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Abstract

Wepresentanunsupervisedalgorithmfor registering3D surfacescansof
an objectundergoing signi�cant deformations.Our algorithmdoesnot
needmarkers,nordoesit assumeprior knowledgeaboutobjectshape,the
dynamicsof its deformation,or scanalignment.Thealgorithmregisters
two meshesby optimizing a joint probabilisticmodelover all point-to-
point correspondencesbetweenthem.This modelenforcespreservation
of local meshgeometry, aswell asmoreglobal constraintsthat capture
thepreservationof geodesicdistancebetweencorrespondingpointpairs.
The algorithm applieseven when one of the meshesis an incomplete
rangescan;thus,it canbeusedto automatically�ll in theremainingsur-
facesfor this partial scan,even if thosesurfaceswerepreviously only
seenin a differentcon�guration. We evaluatethe algorithmon several
real-world datasets,wherewe demonstrategoodresultsin thepresence
of signi�cant movementof articulatedpartsandnon-rigidsurfacedefor-
mation.Finally, weshow thattheoutputof thealgorithmcanbeusedfor
compellingcomputergraphicstaskssuchasinterpolationbetweentwo
scansof a non-rigidobjectandautomaticrecovery of articulatedobject
models.

1 Intr oduction

The constructionof 3D objectmodelsis a key taskfor many graphicsapplications.It is
becomingincreasinglycommonto acquirethesemodelsfrom a rangescanof a physical
object. This paperdealswith an importantsubproblemof this acquisitiontask — the
problemof registeringtwo deformingsurfacescorrespondingto differentcon�gurationsof
thesamenon-rigidobject.

Themaindif�culty in the3D registrationproblemis determiningthecorrespondencesof
pointsononesurfaceto pointson theother. Local regionsonthesurfacearerarelydistinc-
tiveenoughto determinethecorrectcorrespondence,whetherbecauseof noisein thescans,
or becauseof symmetriesin theobjectshape.Thus,thesetof candidatecorrespondencesto
a givenpoint is usuallylarge. Determiningthecorrespondencefor all objectpointsresults
in a combinatoriallylargesearchproblem.Theexisting algorithmsfor deformablesurface
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Figure1: A) Registrationresultsfor two meshes.NonrigidICPandits variantaugmentedwith spin
imagesgetstuckin localmaxima.OurCCalgorithmproducesalargelycorrectregistration,although
with anartifact in the right shoulder(inset). B) Illustrationof the link deformationprocessC) The
CC algorithmwhich usesonly deformationpotentialscanviolatemeshgeometry. Nearregionscan
mapto farones(segmentAB) andfar regionscanmapto nearones(pointsC,D).

registrationmake theproblemtractableby assumingsigni�cant prior knowledgeaboutthe
objectsbeingregistered.Somerely on thepresenceof markerson theobject[1, 20], while
othersassumeprior knowledgeabouttheobjectdynamics[16], or aboutthespaceof non-
rigid deformations[15, 5]. Algorithms thatmake neitherrestriction[18, 12] simplify the
problemby decorrelatingthechoiceof correspondencesfor thedifferentpointsin thescan.
However, thisapproximationis only goodin thecasewhentheobjectdeformationis small;
otherwise,it resultsin poorlocal maximaasnearbypointsin onescanareallowedto map
to far-awaypointsin theother.

Our algorithmde�nes a joint probabilisticmodelover all correspondences,which ex-
plicitly modelthecorrelationsbetweenthem— speci�cally, thatnearbypointsin onemesh
shouldmapto nearbypointsin theother. Importantly, thenotionof “nearby” usedin our
model is de�ned in termsof geodesicdistanceover the mesh. We de�ne a probabilistic
modelover thesetof correspondences,thatencodesthesegeodesicdistanceconstraintsas
well aspenaltiesfor link twistingandstretching,andhigh-level localsurfacefeatures[14].
We thenapply loopybeliefpropagation[21] to this model,in orderto solve for theentire
setof correspondencessimultaneously. Theresultis a registrationthatrespectsthesurface
geometry. To thebestof our knowledge,thealgorithmwe presentin this paperis the�rst
algorithmwhichallowstheregistrationof 3D surfacesof anobjectwheretheobjectcon�g-
urationscanvarysigni�cantly, thereis noprior knowledgeaboutobjectshapeor dynamics
of deformation,andnothingwhatsoever is known abouttheobjectalignment.Moreover,
unlike many methods,our algorithmcanbe usedto registera partial scanto a complete
model,greatlyincreasingits applicability.

We apply our approachto threedatasetscontaining3D scansof a woodenpuppet,a
humanarm and entire humanbodiesin different con�gurations. We demonstrategood
registrationresultsfor scanpairsexhibiting articulatedmotion,non-rigiddeformations,or
both. We alsodescribethreeapplicationsof our method.In our �rst application,we show
how a partial scanof an object can be registeredonto a fully speci�ed model in a dif-
ferentcon�guration. The resultingregistrationallows us to usethe modelto “complete”
thepartialscanin a way thatpreservesthe local surfacegeometry. In thesecond,we use
thecorrespondencesfoundby ouralgorithmto smoothlyinterpolatebetweentwo different
posesof an object. In our �nal application,we usea setof registeredscansof the same
object in differentpositionsto recover a decompositionof the object into approximately
rigid parts,andrecover anarticulatedskeletonlinking theparts.All of theseapplications
aredonein anunsupervisedway, usingonly theoutputof our CorrelatedCorrespondence
algorithmappliedto pairsof poseswith widely varyingdeformations,andunknown initial
alignments.Theseresultsdemonstratethevalueof a high-qualitysolutionto theregistra-
tion problemto a rangeof graphicstasks.



2 PreviousWork

Surfaceregistrationis afundamentalbuilding blockin computergraphics.Theclassicalso-
lution for registeringrigid surfacesis theIterativeClosestPointalgorithm(ICP) [4, 6, 17].
Recently, therehasbeenwork extendingICP to non-rigid surfaces[18, 8, 12, 1]. These
algorithmstreatoneof thescans(usuallyacompletemodelof thesurface)asadeformable
template.The links betweenadjacentpointson the surfacecanbe thoughtof assprings,
which areallowedto deformat a cost. Similarly to ICP, thesealgorithmsiteratebetween
two subproblems— estimatingthe non-rigid transformation� andestimatingthe setof
correspondencesC betweenthescans.Thestepestimatingthecorrespondencesassumes
thata goodestimateof thenonrigidtransformation� is available.Underthis assumption,
the assignmentsto the correspondencevariablesbecomedecorrelated:eachpoint in the
secondscanis associatedwith the nearestpoint (in the Euclideandistancesense)in the
deformedtemplatescan. However, the decompositionalsoinducesthe algorithm's main
limitation. By assigningpointsin thesecondscanto pointson thedeformedmodelinde-
pendently, nearbypointsin thescancangetassociatedto remotepointsin themodelif the
estimateof � is poor (Fig. 1A). While severalapproacheshave beenproposedto address
thisproblemof incorrectcorrespondences,theirapplicabilityis largely limited to problems
wherethedeformationis local,andtheinitial alignmentis approximatelycorrect.

Anotherline of relatedwork is thework on deformabletemplatematchingin thecom-
putervisioncommunity. In the3D case,this framework is usedfor detectionof articulated
objectmodelsin images[13, 22, 19]. The algorithmsassumethe decompositionof the
objectinto a relatively smallnumberof partsis known, andthata detectorfor eachobject
part is available.Templatematchingapproacheshave alsobeenappliedto deformable2D
objects,whereveryef�cient solutionsexist [9, 11]. However, thesemethodsdonotextend
easilyto thecaseof 3D surfaces.

3 The Corr elatedCorr espondenceAlgorithm

The input to the algorithm is a set of two meshes(surfacestessellatedinto polygons).
ThemodelmeshX = (V X ; E X ) is a completemodelof theobject,in a particularpose.
V X = (x1; : : : ; xN ) denotesthemeshpoints,while E X is thesetof linksbetweenadjacent
pointson themeshsurface.ThedatameshZ = (V Z ; E Z ) is eitheracompletemodelor a
partialview of theobjectin adifferentcon�guration.Eachdatameshpointzk is associated
with a correspondencevariableck , specifyingthecorrespondingmodelmeshpoint. The
taskof registrationis oneof estimatingthe setof all correspondencesC anda non-rigid
transformation� whichalignsthecorrespondingpoints.

3.1 Probabilistic Model

We formulatethe registrationproblemasoneof �nding an embeddingof the datamesh
Z into themodelmeshX , which is encodedasanassignmentto all correspondencevari-
ablesC = (c1; : : : ; cK ). The main ideabehindour approachis to preserve the consis-
tency of the embeddingby explicitly correlatingthe assignmentsto the correspondence
variables.Wede�ne a joint distributionover thecorrespondencevariablesc1; : : : ; cK , rep-
resentedasa Markov network. For eachpair of adjacentdatameshpointszk ; zl , we want
to de�ne a probabilisticpotential (ck ; cl ) thatconstrainsthis pair of correspondencesto
reasonableandconsistent.This gives rise to a joint probability distribution of the form
p(C) = 1

Z

Q
k  (ck )

Q
k ;l  (ck ; cl ) which containsonly single and pairwisepotentials.

Performingprobabilisticinferenceto �nd themostlikely joint assignmentto theentireset
of correspondencevariablesC shouldyield agoodandconsistentregistration.

Deformation Potentials. We want our model to encodea preferencefor embeddings
of meshZ into meshX , which minimize the amountof deformation� inducedby the
embedding.In orderto quantify the amountof deformation� , appliedto the model,we



will follow theideasof Hähneletal. [12] andtreatthelinks in thesetE X assprings,which
resiststretchingandtwistingattheirendpoints.Stretchingis easilyquanti�edby lookingat
changesin thelink lengthinducedby thetransformation� . Link twisting,however, is ill-
speci�edby looking only at theCartesiancoordinatesof thepointsalone.Following [12],
we attachan imaginarylocal coordinatesystemto eachpoint on the model. This local
coordinatesystemallows usto quantifythe“twist” of a point x j relative to a neighborx i .
A non-rigidtransformation� de�nes,for eachpointx i , a translationof its coordinatesand
a rotationof its local coordinatesystem.

To evaluatethe deformationpenalty, we parameterizeeachlink in the model in terms
of its lengthandits directionrelative to its endpoints(seeFig. 1B). Speci�cally, we de�ne
l i;j to be the distancebetweenx i andx j ; di ! j is a unit vectordenotingthe directionof
thepoint x j in thecoordinatesystemof x i (andvice versa).We useei;j to denotetheset
of edgeparameters(l i;j ; di ! j ; dj ! i ). It is now straightforward to specifythepenaltyfor
modeldeformations.Let � bea transformation,andlet ~ei;j denotethetriple of parameters
associatedwith thelink betweenx i andx j afterapplying� . Ourmodelpenalizestwisting
andstretching,usingaseparatezero-meanGaussiannoisemodelfor each:

P(~ei;j j ei;j ) = P(~l i;j j l i;j ) P( ~di ! j j di ! j ) P( ~dj ! i j dj ! i ) (1)

In theabsenceof prior information,weassumethatall links areequallylikely to deform.
In orderto quantify the deformationinducedby an embeddingC, we needto include

a potential d(ck ; cl ) for eachlink eZ
k ;l 2 E Z . Every probability  d(ck = i; cl = j )

correspondsto thedeformationpenaltyincurredby deformingmodellink ei;j to generate
link eZ

k ;l andis de�ned in (1). We do not restrictourselvesto thesetof links in E X , since
the original meshtessellationis sparseand local. Any two points in X are allowed to
implicitly de�ne a link.

Unfortunately, we cannotdirectly estimatethequantityP(eZ
k ;l j ei;j ), sincethelink pa-

rameterseZ
k ;l dependon knowing the nonrigid transformation,which is not given aspart

of the input. The key issueis estimatingthe (unknown) relative rotationof the link end-
points.In effect,this rotationis anadditionallatentvariable,whichmustalsobepartof the
probabilisticmodel.To remainwithin therealmof discreteMarkov networks,allowing the
applicationof standardprobabilisticinferencealgorithms,we discretizethe spaceof the
possiblerotations,andfold it into thedomainsof thecorrespondencevariables.For each
possiblevalueof the correspondencevariableck = i we selecta small setof candidate
rotations,consistentwith local geometry. We do this by aligninglocal patchesaroundthe
pointsx i andzk usingrigid ICP. We extendthedomainof eachcorrespondencevariables
ck , whereeachvalueencodesa matchingpoint anda particularrotationfrom theprecom-
putedsetfor that point. Now the edgeparameterseZ

k ;l arefully determinedandso is the
probabilisticpotential.

GeodesicDistances. Our proposedapproachraisesthe questionasto what constitutes
thebestconstraintbetweenneighboringcorrespondencevariables.The literatureon scan
registration— for rigid andnon-rigidmodelsalike — relieson thepreservingEuclidean
distance.While Euclideandistanceis meaningfulfor rigid objects,it is verysensitiveto de-
formations,especiallythoseinducedby moving parts.For example,in Fig. 1C,weseethat
thetwo legsin onecon�gurationof ourpuppetarefairly closetogether, allowing thealgo-
rithm to maptwo adjacentpointsin thedatameshto the two separatelegs,with minimal
deformationpenalty. In thecomplementarysituation,especiallywhenobjectsymmetries
arepresent,two distantyetsimilarpointsin onescanmightgetmappedto thesameregion
in theother. For example,in thesame�gure, weseethatpointsin bothanarmanda leg in
thedatameshgetmappedto asingleleg in themodelmesh.

We thereforewant to enforceconstraintspreservingdistancealong the meshsurface
(geodesicdistance). Our probabilisticframework easily incorporatesuchconstraintsas
correlationsbetweenpairsof correspondencevariables.Weencodeanearnesspreservation



Figure2: A) Automaticinterpolationbetweentwo scansof anarmandawoodenpuppet.B) Regis-
trationresultson two scansof thesamemansittingandstandingup (selectpointsweredisplayed)
C) Registrationresultson scansof a larger mananda smallerwoman. The algorithmis robust to
smallchangesin objectscale.

constraint which preventsadjacentpointsin meshZ to bemappedto distantpointsin X
in thegeodesicdistancesense.For adjacentpointszk ; zl in thedatamesh,we de�ne the
following potential:

 n (ck = i; cl = j ) =
�

0 distGeodesic (x i ; x j ) > � �
1 otherwise (2)

where� is thedatameshresolutionand� is someconstant,chosento be3:5.
The farnesspreservationpotentialsencodethe complementaryconstraint. For every

pair of pointszk ; zl whosegeodesicdistanceis morethan5� on thedatamesh,we have a
potential:

 f (ck = i; cl = j ) =
�

0 distGeodesic (x i ; x j ) < � �
1 otherwise (3)

where� is alsoaconstant,chosento be2 in our implementation.Theintuition behindthis
constraintis fairly clear: if zk ; zl arefar aparton thedatamesh,thentheir corresponding
pointsmustbefaraparton themodelmesh.

Local Surface Signatures. Finally, we encodea set of potentialsthat correspondto
thepreservationof local surfacepropertiesbetweenthemodelmeshanddatamesh.The
useof local surfacesignaturesis important,becauseit helpsto guidethe optimizationin
the exponentialspaceof assignments.We usespin images[14] compressedwith prin-
cipal componentanalysisto producea low-dimensionalsignature sx of the local surface
geometryarounda point x. Whendataandmodelpointscorrespond,we expecttheir lo-
cal signaturesto besimilar. We introducea potentialwhosevalues s(ck ) = i enforcea
zero-meanGaussianpenaltyfor discrepanciesbetweensx i andszk .

3.2 Optimization

In theprevious section,we de�ned a Markov network, which encodesa joint probability
distribution over the correspondencevariablesasa productof singleandpairwisepoten-
tials. Our goal is to �nd a joint assignmentto thesevariablesthat maximizesthis proba-
bility. This problemis oneof standardprobabilisticinferenceover the Markov network.
However, theMarkov network is quitelarge,andcontainsa largenumberof loops,sothat
exactinferenceis computationallyinfeasible.Wethereforeapplyanapproximateinference
methodknown asloopybeliefpropagation(LBP)[21], which hasbeenshown to work in a
widevarietyof applications.RunningLBP until convergenceresultsin asetof probabilis-
tic assignmentsto thedifferentcorrespondencevariables,whicharelocally consistent.We
thensimplyextractthemostlikely assignmentfor eachvariableto obtainacorrespondence.

Oneremainingcomplicationarisesfrom theform of ourfarnesspreservationconstraints.
In general,most pairs of points in the meshare not close,so that the total numberof
suchpotentialsgrows as O(M 2), whereM is the numberof points in the datamesh.
However, ratherthanintroducingall thesepotentialsinto theMarkov netfrom thestart,we



introducethemasneeded.First, we run LBP without any farnesspreservationpotentials.
If thesolutionviolatesa setof farnesspreservationconstraints,we addit andrerunBP. In
practice,thisapproachaddsaverysmallnumberof suchconstraints.

4 Experimental Results

Basic Registration. We appliedour registrationalgorithm to threedifferent datasets,
containingmeshesof a humanarm, woodenpuppetand the CAESAR datasetof whole
humanbodies[1], all acquiredby a 3D rangescanner. The mesheswerenot complete
surfaces,but severaltechniquesexist for �lling theholes(e.g.,[10]).

WerantheCorrelatedCorrespondencealgorithmusingthesameprobabilisticmodeland
thesameparameterson all datasets.We usea coarse-to-�nestrategy, usingtheresultof a
coarsesub-samplingof themeshsurfaceto constrainthecorrespondencesata�ner -grained
level. Theresultingsetof correspondenceswereusedasmarkersto initialize thenon-rigid
ICPalgorithmof Hähneletal. [12].

TheCorrelatedCorrespondencealgorithmsuccessfullyalignedall meshpairsin ourhu-
manarmdatasetcontaining7 arms.In thepuppetdatasetweregisteredoneof themeshes
to theremaining6 puppets.Thealgorithmcorrectlyregistered4 outof 6 datameshesto the
modelmesh.In thetwo remainingcases,thealgorithmproduceda registrationwherethe
torsowas�ipped, sothatthefront wasmappedto theback.This problemarisesfrom am-
biguitiesinducedby thepuppetsymmetry, whosefront andbackarealmostidentical. Im-
portantly, our probabilisticmodelassignsa higherlikelihoodscoreto thecorrectsolution,
sothattheincorrectregistrationis aconsequenceof localmaximain theLBP algorithm.

This factallowsusto addresstheissuein anunsupervisedwaysimplyby runningloopy
BPseveraltimes,with differentinitialization. For detailson theunsupervisedinitialization
schemewe used,pleaserefer to our technicalreport [2]. We ran the modi�ed algorithm
to registeronepuppetmeshto theremaining6 meshesin thedataset,obtainingthecorrect
registrationin all cases.In particular, asshown in Fig. 1A, we successfullydealwith the
caseon which thestraightforwardnonrigid ICP algorithmfailed. Themodi�ed algorithm
wasappliedto theCAESARdatasetandproducedvery goodregistrationfor challenging
casesexhibiting botharticulatedmotionanddeformation(Fig. 2B), or exhibiting deforma-
tion anda (small)changein objectscale(Fig. 2C).

Overall, the algorithm performedrobustly, producinga close-to-optimalregistrations
even for pairsof meshesthat involve largedeformations,articulatedmotionor both. The
registrationis accomplishedin an unsupervisedway, without any prior knowledgeabout
objectshape,dynamics,or alignment.

Partial view completion. TheCorrelatedCorrespondencealgorithmallowsusto register
adatameshcontainingonly apartialscanof anobjectto aknown completesurfacemodel
of theobject,which servesasa template.We canthentransformthetemplatemeshto the
partialscan,aprocesswhichleavesundisturbedthelinks thatarenot involvedin thepartial
mesh.Theresultis a meshthatmatchesthedataon theobservedpoints,while completing
theunknown portionof thesurfaceusingthetemplate.

Wetakeapartialmesh,whichis missingtheentirebackpartof thepuppetin aparticular
pose. The resultingpartial model is displayedin Fig. 3B-1; for comparison,the correct
completemodelin thiscon�guration(whichwasnotavailableto thealgorithm),is shown in
Fig. 3B-2. Weregisterthepartialmeshto modelsof theobjectin adifferentpose(Fig. 3B-
3), andcomparethecompletionswe obtain(Fig. 3B-4), to thegroundtruth representedin
Fig. 3B-2. Theresultdemonstratesa largelycorrectreconstructionof thecompletesurface
geometryfrom the partial scanand the deformedtemplate. We report additionalshape
completionresultsin [2].

Inter polation. Currentresearch[20] shows that if a nonrigidtransformation� between
the posesis available, believable animationcan be producedby linear interpolationbe-



Figure3: A) The resultsproducedby the CC algorithmwereusedfor unsupervisedrecovery of
articulatedmodels.15 puppetpartsand4 armparts,aswell asthearticulatedobjectskeletons,were
recovered. B) Partial view completionresults. The missingpartsof the surfacewereestimatedby
registeringthepartialview to acompletemodelof theobjectin adifferentcon�guration.

tweenthe modelmeshandthe transformedmodelmesh. The interpolationis performed
in the spaceof local link parameters(l i;j ; di ! j ; dj ! i ), We demonstratethat transforma-
tion estimatesproducedby our algorithmcanbeusedto automaticallygeneratebelievable
animationsequencesbetweenfairly differentposes,asshown in Fig. 2A.

Recovering Articulated Models. Articulated object modelshave a numberof appli-
cationsin animationand motion capture,and therehasbeenwork on recovering them
automaticallyfrom 3D data[7, 3]. We show thatour unsupervisedregistrationcapability
cangreatlyassistarticulatedmodel recovery. In particular, the algorithmin [3] requires
anestimateof thecorrespondencesbetweena templatemeshandtheremainingmeshesin
thedataset.Wesuppliedit with registrationcomputedwith theCorrelatedCorrespondence
algorithm. As a resultwe managedto recover in a completelyunsupervisedway all 15
rigid partsof the puppet,aswell as the joints betweenthem(Fig. 3A). We demonstrate
successfularticulationrecovery evenfor objectswhich arenot purely rigid, asis thecase
with thehumanarm(seeFig. 3A).

5 Conclusion

Thecontributionof thispaperis analgorithmfor unsupervisedregistrationof non-rigid3D
surfacesin signi�cantly differentcon�gurations. Our resultsshow that thealgorithmcan
dealwith articulatedobjectssubjectto largejoint movements,aswell aswith non-rigidsur-
facedeformations.Thealgorithmwasnot providedwith markersor othercuesregarding
correspondence,andmakesno assumptionsaboutobjectshape,dynamics,or alignment.
We show thequality andtheutility of theregistrationresultswe obtainby usingthemasa
startingpoint for compellingcomputergraphicsapplications:partialview completion,in-
terpolationbetweenscans,andrecoveryof articulatedobjectmodels.Importantly, all these
resultsweregeneratedin acompletelyunsupervisedmannerfrom asetof inputmeshes.

Themainlimitation of ourapproachis thefactthatit makestheassumptionof (approx-
imate)preservation of geodesicdistance.Although this assumptionis desirablein many
cases,it is notalwayswarranted.In somecases,themeshtopologymaychangedrastically,
for example,whenanarmtouchesthebody. We cantry to extendour approachto handle
thesecasesby trying to detectwhenthey arise,andeliminatingtheassociatedconstraints.
However, eventhis solutionis likely to fail on somecases.A secondlimitation of our ap-
proachis thatit assumesthatthedatameshis asubsetof themodelmesh.If thedatamesh
containsclutter, ouralgorithmwill attemptto embedtheclutterinto themodel.Wefeelthat
thegeneralnonrigidregistrationproblembecomesunderspeci�edwhensigni�cant clutter
andocclusionarepresentsimultaneously. In this case,additionalassumptionsaboutthe
surfaceswill beneeded.

Despitethe fact that our algorithm performsquite well, thereare limitations to what
canbeaccuratelyinferredabouttheobjectfrom just two scans.Givenmorescansof the



sameobject,we cantry to learnthe deformationpenaltyassociatedwith different links,
andbootstrapthealgorithm.Suchanextensionwouldbeasteptowardthegoalof learning
modelsof objectshapeanddynamicsfrom raw data.
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