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Abstract
Thereconstructionof high-qualitysurfacemeshesfrommeasureddatais a vital stage in digital shapeprocessing.
Wepresenta new approach to thisproblemthatdeformsa templatesurfaceto �t a givenpointcloud.Our method
takesa templatemeshanda pointcloudasinput, thelatter typicallyshowsmissingpartsandmeasurementnoise.
Thedeformationprocessis initially guidedby userspeci�edcorrespondencesbetweentemplateand data, then
during iterative �tting new correspondencesare established.This approach is basedon a Laplaciansettingfor
the templatewithout needof any additional meshingof the data or cross-parameterization.Thereconstructed
surface�ts to thepoint cloudwhile it inheritsshapepropertiesandtopology of thetemplate. We demonstratethe
effectivenessof theapproach for several pointdatasetsfromdifferentsources.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.5 [ComputerGraphics]:Geometricalgorithms

1. Intr oduction

In recentyearswe have observedincreasinginterestin spa-
tial scanningdevicesandthe developmentof new and im-
provedtechnologiesthatenablereal-timecapturingof real-
world objects.This proliferation is mostly due to the fact
that geometryacquisitionand reconstructionare essential
to many �elds of application:in the life-cycle of industrial
productdesign,prototypesaredigitizedto serveasfeedback
to the designer;scannersareusedalongmanufacturelines
for qualityandprocesscontrol.In medicine,theshapeof in-
ternalorgansis capturedto detectmalfunctionsanddiseases
using minimal invasive methods.In securityand authenti-
cation,spatialscanningintroducesan additionaldimension
upon the traditional image basedmethods.However, the
mostevidentuseof shapedigitizationis in theentertainment
industry, wheredigital modelsin gamesproducerealistic
scenesandmotion,while the movies show realisticspecial
effects. [BR04] and [CR03] Independentof scanningtech-
nology andapplicationdomain,mostgeometryacquisition
resultsin unstructuredpoint cloud data,whereeachpoint
providesa sampleof theacquiredobject,typically af�icted
with measurementerror. Precisionof measurementdepends
on many factors,suchasacquisitiondevice andtechnology,
environmentalconditions,complexity of thescannedobject
andmany more.Fig. 1 (b), 2 (b), 7 (b) show examplesof
point cloudsacquiredwith different methods.It is clearly

visible thatsomesurfacepartsaremissingasthey couldnot
beacquiredbecauseof technicalreasons.

The processof transferringan unstructuredpoint cloud
model into a consistentdiscretesurface model such as a
polygonalmeshis commonlyreferredto assurfacerecon-
struction. Here, the main task consistsof the generation
of a manifold meshthat approximatesthe input data,i.e.,
thatcapturesits globalshapeandtopologytogetherwith its
�ne geometrydetails.However, typical datafrom acquisi-
tion shows missingsurfaceregions even if multiple scans
arespatiallyalignedandcombinedinto asinglemodel.Any
reconstructionmethodmustfail for thisdatain thesensethat
missingpartscanbe�lled or extrapolatedreasonablyonly if
additionalknowledgeontheoriginalshapeis provided.This
applieslocally aswell asglobally:withoutknowledge,holes
arepatchedsmoothly(if at all), andglobalshapeproperties
suchasthegenuscannotbedetectedfrom incompletedata.

There are various approacheshow to apply additional
knowledge to surface reconstruction.Our methodusesa
templateshapefor reconstructionof point cloudswithout
any preprocessingsuchasnoiseandoutliersremoval. In par-
ticular no high-level toolssuchasparameterizationor maps
betweensurfacesare required.The only restrictionis that
in orderto get reasonableresults,thetemplateshouldshare
the sameglobal structureor “nature” with the data,e.g.,a
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure1: Overview of themethodfor thecamel:(a) Templatewith 30orientedmarkers; (b) pointcloudwith orientedmarkers;
(c) initial deformation(no prior adjustmentappliedon input data,which are extremelyout of scale);(d) after scaling. (e)-(g)
showiterations1,2,and4, respectively;(h) showsthe�nal resultfromthebacksidewith pointsoverlaid.Front head,feet,and
tail weremaskedoutdueto missingdata.

humanmodelservesastemplatefor reconstructinganother
humanalthoughshapesarein differentposes.

Our method uses a small number of correspondence
pointsmarked interactively by the userto deformthe tem-
plateshapeinto theposeof theacquiredpoint cloudmodel.
Successivedeformationsimproveapproximationof thedata.
Thesedeformationsare guided by additional local corre-
spondenceswhich areestablishedbasedon certaingeomet-
ric criteria. Throughoutthe whole process,information is
propagated from known to unknown parts of the shape.
Our resultsshow that with only minimal user interaction,
the approachreconstructsa consistentand smoothsurface
thatapproximatestheinput data.If suitabletemplatesexist,
template-basedmethodslike ourscarry an advantagecom-
paredto thosethatwork only on theplain data.We remark
that in practice,templatesexist for mostcommonapplica-
tions, many of them processinga certainclassof shapes,
e.g., humans.This leadsto anotheradvantageof our ap-
proach:If the sametemplateis usedfor differentdatasets
we trivially obtaina mapbetweenthe deformedtemplates.
Indeed,suchmapsarerequiredby many applications,e.g.,
for texturing,andthey areespeciallyvaluablefor processing
time-dependentdata.

2. Relatedwork

Surfacereconstructionfrom unstructuredpoint cloud data
hasbeenwithin interestof computergraphicssinceits early
days. The further developmentof acquisition techniques
with increasingamountof dataandthe questfor accuracy,
correctnessand robustnesshave renderedit a topic of ac-
tive research.In the following, we cannotgo into detailsof
reconstructionmethodsin general,andfor an overview re-
fer to the recentwork of Kazhdan[Kaz05] and the refer-
encestherein.Following Kazhdan,reconstructionmethods
canbecategorizedas:ComputationalGeometrybasedmeth-
ods,many of them with certainguarantees,implicit func-
tion basedapproacheswhich�t andextractiso-surfaces,and
suchmethodswhich �t an explicit surfaceto the data.Our
approachis within thelattercategory. Early work in this di-
rectionareactive meshes[TV91], wherea grid structureis
deformedto �t sampledintensityandrangedatabasedon a
mass-springmodel.In [CM95], a dynamicphysical model
is appliedto “in�ate” aballoon-likemeshto �t scanneddata
from inside; the processis supportedby local adaptation.
An inverseshrink wrappingmethod[KVLS99] �ts meshes
to meshes.Fitting methodsareparticularlyusedin reverse
engineeringtogetherwith surfaceclassi�cation,segmenta-
tion, andfeaturedetection;oftenlocal regionsareprocessed
separatelyas patches(see,e.g., [VMC97]). However, for
most methodsit is dif�cult or impossibleto generaterea-
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sonableresultsif partsof theinput dataaremissing.On the
otherhandthissituationis typical for mostacquisitiontech-
niques.Nevertheless,consistency of modelsandef�ciency
of thereconstructionprocessarevital for many applications.
Lévy [Lév03] �lls missingpartssmoothlyworking in the
parametricdomain.Sharfet al. [SAC04] generatelocal ge-
ometrybasedon similarity measuresto existing parts.This
leadsto template-basedapproaches,wheremissingor con-
taminatedinput datais compensatedby additionalknowl-
edgein form of a templateshape.Template-basedmethods
werefrequentlyusedin thepreviousyearsespeciallyfor re-
constructinganimatedmodels.Kähleret al. [KHYS02] use
a detailedmodel of face anatomyto generatefacial ani-
mation; this is an examplefor a highly specializedmodel.
In [ACP02, ACP03, ASK� 05], a combinationof templates
togetherwith learningtechniquesis usedto reconstructmo-
tion of ahumanmodelwith aknown skeleton.Mostrecently,
Kraevoy andSheffer [KS05] establishmapsbetweentrian-
gulateddataandtemplatein orderto transfermissinggeom-
etry. Thiswork, togetherwith thework by [ACP02,ACP03],
is built on cross-parameterizationbetweenthetemplateand
the input model. In contrastto the above, our approach
is appliedto the original scannedpoint cloud model. It is
basedon deformationsof the template,and it requiresno
additionaltoolssuchasparameterization.Recently, Paulyet
al. [PMG� 05] applyglobaldeformation,similarto [ACP03],
to a collectionof templates.They determinethebest�tting
templatepartsby segmentationandrebuild thetargetmodel
from these.Ourmethodreliesonly onasingletemplate,and
useslocal �tting in additionto globaldeformationto match
thetemplateto thetargetpointcloud.Deformationfor mesh
editinghasbeenexhaustively researched,andwereferto re-
centsurveys by Alexa [ACS05] andSorkine[Sor05], who
focuseson the Laplaciansettingsusedin this work. Fur-
thermore,we remarkthat for non-rigid registration,warp-
ing techniquesbasedon thin-platesplineshave beenused
[BR04,CR03]. In contrastto ourmethod,whichdeformsthe
surface,theseapproachesapplysmoothdeformationsof the
embeddingspace.

3. Overview of the algorithm

Our methodprocessesgeneralpoint datawith normalsthat
are either given from dataacquisitionor can be estimated
(see,e.g., [JDZ04]). Such data is typically af�icted with
noise and outliers, is incompletewith missing parts and
hencenot directly appropriatefor meshing.Our goal is to
deforma templatemeshsuchthat theinput datais approxi-
matedin globalposeandlocalsurfacefeatures,i.e.,missing
partsare�lled from thetemplate.

In orderto achieve this, theuserspeci�espairsof corre-
spondingpointson point cloudandtemplate(cf. Fig. 1 (a),
(b), andSec.5.1). In additionto positions,correspondence
in local framesis establishedfor eachpair. This �rst stepis
accomplishedquickly with anintuitiveuserinterface.Corre-

spondingpairsaretypically placednearshapefeatures.The
correspondancepointsandlocalframesdonothaveto match
perfectlyonthetemplateandpointcloud.In practicearough
approximationof similar positionsanddirections(i.e. have
the local framepoint towardsthe foot on a constraintpoint
onaknee)is suf�cient.

The approachis basedon a Laplaciansettingw.r.t. the
templatemesh(Sec.4). We computeLaplaciancoordinates
of the templateandestimatelocal rotationsfrom the given
correspondinglocal frames.In orderto obtainan initial de-
formation,local rotationsareinterpolatedover thetemplate
and Laplacian coordinatesare rotated accordingly. Then
the meshis reconstructedsubjectto positionalconstraints
from thecorrespondences.Theresultmimicstheglobalpose
of the data,however, it suffers from improperscaling(cf.
Fig. 1 (c) andSec.5.2).

In orderto compensatefor this,we recover a globalscale
from averagingratiosof discretegeodesicdistancesbetween
theuserspeci�edpointsontheoriginalandonthedeformed
template.The reconstructionfrom thescaledLaplacianco-
ordinatesnow capturesthe global poseof the input data
(Fig.1 (d)).However, takingonly into accounttheinputcor-
respondenceso far, the deformedmeshstill resemblesthe
templateanddoesnot yet provide suf�cient local approxi-
mationof thedatapoints.

We addressthe latter issuewith an iterative processof
matchingandreconstruction.For all verticesof thetemplate,
we searchfor matcheson the data.This searchis guided
by a maximum radius and a maximum angulardeviation
of normalsfrom templateanddata.Falsematchesin erro-
neousor insuf�ciently sampleddataregionsareavoidedby
maskingout suchregions.For every matcha weightedpo-
sitional constraintis includedin the linear system,andthe
deformedtemplatemeshis reconstructed.This processis
iteratedbasedon the new deformationuntil the deformed
templateapproximatesthe datasuf�ciently (cf. Fig. 1 (e)–
(g) andSec.5.3).

In a �nal step, we estimatelocal scalesfor all local
matchesin theprevioussetbasedonthedisplacementsfrom
theinitially deformedtemplateandto lastdeformation.The
lengthsof displacementsareinterpolatedover the template
to generatenew positionalconstraintsfor the �nal recon-
struction.Therationaleof this laststepconsistsof propaga-
tion of scalinginformationinto regionsof thetemplatewith
no matchesor correspondencesdueto missingdata.A �nal
resultis shown in Fig. 1 (h).

4. Laplacian settingand notation

Our methodis basedon Laplaciansurfaceediting [Ale03,
LSC� 04, SLC� 04]. Here, we summarizeon the essential
notationand differencesto our approach.Let T = (p;T)
be the templatemeshde�ned by vertex positionsp = (pi)
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(a) (b) (c) (d) (e)

Figure2: Fitting a femalemodel.(a) Templatewith 46markersplaced;(b) pointcloud(with partsmissing);(c) ignoredregions
stayrigid; (d) initial �t after scaling;(e) �nal result(seealsocloseupin Fig. 5 (a)).

(i = 1; : : : ;n) anda triangulationT of the vertices.The tri-
anglemeshT representsapiecewiselinearsurface,anddis-
cretizationsof theLaplacianw.r.t. T arewell known [PP93,
MDSB02], in the following we apply the discreteLaplace
operatorL basedon thecotangent-weights.

Following [LSC� 04], we computeLaplaciancoordinates
d of thetemplateasd = L p. (Here,andin thefollowing, all
coordinatesaretreatedcomponent-wisein x;y;z.) Therecon-
structionx of thesurfacefrom d subjectto acertainnumber
of constraintsx j � q j , j 2 f 1; : : : ;ng, leadsto minimizing

argmin
x

n
kLx � dk2 + kCx � qk2

o
;

i.e., to a linearleast-squaresproblemand�nally to solving

(L> L + C> C)x = L> d + C> q : (1)

Here,we assumeC is a diagonalmatrix with non-zeroen-
tries C j ; j = w j (wherew j is the weight of the additional
entry)only for constrainedverticesj, andconsequentlyonly
positionsq j arenon-zero.

It is well-known that this setting as is cannot han-
dle rotationsadequately, and thereare different strategies
to cope with the rotation-invarianceof Laplaciancoordi-
nates[SLC� 04,LSLC05]. In thefollowing, we takeadiffer-
entapproachanduseharmonicinterpolation[ZRKS05] over
thetemplateshapeto propagateappropriaterotations,which
arethenappliedto the coordinatesd. For the harmonicin-
terpolationof rotationsr aLaplacesystemis solved,namely
L r = 0 subjectto Dirichlet boundaryconditions(specifying
rotationsat thecorrespondencepoints).

We usethis basicsettingthroughoutall subsequentsteps,
and we can take advantagefrom precomputationssuchas
matrix factorizations.We are aware that other approaches
couldbeusedin a similar way to achieve our goalslike for

instance[YZX � 04, ZRKS05], see[Sor05] for a recentsur-
vey. Wechosethissettingbecauseit showsexcellentresults,
it is simplein conceptandimplementation,andit is ef�cient.

5. Deformation-guided matching

5.1. User interaction

Given the point data,the userchoosesan appropriatetem-
platemeshthat will be deformedto approximatethe input.
Our methodis robust, and thereare no restrictionson the
templatein general,however, no meaningfulresultscanbe
expectedfrom severemismatches,i.e., in genus.

In thenext steptheuseridenti�es andmarkspairsof cor-
respondingpointson templateandpoint data.Suchcorre-
spondencesare requiredon or nearshapefeatures,e.g.,at
feetandkneesfor humanor animalmodels.In addition,the
userde�nesa local framefor every markedpoint.With nor-
malsfor point dataandtemplategiven,this meansthatcor-
respondingtangentialdirectionson both surfacesare cho-
sen.Interactive de�nition of correspondenceis typically a
matterof minutesfor reasonablycomplex input. The qual-
ity of the �nal resultdependson the numberof correspon-
dencesandtheir locations.Fig. 1 (a) shows orientedmark-
ersonthecameltemplate.Theircorrespondingpositionsare
�rst identi�ed by clicking on the point cloud, and within
the sameuseractiontangentvectorsarerotated(usingthe
mousewheel)until rotationmatches.Notethatorientationis
only requiredto beconsistentbetweentemplateanddata,In
particular, no explicit alignmentto surfacefeaturesor prin-
cipal curvaturesis necessary.

Correspondenceswill be usedto globally bring the tem-
plate into the “pose” of the point data.In the subsequent
step,localcorrespondencesbetweenshapeswill besearched
basedonheuristics.Here,it is importantto removethein�u-
enceof dataregions which are insuf�ciently sampledand
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Figure 3: Closeupof theelbowfromFig. 2 with datapoints
overlaid. Iterative improvement,fromleft to right: Initial �t
anditerations1,2,4,8.

cannotprovide reasonableinformation.For this reason,the
userselectsa global region of interesteither on the point
dataor on the template(as donein our examples).Points
outsidethis region areignoredfor any subsequentmatching
(Sec.5.3), i.e., for thesemasked-out regions the template
is deformedrigidly. Thechoiceof this region andhenceas-
sessmentof thedatais straightforwardevenfor anon-trained
person.An examplefor this is the handin Fig. 2, which is
openin thetemplateandclosedin thepoint-cloud.Theden-
sity of thepoint-cloudis nothighenoughto correctly�t sin-
gle �ngers like thosepresentin thetemplate.

5.2. Initial deformation and global scaling

From the selectedcorrespondences,we computethe initial
deformationof the template.Let pairs (p;q) representpo-
sitionsof correspondingpointson the templateandon the
point cloud, respectively. Thenwe treatq asconstraintsin
the Laplaciansetting(Sec.4) usinguniform weightsin C.
Prior to reconstruction,weestimatelocal rotationsfor every
pair of correspondingpointsbasedon thetwo local frames.
Werepresentrotationsr j asquaternionsandpropagatethem
(element-wise)over the surfaceby harmonicinterpolation
following theapproachin [ZRKS05].

Interpolatingrotationsrequiressolving oneLaplacesys-
temin thefour componentsof quaternions.After normaliza-
tion theresultis a �eld of rotations,andfor every vertex of
the templatewe rotateassociatedLaplaciancoordinatesd.
Theapplicationof all rotationssimultaneouslycanbewrit-
tenaslinearoperatorR suchthatfor theinitial deformation
of thetemplatewesolve

A> Ax = A>
�

SR d
q

�
; (2)

whereA> = (L> ;C> ) (from (1)) andthediagonalscaling
matrixS= I is theidentity for now.

Theresult(seeFig. 1 (c)) alreadyshows thedesiredpose,
however, ignoringthefact that templateandinput datamay
be(andgenerallyare)scaleddifferentlymaydistort the re-
sulting shapein an unacceptableway. In order to �x this
issue,we estimatea globalscalingfactorl for thetemplate
which is appliedto theLaplaciancoordinatesd. Therefore,
we computediscretegeodesicpaths(usingDijkstra's algo-
rithm) betweenmarked pointson the original templateand
theinitially deformedone.We obtaina globalscaleasaver-
ageof theratiosof geodesicdistanceson bothshapes.(Our

(a) (b) (c)

Figure 4: Thecylinderexampleillustratestheeffectof dis-
placementpropagationfor the�nal reconstruction.(a) Tem-
plate and point cloud, there is no data for the left half; (b)
resultafter iterationsusingonly data points; (c) for the �-
nal result,displacementswerepropagatedto theregionwith
missingdata.

experimentsshow that a global scaleis suf�cient, and lo-
cal diversi�cation doesnot yield signi�cant improvements
except for extremecon�gurations,which did not occur in
any of our examples.On theotherhandsimpleglobalmea-
suressuchasratio of boundingbox diagonalsarenot reli-
ableenoughdue to differentposes.)Hence,we now solve
thesamesystem(2) again with updatedright-hand-sideap-
plying S= l I for scaling.A resultis shown in Fig. 1 (d). In
thefollowing wewill re-applythesamesystemwith updates
in theconstraintsC andq.

5.3. Iterati ve impr ovementof approximation

The initial deformationof the templatemeshusingproper
scalingglobally capturestheposeof thepoint cloud.How-
ever, thedeformedshapedoesnotyetprovidesuf�cient local
approximationof the data.The following iterative process
moves the templatenearertowardsthe datapoints guided
by localcorrespondenceswhichareestablishedfrom simple
heuristics.Thislocalmatchingis motivatedby iterativeclos-
estpoint [BM92] (ICP) algorithmsfor �nding (rigid) trans-
formationsfor shaperegistration.

For every vertex of the template,we searchfor matches
in thenearestdatapointswithin a maximumdistancermax.
Of all points found for a singlevertex j thosearerejected
for which their normaldeviatesfrom the vertex normalby
more than a maximum angle.From the remainingpoints
we computea positionalconstraintq j asa weightedaver-
ageof thepointpositions.Werestrictthesedisplacementsto
their contribution in directionof templatenormalsto avoid
tangentialdrift. Theweightingis basedon point-vertex dis-
tancesmappedby a quadraticB-spline transfer function
which mapsdistances0 and rmax to 1 and0, respectively,
with C1 continuity at the interval boundaries.This infor-
mation is usedto updateC and q in (2), wherewe chose
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(a) (b)

Figure 5: (a) Closeupof the �nal resultin Fig. 2 (e); point
cloud overlaid for comparison.(b) Closeupsto the legs to
visualizetheeffectof displacementpropagation(bottom).

An+ j; j = C j ; j = w j using the sameweighting schemeas
above but now basedon distancesto averagedtarget posi-
tions q j insteadof datapoints.The updatedsystemis then
solved again, yielding a new deformationof the template.
Startingfrom thisnew con�guration,wesearchagain for lo-
cal matchesanditeratetheprocess.Note that this formula-
tion only involveschangingC andq, whereprior constraints
areeitherpreservedor overwrittenby updates.Fig. 3 illus-
tratestheiteration.

The local matchingfor �nding new constraintsmustfail
in regionswherethepointdataiserroneous,e.g.,duetomea-
surementerror, insuf�cient sampling,andmissingdata.This
situationcannotbecompensatedby manuallychoosingcor-
respondenceandbecauseof the lack of datano meaningful
deformationscanbeextracted.Besidesthefactthatsuchre-
gionsmaybesubjectto manualpostprocessing,they mustbe
excludedfrom local matchingasthey typically leadto false
matches.This is doneby restrictingthe searchnot only by
localdistanceandangularthresholdsbut alsoto theglobally
de�ned regionof interestwithin thepoint cloud.

After a suf�cient numberof iterations(4-15 for all our
examples),the templatemeshis deformedin a way that it
approximatesthepoint cloudin globalposeandlocal shape
(Fig. 3). Of coursethis refersonly to shaperegionswhere
point data is available (and the region of interest,respec-
tively). In a �nal step,we improve on theremainingregions
of thedeformedtemplatefor which no counterpartsexist in
thedata.We identify regionswith suf�cient point datasim-
ply asall vertices j for which (local) constraintshave been
found before,i.e., C j ; j > 0. For all suchvertices,we mea-
surethedisplacementinto normaldirectionfor the initially
deformedtemplateandtheresultof thelastiteration,respec-
tively. Thesedisplacementscaptureshapeinformationof the
point cloud,andtheir lengthsarethenpropagatedover the
templatemeshin the sameway asthe rotations.The inter-
polatedvaluesareaddedasadditionalpositionalconstraints

(a)

(d)

(b)

(e)

(c)

(f)

Figure 6: Fitting of two heads.(a) Templatewith 11 mark-
ers; (b), (c) data sets;(d), (e) result for (b), the overlay of
pointsillustratescoverageof thedata; (f) resultfor (c).

by displacingthe pointsof the initial deformationin direc-
tion of their normalto the interpolateddistance.Thesenew
positionalconstraintsobtainlow weights(weusedw j = 1

2).
We observe that this heuristicprovidesgoodresults,Fig. 4
illustratesthe effect for a simpleexample,the closeupson
Fig. 5 (b) show theeffecton thefemalemodel(Fig. 2).

6. Resultsand discussion

We have implementedthemethoddescribedabove in anin-
teractiveenvironment.Positioningaconstraintpointandad-
justingits local frameis a singleactionthattheuserapplies
on templateandpoint data,respectively. In rarecasesit is
necessaryto placea few markersfreely, away from thedata;
this situationoccurredonly for thehandexamplein Fig. 7,
which consistof a singlescanwithout backside.A typical
�tting sessiontakesbetween5–20minutes(in particularfor
all our examples).Systemresponseis immediatesuchthat
theoverall timing is drivenby userinteraction.Computation
timessuchasmatrix factorizationarenegligible in this con-
text; this fact is alsoknown from Laplacian-basedinterac-
tiveshapeeditingsystems(see,e.g.,[Sor05,BBK05]). Com-
putationalcost is dominatedby matrix operationsandthus
sizeof the template(ratherthannearestneighborsearches
on the point cloud),all automaticstagesof iterationswere
performedin lessthan30secondsfor all models.

Our methodsuccessfullyaddressescommonproblemsin
pointcloudreconstruction:noise,outliers,fragmentedscans,
andmissingparts.Theweightedaveragingof iterativedefor-
mationtogetherwith smoothnessinheritedfrom the Lapla-
cian operatoreffectively actsasa low-pass�lter suppress-
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(a) (b) (c) (d) (e)

Figure7: A templatehandmodel(a) is �tted to a singlerangescan(b). The�nal resultis shownin (c)–(e)fromdifferentviews.

ing artifactssuchashigh-frequency noiseandoutliersonthe
pointdata.Ourmethodhasevenprovento berobusttowards
poorlyalignedfragmentscombinedin apointcloud(Fig. 9).

In all our examples,we observeda signi�cant amountof
missingdatafor thescans,e.g.,belly of thecamel,backof
the hand/head,and large partsof the humanmodels(1, 2,
6, 7, 9). Thesepartsare�lled with the templateshapein a
naturalway, transitionsto suchregionsarehardlynoticeable
in theresults.

We show thatour methodis capableof handlingextreme
deformations(Fig. 2, 8) to differentposesandevenshapes.
However, dependingon thequality of the input andtheap-
plication it is sometimesnot desirableto align eachof the
small detailsof the templateto thepoints.For examplethe
left handof the original femalemodel in Fig. 3 (a) is in a
�st while thetemplatedisplaysanopenhand.Althoughour
methodis capableof this deformation(seeFig. 7), it would
requireuser interactionand careful placementof markers
and cannotbe achieved automatically. Therefore,we ex-
cludethehandpartfrom iterativematchinganddeformation.
Maskingout certainpartsor focussingon a region of inter-
est,enablesusto preserve certaindetailsandfeaturesof the
templatemodel,e.g.,the headin Fig. 2 or mostnoticeable
the legs in Fig. 8. For otherapplications,it is vital to keep
partsof the templatethat do not matchsemanticallyto the
pointdatasuchastheopenandclosedeyesin Fig. 6. Table1
summarizesfactson all of our examples.The main limita-
tion of our methodis the incapability to reconstructsharp
featuresandsmall detailsof thepoint cloud.This is dueto
thesmoothingrequiredfor noisesuppression,andalsoafea-
turesensitiveresamplingof thepointdatawouldberequired.
A possibleapproachto thisproblemcouldconsistin extend-
ing coatingtransfer[SLC� 04] to point cloudsettings.

7. Summary

We presenta methodfor surfacereconstructionfrom point
clouddatausinga templatemesh.Our methoddeformsthe

model �gures #marks #verts #pts #err
camel 1 30 39024 6195 0.57%
female 2, 5 46 13784 11798 0.38%
head1 6 (b) 11 16544 52954 0.12%
head2 6 (c) 11 16544 65593 0.16%
hand 7 33 25735 114767 0.25%
woman 9 26 13784 11798 0.32%
bronto 8 41 39024 23982 0.55%
horse 8 33 48485 6195 0.33%

Table 1: Summaryon datasetsused.Columnsrefernumber
of correspondencemarkers (# marks),verticesin the tem-
plate (# verts),points in the point cloud (# pts), and rela-
tiveapproximationerror asratio of one-sidedHausdorff dis-
tancefrompointsto results(ROI only)to lengthofbounding-
boxdiagonal.

templateusingasimpleLaplaciansettingto capturethepose
of thepointcloudguidedby usergeneratedcorrespondences
anda subsequentiterative adjustment.It is interactive and
intuitive to use.Finally, in our exampleswe show the ef-
fectivenessof themethodevenfor datawith noise,outliers,
holes,andmissingparts,andfor largescaledeformation—
all of which arecommonchallengesin surfacereconstruc-
tion from point clouds.
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latedbodydeformationfrom rangescans.ACM Transac-
tionsonGraphics21, 3 (2002),612–619. 3

[ACP03] ALLEN B., CURLESS B., POPOVI Ć Z.: The
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