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Figure 1 Eachof these3D meshesaremadefrom a skeletally driven subdivision surface. The displacementsfor the subdivision surfaceareinterpolatedfrom
range-scanexamplesof thearm,shoulder, andtorsoin variousposes.Thejoint anglesfor eachposearedrawn from opticalmotioncapturedata.

Abstract
This paper presentsan example-basedmethod for calculating
skeleton-driven body deformations.Our exampledataconsistsof
rangescansof a humanbodyin a varietyof poses.Usingmarkers
capturedduringrangescanning,we constructa kinematicskeleton
andidentify the poseof eachscan. We thenconstructa mutually
consistentparameterizationof all thescansusinga posablesubdi-
vision surfacetemplate. The detail deformationsare represented
asdisplacementsfrom this surface,andholesare �lled smoothly
within thedisplacementmaps.Finally, wecombinetherangescans
usingk-nearestneighborinterpolationin posespace.We demon-
strateresultsfor a humanupperbodywith controllablepose,kine-
matics,andunderlyingsurfaceshape.
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1 Intr oduction
Creatingrealistic,virtualactorsremainsoneof thegrandchallenges
in computergraphics.Convincingly modelinghumanshape,mo-
tion, and appearanceis dif�cult, becausewe are accustomedto
seeingotherhumansandarequick to detect�a ws. Onepossible
avenueto realismis throughdirect observation andmeasurement
of people. Motion capture,for instance,hasbecomea standard
methodfor obtainingdetailedsamplesof skeletalmotionwhichcan
themselvesbe editedplausibly, andimage-basedtechniquesshow
promisefor accuratelymodelingtheappearanceof skin. In thispa-
per, weexploreadata-drivenapproachto modelingtheshapeof the
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humanbodyin arbitraryposes.
Recentyearshave witnessedthe evolution of numerousrange

scanningtechnologies,including whole-body scannersthat can
capturethe staticshapeof a personquite accurately. Given such
a staticscan,ananimatorcanwarp thebody into a differentpose,
but thisapproachignoresanimportantaspectof humanmovement:
muscles,bones,andotheranatomicalstructurescontinuouslyshift
andchangethe shapeof the body. Clearly, to createcompelling
animationsby observation we needmore than just a singlescan.
Scanningthe subjectin every poseneededfor every frameof an
animationis impractical; instead,we proposea systemin which
body partsarescannedin a setof key poses,andthenanimations
aregeneratedby smoothlyinterpolatingamongtheseposesusing
scattereddatainterpolationtechniques.

The conceptof interpolatingsampledposesis not a new idea.
What makesour approachuniqueis the useof real-world datato
createa fully posable3D model. In the process,we faceseveral
challenges.First, in orderto establisha domainfor interpolation,
we must discover the poseof eachscan. Second,interpolation
techniquesrequirea one-to-onecorrespondencebetweenpointson
thescannedsurfaces,but thescanneddataconsistsof unstructured
mesheswith no suchcorrespondence.This problemis particularly
challengingbecausethe scansare in different poses,so standard
rigid-bodyregistrationtechniqueswill notwork. Third, rangescans
arefrequentlyincompletebecauseof occlusionsandgrazingangle
views. Thus, we are facedwith the challengeof �lling holesin
the rangedata. Finally, dueto the combinatoricsof the problem,
we cannotcapturea humanbodyin everypossiblepose.Thus,we
mustblendbetweenindependentlyposedscans.

In thispaper, wepresentageneralframework thataddresseseach
of theseproblems. Using markers placedon the subjectduring
rangescanning,we reconstructthe poseof eachscan. We then
createa hole-�lled, parameterizedreconstructionat eachposeus-
ing displacement-mappedsubdivision surfaces. Lastly, we create
shapesin new posesusingscattereddatainterpolationandspatially
varyingsurfaceblending.

On theway to achieving our goalwe make contributionsto the
problemsof �tting askeletonto markerdata,surfacecorrelationfor
articulatedobjects,fair hole �lling of surfaces,example-basedin-
terpolationwith quaternionparameters,andblendingrangescans.
Our primary contribution, however, is the processitself and the
demonstrationthatwecanderiverealistic,posablehumanbodyde-
formationsfrom rangescandata.



1.1 Related work
The two main approachesto modeling body deformationsare
anatomicalmodelingandexample-basedapproaches.Theideabe-
hind anatomicalmodelingis to usean accuraterepresentationof
themajorbones,muscles,andotherinterior structuresof thebody.
Thesestructuresaredeformedasnecessarywhenthebodymoves,
andaskinsimulationis wrappedaroundtheunderlyinganatomyto
obtainthe�nal geometry. Thereis a largebodyof work onanatom-
ically basedapproaches,including Wilhelms and Gelder [1997],
Scheeperset al. [1997], Victor Ng-Thow-Hing [1999], andAubel
andThalmann[2001].

Theprimarystrengthof anatomicalapproachesis the ability to
simulatedynamicsand complex collisions. The main drawback
is their computationalexpense,sinceonemustperforma physical
simulationto generateevery frame,while taking careto conserve
musclevolumes,andstretchtheskincorrectly.

An alternative paradigmis the example-basedapproach,where
an artist generatesa modelof somebody part in several different
poseswith the sameunderlyingmeshstructure. Theseposesare
correlatedto variousdegreesof freedom,suchasjoint angles.An
animatorcan then supply new valuesfor the degreesof freedom
and the examplesare interpolatedappropriately. Example-based
approachesare much fastercomputationally, and creatingexam-
plesis ofteneasierthancreatingadetailedandaccurateanatomical
model.

Lewis etal. [2000]andSloanetal. [2001]describesimilar tech-
niquesfor applying example-basedapproachesto meshes. Both
techniquesuse radial basisfunctions to supply the interpolation
weights for eachexample,and, for shapeinterpolation,both re-
quirehand-sculptedmeshesthatensurea one-to-onevertex corre-
spondenceexists betweeneachpair of examples.This paperwill
alsouseanexample-basedapproach,but thekey differenceis that
we will startwith uncorrelatedrange-scandata. In fact, with our
method,even the posesof the exampleswill be derived from the
data.

Otherexample-basedapproachesusescannedor photographed
data.In thedomainof facialanimation,example-basedtechniques
have beendevelopedby Pighinet al. [1998],Guenteret al. [1998],
and Blanz and Vetter [1999]. One of the few attemptsto create
articulateddeformationsfrom scannedexamplesis thework of Tal-
bot [1998], who createda partial arm model with one degreeof
freedom. Our work takes a broaderscopeandcanbe appliedto
complex articulated�gures.

1.2 Problem form ulation
We formulatethe problemof creatinga posablehumanbody asa
scattereddatainterpolationproblemin which shapeexamplesare
blendedlinearly to createnew shapes.Thus,we mustde�ne a do-
mainover which samplesaretakenandrepresentthesamplesin a
form suitablefor blending.Thedomainconsistsof all of theknobs
that an animatorwill be able to tweak,suchascontrolsfor joint
angles,muscleloads,bodytypes,andsoon. In ourexampleupper-
bodymodel,thedomainwill consistentirelyof joint angles,but in
principle any kind of parameterscould be used. Throughoutthis
paperwewill referto avectorin thejoint spaceasq.

Having establishedthe interpolationdomain,we next needto
selectandenforcea representationsuitablefor blendingbetween
the exampleshapes.For unstructuredrangescans,this amounts
to constructinga correspondencebetweensurfacepoints on dif-
ferentscans,i.e. , a mutually consistentparameterization.To this
end,we will employ displacedsubdivisionsurfaces, asintroduced
by Lee et al. [2000]. Displacedsubdivision surfacesconsistof a
templatesubdivision surface, T, and a displacementmap d that
describesthe �nal surfaceS by displacingthe templatealongthe
normal, n̂, to the templatesurface. This representationis a kind
of layeredmodel [Chadwicket al. 1989], wherethe the local de-
tail deformationsareseparatedfrom thelargescale(mostlyaf�ne)
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Figure 2 (a) Photographof thesubjectin thescanner. The left armis about
to bescanned.Theropeshelpthesubjectremainmotionlessduringthescan.
(b) Thescannedsurfacewith color data,renderedemissively. Note thatsur-
facesparallelto thescanner's rays,suchasthesideof thetorso,arenot cap-
tured. The four meshesthat werecapturedsimultaneouslyhave beenregis-
tered. (c) Scannedsurfacesafter applying dot-enhancing�lter to the color
data.(d) Combinedandclippedarmscan,renderedwith Gouraudshading.

transformationsappliedto eachbodypart.Wewill drive theunder-
lying templatesurfaceusingthepose,q, resultingin apose-varying
surface:

S(u, q) = T(u, q) + d(u, q)n̂(u, q) (1)

Notice that d is also a function of the pose,q. Unlike stan-
dard displacedsubdivision surfaces,our displacementsare based
on multiple exampleshapes,allowing scattereddatainterpolation
techniquesto be applied. In particular, the interpolateddisplace-
mentsareaweightedsumof theexampledisplacements:

d(u, q) =
nX

i=1

wi(u, q)di(u) (2)

where n is the number of examples,di(u) is the displacement
mapfor the i th example,wi(u, q) is thescattereddatainterpolation
weightingfunction for the i th example,andd(u, q) is the interpo-
lateddisplacementmapfor poseq.

In the remainderof the paper, we describethe stepstaken to
constructanexample-basedposablehumanbody:

1. Captureasetof examplescanswith markers(Section2).

2. Usingthemarkers,solvefor theglobalkinematicsof thebody,
k, andthelocalposeof eachscan,qi (Section3).

3. Createa templatesurface,T(u, q), basedon thekinematicsof
the body, parameterizeandresamplethe examplesinto dis-
placementmapsdi(u), and �ll in any missingvalues(Sec-
tion 4).

4. Computetheinterpolationweights,wi(u, q) (Section5).

We demonstrateresultsusinganupperbodymodelin Section6
anddiscussconclusionsandfuturework in Section7.

2 Data acquisition
This sectionexplainshow we acquiredour exampledataset. The
overall ideais to samplethebody'sshapein avarietyof posescov-
ering the full rangeof motion for eachjoint. At the sametime,
we capturethelocationof markerson thebodythatwe will useto
determinetheposeof eachscan.



Left arm data set(36scans)
Elbow bend 0� , 60� , 90� , 130�

Elbow twist 0� , 60� , 130�

Wrist �e xion � 45� , 0� , 30�

Left shoulderdata set(33scans)
�e xion, neutral,extension
abduction,neutral,adductionShoulderand
medialrotation,neutral,lateralrotationclavicle
shouldergirdleelevation(shrug),depression,
protraction(forwards),retraction(backwards)

Torsodata set(27scans)
pronation,neutral,supination(twist)Waistand
left andright lateral�e xion, neutralabdomen
left andright rotation,neutral

Table1 We capturedthreedatasets,eachof whichcoveredtherangeof mo-
tion of a groupof joints, shown in the left column. The joint anglesthatwe
sampledaredescribedin the right column. For an explanationof the termi-
nology, thereadermayreferto any referenceonbiomechanicsor kinesiology,
suchasGowitzke andMilner [1988].

2.1 Range scanning
We acquiredoursurfacedatausingaCyberwareWB4 whole-body
rangescanner. This scannercapturesrangescansand color data
from four directionssimultaneouslyand hasa samplingpitch of
5 mm horizontally and 2 mm vertically. Figure 2(a) shows the
subjectin the scanner. Overheadropeshelpedthe subjectremain
motionlessduring the seventeensecondsof scanningtime. The
scannedsurfacewith color datais shown in Figure2(b). Thesame
meshafter merging the four scans[CurlessandLevoy 1996] and
clippingout thearmis shown in Figure2(d).

2.2 Pose coverage
Tocreateanupperbodymodel,weneededtosampleall posesof the
wrist, elbow, shoulder, andtorso. Due to thecombinatorialnature
of theproblem,wesplit theupperbodyinto threedatasetscaptured
separately:the arm, the shoulder, andthe torso. We cansplit the
bodyup becausethejoints on eachparthave little in�uence on the
shapeof distantbodyparts.At theinterfacebetweenadjacentbody
parts,wemustoverlapthecaptureregionsandblendthemata later
stage. We alsosave work by capturingonly the left arm andleft
shoulderandlatermirroring thedatato theright side.

Table1 givesa summaryof all capturedposes. In the interest
of taking as few scansas possiblewe madeour samplingspace
fairly sparse.We sampledat leastthreeanglesfor eachdegreeof
freedom,giving usaneutralmiddlevalueandthetwo extremesthat
generallyhave themostdramaticshapechanges.

2.3 Marker s
To enableprecisedeterminationof eachscan,we placedcolored
markerson the subjectusingcostumemake-up. The markersare
picked up by the scanner's color video camerasandmappedonto
eachrangeimage.We usedeightdifferentmarker colorsto aid the
identi�cation process.Note that re�ectancediscontinuitieswhen
picked up by a rangesensorcanleadto geometricerrors[Curless
andLevoy 1995]. Our rangedatadoesnot suffer from thesearti-
facts,becausethe whole-bodyscannerusesan infrared laserand
doesnotdistinguishbetweenskinandmake-upcolors.

For thearmandshoulderdatasets,weusedforty-eightmarkers,
andfor the torsodatasetwe usedninety markers. Our goal was
to have at leastthreemarkersvisible per body part (the minimum
numberof markerscapableof establishingacoordinateframe),and
sincethemarkerswereoftenoccludedor hardto identify weplaced
roughlyfour timesthatmany.

Estimatingposesfrom the marker imagery requirestwo pre-
processingsteps:locatingthe 3D coordinatesof eachmarker and
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Figure 3 (a) Our upperbodyskeletonafteroptimization. The largespheres
are quaternionjoints, and the conesare single-axisjoints. (b) The con-
trol pointsfor this skeleton,andthe correspondingsubdivision surface. The
checkerboardpatterndelineatesthesubdivisionpatches.(c)Thecontrolpoints
andsubdivisionsurfaceafterre�tting.

labelingandidentifying themarkersacrossall scans.To automate
theprocessof locatingthemarkers,we applieda broadLaplacian
convolution �lter to the color dataof eachrangescan. This �lter
makesthedotsstandout from theskin,asshown in Figure2(c),so
they caneasilybeidenti�ed by searchingfor extremecolor values.
Our marker-�nding algorithmgroupsneighboringpixelsof similar
color andrejectsclustersthat aretoo large, too small, or too near
the edge. By referringback to the rangevalues,we �nd the 3D
locationof eachpixel in theclusterandtake thecentroid.

Thesecondstepof marker-�nding is to label themarkers.Each
markerthatwasplacedonthesubjectis assignedanumericalindex.
We thendeterminetheindex of eachmarker locatedin themarker-
�nding step.Weappliedthegraph-matchingtechniqueof Goldand
Rangarajan[1996] basedon matchinggeometricrelationshipsand
marker color; unfortunatelywe foundthis approachunsuitabledue
to the large numberof missingmarkers. Consequentlywe label
themarkersmanuallyafter runningour automaticlocation-�nding
technique.Wehopeto automatethisstepin futurework.

3 Determining kinematics and pose

We can think of eachscanasan exampleof the body's shapein
oneparticularpose. Therefore,we needto know the exact pose,
qi , of eachscan. We alsoneedto know the kinematics,k, of the
body's skeleton, that is, the �x ed transformationsbetweeneach
joint. This sectiondescribesour methodfor automaticallydeter-
mining theposesandkinematicsof thescannedbodies.

3.1 Skeleton
Weconstructaskeletoncontainingthejointsthattheenduserof our
systemwill beableto animate.Thegoalis to haveaskeletonthatis
a goodapproximationof truehumankinematics,but not too com-
plicatedto solve for or animate.This tradeoff exposessomeimpor-
tantdesignissues.For example,thehumanshoulderjoint consists
of four joints: onebetweenthesternumandclavicle, onebetween



the clavicle and scapula,one betweenthe scapulaand humerus,
andonebetweenthescapulaandtherib cage[LuttgensandWells
1982].However, thesecondandthird jointsareveryclosetogether,
andthe fourth joint hasvery little independentmovement. Thus,
we simplify the shouldercomplex to two joints: a clavicle joint
anda shoulderjoint. Thehumanspineis muchmorecomplicated,
consistingof seventeenjoints eachwith its own rangeof motion.
We reducethe spineto just two joints, one at the waist and one
at the abdomen.Anotherexampleis the elbow, which consistsof
two single-axisjoints. Animatorstypically make the assumption
that theaxesof thesejoints areperpendicularandcolocated.This
is not in keepingwith theactualbonestructureof thehumanarm,
andso our choiceof skeletonallows the axesto have any relative
orientationandanarbitrarytranslationbetweenthem.(We prefera
small translation,to preventthebonesfrom moving alongtheaxes
of rotationduringtheoptimization.)

The skeleton hierarchy is rooted with a base transformation
whichmovesfrom theorigin of world coordinatesto thecoordinate
frameof thehips.After thebasetransformation,eachrotationjoint
in our skeletonis followed by a translationto the next joint. We
will call thesetranslationcomponentsthe bonetranslations. Our
upper-bodyskeleton(afteroptimization)is show in Figure3(a).

3.2 Local marker positions
The local marker positions, m, area collectionof 3D pointsde-
scribing the position of eachmarker within its joint's coordinate
frame. We initially assigneachmarker to a joint coordinateframe
basedon its location on the body. For example,markers on the
lower back are placedin the waist joint's coordinateframe, and
markerson theupperbackareplacedin theabdomenjoint's coor-
dinateframe. Themarkerswill betreatedasif they movedrigidly
with the skeleton. This assumptionis not entirely accuratebe-
causeof thebodydeformationsthatmove themarker in non-rigid
ways. However, we have obtainedsatisfactory resultsby using
many markersandtakinga leastsquaresapproach.

Eventhoughthelocal marker positionswill not beusedat all in
our deformation-building process,it is necessaryto calculatethem
whensolvingfor theposesandkinematics.

3.3 Optimization
A summaryof all of the skeletonparametersis shown in Table2.
The goal of the optimizationstepis to determinethe valuesof all
of theseparametersthatbestmatchthemarkerdata.

Notethatwe cangeneratearbitrarily many versionsof thesame
skeletonby applyinga constantrotationto onejoint in all frames,
and then adjustingthe bone translationsand local marker posi-
tions to compensate.As a result,our skeletonparameterizationis
under-determined.For example,wecouldcall theelbow angleof a
straightarm0� or 180� or any otherangle,andall otherarmposes
will bemeasuredrelative to this. To eliminatethis extra degreeof
freedom,we mustlock all of therotationjoints in oneof thescans
to �x edvalues(suchaszero)in orderto provide a frameof refer-
enceto which therotationswill becompared.We call this special
scanthereferencescan.

De�ning a referencescanoffersanadditionaladvantage:it pro-
videsan initial guessfor the local marker positions,m. Sincethe
joint anglesarepre-determinedfor thereferencescan,weneedonly
supplya roughapproximationfor thebasetransformation.Thelo-
calmarkerpositionsfor all markersvisiblein thatscancanbeeasily
computedandlaterre�ned.

We alsolock any degreesof freedomthatcannotbedetermined
from the given marker data. For example,sincewe scannedonly
the left arm,we cannotsolve for the joint anglesin the right arm.
In addition,we lock thetorsojoints for all of thearmandshoulder
scans,andthearmanglesin all of thetorsoscans.

We can now optimize over all remainingdegreesof freedom.
Theobjective functionminimizesthesumof thesquaresof thedis-

# global # per-scanName
DOFs DOFs

Basetranslation 0 3
Baserotation 0 4
Waistrotation 0 4
Waisttranslation 3 0
Abdomenrotation 0 4
Left/right abdomentranslation 3 0
Left/right clavicle rotation 0 8
Left/right clavicle translation 3 0
Left/right shoulderrotation 0 8
Left/right upperarmtranslation 3 0
Left/right elbow bend 2 2
Left/right elbow translation 3 0
Left/right elbow twist 2 2
Left/right lowerarmtranslation 3 0
Left/right wrist bend 2 2
Left/right handtranslation 0 0
Localmarkerpositions 411 0

Table 2 Degreesof freedom(DOFs)of theskeleton.GlobalDOFsarecon-
stantacrossall scans;per-scanDOFstake on a differentvaluefor eachscan.
The left/right translationsare mirror imagesof eachother and thus share
DOFs. The single-axisrotationsin the arm have two global DOFs indicat-
ing thedirectionof theaxisandtwo per-scanDOFsfor theanglesaboutthat
axisontheleft andright arm.ThehandtranslationhasnoDOFsbecausethere
areno jointsbelow thehandin ourmodel.Wewill call theper-scanDOFsqi ,
andthe local marker positionsm; the remainingglobal DOFscomprisethe
kinematics,k.

tancesbetweenthe calculatedmarker positionsand the observed
markerpositions:

arg min
m,q,k

pX

i=1

mX

j=1

koij � c(mj ; qi , k)k2 (3)

wherep is thenumberof poses,m is thenumberof markers,oij is
the observed locationof marker j in scani, andc(mj ; qi , k) is the
calculatedpositionof the samemarker. In caseswherea marker
cannotbelocatedin aposedueto scanninglimitations,weomit the
correspondingtermfrom thesummation.

This skeleton-�nding problemis identicalto theproblemof �t-
ting a skeletonto opticalmotioncapturedata.Silaghiet al. [1998]
andHerdaet al. [2001] have investigatethis problemanddescribe
a local (joint-by-joint) optimizationtechniquefor initializing the
globaloptimizationstatedabove. An initialization is necessarybe-
causethesearchspacecontainsmany local minima. However, we
canavoid this extra stepof runninga local optimizationusingtwo
improvements.

First, becausewe calculatedinitial valuesfor the local marker
positionsusing the referencescan,we canstartour global solver
with thesepositionslocked. Thesolver usuallyreachesa badlocal
minimum becauseit moved the local marker positionsto unrea-
sonablelocationsandcompensatedwith erroneousposesandbone
lengths.By locking thelocalmarkerpositions,weguidethesolver
toward �nding reasonableposes�rst. After this optimizationcon-
verges,we run it again with thelocal marker positionsunlockedto
getthebest�t.

The secondtechniquewe useto aid convergenceis scalingthe
degreesof freedom(DOFs). By scalingtheDOFs,we ensurethat
all of their gradientshave the samemagnitude,improving solver
performance[Gill etal. 1989].First of all, wemustaccountfor the
fact that our setof DOFscontainsthreekinds of values: radians,
meters,andquaternions.Wescaleeachof thesesothattheirvalues
rangefrom -1 to 1. We thenfurther scaleeachDOF accordingto
how many joints arein�uencedby it. Thus,per-scanDOFshave a
scalingfactorequalto the numberof transformsbelow that DOF,
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Figure 4 (a) To constructa displacedsubdivision surface,we castrays(red
arrows) perpendicularto the templatesubdivision surface(dashedblue line)
to thenearestscannedsurface(thick grayline). Becausethedirectionof each
rayis determinedby thesubdivisionsurface,weneedonly recordthedistance.
(b) If the templatesurfaceis too curved and the scannedsurfaceis too far
away, then the rayscancross,causingthe parameterizationto fold over on
itself. Thiscanbeavoidedby ensuringthatthetemplatesurfaceis closeto the
scannedsurface.

andglobal DOFsareweightedby the numberof transformsthey
in�uence multipliedby thenumberof scans.

We useL-BFGS-B, a quasi-Newtonian solver to optimize the
goalfunction[Zhuetal.1997].Weanalyticallycomputethederiva-
tivesof Equation3 relative to eachdegreeof freedom.Therunning
time for convergenceis approximatelyforty minuteson a 1.5GHz
Pentium4. This optimizationonly hasto be run oncebecauseit
incorporatesall of thescannedposesfor all bodyparts.

4 Determining deformations

At this point,we have determinedthejoint anglesandthebonelo-
cationsfor eachscan.Thenext stepis to representthedeformations
thateachbodypartundergoesin eachpose.Thekey issuehereis
oneof correspondence:if we choosea vertex in onescan,whereis
thecorrespondingvertex in theotherscans?

4.1 Parameterization

To overcomethis dif�culty , we devise a parameterizationthat is
basedon the skeleton,sinceeachscanhasthe sameskeletonin a
known pose.To do this,we needto choosea parameterizationthat
canmove with theskeleton.Onepossibility is a cylindrical cross-
sectionbasedparameterizationasusedby Shenet al. [1994]. This
parameterizationworkswell for cylinder-likebodypartssuchasthe
arm,but it is inconvenientto usefor branchingbodyparts,suchas
thetorso.

A moregeneralparameterizationcanbederivedfrom displaced
subdivisionsurfaces,asdescribedby Leeetal. [2000]. Essentially,
one createsa subdivision surfacethat approximatesthe real sur-
face,andrecordsthedistanceto the real surfacealongthenormal
by raycasting,as shown in Figure 4(a). We employ a Catmull-
Clarksubdivisionsurface[CatmullandClark1978]startingfrom a
quadrilateralcontrolmesh.Wecouldhaveusedotherdisplacement-
basedapproaches,suchas displacedB-spline surfaces[Krishna-
murthy andLevoy 1996];we chosea subdivision surfacetemplate
becauseof its easein handlingirregular vertices,i.e., control ver-
ticeswith valenceotherfour, which appearneartheredpatchesin
Figure3(c). Thework of Praunetal. [2001]couldalsoprovidecon-
sistentparameterizationsacrossposes,thoughthis approachoper-
atesonhole-freemeshesandwouldrequiresubstantialmodi�cation
to interpolatearticulatedbodystructures.

Lee et al. [2000] usea simpli�ed versionof the target meshto
de�ne thecontrolpoints.In ourcase,wewantthecontrolpointsto
dependon theskeleton.We de�ne coordinateframeson theskele-
tonbasedonjoint coordinateframes.Wethenplaceringsof control
points into theseframesand a form a quadrilateralcontrol mesh
that follows the skeleton. To ensurethat we have smoothtransi-
tions nearthe joints, the control point coordinateframesmay be
combinationsof adjacentjoint coordinateframes.For example,the
coordinateframecenteredat theabdomenjoint hasa rotationhalf-
way betweenthe lower spine's orientationand the upperspine's
orientation.Theresultingsurfaceappearsin Figure3(b).

4.2 Fair hole �lling
Oneof thecritical problemswith rangescandatais thatthemeshes
are generallyincomplete. To interpolatethe examples,however,
we needcompleteinformation. Onemight think that the problem
could be avoided by basingthe posespaceinterpolationat each
vertex on just theexamplesthatdo not containa holeat thatpoint.
This approachhastwo problems.First, surfacediscontinuitieswill
ariseat the hole boundaries,becausethe adjacentpoints will be
basedondatadrawn from differentmeshes.Secondly, thepresence
of holesis strongly correlatedwith the poseof the body, and so
entiregroupsof poseswill not have any datafor a particulararea.
Thus, the missingdatacould only be drawn from posesthat are
quitedifferentfrom theoneswith holes.

Instead,we �ll holesdirectly in eachscan. Hole-�lling in 3D
canbequite tricky; we simplify theproblemby operatingdirectly
on the displacementmaps. We caneasily detectthe presenceof
holeswithin our parameterizationwhen a displacementray does
not hit thesurface. Our ideais to �ll theholesby smoothlyinter-
polatingdisplacementvaluesfrom neighboringvertices.Usingthe
displacementparameterizationwe have madeour 3D hole-�lling
problemanalogousto the2D problemof imageinpainting,by con-
sideringthe displacementvaluesto be a grayscaleimage(on an
unusualmanifold).

Observingthat our displacement“images” are typically very
smoothandcontinuous,we �ll in themissingareaby minimizing
curvatureusinga discretethin-plateobjective function. Sincethe
pointsnearthemissingdataaretypically unreliable,we alsoapply
theobjective functionneartheedgesof theholes,but with anaddi-
tional termto keepthosepointscloseto theiroriginal value.Stated
mathematically, wecompute:

argmin
d(uj )

nX

j=1

� j
�
d(uj) � d̂(uj)

� 2
+ (1 � � j)

h
r 2d(uj)

i 2
(4)

where

n = thenumberof pointsto be�lled or faired

uj = j th point in theparameterizationu
d(uj) = thenew displacementatuj

d̂(uj) = theoriginaldisplacementatuj

� j = 0 insidethehole,rampingtoward1
within threepixelsof thehole

The resultsof this algorithm as applied to one of the scansare
shown in Figure5. Theresultsaregenerallysatisfactory;themost
noticeableartifact is theabsenceof rangesensornoisein the�lled
region.

4.3 Re�tting
A signi�cant problemwith displacedsubdivision surfacesoccurs
whenthe templatesurfaceis too far from thescannedsurfaceand
thecurvatureis too high. In this situationadjacentrayswill cross
andpart of the surfacewill be coveredseveral times. This prob-
lem is illustratedin Figure4(b). Thesolutionis to ensurethat the
subdivisionsurfaceis closeenoughto thescannedsurface.

Our initial mesh,shown in Figure3(b), is reasonablycloseto the
scannedmesh,but it still hassomeproblemareas.To avoid requir-
ing excessive hand-tweakingfrom the user, we seekan automatic
re�tting step.Ideally, wewouldliketo optimizethetemplate'scon-
trol points so that the surfaceis as closeas possibleto the data
surfaceat all pointsin all poses.We take a simplerapproachthat
worksreasonablywell in practice.After calculatingthehole-�lled
displacedsubdivision surface,we move the control pointsso that
thesubdivisionsurfacegoesexactly throughthescannedsurfaceat
thecontrolpointsin aselected“average”pose.Thisstepis doneby
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Figure5 Hole-�lling anarmscan.Onthetopweshow thedisplacementval-
ueson thetemplatesurface;blueindicateszerodisplacement,magentaaneg-
ativedisplacement,andcyanapositivedisplacement.Thesubdivisionsurface
with thedisplacementsappliedis shown on thebottom. (a) Original surface
afterparameterization.Thereis a largeholealongthenforearm,andsmaller
holesin theunderarm,shoulder, andhand.(b) We initialize themissingareas
with azerodisplacement.(c) After runningone-quarterof thesmoothingopti-
mization.(d) After full optimization.Thediscontinuitybetweentheshoulder
andthetorsois intentional.

solvingthelinearsystemMA = V, whereV is thedesiredtemplate
surfacelocationsat eachcontrolpoint,M is thelimit maskmatrix,
andA is the new control point positions. Sincethereareonly 72
control points, this is an easycalculation. The re�tted surfaceis
shown in Figure3(c).

An additionalmotivation for having a templatesurfacethat is
closeto the scannedmeshis that it allows us to reject rays that
intersecttoo far away. This problemoccursparticularlyin regions
suchastheelbow creaseandunderarmwherecastrayspassthrough
holesin the meshand hit a surfacemuch further away. Having
a well-�t templatesurfaceallows us to easilyreject theseraysby
treatinglargedisplacementsasholes.

5 Interpolation and Reconstruction
Referringbackto our formulation in Equations1 and2, we have
now establisheda templatesurface,T(u, q), and a completedis-
placementmap,di(u, q), for eachexample. All that remainsis to
specifytheweightingfunctionfor eachexample,wi(u, q). Wesplit
this into two functions:wp

i (q), whichperformsscattereddatainter-
polationbasedonthepose,andwb

i (u), whichblendsthearm,shoul-
der, andtorsodatasets.Thesetwo functionswill bemultiplied to
give: wi(u, q) = wp

i (q)wb
i (u).

5.1 Pose-based weight calculation
Givena new point in theposespacewe needto calculatea weight,
wp

i (q), for eachexample. The interpolateddisplacementswill be
a linear combinationof the examples,usingtheseweights. These
weightshave threeconstraints:

1. At anexamplepoint,theweightfor thatexamplemustbeone,
andall otherweightsmustbezero.

2. Theweightsmustalwayssumto one.

3. The weightsmust be continuousso that animationwill be
smooth.

We initially tried using cardinal radial basisfunctions,as de-
scribedby Sloanet al. [2001]. This worked well for the our arm
modelbecauseit consistsonly of single-axisrotations. However,
whenworking with full quaternionrotations,naive applicationof

(a)

(b)

(c)

(d)

Figure 6 Blendingthethreedatasets.(a) A samplearmpose.(b) A sample
shoulderpose.(c) A sampletorsopose.(d) Blendof arm,shoulder, andtorso,
with a mirrored right shoulderand right arm. Color indicatesthe blending
weight.

radial basisfunction interpolationdoesnot work well, becauseit
treatsthequaternioncomponents(or Eulerangles)asif they were
independentlineardimensions.Anotherproblemwith cardinalra-
dial basisfunctionsis that they give negative weights. Although
thereis no problemwith small negative weights,in someregions
of joint spacethe magnitudeof the weightsbecomesquite large,
exaggeratingthedeformationsto anunreasonabledegree.

An alternative techniqueis k-nearest-neighborsinterpolation.
Theideais tochoosethek closestexamplepointsandassigneachof
themaweightbasedontheirdistance.All otherpointsareassigned
a weightof zero. The goal is to createa functionof the distances
thatmeetsthethreecriterialistedabove. Buhleretal. [2001]devel-
opedaninterpolationfunctionof this sort.Beforenormalization,it
takestheform:

wp
i (q) =

1
D(q, qi)

�
1

D(q, qt)
(5)

whereD(q, qi) is thedistancebetweenthenew pointsandexample
i, andt is theindex of thekth closestexample.For our upperbody
model,we foundthatk = 8 gavesatisfactoryresults.

We use a different distancefunction for eachdata set. For
scans from the arm data set we use a distance function ofp

(� elbow angle)2 + (� forearmtwist)2 + (� wrist angle)2. In the
shoulderandtorsodatasets,the posespaceincludesquaternions,
so we de�ne a more appropriatedistancefunction: the great-arc
lengthbetweenthetwo quaternionsona four-dimensionalsphere.

Theweightsmustbenormalizedsincethey will not necessarily
sumto one. If the desiredposeis equalto an examplepose,then
thatexamplehasin�nite weightand,afternormalization,is thesole
contributor to thereconstructedshapein thatpose.

5.2 Combining Parts
Using the techniqueabove for calculatingwp

i , we can interpolate
the shapeof eachbody part separately. The �nal stepis to blend
thebodypartstogetherusingthespatiallyvaryingblendingweight,
wb

i .
Subdivisionpatcheswhichareonly coveredby onedatasethave



Figure 7 An interpolation,in gray, betweentwo poseswith differentelbow angles(above) anddifferentshoulderandclavicle angles(below). Theredmodelson
theright weregeneratedby applyingthedisplacementsfrom theleft-mostposesontothesubdivision surfacefrom theright-mostposes.Thetop redmodelshows
thattheprotrusionof theelbow andtheslightcontractionof thebicepsaredeterminedby thedisplacements.In thebottomredmodelnoticethatthedimplesat the
topof theshoulderandat thescapulae,andthecorrectionof theunderarmarenotvisible if thedisplacementsarenotupdated.

a blendingweightwb
i (u) of 1 if i is a memberof thedatasetand0

otherwise.For areasthatarecoveredby morethanonedataset,we
needto smoothlyblendacrossthe overlappingregion. Therefore
ourblendingfunctionmusttakethevalue0atoneboundaryand1at
theotherboundaryof theoverlapregion. A linearblendingfunction
basedon Euclideandistancehasthis property. However, we also
wantour function to beC1 continuousat theedges.Thereforewe
needto usea higherorderblendingfunction; we choseto useone
waveof thecosinefunctionasfollows:

wb
i (u) = 1 +

1
2

cos
� �

b(ui)
x

� 1.0
�

�
�

(6)

whereb(ui) is thedistancebetweenui andthepatchboundary, and
x is thewidth of theoverlapregion.

The blendingweightsfor our upperbody modelanda sample
blend are shown in Figure 6. We can constructa right arm and
shoulderby mirroringall joint anglesanddeformationdatathrough
thesagittalplane,therebyavoidingthework of scanningbotharms.

6 Results
Wehavetestedoursystemfor creatingposablehumanshapesstart-
ing from the datasetdescribedin Section2. Figure7 shows two
simple interpolationsbetweennovel poses. In eachof these�g-
ureswe also show the effect of moving the templatesurfacebut
not adjustingthedisplacementsin orderto illustratethedifference
betweenthedeformationcausedby thetemplatesurfaceandthede-
formationcauseby theinterpolateddisplacements.Themostegre-
giouserror in the non-interpolatedmeshesis at the elbow, where
thebonesof thearmdo not protrude.Otherprominentartifactsin-
cludealackof swellingof thebiceps,andfor theshoulderexample,
missingcreasesin theshoulder, andaprotrusionin theright under-
arm.Theinterpolatedmesheshave noneof theseproblemsandare
amorefaithful portrayalof thesubject'sanatomy.

We canalsocontrol our modelwith motion capturedata. Fig-
ure1 demonstratesavarietyof posesdrawn from motioncaptureof
a differentindividual, with the joint anglesmappedontotherange
scannedsubject's skeleton. The accompanying video shows full
animationsgeneratedfrom motioncapturedata.Althoughsomeof
the posesin Figure1 go beyond the rangeof posespacethat we
captured,the templatesurfaceenablesextremeposesto look rea-
sonable.

Thebiggestproblemsarisein thecreaseareas,suchastheinside
of the elbow andthe underarm.Creasescauseproblemsfor three
reasons.First, they cannotbeaccuratelyscannedbecausepartsof

thesurfacearecompletelyoccluded.Secondly, creasesareby their
verynatureareasof highcurvature,which,asshown in Figure4(b),
canbea problemfor thedisplacedsubdivision surfaceparameter-
ization. Our re�tting algorithmhelps,but occasionallypoorly pa-
rameterizedareasremain. Finally, our approachdoesnot perform
actualcollision detection.As a result,it cannotbeexpectedto ob-
taincorrectresultswhenthedeformationsarecausedby collisions.
Figure7 shows evidenceof theseissues;in thetop right graypose,
a small ridge near the elbow creaseis causedby interpolatinga
creasedandnon-creasedsurface.

Onestrengthof our approachis speed.Our upperbody model
hasa controlmeshwith 65 faces,andeachfaceis subdivided � ve
times,giving ameshwith roughlysixty-sixthousandvertices.Even
with this densemesh,we cangenerateandrendernovel posesat
nearly interactive rates(3-5 framesper second);this rate can be
increasedby by samplingatasmallersubdivision level.

Although the modelwe have developedyields a fairly faithful
reproductionof the posableshapeof only a single individual, the
framework doesenablesomeeditingoperationsto changethebody
appearanceof that individual. For instance,changingbonelengths
or scalingthe templatecontrol points relative to the skeletonare
straightforwardto implement;examplesof theseoperationsappear
in Figure8.

7 Conc lusion

Wehavedevelopedanend-to-endsystemfor capturinghumanbody
scans,estimatingposesandkinematics,reconstructinga complete
displacedsubdivision surfacein eachpose,andcombiningthesur-
facesusingk-nearest-neighborsscattereddatainterpolationin pose
space.Theresultis anexample-based,posablemodelthatcaptures
high de�nition shapechangesover largerangesof motion. Thein-
terpolationsarenearlyinteractive,with thecapabilityof tradingoff
speedfor resolution,andthe representationpermitseditingopera-
tionssuchaschangingtheunderlyingsurfaceshapeandkinematics.

Our work leavesampleroom for future research.In the short
term,wewould like to exploremoreautomatictechniquesfor pose
estimation,suchasfully automaticmarker detectionandidenti�-
cationor even non-rigid, markerlessregistration. As notedin the
previoussection,creasescauseproblemsfor constructingdisplaced
subdivision surfaces. Possiblesolutionsinclude �nding a better
templatesurfaceoptimizedacrossall poses(rather than an arbi-
trary “average”pose)or computinga templatethat itself changes
from poseto poseafter�tting to eachone.Extendingour technique
to handleotherdegreesof freedomsuchasmuscleload(e.g,when
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Figure 8 By simply scalingthe location of the templatesurface's control
pointsrelative to thebones,wecanaltertheappearanceof theanimatedchar-
acter. (a) Original appearance;(b) forearm6 cm shorter; (c) 20% thinner
acrossall bodyparts;(d) 44%fatter.

lifting heavy objects)wouldalsobeuseful.
In the longer term, generalizingbeyond a singleexamplesug-

gestsa numberof futuredirections.Theability to edit thesurface
templateand the skeletonhints at the possibility of moresophis-
ticatedediting, e.g.,exaggeratingdeformations,or even mapping
deformationsonto otherbodiesscannedin fewer poses. In addi-
tion, scanninglargenumbersof peoplewould allow moredegrees
of freedomfor modelingthehumanbodyby example,e.g.,expos-
ing controlsfor male-nessandfemale-ness[BlanzandVetter1999].
Finally, theposablemodelwe have developeddoesnot encompass
dynamicalbehaviorsor deformationsdueto collisions.Combining
example-basedtechniqueswith anatomicaland physically based
modelingpromisesto bea fruitful areafor futureresearch.
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