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Abstract

We presentinunsupervisedlgorithmfor registering3D surfacescanf
an objectundepgoing signi cant deformations.Our algorithmdoesnot
usemarkers,nor doesit assumeorior knowledgeaboutobjectshapethe
dynamicsof its deformation,or scanalignment.The algorithmregisters
two meshedy optimizing a joint probabilisticmodelover all point-to-
point correspondencdsetweerthem. This modelenforcegreseration
of local meshgeometryaswell asmoreglobal constraintshat capture
thepreserationof geodesiaistancebetweercorrespondingpoint pairs.
The algorithm applieseven when one of the meshess an incomplete
rangescanithus,it canbeusedto automaticallyll in theremainingsur
facesfor this partial scan,evenif thosesurfaceswere previously only
seenin a differentcon guration. We evaluatethe algorithmon several
real-world datasetsywherewe demonstratgoodresultsin the presence
of signi cant movementof articulatedpartsandnon-rigid surfacedefor
mation.Finally, we showv thatthe outputof thealgorithmcanbe usedfor
compellingcomputergraphicstaskssuchasinterpolationbetweentwo
scansof a non-rigid objectandautomaticrecovery of articulatedobject
models.

1 Intr oduction

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

Themaindif culty inthe3D registrationproblemis determininghecorrespondencesf
pointson onesurfaceto pointsontheother Local regionsonthesurfacearerarelydistinc-
tiveenoughto determinghecorrectcorrespondenceyhetherbecausef noisein thescans,
or becaus®f symmetriesn theobjectshape Thus,thesetof candidateorrespondencédse
agivenpointis usuallylarge. Determiningthe correspondenci®r all objectpointsresults
in acombinatoriallylarge searchproblem. The existing algorithmsfor deformablesurface
registrationmalke the problemtractableby assumingsigni cant prior knowledgeaboutthe
objectsbeingregistered.Somerely onthe presencef markersontheobject[1, 20], while

A resultsvideois availableat http://robotics.stanfat.edu/ drago/cc/video.mp4
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Figurel: A) Registrationresultsfor two meshesNonrigid ICP andits variantaugmenteavith spin
imageggetstuckin localmaxima.Our CC algorithmproduces largely correctregistration,although
with anartifactin the right shoulder(inset). B) lllustration of thelink deformationprocessC) The
CC algorithmwhich usesonly deformationpotentialscanviolate meshgeometry Nearregionscan
mapto far ones(seggmentAB) andfar regionscanmapto nearones(pointsC,D).

othersassumeprior knowledgeaboutthe objectdynamicg16], or aboutthe spaceof non-
rigid deformationd15, 5]. Algorithmsthat make neitherrestriction[18, 12] simplify the
problemby decorrelatinghe choiceof correspondencdsr thedifferentpointsin thescan.
However, thisapproximatiors only goodin the casewhenthe objectdeformationis small;
otherwiseijt resultsin poorlocal maximaasnearbypointsin onescanareallowedto map
to faraway pointsin the other

Our algorithmde nes a joint probabilisticmodelover all correspondencesyhich ex-
plicitly modelthecorrelationsetweerthem— speci cally, thatnearbypointsin onemesh
shouldmapto nearbypointsin the other Importantly the notion of “nearby” usedin our
modelis de ned in termsof geodesiadistanceover the mesh,a more appropriatemea-
surein this contet thanthe standarcEuclideandistance.We de ne a probabilisticmodel
over the setof correspondenceshat encodegshesegeodesidistanceconstraintsaaswell
aspenaltiedor link twisting andstretchingandhigh-level local surfacefeatureq14]. We
thenapply loopy belief propagation[21] to this model,in orderto solve for the entire set
of correspondencesimultaneously The resultis a registrationthat respectghe surface
geometry To the bestof our knowledge the algorithmwe presenin this paperis the rst
algorithmwhichallowstheregistrationof 3D surfacesof anobjectwheretheobjectcon g-
urationscanvary signi cantly, thereis no prior knowledgeaboutobjectshapeor dynamics
of deformation,andnothingwhatsoer is known aboutthe objectalignment. Moreover,
unlike mary methods,our algorithm canbe usedto registera partial scanto a complete
model,greatlyincreasingts applicability.

We apply our approachto threedatasetsontainingmodelsof a woodenpuppet,a hu-
manarmandentirehumanbodiesin differentcon gurations. Thedatasetsonsistof object
modelsacquiredwith a 3D laserrangescannerWe demonstrat@ery goodregistrationre-
sultsfor scanpairsexhibiting articulatedmotion,non-rigid deformationspr both. We also
describethreeapplicationsof our method.In our rst application,we shov how a partial
scanof anobjectcanberegisteredontoafully speci edmodelin adifferentcon guration.
Theresultingregistrationallows usto usethemodelto “complete”thepartialscanin away
thatpreseresthelocal surlacegeometry In thesecondye usethe correspondencdsund
by our algorithmto smoothlyinterpolatebetweertwo differentposesof anobject. In our

nal application,we usea setof registeredscansof the sameobjectin differentpositions
to recover adecompositiorof the objectinto approximatelyrigid parts,andrecoveranar
ticulatedskeletonlinking the parts. All of theseapplicationsaredonein anunsupervised
way, usingonly the outputof our CorrelatedCorrespondencalgorithm appliedto pairs
of poseswith widely varyingdeformationsandunknown initial alignments.Theseresults
demonstrateéhe value of a high-quality solutionto the registrationproblemto a rangeof
graphicgasks.



2 Previous Work

Surfaceregistrationis afundamentabuilding blockin computeigraphics.Theclassicako-
lution for registeringrigid surfacess the Iterative ClosestPointalgorithm(ICP) [4, 6, 17].
Recently therehasbeenwork extendingICP to non-rigid surfaces[18, 8, 12, 1]. These
algorithmstreatoneof the scanqusuallya completemodelof the surface)asa deformable
template. The links betweenadjacentpointson the surfacecanbe thoughtof assprings,
which areallowedto deformat a cost. Similarly to ICP, thesealgorithmsiteratebetween
two subproblems— estimatingthe non-rigid transformation and estimatingthe set of
correspondenceS betweerthe scans.The stepestimatingthe correspondencesssumes
thata goodestimateof the nonrigidtransformation is available. Underthis assumption,
the assignmentso the correspondenceariablesbecomedecorrelated:eachpointin the
secondscanis associatedvith the nearestpoint (in the Euclideandistancesense)n the
deformedtemplatescan. However, the decompositioralsoinducesthe algorithm's main
limitation. By assigningpointsin the secondscanto pointson the deformedmodelinde-
pendentlynearbypointsin the scancangetassociatedo remotepointsin the modelif the
estimateof is poor (Fig. 1A). While severalapproachebave beenproposedo address
this problemof incorrectcorrespondencetheir applicabilityis largely limited to problems
wherethedeformationis local, andtheinitial alignmentis approximatelycorrect.

Anotherline of relatedwork is the work on deformabletemplatematchingin the com-
putervision community In the 3D casethis framework is usedfor detectionof articulated
objectmodelsin images[13, 22, 19]. The algorithmsassumehe decompositiorof the
objectinto arelatively smallnumberof partsis known, andthata detectorfor eachobject
partis available. Templatematchingapproachebave alsobeenappliedto deformable2D
objectswherevery ef cient solutionsexist[9, 11]. However, thesemethodslo not extend
easilyto thecaseof 3D surfaces.

3 The Correlated Correspondenceilgorithm

The input to the algorithmis a set of two meshegsurfacestessellatednto polygons).
ThemodelmeshX = (VX ;E*) is acompletemodelof the object,in a particularpose.

pointson themeshsurface. Thedatameshz = (VZ;E?) is eitheracompletemodelor a
partialview of the objectin adifferentcon guration. Eachdatameshpointz, is associated
with a correspondenceariable ¢, specifyingthe correspondingnodelmeshpoint. The
taskof registrationis one of estimatingthe setof all correspondenceS anda non-rigid
transformation which alignsthe correspondingpoints.

3.1 Probabilistic Model

We formulatethe registrationproblemasone of nding an embeddingof the datamesh
Z into themodelmeshX , whichis encodedasanassignmento all correspondenceari-

resentechisa Markov network. For eachpair of adjacentdatameshpointszy; z;, we want
to de ne a probabilisticpotential (ck; ¢) thatconstrainghis pair of correspondences

reasonablq@d consis@nt.This givesrise to a joint probability distribution of the form

p(C) = Zi k (&) " (c;a) which containsonly single and pairwise potentials.
Performingprobabilisticinferenceto nd the mostlikely joint assignmento the entireset
of correspondenceariablesC shouldyield agoodandconsistentegistration.

Deformation Potentials. We want our modelto encodea preferencdor 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 Hahneletal. [12] andtreatthelinks in thesetE X asspringswhich
resiststretchingandtwisting attheirendpoints Stretchings easilyquanti ed by looking at
changesn thelink lengthinducedby thetransformation . Link twisting, however, is ill-

speci ed by looking only at the Cartesiarcoordinate®f the pointsalone.Following [12],

we attachanimaginarylocal coordinate systemo eachpoint on the model. This local
coordinatesystemallows usto quantify the “twist” of apointx; relative to a neighborx;.
A non-rigidtransformation de nes,for eachpointx;, atranslatiorof its coordinatesand
arotationof its local coordinatesystem.

To evaluatethe deformationpenalty we parameterizeeachlink in the modelin terms
of its lengthandits directionrelative to its endpointgseeFig. 1B). Speci cally, we de ne
lij to bethedistancebetweerx; andx;; di: ; is a unit vectordenotingthe directionof
the pointx; in the coordinatesystemof x; (andvice versa).We usee;j to denotethe set
of edgeparametergl;; ; dii j;dj: i). It is now straightforvardto specifythe penaltyfor
modeldeformationsLet beatransformationandlete;; denotethetriple of parameters
associateavith thelink betweerx; andx; afterapplying . Ourmodelpenalizegwisting
andstretchingusinga separateero-mearGaussiamoisemodelfor each:

P(ej jey) =P jliy) P jjdy )P ijdii) 1)

In theabsencef prior information,we assumehatall links areequallylikely to deform.

In orderto quantify the deformationinducedby an embeddingC, we needto include
a potential 4(c;c) for eachlink ef, 2 E*. Every probability 4(cc = i;¢ = j)
correspondso the deformationpenaltyincurredby deformingmodellink e;; to generate
link e, andis de nedin (1). We do notrestrictoursehesto thesetof links in E* , since
the original meshtessellationis sparseandlocal. Any two pointsin X are allowed to
implicitly de ne alink.

Unfortunately we cannotdirectly estimatethe quantity P(ef;I j &), sincethe link

parameteref;I dependbn knowing the nonrigidtransformationwhich is notgivenaspart
of the input. (Indeed,estimatingit is part of the goal of the algorithm.) The key issue
is estimatingthe relative rotation of the link endpointsthatis inducedby the (unknown)
transformation.In effect, this rotationis anadditionallatentvariable,which mustalsobe
partof the probabilisticmodel. To remainwithin the realmof discreteMarkov networks,
allowing the applicationof standardprobabilisticinferencealgorithms,we discretizethe
spaceof thepossiblerotations andfold it into thedomainsof thecorrespondenceariables.
For eachpossiblevalue of the correspondenceariablecy = i we selecta small set of
candidaterotations,consistenwith local geometry We do this by aligninglocal patches
aroundthe pointsx; andzy usingrigid ICP. We extendthedomainof eachcorrespondence
variablescy , whereeachvalueencodes matchingpointand a particularrotationfrom the
precomputedsetfor thatpoint. Now theedgeparametersif;I arefully determinedandso
is the probabilisticpotential.

GeodesicDistances. Our proposedapproactraisesthe questionasto what constitutes
the bestconstraintbetweemeighboringcorrespondenceariables. The literatureon scan
registration— for rigid andnon-rigid modelsalike — relieson the preservingeuclidean
distance While Euclideardistancas meaningfulfor rigid objectsijt is very sensitve to de-
formations especiallythoseinducedby moving parts.For example,in Fig. 1C, we seethat
thetwo legsin onecon gurationof our puppetarefairly closetogetherallowing thealgo-
rithm to maptwo adjacentpointsin the datameshto the two separatdegs, with minimal
deformationpenalty In the complementangituation,especiallywhenobjectsymmetries
arepresenttwo distantyet similar pointsin onescanmightgetmappedo the sameregion
in theother For example,in thesamegure, we seethatpointsin bothanarmandalegin
thedatameshgetmappedo asingleleg in the modelmesh.

We thereforewant to enforceconstraintspreservingdistancealong the meshsurface
(geodesiddistance). Our probabilisticframework easily incorporatesuch constraintsas



Figure2: A) Automaticinterpolationbetweertwo scansof anarmandawoodenpuppet.B) Regis-
trationresultsontwo scanof the samemansitting andstandingup (selectpointsweredisplayed)
C) Rajistrationresultson scansof a larger mananda smallerwoman. The algorithmis robust to
smallchangesn objectscale.

correlationdbetweerpairsof correspondenceariables We encodeanearnesgreservation
constaint which preventsadjacentpointsin meshZ to be mappedo distantpointsin X
in the geodesidistancesense.For adjacentpointszy; z; in the datamesh,we de ne the
following potential:

. . 0 dist ic(Xi;Xj) >
n@=ia=i= ] gnowee @

where isthedatameshresolutionand is someconstantchoserto be 3:5.

The farnesspreservationpotentialsencodethe complementaryconstraint. For every
pair of pointszy; z, whosegeodesidistancas morethan5 onthedatameshwe havea
potential:

. . 0 dist ic(Xi;Xj) <
fe=ia=D= ) grower) ®

where is alsoaconstantchoserto be2 in ourimplementationTheintuition behindthis
constraints fairly clear: if zy; z arefar aparton the datamesh,thentheir corresponding
pointsmustbefarapartonthemodelmesh.

Local Surface Signatures. Finally, we encodea set of potentialsthat correspondo
the preseration of local surfacepropertiesbetweenthe modelmeshanddatamesh. The
useof local surfacesignaturess important,becausét helpsto guidethe optimizationin
the exponentialspaceof assignments.We use spin images[14] compressedvith prin-
cipal componentnalysisto producea low-dimensionakignatue sy of thelocal surface
geometryarounda point x. Whendataand modelpointscorrespondye expecttheir lo-
cal signaturedo be similar. We introducea potentialwhosevalues s(ck) = i enforcea
zero-mearGaussiarpenaltyfor discrepanciebetweersy; ands,, .

3.2 Optimization

In the previous section,we de ned a Markov network, which encodes joint probability
distribution over the correspondenceariablesasa productof single and pairwisepoten-
tials. Ourgoalisto nd ajoint assignmento thesevariablesthat maximizesthis proba-
bility. This problemis one of standardprobabilisticinferenceover the Markov network.
However, the Markov network is quite large,andcontainsa large numberof loops,sothat
exactinferencds computationallynfeasible.We thereforeapplyanapproximatenference
methodknown asloopy beliefpropagation (LBP)[21], which hasbeenshavn to work in a
wide variety of applications RunningLBP until cornvergenceresultsin a setof probabilis-
tic assignmentto the differentcorrespondenceariableswhich arelocally consistentWe
thensimply extractthemostlik ely assignmenfior eachvariableto obtainacorrespondence.
Oneremainingcomplicationarisedrom theform of ourfarnesgpreserationconstraints.
In general,most pairs of pointsin the meshare not close, so that the total numberof
suchpotentialsgrows as O(M 2), whereM is the numberof pointsin the datamesh.



However, ratherthanintroducingall thesepotentialsnto the Markov netfrom the start,we

introducethemasneeded First, we run LBP without ary farnesgreseration potentials.
If thesolutionviolatesa setof farnesgreserationconstraintswe addit andrerunBP. In

practice this approachaddsa very smallnumberof suchconstraints.

4 Experimental Results

Basic Registration. We appliedour registrationalgorithmto threedifferentdatasets,
containingmeshexf a humanarm, woodenpuppetandthe CAESAR datasetf whole

humanbodies[1], all acquiredby a 3D rangescanner The meshesvere not complete
surfacesput severaltechniquesxist for Illing theholes(e.g.,[10]).

WerantheCorrelatedCorrespondencalgorithmusingthe sameprobabilisticmodeland
thesameparametersn all datasets.We usea coarse-to- nestratey, usingtheresultof a
coarsesub-samplingf themeshsurfaceto constrairthecorrespondencesa ner-grained
level. Theresultingsetof correspondencegereusedasmarkersto initialize thenon-rigid
ICP algorithmof Hahneletal. [12].

The CorrelatedCorrespondencalgorithmsuccessfullyalignedall meshpairsin our hu-
manarmdatasetcontaining7 arms.In the puppetdatasetwe registeredoneof themeshes
to theremaining6 puppetsThealgorithmcorrectlyregistered4 out of 6 datamesheso the
modelmesh.In thetwo remainingcasesthe algorithmproduceda registrationwherethe
torsowas ipped, sothatthe front wasmappedo the back. This problemarisesfrom am-
biguitiesinducedby the puppetsymmetry whosefront andbackarealmostidentical. Im-
portantly our probabilisticmodelassignsa higherlik elihoodscoreto the correctsolution,
sothattheincorrectregistrationis a consequencef local maximain the LBP algorithm.

Thisfactallows usto addressheissuein anunsupervisegvay simply by runningloopy
BP severaltimes,with differentinitialization. For detailson theunsupervisecthitialization
schemewe used,pleaserefer to our technicalreport[2]. We ranthe modi ed algorithm
to registeronepuppetmeshto theremainingé meshesn the datasetpbtainingthe correct
registrationin all cases.In particular asshown in Fig. 1A, we successfullydealwith the
caseon which the straightforvard nonrigid ICP algorithmfailed. The modi ed algorithm
wasappliedto the CAESAR datasetind producedvery goodregistrationfor challenging
casesxhibiting botharticulatedmotionanddeformation(Fig. 2B), or exhibiting deforma-
tion anda (small) changen objectscale(Fig. 2C).

Overall, the algorithm performedrobustly, producinga close-to-optimalregistrations
evenfor pairsof mesheghatinvolve large deformationsarticulatedmotion or both. The
registrationis accomplishedn an unsupervisedvay, without any prior knowledgeabout
objectshapedynamicspor alignment.

Partial view completion. The CorrelatedCorrespondencalgorithmallows usto register
adatameshcontainingonly a partialscanof anobjectto a known completesurfacemodel
of the object,which senesasatemplate.We canthentransformthe templatemeshto the
partialscanaprocesavhich leavesundisturbedhelinks thatarenotinvolvedin the partial
mesh.Theresultis ameshthatmatcheghe dataon the obsered points,while completing
theunknown portionof the surfaceusingthetemplate.

Wetake apartialmeshwhichis missingtheentirebackpartof thepuppetin aparticular
pose. The resultingpartial modelis displayedin Fig. 3B-1; for comparisonthe correct
completamodelin thiscon guration(whichwasnotavailableto thealgorithm),is shavnin
Fig. 3B-2. We registerthe partialmeshto modelsof the objectin a differentpose(Fig. 3B-
3), andcomparethe completionswe obtain(Fig. 3B-4), to the groundtruth representeth
Fig. 3B-2. Theresultdemonstratealargely correctreconstructiorof the completesurface
geometryfrom the partial scanand the deformedtemplate. We reportadditionalshape
completionresultsin [2].

Inter polation. Thetaskof interpolationbetweendifferentobjectposeshasbeenexten-



Figure 3: A) The resultsproducedby the CC algorithmwere usedfor unsupervisedecovery of
articulatedmodels.15 puppetpartsand4 armparts,aswell asthe articulatedobjectskeletonswere
recovered. B) Partial view completionresults. The missingpartsof the surfacewere estimatedby
registeringthe partial view to acompletemodelof the objectin adifferentcon guration.

sively studiedin graphicsandanimation. Currentresearct20] shows thatif a nonrigid
transformation betweertheposeds available,believableanimationcanbe producedby
linearinterpolationbetweerthemodelmeshandthetransformednodelmesh.Theinterpo-
lationis performedn thespaceof locallink parameter§l;; ; dii j;d;: i), Wedemonstrate
thattransformatiorestimateproducedoy our algorithmcanbe usedto automaticallygen-
eratebelievableanimationsequencebetweerfairly differentposesasshavnin Fig. 2A.

Recovering Articulated Models. Articulated object modelshave a numberof appli-
cationsin animationand motion capture,and there has beenwork on recovering them
automaticallyfrom 3D data[7, 3]. We shav thatour unsupervisedegistrationcapability
cangreatly assistarticulatedmodelrecovery. In particular the algorithmin [3] requires
anestimateof the correspondencdsetweeratemplatemeshandthe remainingmeshesn
thedatasetWe suppliedit with registrationcomputedwith the CorrelatedCorrespondence
algorithm. As a resultwe managedo recover in a completelyunsupervisedvay all 15
rigid partsof the puppet,aswell asthe joints betweenthem (Fig. 3A). We demonstrate
successfuérticulationrecovery evenfor objectswhich arenot purelyrigid, asis the case
with the humanarm (seeFig. 3A).

5 Conclusion

Thecontribution of this paperis analgorithmfor unsupervisedegistrationof non-rigid3D

surfacesin signi cantly differentcon gurations. Our resultsshav thatthe algorithmcan
dealwith articulatedobjectssubjectto large joint movementsaswell aswith non-rigid
surfacedeformations.Thealgorithmis not providedwith markersor othercuesregarding
correspondencgnd makesno assumptiongboutobjectshape dynamics,or alignment.
We shawv the quality andthe utility of theregistrationresultswe obtainby usingthemasa
startingpoint for compellingcomputergraphicsapplications:partial view completion,in-

terpolationbetweerscansandrecovery of articulatedbjectmodels.Importantly all these
resultsweregeneratedn a completelyunsupervisednannerfrom a setof inputmeshes.

Themainlimitation of our approachs thefactthatit makesthe assumptiorof (approx-
imate) preseration of geodesidistance.Although this assumptioris desirablein mary
casesit is notalwayswarrantedIn somecasesthemeshtopologymaychangedrastically
for example,whenanarmtoucheshebody. We cantry to extendour approacto handle
thesecasedy trying to detectwhenthey arise,andeliminatingthe associated¢onstraints.
However, eventhis solutionis likely to fail on somecases A secondimitation of our ap-
proachis thatit assumeshatthe datameshis a subsebf themodelmesh.If thedatamesh
containgclutter, ouralgorithmwill attempto embedheclutterinto themodel.We feelthat
the generalnonrigid registrationproblembecomesinderspeci edvhensigni cant clutter
andocclusionare presentsimultaneously In this case,additionalassumptionsboutthe
surfaceswill beneeded.



Despitethe fact that our algorithm performsquite well, thereare limitations to what
canbe accuratelyinferredaboutthe objectfrom just two scans.Given more scansof the
sameobject,we cantry to learnthe deformationpenaltyassociatedvith differentlinks,
andbootstrapghealgorithm. Suchanextensionwould be a steptowardthe goalof learning
modelsof objectshapeanddynamicsfrom raw data.
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