Belief propagation is performedfor a setnumberof it-
erationsandthe label thatmaximisesthe �nal belief is se-
lectedat eachnode. The algorithm is initialised with no
prior informationon theconsistency betweennodesby set-
ting m0

ij = 1.

l i = argmax
l i

� (l i )
Y

j 2 N i

mj i (13)

Belief propagation in surfacepoint matchingis inher-
entlyambiguous.Pointsonthedifferentregionsof thebody
suchasthearms,torso,headandlegswill have ahigh like-
lihood in matchingall pointsin thesametarget region. In-
correctmatcheswill alsobesupportedby theMRF neigh-
bourhoodstructurewhereneighbouringpointshave a high
likelihoodin incorrectlymatchingtheneighbouringpoints
in the target region. Similarly edgepoints at the bound-
arybetweenregionscanmatchany edgepointon thetarget
boundary. Only cornerfeaturesprovide a relatively distinct
descriptorsuitablefor unambiguousmatchingbut this oc-
curs only at a sparseset of points as shown in Figure 3.
Thesolutioncanthereforeconverge to a local optimumas
shown in Figure4(a).

A sparse-to-denselabelling strategy is introduced in
which cornerfeaturesarematched�rst to achieve surface
registration,thenedgeandregion featurepointsaresubse-
quentlymatched.A processof cross-validationandprun-
ing is introducedto ensurethat only valid featurecorre-
spondencespersistin belief propagation. Inferenceis per-
formedin anMRF constructedfrom thesetof featuresfor
matching,�rst f cornersg, thenf corners,edgesg, and�nally
f corners,edges,regionsg. Belief propagationin theMRF is
performedusingonly across-validatedsetof labelsto form
the messageupdatesm0

ij . The �nal setof labelsare then
extractedandprunedto a self-consistentset. Belief propa-
gation in theMRF is thenrepeatedusingtheconsistentset
of labelsto initialise themessagesm0

ij .
Cross-validation is performedby verifying a consistent

source-target, target-sourcelabelling of correspondence.
Theposteriorprobabilitydistribution is maintainedat each



(a)Belief Propagation (b) Sparseto Dense (c) Validated (d) Regularised
Figure4. Surfacefeaturepointsshowing extractedcorners,edgesandregionpoints.

nodein the network during belief propagation. This en-
codesan assignmentmatrix betweenthe sourceandtarget
featurepoints.Cross-validationis performedby only prop-
agatingmessageswherebelief is maximisedwith a consis-
tentsource-to-targetandtarget-to-sourceassignment.

Pruning is performedusinga voting strategy to de�ne
theconsistency in the �nal setof labelsextractedfrom be-
lief propagation.For eachpairof featurepointsd(x i ; x j ) <
Dmax consistency is votedwherethegeodesicsurfacedis-
tanceon the sourceand target surface agreeto within a
thresholdkDmax . A self-consistentset of labels is then
extractedby pruninglabelswith a low numberof votes.

The effect of belief propagation in deriving the set of
correspondencelabelsL is illustratedin Figure4. Belief
propagationalone,Figure4(a), resultsin a locally optimal
solutiondueto theinherentambiguityin matchingthepoint
descriptors.Sparse-to-densematchingimprovescorrespon-
dencefor thearmsbut fails to correctlymatchthelegs,Fig-
ure4(b). Validationandconsistency checkingensuresthat
correspondenceis correctlylabelledacrossthewholebody
as shown in Figure4(c). The proposedmethodserves to
provide a validatedsetof consistentlylabelledsurfacecor-
respondences.

4.3.Regularisedlik elihood

Completesurfacematchingis �nally introducedusing
theprior shapeof themodelto regularisethelabellinglike-
lihood in theMRF. This is basedon a commonframework
for shapematchingin which an iterative processof corre-
spondenceestimationandmodeltransformationis usedto
consistentlylabelcorrespondence.

Regularisationis performedby iteratively deriving the
labelsL in belief propagationanddeformingthesurfaceto
matchthe estimatedcorrespondence,l i : xs = yt . The
surfaceis treatedas an elasticallydeformablemodel that
is optimisedto minimisethedistancebetweenthesurfaces
x 2 S andy 2 T while preservingsurfacedistance.The
surfaceS is �rst updatedto satisfytherigid bodytransfor-
mationde�nedby thelabelsL andthenoptimisedto satisfy

the following deformationequationwherex0 denotesthe
original surfacecon�gurationfor S.

S = min
x

X

i

� ky
l i

� x i k
2+ (14)

(1 � � )
1

N i

X

j 2 N i

(d(x i ; x j ) � d(x0
i ; x0

j ))2

In practise,non-lineargeodesicsurfacedistanceis re-
placedby a linearEuclideandistanceandthesurfaceis op-
timisedby gradientdescent.Thetransformedfeaturepoint
locationsxs arethenusedto derive thelikelihoodpotential.

� (l i ) = expf � � F d(Fs; Ft )gexp
n

� � P ky
t

� xsk2)
o

(15)
Thein�uenceof positionregularisationis controlledby a

parameter� P de�ning theexpectedvariancefrom thepre-
dictedsurfacelocation. The effect of a regularisedlikeli-
hoodin theMRF is shown in Figure4(d). A completesur-
facecorrespondenceis now derived.

5. Evaluation

In thissection,aquantitativeevaluationof matchingper-
formanceis presentedfor a set of surfacesfrom a public
databaseof humansurfacemotion[22]. A totalof 25frames
wereselectedfrom 8 motionsto testcorrespondencefor a
widevariationin bodyposeandacrossdifferentmotionse-
quenceswith changesin surfacetopology. Theframesused
in thisevaluationareshown in Figure5. A setof 25 feature
pointsweremanuallymarkedon eachsurfaceon thehead,
arms,legsandtorso,to provide a ground-truthestimateof
correspondence.

A true-positivecorrespondenceis de�ned wherethe la-
belledmatchfor amarkedfeaturepoint fallswithin agiven
accuracythresholdon geodesicsurfacedistance.Thetrue-
positive rate,or recall, in matchingis de�ned as the pro-
portion of correctly labelled correspondenceto the total



Figure5. 25 Framesof 3D surfacecaptureusedto evaluatecor-
respondencelabelling. Thetopologyis genus-0(10 frames),1 (8
frames),2 (3 frames),3 (2 frames)and5 (2 frames).

numberof correspondences.In matchingall frames to
all frames,the potentialnumberof correspondencestotals
15625andin matchingfrom oneto all 625. Note that the
false-positiverate,or one-precision, is notconsideredasthe
setof markedpointsis sparseleadingto anarti�cially high
precision.Insteadtherecall - accuracycharacteristicis pre-
sentedto evaluatetheaccuracy in localisingmatches.

Figure6 showstheaccuracy in matchingfrom all frames
to all frames. The recall is approximately90% for an ac-
curacy thresholdof 20cm. It is importantto note that the
accuracy in manuallylabellingcorrespondenceis non-zero,
althoughthis hasnot beenquanti�ed it is feasiblethat the
error is in theorderof 5 - 10cm.Performanceis compared
with point matchingusingtheRPM-TPSalgorithm[4], an
alternatingprocessof robustpointmatching(RPM)andsur-
facedeformationusingathin-platespline(TPS).A compar-
ison is alsomadeagainsta graphmatchingtechnique[24],
termedRL-RPM, in which theRPM-TPSalgorithmis aug-
mentedwith a relaxationlabelling stepthat maintainsthe
neighbourhoodstructurefor thepoints.

Resultsdemonstratean improved performancefor the
proposedtechniquein Figures6, 7 andFigure8 shows a
direct comparisonof the recoveredcorrespondence.The
principal drawback in RPM-TPSandRL-RPM lies in the
normalisationstep for RPM which can break the neigh-
bourhoodconsistency that is explicitly maintainedin be-
lief propagation with an MRF. The accuracy in matching
a single referenceframe to all framesis shown in Figure
7. Theaccuracy is higherfor a genus-0surface,with 90%
correctlabelswithin 10cmandalmost100%recallat30cm.
Thishighlightsthefactthatagenus-0surfacecanmoreeas-
ily preserve local geodesicdistancein matching.Matching
from high to low genuswill causea large changein lo-
cal surfacedistance.For examplewith thegenus-1surface
shown in Figure7(right), thehandtouchesthebodygiving
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Figure6. Recall-accuracy in matchingall framesto all frames.
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Figure7. Recall-accuracy in matching(left) a genus-0reference
poseand(right) agenus-1poseto all frames.

a local distanceto be preserved in labelling that doesnot
exist on thegenus-0surfaceshown in Figure7(left).

6. Conclusions

In this paperthe problemof estimatingdensesurface
correspondencein arbitraryframesof capturedsurfaceshas
beenaddressed.The work focuseson matchingthe shape
of amoving personwith looseclothingwherethematchfor
correspondingpartsof thebodyis highly ambiguous.A set
of surfacepoint descriptorshave beenintroducedthat are
invariant to isometricsurfacedeformationsto constructa
locally isometricsurfacemapping.A globalsurfacematch
is achieved usinga novel MAP-MRF framework that pre-
servestherelativegeodesicsurfacedistancebetweenpoints
in labelling the most likely point correspondence.Match-
ing is performedin a sparse-to-densealgorithmthat lever-
agesdistinctcornerfeaturesfor surfaceregistrationandthen
progressively matchesambiguousedgeandregion features.
Cross-validation and self-consistency is introducedto en-
surethatbeliefpropagationdoesnotconvergeto a localop-
timum andlikelihoodregularisationis introducedto derive
acompletesurfacecorrespondence.

The performanceof surfacematchinghasbeenevalu-
ated using surface sequencesfrom a databaseof human
motion. Ground-truthfeaturecorrespondenceswereman-
ually marked and the recall-accuracy characteristicevalu-
ated. Resultsdemonstratean improved performancecom-
paredto non-rigidpoint-patternmatchingtechniques,with
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Figure8. Comparisonof surfacecorrespondencefor theproposedMAP-MRF techniquewith RPM-TPS[4] andRL-RPM[24].

successfulmatchingacrosswide variationsin humanbody
poseandsurfacetopology. Correspondencelabelling pro-
vides a promisingmechanismto achieve wide-timeframe
surfacematcheswithout the requirementfor robust long-
term sequentialtrackingor a prior model that restrictsthe
spaceof feasiblesurfacedeformation.Furtherwork is re-
quiredto evaluatetheattributesanddescriptorsadoptedfor
surfacecorrespondenceand to validatethe framework on
differentdata-sets.
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