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Abstract

e proposestatisticallearningmethoddgor approximatingimplicit surfacesand computingdense3D deformation
elds. Our approad is basedon Supportvector (SV)Machines,which are stateof theart in madinelearning It
is straightforwaid to implementand computationallycompetitive its parametes can be automaticallysetusing
standad madinelearningmethods.

Thesurfaceapproximationis basedon a modi ed Supportvector regression\We presentapplicationsto 3D head
reconstructionincludingautomaticremoval of outliers and hole lling .

In a secondstep,webuild on our SVrepresentatiorto computedense3D deformationelds betweertwo objects.
The elds arecomputedisinga generlizedSVMachineenforcing correspondencbetweenhepreviouslylearned
implicit SVobjectrepresentationsaswell ascorrespondencesetweerfeatuse pointsif sud pointsare available
We applythe methodo the morphingof 3D headsand otherobjects.

CatagoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.5[ComputerGraphics]:ComputationalGeometry

andObjectModeling— Curwve, surface,solid, andobjectrepresentation

1. Intr oduction

During recentyears,statisticallearningtechniquesave at-
tractedincreasingattentionin variousdisciplinesof com-
puterscienceLearningmethodsarein generakpplicablein
all situationsvhereempiricaltrainingdataareavailable,and
ageneralizatiorto novel instance$asto be establishedDe-
pendingon the compleity of the functionaldependengcto
be estimatedthis canbe achieved by low-dimensionapara-
metricmodels pr by moregeneralnon-parametricnethods.

A particularclassof non-parametrienethodswhich have
becomepopularin machinelearningand statisticsare ker-
nelmethodsor kernelmachinegSS02. All kernelmethods,
including the well-known SupportVector Machine (SVM)
[Vap9g, sharethe useof a positivede nite kernel k : X
X I R.Here, X isthedomainin which the empirical
datalive. In patternrecognition,say X might be a vector
spaceof images.In this paper we assumeX to be R ora
subsetthereof,containingthe point cloud samplesandthe
implicit surface.Positve de nite kernelsare characterized
by the propertythat thereexists a mappingF from X into
a Hilbert spaceH (termedthe reproducingkernel Hilbert
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Figure 1: ThemappingF de ned by the kernelfunctionk
(Equationl) transformghe 3D surfaceto a hyperplandn a
high-dimensionaHilbert space

spaceassociatedvith k) suchthatfor all x; x02 X,
k(x; xo) = F(X); F(xo) : Q)

Eqg. (1) hasfarreachingconsequencedt implies that
wheneer we have an algorithmthat can be carriedout in
termsof innerproducts— essentiallyall algorithmsthatcan
be formulatedin termsof distanceslengths,andangles—
we canconstructanonlineargeneralizatiorof thatalgorithm
by substitutinga suitablekernelfor the usualinner product.
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Figure 2: The secondalgorithm presentedn this paper
computes densecorrespondencéashedarrows)between
tworegionscontainingthesurfacegshadedgray) by matdh-

ing implicit surfacerepresentationsand given additional

pairs of correspondindeatute points(blad circles).

Implicitly, we arethencarryingoutthealgorithmin the(pos-
sibly in nite-dimensional)Hilbert spaceH . Thecoreideaof
kernelmethodsis thusto reducecomple nonlinearlearn-
ing problemgo linearestimatiorproblemsn Hilbert spaces.
Forinstancejn SVM classi ers,theelementof two classes
are separatedy a hyperplanein H. SVM classi ers form
avery generalclassof learningmachinesandthey include
mary commontypesof neuralnetworks as a specialcase,
e.g.,2-layerfeedforward networks andradial basisfunction
(RBF) networks.

In this paperwe presenamethodthatrepresentshe sur
faceof a 3D objectin termsof a hyperplanein H, givena
pointcloudof surfacepointsastrainingdata(Figurel). This
implicit surfacecanbe usedfor smoothing,de-noisingand
hole lling. We thentake the approachone stepfurther by
learninga kernelbaseddeformationmappingwhich, given
two objectsimplicitly representetby kernelmachinesywill
transformoneinto the other (i.e., a warp eld). If pairsof
featurepoint correspondenceare availablefor guiding the
warp eld, they aretakeninto accounty thealgorithm.Un-
like mostprevious methoddor surfacecorrespondenceur
methodprovides an estimateof correspondenca the 3D
volumearoundthe surface(Figure 2). For humanfacesthis
can be usedfor warping additional structures suchasthe
eyeglasseshavn in the supplementamaterial,or anatomi-
cal structuresnsideof the head suchasteethor bonestruc-
tures.Our new techniquecanbe appliednot only for visual
effects, but alsoin medicineor for scienti ¢ visualization
andmodelingof volumedata.

The next sectionbrie y reviews relatedwork. Section3
present®ur approachor SVM surfacereconstructionSec-
tion 4 describeghe kernelbaseddeformationmappingbe-
tweenimplicit surfaces Section5 givesexperimentakesults
on both proposedapproachesandwe concludewith a dis-
cussionof our ndings (Section6).

2. Relatedwork

The approacheso the constructionof implicit surfacerep-
resentationsan be divided into three groups:Somealgo-

rithms approximatethe signeddistancefunction by the dis-
cretized solution of partial differential equationsand ap-
ply it to surfaceediting applicationsfMBWBO02]. Another
powerful class are methodsbasedon local approxima-
tions of the surface,suchas Moving-Least-Squaremeth-
0ds[ABCO 03,PKKG03 SOS04 andMulti-level Partition
of Unity [OBA 03].

The third class,into which our own methodfalls, usea
global representationf the implicit surfacefunction based
on an expansionin radial basisfunctions(RBF). Someau-
thors have proposednon-compactlysupportedbasisfunc-
tions [CBC 01, TO99, othershave used compactly sup-
portedbasisfunctionsfMTR 01, OBS03 aswe do. Unlike
thesemethodswhichperformaleast-squarespproximation
with a regularizationterm that avoids over- tting and pro-
ducesa smoothresult,our implicit function algorithmuses
adistancefunctionthatis morerobusttowardsoutliers,and
anotherapproactfor controlling smoothnesshatis derived
from machindearning [WLO03] proposed level setestima-
tion methodusingan SVM classi er for 2D outline estima-
tion in computewision.[SGS0% recentlypresentednalgo-
rithm which is basedon one-claslassi ers.Both methods
do not attemptto approximatethe signeddistance nor do
they scalewell enoughto be appliedto datasetsuchasthe
largestin the presenpaper

Automatedalgorithmsfor computingpoint-to-pointcor
respondencebetweensurfaceshave beenpresentedrevi-
ouslyin the context of 3D morphablemodels.For parame-
terized surfacesof humanfacesthat were capturedwith a
laserscannera modi ed optical ow algorithm hasbeen
proposedBV99]. On moregeneralshapesuchasanimals
or humanbodies,methodshave beendevelopedthat match
eachmeshvertex of the rst shapeto the mostsimilar point
on the secondmesh[She0QACP03. Thesemethodsmin-
imize the distanceto the target mesh and maximize the
smoothnes®f the deformationin termsof stiffnessof the
sourcemesh[She00Q or the similarity betweentransforma-
tions of adjacentverticesfACP03. For matchingpartially
overlappingportionsof the samesurface, Iterative Closest
PointAlgorithms[BM92, RLO1] provide areliablesolution.
A variety of methodsareavailablefrom medicaldataregis-
tration[AFPOQ. However, thesemethodslonotuseimplicit
functionsandmachingearningmethods.

Unlike deformationsthat are de ned only on the sur
face,a volume deformationalgorithm basedon free-form-
deformationswith B-Splinesbetweenlandmarkpoints has
beendescribedfor MRI scansof human brains [RF03.
[MKN 04] extenda physically plausibledeformationfrom
a setof samplepointsto the whole objectusinga Moving
LeastSquaresapproach[COSL9§ morphtwo objectsinto
eachotherby rst applyinganelasticdeformationbasecon
featurepoint correspondenceand then blendingtwo im-
plicit functionsdescribingthe objectsinto eachother

¢ TheEurographicfssociationandBlackwell Publishing2005.



F. Steinle, B. Sholkopf& V. Blanz/ SupportvectorMachinesfor 3D ShapeProcessing

3. Surfacereconstruction

Implicit surfacemodelingis basedon the ideathat a sur
face can be describedas the setof all x2 X  RP (D
being the dimensionof input space)for which a function
f: X I R equalszero. The methodpresentechere will
modelthis functionasa hyperplanen the (reproducinger-
nel) Hilbert spaceH, i.e., asthe zerosetof the functional

f(x) = hw F (x)i + b; @)

wherew 2 H;b 2 R. This hyperplanewill approximately
passhroughthegivensurfacepoints,mappedntoH viaF.

In Section3.1we will shav how this hyperplanecanac-
tually be computedIt will turn outthat f canbewritten as

m
f) = & aik(x;x)+b; 3)
i=1
wherek satis es(1). We will usea radial basiskerneland
call thex; kernel centes or basepoints It is clearthatone
cantrivially “solve” this problemby settingw andb to zero.
To avoid this,we will includeoff-surfacetrainingpointsand
enforcef to take nonzerovalueson thosepoints,to be ex-
plainedin Section3.2 In Section3.3 we will describea
multi-scaleschemeandin Section3.4we shov how thenec-
essaryparametersanbe selectecautomatically

3.1. A Simplied SVM RegressionAlgorithm

Our goal is to t the function f to a given training set

y; = 0. We usean adaptatiorof the so-callede-insensitve
SVM regressionalgorithm[Vap98 SS03.

As abestt, we nd atrade-of betweenpenalizationof
errorsandregularizationof thesolutionvia theHilbert space
norm of w. The term kwk? is often referredto as a large
maugin regularizer asits minimizationin an SV classi er
inducesa large magin of separatiorbetweenthe classes.
Alternatively, it canbeinterpretedasenforcingsmoothness
of thesolution(for details,see[SS03).

A differenceof thefunction f(x) = hw; F (x)i + b atpoint
X to the tamget valuey; is penalizediinearly as soonasit

exceedsthe thresholde 0 by a value xi( ) 0. Thise
insensitivelossfunction[Vap9§ makesthe SVM morero-
bustto heary-tailed noise(suchasoutliers)thanthe squared
lossregressionwhich is usedin standardeast-squareap-

proache$SS03.

With aparamete€ > 0thatcontrolsthetrade-of between
errorpenalizatiorandfunctionregularization we obtainthe
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following corvex quadraticoptimizationproblem:

minimize  —kwk? + Ca (Xi+x) )
W2H X% 2R 2 i
subjectto  hwF(X)i+b v e+ X
hwF(x)i b+y e+ X
Xi; X 0

Hereandbelaw, indicesareassumedo run or to sumover

In contrastto standardSV regressionwe setthe offsetb
toa x edvalue(seeSection3.3). Thiswill simplify thedual
formulationof the optimizationproblem.The dual problem
is obtainedby usingtheformalismof constrainedptimiza-
tion, known asLagrangeduality for thecaseof equalitycon-
straintsandextendedby Karush KuhnandTucker (KKT) to
the caseof inequality constraint{seee.g.[SS03). A stan-
dardcalculationleadsto:

minimize %aTKa + 3 (a

aj;a; 2R i

aj)yi+ eé_- (ai+aj) (5)

subjecto 0 aj;a;j C

wherea = (a;
the KKT optimality conditions,it canbe shavn thatthe so-
lution satis esw = &7 ajF (x;). Note that unlike (4), this
problemdoesno longerexplicitly dependon F or ary ele-
mentof H. Togethemwith thekernelequation(1) the hyper
planef canbe expressedn termsof kernels(3). This step,
whichis crucialto all SV methodsyreducegheinner prod-
uct betweertwo possiblyin nite-dimensionalvectorsto an
expansionwhich canbe evaluatedef ciently .

Problem(5) is acorvex quadratigrogramwith a positive
de nite matrix K and a box constraint.We employ a sim-
ple coordinatedescentoptimizationscheme selectingone
dimensionatatime andoptimizingthe objective functionas
afunctionof thatvariablewith the others x ed:

Vi e &giKijaj

Kii
If al"® falls out of the interval [0;C] we setit to the closest
feasiblepoint. This updatewhichis similarto thesymmetric
Gauss-Seidehethodcanbedoneveryef ciently in constant
time, if K is sparseTo ensuresparsityof K, we usethe so
calledWu function[Sch93 asakernel,

k(r)= (1 r)i‘(4+ 160+ 12r% + 3r3);

a{']eN —

wherer = % It hascompactsupportof sizes > 0 and
is in C2(R®). As the resultis differentiable we can calcu-
late higher order differential characteristicof the implicit
surface,suchasGaussiaror meancurvature[ TG95.

While we have presentlyintroducedthe optimization
problem(5) in a somevhat heuristicfashion,it shouldbe
stressedhatthereareseseralwaysto justify it theoretically:

Uniform corvergenceboundsare generalization®f the
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classicalaw of large numbersvhichimply thatempirical
estimatef error rateswill corverge to true error rates
provided certainnotionsof capacityof function classes
arewell-behaed. In the caseof SV regressiononecan
shaw thatthe quantitykwk2 is sucha way to controlthe
capacityof the classof linear functions(2), andonecan
derive probabilisticupperboundson the error of the esti-
matedfunctionon previously unseerpoints(theso-called
generlizationerror). Theseéboundslependessentiallyon
thetrainingerrorandthe sizeof kwk? [Vap9g.
Algorithmic Stabilityis a notionthatmeasuresiov much
thesolutionof anestimatiorproblemchangesf thetrain-
ing setis perturbed.High stability combinedwith low
training error leadsto a low generalizationerror, and,
as above, high stability can be relatedto a small kwik?
[BEOL SS02.

Regularization Theory— a small value of kwk? canbe
shavn to inducesmoothnessf the estimatedunctionin
akernel-dependemhanner;for detailssee[ SS02.
Compession— for SVM classi ers, one canshav that
a solution with a small kwk? can be interpretedas a
compressiorof the training target values,given the in-
put points.This alsoleadsto generalizatiorerror bounds
[vLBSO04.

Bayesiar'Maximum A Posteriori” Methoddeadto opti-
mizationproblemsof the form (4) andareoptimalin the
senseof producingthe mostlikely model,giventhe em-
pirical data,anobsenationerrormodel,andaprior distri-
bution formulatedin termsof kwk?. We pointoutthatthe
obsenation error modelunderlyingthe squaredossis a
Gaussianwhile the e-insensitve lossusedin our method
arisesrom adistribution with heavier tails[SS032, which
is betterableto modeloutliers.

3.2. Training Point Generation

Thegoalof thissectionis to estimateghefunction f suchthat
it reproduceghe signeddistancein the vicinity of the sur
face.This notonly helpsto avoid trivial solutionsf(x) 0,
but alsode nes a functionalsurfacedescriptionthatcanbe
usedfor avariety of purposessuchascollision detectionor
3D morphing(Sectiord). Similarly to[CBC 01] weachieve
thisgoalby includingadditionalinputpairs(x;; y;) with base
pointsx; on eithersideof thesurface.Theseadditionaltrain-
ing pointsare generatedy displacinggiven surfacepoints
along their surface normalshby a distancey;, using nega-
tive valuesinside and positive onesoutside.The distances
alongthe normalsare chosensuchthat the kernelfunction
k(xX) = k(xi;xX) hasa stable,non vanishinggradienton the
supposedurface.

Whendecidingwhetherto includeathusconstructeaff-
surfacepoint in the training set, we usea heuristicto en-
surethatits targetvaluey; is approximatelywithin 10% of
the correctsigneddistance Clearly, the true distanceof the
pointis atmostjy;j. However, it mayhapperthatthe surface

bendsaroundandit in factis closerthanthis. We discardthe
pointif thereexists a surfacetraining point at a distanceof
lessthan0:9jy;j. The methodworkedwell in all our experi-
ments.We assumehatsurfacenormalsaregiven,or canbe
computedrom meshconnectvity or nearesteighborinfor-
mation.The above consisteng checkandthe choiceof loss
functionmake themethodrobustwith respecto noisein the
normalestimates.

It isawell-known andfundamentapropertyof SVMsthat
in the resultingexpansionof f (Equation3) alarge portion
of coefcients a; mayvanish,so f depend®nly onasubset
of kernelcentersx; [SS02 (calledSVs). The SVM adapts
thedensityof contributing kernelcentersy; to the comple-
ity of the surface.However, it is in generalnot known be-
fore training which pointswill end up becomingSVs. As
a consequencehe runtime of a “vanilla” implementation
of SVMs scaledlike O(m3). In our speci ¢ problem,how-
ever, we canmale the optimizationalgorithmmoreef cient
by pre-selectingointsbeforetraining: In a box subdvision
schemeaninitial boundingboxis recursvely subdvidedto
agivenresolutionde ned by thekernelsupportandthecen-
ter pointsareextracted.Thatway the numberof basepoints
within the supportof a kernelfunctionis limited to a x ed
number When solving the optimizationproblems,it turns
out that most of the thus constructedtraining points will
wind up being SVs. The above procedurecanthusalsobe
viewedasaway of preprocessinthetrainingsetto identify
pointswhich arelikely to becomeSVs.

For computingthekernelmatrix,we applyafastO(logm)
nearest-neighbosearcherreducingthe runtime scaling of
this stepfrom O(mz) to O(m logm). The samemethodalso
guaranteefastevaluationin O(logm) time.

The overall training time of our algorithm,including the
SVM optimization,is alsoO(m logm), andthe storagere-
quirements linear, makingit applicableto large datasets.

3.3. Multi ScaleApproach

In orderto obtaina simple and smoothsolutionwhich can
interpolateacrossholesin thesurface we usea combination
of kernelsat different sizes.We apply an iterative greedy
multi-scale approximation,starting on a very coarselevel
to approximatethe signeddistancefunction. On subsequent
ner scaleswe only approximateheresidualerrors.The -
nal functionis given asthe sumof the functionscomputed
at eachlevel. We setthe x ed offsetb equalto the biggest
kernelwidth.

While iterating throughthe different scales,we discard
a proposedbasepoint if the value of the function at higher
levelsis alreadywithin thedesiredtting accurag. As larger
kernelscandescribeat regionsratherwell, the numberof
basepointsautomaticallyadaptgo thecompleity of theob-
ject.
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Figure 3: Animplicit surfacereconstructiorof thedragonof
the Stanfod 3D ScannindrepositoryTheoriginal meshhas
more than 400k data points. Our reconstructionuses280k
kernelcentes.

3.4. Parameter Selection

The systemparametergan be determinedwithout userin-
teraction.For the kernelwidths at differentscaleswe use
acascadef 1=2; 1=4;::: of the diameterof the object. This
choiceprovidesthe modelwith enoughvariability to recon-
struct ne detailswhile reliably extrapolatingacrosdarger
distanceskRe nementstopsautomaticallywhennonew base
pointsareaddedary more,i.e.whenall proposedasepoints
arewithin the desiredtting accurag. For our testdatasets,
ve to six scalegyave visually plausibleandpreciseresults.

Theregularizationparameteraremoredif cult to deter
mine. We usea simple validation schemein this scheme,
only a subsetof pointsare usedfor tting, while the oth-
ersareindependentlatato testthe generalizatiorerror. If
the relative weightof the regularizeris too high (smallC in
(4)), thefunctionis smoothbut doesnot t thetrainingdata.
If, ontheotherhand,thelosstermof the objective function
is given too much weight (large C in (4)), we experience
over tting andthe generalizatiorto non-trainingpointsde-
terioratesWe nd theoptimalweightby measuringhegen-
eralizationerrorfor differentvalues.The optimal parameter
valuestransferwell acrossa broadclassof objects.

4. Dense3D Deformation Fields

Findinga deformationeld for morphingobjectsand,more
generallyde ning acriterionfor correctcorrespondendse-
tweensurfacesarechallengingproblemsThealgorithmpre-
sentedin this sectioncomputesa smooth3D deformation
eld betweertwo implicit surfacesUnlike mostothermeth-
ods, it givesan estimateof deformationnot only onthe sur

face,but onthe entire3D volumethatembedst, which can
beusefulfor alargerangeof applicationsotonly in graph-
ics, but alsoin medicineandengineering.

¢ TheEurographic#ssociationandBlackwell Publishing2005.

Figure 4: Holesdueto occlusionsin the scanningprocess
(left) are lled bytheimplicit surface(right).

The mappingcomputedby the proposedalgorithm pre-
senes the value of the function implicitly describingthe
object not only on the surface f(x) = 0, but also on off-
surfacepoints.By constructionthisimpliesthatit preseres
the value of the signeddistancefunction. Whilst we found
this to work ratherwell, performancecanin somecasesde
improved by enforcinginvarianceof additionalquantities,
suchasderivativesof the signeddistancefunction. For fur-
therdetails,see[SSB03.

In mary applications, point-wise correspondencesre
easyto nd, suchasthetip of the nosein faces.The chal-
lengethenis to extendthesanto acompletecorrespondence
eld for all on- andoff-surfacepoints.In our approachwe
assumeur objectsto bealignedandscaledto the samesize
(thereis a numberof algorithmsto solve the registration
problemgivenafew correspondencd$S97).

point pairs, wherethe x; lie on the rst andthe z on the
secondbject.We usethetransformation

X7 x+ t(X) (6)

with thedisplacementeld t : X ! X minimizing

19 2 o )
3 a kwgk®+ Ceorr @ kxi + t(x) zk
d=1 7 i=1
+Cyist < i) fa(x+ t(x)j?dx @)

overthewy 2 H, where(following the SVM approach)we
model eachcoordinateof t asa linear functionalt 4(x) =

hwg; f (X)i, correspondingo a hyperplanein H. The rst

term of (7) is the large magin (or smoothnessjerm of
SVMs, andthe secondterm penalizeserrorsin the known
correspondingpoint pairs. Thethird termusesthe functions
f1; f2 implicitly describingthe two objects, respectiely.
Sincethesefunctionsare constructedusing the methodof
Section3, they approximatethe signeddistancefunction.
Therefore minimizing this termwill leadto a deformation
t which preseressigneddistancespointswill tendto get
mappedto pointswith the samedistanceto the (new) sur

face.
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Figure 5: A headmodelreconstructiorwith differentregularizationparametes. Theleftimage usesthe parametes chosenby
theautomaticvalidationprocedue proposedn Section3.4, which leadsto accurateresults.For someapplications a smoother
surface(center)maybe prefemble Additional smoothingwithoutre- tting canbe obtainedby just excludingthe nest scales

during evaluationasdemonstatedin theright gure.

Figure 6: Theoutlier noisein the left scanwasautomaticallyremaedwith our methodusinga linear lossfunction(center).
For thesquaedlossfunction(right) eventhe bestparametersetproducedsomespurioussurfaces.

In (7), theintegral is taken over the whole domainX on
which we wantto usethewarp. To turn this into a practical
problem,we rst corvert the integral into a nite sum by
samplingpoints,sayfromtheareaonandaroundthesurface.
Moreover, if we setCgyig to zeroinitially, the problemcan
be decomposednto D corvex quadraticprogramsfor wy
correspondindo SVMs with squaredossfunction. Taking
this asaninitial solution,we thenoptimizethe dual of (7)
usinggradientdescent.

We usethe samekernelasabove andalsoapply a multi-
scaleschemeln orderto make surethat the sparsefeature
pointcorrespondencdsadto agoodinitial guessn alarger
vicinity, we apply wide kernels.For matchingdetail struc-
tureson the surfaceof the secondobject,we needenough
e xibility in the modelasprovided by smallerkernels.We
iteratethe optimization procedurefrom coarseto ne and
take eachlevel's resultsasthe initial solutionfor the next
level.

Although the problem of warp eld estimationlooks
ratherdifferentfrom theimplicit surfaceestimatiorproblem,
the optimizationproblemsandthe multi-scalestratgiesare
rathersimilar, enablingusto re-usealmostall of our code.

5. Experimental Results

We have testedour methodon a numberof 3D objects such
asthedragormodelof the Stanford3D ScanningRepository
(seeFigure 3), and on scansof humanfacesfrom laseror

structuredight scanners.

To visualize our implicit surfaces,we use a surface-
following version of the standardMarching Cubesalgo-
rithm.

Speed Wetestedour algorithmfor surfacereconstruction
on differentsub-sampling®f the headmodelin (Figure5)
aswell asthe dragon(Figure 3). The tting accurag was
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Figure 7: Awarp betweertheleft triangle andthe middle/right gur e (black lines). Thefunctionvaluesof theimplicit surface
functionsare color coded We mark3 correspondencegedsquaes)on bothobjectsandvisualizethewarp on a numberof test
points(black crosses)ln thecenterimage, thewarpis estimatedust fromthegivencorrespondencesgg., withoutour distance
to surfaceerror term. Points betweerthe triangles' corneis do not fall on the target shape With the distanceto surfaceterm
(right), thewarp mapssurfacepointsto surfacepoints.Thedistanceto the surfaceis preservedor off-surfacepoints.

setto 0.1%of the objectdiameter Thetimespresentedhere
includetheentireprocesof basepoint generatiorandopti-
mizationon 6 scalesAll testswererunonanintel Pentium
4 2.2 GHz processowith 1 GB RAM.

Object #Points Time[s] #Kernelcenters
Head 2509 3.4 7797
Head 15k 12.4 20297
Head 51k 23.3 25563
Head 178k 34.9 30162
dragon 405k 319 284003

For a given dataset, the numberof kernel centerssatu-
rates(cf. numbersof theheadmodel)asthe numberof input
surfacepointsincreasesFlat, denselysampledregionscan
alreadybeapproximatedvith afew largekernelssoalarger
numberof pointsdoesnotincreaserecision.Thealgorithm
discardghemduringthe basepointgeneratiorproceduren

ner scaleslf, ontheotherhand thestructuref theobject
aremore compl (e.g.,the dragonmodel), thenthe num-
ber of requiredkernelcenterdancreasesigni cantly, which
demonstrateBow our algorithmautomaticallyadaptgo the
objects compleity.

We tried to comparethe implementationof our method
with the stateof the art FastRBFcodeof [CBC 01]. Trial
versionsof this systemareavailablein public domain.The
authorsof [CBC 01] have told usthatthereis a multi-scale
versionof their system,but the code available to us does
notincludethat. It producedarge numbersof RBF centers
which makesafair comparisordif cult. Fortheheadmodel
with 50kinputpointstheruntimewasmorethan7 min using
morethan100k RBF centersin casesvhereboth methods
usedthesamenumberof kernelcenterdor optimization,our
coderan abouttwo to threetimesfasterthanthe FastRBF
code.This is probablydueto the factthat our optimization
proceduras extremelysimple(in fact,the coreprocedurds
only 15 linesof C++ code)whereagCBC 01] usesophisti-
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catedapproximatiorschemeso handlenon-compacthsup-
portedRBF functions.

Smoothing, Denoising, Hole lling A commonappli-
cation of implicit surface representationss interpolation
across holes and smoothing of real world datasets.As
demonstratedn Figures4 and 5, our methodsolves both
tasksequallywell. Unlike mostothermethodsyhichrely on
asquaredossfunction,ourresultsarerelatively robustwith
respecto outlier noise,which is acommonphenomenoin
raw dataof mary typesof scannersOur SVM approacthis
basedon a robust error measuravhich weighslarge devia-
tionslessstronglythansquarecerrormeasuresvould.

The effect of differentlossfunctionsis demonstratedn
Figure 6. Whenusinga squaredossfunctionin our algo-
rithm, a 3D datasetvith hugeoutliers(anoriginal scanfrom
a structured-lightscanner)did not yield acceptableesults,
while our SVM methodcould deal with this datasetwith
only aminor changeof the parameteset.

Signed distance function For the constructionof 3D
warp elds, we rely on the fact that our implicit represen-
tationlocally approximateshe signeddistanceunction.We
evaluatedthe quality of this approximationby plotting the
function valuefor points shifted alongthe surfacenormals
(Figure8). Thediagramindicateshatthefunctionvaluesare
agoodapproximatiorto thesigneddistanceupto aboutl5%
of theobject's diameterThevalidity rangecanbeincreased
by includinglargerkernelsinto the multi-scaleiteration.

Deformation elds Figure 7 demonstratesur deforma-
tion eld algorithmin asimpletoy ervironment.We t im-
plicit surfacefunctionsto two shapesandconstructa warp
eld usingthreegivencorrespondencgairs.

We shaw its effect on sometestpoints.If we neglectour
distanceto surface error termin (7) the bestwarp is one
which mapsthe correspondingpoints onto eachotherand
leavesthe geometryof the objectunchangedisfar aspos-
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A B C
Start 50% 100%

D E F
Tamet No Correspondence Feature®nly

Figure 9: Amorphbetweernwofaces(A andD, with markers). FiguresB andC showintermediatemorphsof themeshvertices.
Notethat the 100%image equalsthetargetimage D precisely Figure E showsa 50% morphwithout correspondenceshele
the surfaceis just projectedfrom face A to D, producingghoststructures (e.g., a doublemouth).Figure F showsan elastic
deformationjust using the point correspondencewithout the distance-to-surfacerror term: The correspondingpoints are
mappedaccumately, but theoverall facestructue is notalignedwith thetarget D.

Start Target 25%

50% 75% 100%

Figure 10: TheStanfod bunny's headmorphednto a humanhead.We usedthe sametechniqueasin Figure 9.
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Figure8: Theimplicit surfacefunctionf of Figure 5, plotted
along the surfacenormals,reproducesthe signeddistance
functionwithin a range of 15% of the objectdiameterRed:
valuesfor training points,blue: generlizationto all surface
points.Bothlinesare almostidentical. Theblack line shows
thetrue signeddistance

sible. Our deformation eld, on the otherhand,guarantees
that surface points of object one are mappedonto surface
pointsof objecttwo. For off surfacepoints,theimplicit sur
facefunctionvalueandtherebythedistanceo the surfaceis
nicely presered.

The secondexample shavs a morph betweentwo 3D
heads.We de ned 18 correspondencesn distinct feature
pointsaswell asonthebordersof theshapeThen,we tted
two implicit representation® themodelsandcalculatedhe
deformationeld in theneighborhoodisingtheproposedl-
gorithm of Sectiond4. It is importantto notethat, only after
computingthedeformationelds from implicit surfaceswe
applyit to theverticesof a polygonalmesh.We linearly in-
terpolatebetweenthe initial and nal positionsof the ver-
ticesto gettheintermediatesteps.

The resulting transformationlooks visually plausible
(Figure9). It preseresthelocal geometryduringthemorph
andproducewalid andrealisticshapestintermediatesteps.
Thetransformedneshapproximateshegeometryof thetar-
get object, and differencesn the implicit surfacefunction
valuesbetweerinput andtarmgetpointsarereducedo values
on the orderof 10 2 of the objectdiameterwhile keeping
thecorrespondencasithin adistanceof 10 4

SeeFigure10to seehow we appliedthe sametechnique
asabove to morphthe Stanfordbunny's headinto a human
head.Again theintermediatestepsook plausible- asfar as
possible.

Thecomputationaéffort to constructhesewvarpsdepends
signi cantly on how denselythe desiredwarpingvolumeX
is sampled.We usedthe basepoint generationalgorithm
from Section3.2 to generatehesesamplepoints. Without
discardingary points as in the reconstructionalgorithm,
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A B C

D E F

Figure 11: To demonstate howour deformationeld extendsfromthe surfaceinto spacewe putsunglassesnthestarthead
(FiguresA, C andE). Themeshverticesof the glassesvere transformedwith our deformationeld to yield FiguresB, D and
F. Notehowtheglassesare smoothlydeformedo t thenew headandto keepthe distanceto thefacial surfaceapproximately

constant.

around100k centersare usedfor the 3D morphs.The run-
time usingour currentimplementatiorof thetraining of the
warp,whichis notyetoptimizedfor speedijs thenabout2h.

If mary correspondencesmreavailable,for examplefrom

a densesurface-basedorrespondenceeld, our algorithm
canbe usedto extrapolatethe 3D deformationto the sur

roundingvolume.Basedon a subsebf correspondencdsr

trainingthe deformationthewarpcanbe evaluatedwith the
restof the correspondencieformationfor anautomaticpa-
rameterselectionprocessas usedwith the implicit surface
functionestimation.

In alastexperimentwe tted a pair of sunglasseo our
initial head.We transformedts meshwith our spacewarp
(Figure11) to shav how thedeformationeld is notjustde-
ned onthe surfacebut alsoextendsinto spaceTheglasses
are automaticallydeformedto t the smallerhead,andto
presere thedistanceo the surface.

6. Discussion

We have presented machindearningapproacho 3D shape
processinghatinvolvesastatisticaktreatmenandalearning
machinego solve problemsf functionestimatiorfromtrain-

ing examples.Our novel algorithmfor estimatingimplicit

surfacesrom pointclouddatais basecdbnanSVM formula-
tion of the problem,with an e-insensitve lossfunctionand
a (in our casecompactlysupportedkernelfunction. In the
vicinity of thesurface thefunctionde ning theimplicit sur

faceapproximateghe signeddistance Moreover, we have

addressedhe problemof estimatinga dense3D deforma-
tion eld from implicit representationsf 2D surfacesand,
if available,pairsof correspondingurfacepoints.Thealgo-
rithm is again basedon an SVM method,andit containsa
criterionfor surface tting, whichis to presere theimplicit

surfacerepresentatioandthe signeddistanceunction.

Due to the use of an e-insensitie loss function, our
methodis betterat dealingwith outlier noisethanstandard
least-squareds thatare commonlyusedfor shaperecon-
struction. We believe that this is usefulin a rangeof in-
terestingapplicationsin processingscandata.Well-known
problemsin processingscandata,suchas hole- lling and

¢ TheEurographic#ssociationandBlackwell Publishing2005.

outlier removal, canbe solved with our framework. Our ef-
cient algorithmis relatively easyto implement.Parameters
of the SVM algorithmare setautomaticallyin a validation
procedureon sampledatafor one3D object,andcanthenbe
transferredo novel objects.

Our 3D correspondencalgorithmmapsnot only the sur
face,but alsothe surroundingvolumes which could, for in-
stance,be usedto register medical volume databasedon
point- or surface-correspondencé&stablishingcorrespon-
dencebetweensurfaceshasbecomerelevant for statistical
treatmentof classef objects[BV99], andwe anticipate
thatthe extrapolationin depthwill opennew elds of shape
modelingin thefuture.

Duetotheextensiveresearclin the eld of machindearn-
ing in recentyears,our approacthasa solid theoreticalba-
sis. It builds on principledmethodsensuringthe bestpossi-
ble generalizatiorability of the functionestimategiventhe
(potentially)noisy datasampleavailable.

We believe thatthe presentvork cansene asanexample
for the potentialof machindearningmethodgor shapepro-
cessingtasks.The methodsdescribedn this paperare but
a startingpoint, andwe areworking on a rangeof possible
extensionsandimprovements,ncluding the study of other
kernels.
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