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Figure 1 Eachof these3D meshesare madefrom a skeletally driven subdvision surface. The displacement$or the subdvision surfaceareinterpolatedfrom
range-scamxamplesof thearm,shoulderandtorsoin variousposesThejoint anglesfor eachposearedravn from opticalmotion capturedata.

Abstract

This paper presentsan example-basedmethod for calculating
skeleton-drven body deformations.Our exampledataconsistsof
rangescanof a humanbodyin a variety of poses.Using markers
capturedduringrangescanningwe constructa kinematicskeleton
andidentify the poseof eachscan. We then constructa mutually
consistenparameterizationf all the scansusinga posablesubdi-
vision surfacetemplate. The detail deformationsare represented
asdisplacement$rom this surface,and holesare lled smoothly
within thedisplacemeninaps.Finally, we combinetherangescans
using k-neareshneighborinterpolationin posespace.We demon-
strateresultsfor a humanupperbodywith controllablepose kine-
matics,andunderlyingsurfaceshape.
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1 Introduction

Creatingrealistic,virtual actorsremainoneof thegrandchallenges
in computergraphics. Corvincingly modelinghumanshape mo-
tion, and appearances dif cult, becausewve are accustomedo
seeingotherhumansand are quick to detect aws. Onepossible
avenueto realismis throughdirect obsenation and measurement
of people. Motion capture,for instance,hasbecomea standard
methodfor obtainingdetailedsample®f skeletalmotionwhich can
themselesbe editedplausibly andimage-basedechniqueshav
promisefor accuratelynodelingtheappearancef skin. In this pa-
per, we exploreadata-drvenapproactio modelingtheshapeof the
humanbodyin arbitraryposes.
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Recentyearshave witnessedthe evolution of numerousrange
scanningtechnologies,including whole-body scannersthat can
capturethe static shapeof a personquite accurately Given such
a staticscan,an animatorcanwarp the body into a differentpose,
but this approachignoresanimportantaspecof humanmovement:
muscleshonesandotheranatomicaktructuresontinuouslyshift
and changethe shapeof the body Clearly, to createcompelling
animationsby obsenation we needmore thanjust a single scan.
Scanningthe subjectin every poseneededor every frame of an
animationis impractical; instead,we proposea systemin which
body partsare scannedn a setof key posesandthenanimations
are generatedy smoothlyinterpolatingamongtheseposesusing
scatterediatainterpolationtechniques.

The conceptof interpolatingsampledposesis not a new idea.
What makes our approachuniqueis the useof real-world datato
createa fully posable3D model. In the processwe faceseveral
challenges.First, in orderto establisha domainfor interpolation,
we must discover the poseof eachscan. Second,interpolation
techniquesequirea one-to-onecorrespondencketweerpointson
the scannedsurfaces put the scannedlataconsistof unstructured
mesheswvith no suchcorrespondencelhis problemis particularly
challengingbecausehe scansare in different poses,so standard
rigid-bodyregistrationtechniquesvill notwork. Third, rangescans
arefrequentlyincompletebecaus@f occlusionsandgrazingangle
views. Thus, we are facedwith the challengeof lling holesin
the rangedata. Finally, dueto the combinatoricsof the problem,
we cannotcapturea humanbodyin every possiblepose. Thus,we
mustblendbetweerindependentlyposedscans.

In thispaperwe presentigeneraframevork thataddressesach
of theseproblems. Using markers placedon the subjectduring
rangescanning,we reconstructthe poseof eachscan. We then
createa hole- lled, parameterizedeconstructiorat eachposeus-
ing displacement-mappesubdvision surfaces. Lastly, we create
shapesn new poseausingscatterediatainterpolationandspatially
varyingsurfaceblending.

Ontheway to achieving our goalwe make contritutionsto the
problemsof tting askeletonto markerdata,surfacecorrelationfor
articulatedobjects,fair hole lling of surfaces,example-basedh-
terpolationwith quaternionparametersandblendingrangescans.
Our primary contritution, however, is the processitself and the
demonstratiomhatwe canderive realistic,posabléehumanbodyde-
formationsfrom rangescandata.



1.1 Related work

The two main approachedo modeling body deformationsare
anatomicamodelingandexample-basedpproachesTheideabe-
hind anatomicalmodelingis to usean accuraterepresentatiomf

themajorbonesmusclesandotherinterior structuref the body.

Thesestructuresaredeformedasnecessaryvhenthe body moves,
anda skin simulationis wrappedaroundtheunderlyinganatomyto

obtainthe nal geometry Thereis alargebodyof work onanatom-
ically basedapproachesincluding Wilhelms and Gelder[1997],

Scheeperst al. [1997], Victor Ng-Thav-Hing [1999], and Aubel

andThalmann2001].

The primary strengthof anatomicalpproachess the ability to
simulatedynamicsand complex collisions. The main dravback
is their computationakxpense sinceonemustperforma physical
simulationto generateavery frame, while taking careto consere
musclevolumes,andstretchthe skin correctly

An alternatve paradigmis the example-basedpproachwhere
an artistgenerates modelof somebody partin several different
poseswith the sameunderlyingmeshstructure. Theseposesare
correlatedo variousdegreesof freedom,suchasjoint angles.An
animatorcan then supply nev valuesfor the degreesof freedom
and the examplesare interpolatedappropriately Example-based
approachesre much fastercomputationally and creatingexam-
plesis ofteneasierthancreatinga detailedandaccurateanatomical
model.

Lewis etal. [2000] andSloanetal. [2001] describesimilar tech-
niquesfor applying example-basedpproacheso meshes. Both
techniquesuse radial basisfunctionsto supply the interpolation
weightsfor eachexample, and, for shapeinterpolation,both re-
quire hand-sculpteanesheghat ensurea one-to-onevertex corre-
spondencexists betweeneachpair of examples. This paperwill
alsousean example-basedpproachput the key differenceis that
we will startwith uncorrelatedange-scamata. In fact, with our
method,even the posesof the exampleswill be derived from the
data.

Otherexample-base@pproachesisescannedr photographed
data.In the domainof facialanimation,example-basetkchniques
have beendevelopedby Pighinetal. [1998], Guenteret al. [1998],
and Blanz and Vetter[1999]. One of the few attemptsto create
articulateddeformationgrom scanneaxampless thework of Tal-
bot [1998], who createda partial arm model with one degree of
freedom. Our work takes a broaderscopeand can be appliedto
comple articulated gures.

1.2 Problem formulation

We formulatethe problemof creatinga posablehumanbody asa
scattereddatainterpolationproblemin which shapeexamplesare
blendedinearly to createnew shapesThus,we mustde ne ado-
main over which samplesaretaken andrepresenthe sampledn a
form suitablefor blending. The domainconsistf all of theknobs
that an animatorwill be ableto tweak, suchas controlsfor joint
anglesmuscleloads,bodytypes,andsoon. In our exampleupper
body model,thedomainwill consistentirelyof joint anglesput in
principle ary kind of parametergould be used. Throughoutthis
paperwe will referto avectorin thejoint spaceasq.

Having establishedhe interpolationdomain, we next needto
selectand enforcea representatiorsuitablefor blendingbetween
the example shapes. For unstructuredangescans,this amounts
to constructinga correspondencéetweensurface points on dif-
ferentscansj.e., a mutually consistenparameterizationTo this
end,we will emplgy displacedsubdivisionsurfacesasintroduced
by Lee et al. [2000]. Displacedsubdvision surfacesconsistof a
templatesubdvision surface, T, and a displacementmap d that
describeghe nal surfaceS by displacingthe templatealongthe
normal, i, to the templatesurface. This representatiois a kind
of layeredmodel[Chadwicket al. 1989], wherethe the local de-
tail deformationsareseparatedrom the large scale(mostly af ne)

Figure 2 (a) Photograptof the subjectin the scanner Theleft armis about
to be scannedTheropeshelpthe subjectremainmotionlessduringthe scan.
(b) The scannedsurfacewith color data,renderecemissvely. Note thatsur
facesparallelto the scannes rays, suchasthe sideof the torso,arenot cap-
tured. The four mesheghat were capturedsimultaneouslhave beenregis-
tered. (c) Scannedsurfacesafter applying dot-enhancinglter to the color
data.(d) Combinedandclippedarmscan renderedvith Gouraudshading.

transformationsippliedto eachbodypart. We will drive theunder
lying templatesurfaceusingthepose g, resultingin apose-arying
surface:

Su,q) = T(u,q) +d(u,g)fi(u, q) 1)

Notice that d is also a function of the pose,q. Unlike stan-
dard displacedsubdvision surfaces,our displacementsire based
on multiple exampleshapesallowing scattereddatainterpolation
techniquedo be applied. In particular the interpolateddisplace-
mentsarea weightedsumof the exampledisplacements:

Xn

d(u,q) =

i=1

wi(u, g)di (u) 3

where n is the numberof examples,di(u) is the displacement
mapfor thei® example,wi(u, q) is the scatterediatainterpolation
weighting function for the i example,andd(u, q) is the interpo-
lateddisplacemeninapfor poseqg.

In the remainderof the paper we describethe stepstaken to
constructanexample-basegosabléehumanbody:

1. Captureasetof examplescanswith markers(Section2).

2. Usingthemarkers,solvefor theglobalkinematicof thebody,
k, andthelocal poseof eachscan,g; (Section3).

3. Createatemplatesurface,T(u, q), basednthekinematicsof
the body, parameterizeand resamplethe examplesinto dis-
placementmapsd;(u), and Il in ary missingvalues(Sec-
tion 4).

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

We demonstrateesultsusinganupperbody modelin Section6
anddiscussonclusionsandfuturework in Section?.

2 Data acquisition

This sectionexplainshow we acquiredour exampledataset. The
overallideais to samplethebody's shapdn avariety of posescov-
ering the full rangeof motion for eachjoint. At the sametime,
we capturethe locationof markerson the body thatwe will useto
determinethe poseof eachscan.



Left arm data set(36 scans)

Elbow bend | 0 ,60 ,90 ,130
Elbow twist | 0 ,60 , 130
Wrist e xion 45,0 ,30

Left shoulder data set(33 scans)
e xion, neutral,extension
abductionneutral,adduction

Shoulderand - - -
- medialrotation,neutral lateralrotation
clavicle - - -
shouldemirdle elevation (shrug),depression,
protraction(forwards),retraction(backwards)
Torsodata set(27 scans)

Waistand pronatlo_n,neutral,suplpatlor(t\mst)
left andright lateral e xion, neutral

abdomen

left andright rotation,neutral

Table1l We capturedhreedatasets,eachof which coveredtherangeof mo-
tion of a groupof joints, shavn in the left column. The joint anglesthatwe
sampledaredescribedn the right column. For an explanationof the termi-
nology, thereademayreferto ary referenceon biomechanic®r kinesiology
suchasGowitzke andMilner [1988].

2.1 Range scanning

We acquiredour surfacedatausinga Cyberware WB4 whole-body
rangescanner This scannercapturesrangescansand color data
from four directionssimultaneouslyand hasa samplingpitch of

5 mm horizontally and 2 mm vertically. Figure 2(a) shaws the
subjectin the scanner Overheadropeshelpedthe subjectremain
motionlessduring the seventeensecondsof scanningtime. The
scannedsurfacewith color datais shavn in Figure2(b). Thesame
meshafter memging the four scans/Curlessand Levoy 1996] and
clipping outthearmis shavn in Figure2(d).

2.2 Pose coverage

To createanupperbodymodel,we neededo sampleall posesf the

wrist, elbaw, shoulderandtorso. Due to the combinatorialnature
of theproblem we split theupperbodyinto threedatasetscaptured
separatelythe arm, the shoulder andthe torso. We cansplit the

bodyup becauséhejoints on eachparthave little in uence onthe

shapeof distantbody parts.At theinterfacebetweeradjacenbody
parts,we mustoverlapthe captureregionsandblendthematalater
stage. We also save work by capturingonly the left arm and left

shoulderandlater mirroring the datato theright side.

Table 1 givesa summaryof all capturedposes.In the interest
of taking as few scansas possiblewe madeour samplingspace
fairly sparse.We sampledat leastthreeanglesfor eachdegreeof
freedom giving usaneutralmiddlevalueandthetwo extremeghat
generallyhave the mostdramaticshapechanges.

2.3 Markers

To enableprecisedeterminationof eachscan,we placedcolored
marlers on the subjectusing costumemalke-up. The marlersare
picked up by the scanness color video camerasand mappedonto
eachrangeimage.We usedeightdifferentmarker colorsto aid the
identi cation process. Note that re ectancediscontinuitieswhen
picked up by arangesensorcanleadto geometricerrors[Curless
andLevoy 1995]. Our rangedatadoesnot suffer from thesearti-
facts,becausehe whole-bodyscannemusesan infrared laserand
doesnotdistinguishbetweerskin andmake-upcolors.

For thearmandshouldemdatasets we usedforty-eightmarlers,
andfor the torso datasetwe usedninety markers. Our goal was
to have at leastthreemarlersvisible per body part (the minimum
numberof markerscapableof establishingcoordinatdrame),and
sincethemarkerswereoftenoccludedor hardto identify we placed
roughlyfour timesthatmary.

Estimating posesfrom the marker imagery requirestwo pre-
processingsteps:locatingthe 3D coordinateof eachmarker and
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Figure 3 (a) Our upperbody skeletonafter optimization. The large spheres
are quaternionjoints, and the conesare single-axisjoints. (b) The con-
trol pointsfor this skeleton,andthe correspondingubdvision surface. The
checlerboardpatterndelineateshesubdvision patches(c) Thecontrolpoints
andsubdvision surfaceafterre tting.

labelingandidentifying the markersacrossall scans.To automate
the procesof locatingthe markers,we applieda broadLaplacian
convolution lter to the color dataof eachrangescan. This Iter
malesthe dotsstandout from the skin, asshavn in Figure2(c), so
they caneasilybeidenti ed by searchindor extremecolor values.
Our marker- nding algorithmgroupsneighboringpixels of similar
color andrejectsclustersthat aretoo large, too small, or too near
the edge. By referring backto the rangevalues,we nd the 3D
locationof eachpixel in the clusterandtake the centroid.

The secondstepof marker- nding is to labelthe markers. Each
markerthatwasplacedonthesubjectis assignednumericaindex.
We thendetermingheindex of eachmarler locatedin themarker

nding step.We appliedthegraph-matchingechniqueof Gold and
Rangrajan[1996] basedon matchinggeometricrelationshipsand
marker color; unfortunatelywe foundthis approactunsuitabledue
to the large numberof missingmarkers. Consequentlywe label
the markersmanuallyafter runningour automatidocation- nding
technique We hopeto automatehis stepin futurework.

3 Determining kinematics and pose

We canthink of eachscanasan exampleof the body's shapein
one particularpose. Therefore,we needto know the exact pose,
i, of eachscan. We alsoneedto know the kinematics,k, of the
body's skeleton, that is, the x ed transformationsetweeneach
joint. This sectiondescribesour methodfor automaticallydeter
mining the posesandkinematicsof the scannedodies.

3.1 Skeleton

We constructskeletoncontainingthejointsthattheenduserof our
systemwill beableto animate Thegoalis to have askeletonthatis
a goodapproximationof true humankinematics but not too com-
plicatedto solve for or animate.Thistradeof exposessomeimpor-
tantdesignissues.For example,the humanshoulderjoint consists
of four joints: onebetweerthe sternumandclavicle, onebetween



the clavicle and scapula,one betweenthe scapulaand humerus,
andonebetweerthe scapulaandthe rib cage[LuttgensandWells
1982]. However, thesecondandthird joints arevery closetogether
andthe fourth joint hasvery little independenmovement. Thus,
we simplify the shouldercomplex to two joints: a clavicle joint
anda shouldefoint. The humanspineis 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
thatthe axesof thesejoints are perpendiculaand colocated.This
is notin keepingwith the actualbonestructureof the humanarm,
andso our choiceof skeletonallows the axesto have ary relative
orientationandanarbitrarytranslationbetweerthem. (We prefera
smalltranslationto preventthe bonesfrom moving alongthe axes
of rotationduringthe optimization.)

The skeleton hierarcly is rooted with a basetransformation
which movesfrom theorigin of world coordinateso the coordinate
frameof the hips. After thebaseransformationeachrotationjoint
in our skeletonis followed by a translationto the next joint. We
will call thesetranslationcomponentghe bonetranslations Our
upperbody skeleton(afteroptimization)is shav in Figure3(a).

3.2 Local marker positions

The local marker positions m, are a collectionof 3D pointsde-
scribing the position of eachmarker within its joint's coordinate
frame. We initially assigneachmarker to ajoint coordinateframe
basedon its location on the body For example, markers on the
lower back are placedin the waist joint's coordinateframe, and
markerson the upperbackareplacedin the abdomerjoint's coor
dinateframe. The marlerswill betreatedasif they movedrigidly
with the skeleton. This assumptionis not entirely accuratebe-
causeof the body deformationghat move the marker in non-rigid
ways. However, we have obtainedsatishctory resultsby using
mary markersandtakingaleastsquarespproach.

Eventhoughthelocal marker positionswill notbeusedatall in
our deformation-hilding processit is necessaryo calculatethem
whensolvingfor the posesaandkinematics.

3.3 Optimization

A summaryof all of the skeletonparameterss shovn in Table2.
The goal of the optimizationstepis to determinethe valuesof all
of theseparametershatbestmatchthe marker data.

Notethatwe cangeneraterbitrarily mary versionsof the same
skeletonby applyinga constantotationto onejoint in all frames,
and then adjustingthe bone translationsand local marker posi-
tionsto compensateAs a result,our skeletonparameterizatioms
underdeterminedFor example,we couldcall theelbov angleof a
straightarmO or 180 or ary otherangle,andall otherarmposes
will be measuredelative to this. To eliminatethis extra degreeof
freedom,we mustlock all of therotationjoints in oneof the scans
to x edvalues(suchaszero)in orderto provide a frameof refer
enceto which therotationswill be compared.We call this special
scanthereferencescan

De ning areferencescanoffersanadditionaladvantage:it pro-
videsaninitial guessfor thelocal marler positions,m. Sincethe
joint anglesarepre-determineébr thereferencescanwe needonly
supplyaroughapproximatiorfor the basetransformationThe lo-
calmarkerpositionsfor all markersvisiblein thatscancanbeeasily
computedandlaterre ned.

We alsolock ary degreesof freedomthat cannotbe determined
from the given marlker data. For example,sincewe scannecnly
the left arm, we cannotsolve for the joint anglesin theright arm.
In addition,we lock thetorsojoints for all of thearmandshoulder
scansandthearmanglesn all of thetorsoscans.

We cannow optimize over all remainingdegreesof freedom.
Theobjective functionminimizesthe sumof thesquare®f thedis-

# global
DOFs

# per-scan

Name DOFs

o
w

Basetranslation

Baserotation

Waistrotation
Waisttranslation
Abdomenrotation

Left/right abdomertranslation
Left/right clavicle rotation
Left/right clavicle translation
Left/right shoulderrotation
Left/right upperarmtranslation
Left/right elbow bend
Left/right elbow translation
Left/right elbow twist

Left/right lower armtranslation
Left/right wrist bend

Left/right handtranslation
Local marker positions 411
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Table 2 Degreesof freedom(DOFs)of the skeleton. Global DOFsarecon-
stantacrossall scansperscanDOFstake on a differentvaluefor eachscan.
The left/right translationsare mirror imagesof eachother and thus share
DOFs. The single-axisrotationsin the arm have two global DOFsindicat-
ing the directionof the axisandtwo perscanDOFsfor the anglesaboutthat
axisontheleft andrightarm. Thehandtranslatiorhasno DOFsbecaus¢here
arenojoints belav thehandin our model. We will call the perscanDOFsq;,

andthe local marker positionsm; the remainingglobal DOFs comprisethe
kinematicsk.

tancesbetweenthe calculatedmarker positionsand the obsened
marker positions:

arg min koj  c(m;; qi, k)k? (3)

m,q.k
q i=1 j=1

wherep is the numberof posesm is the numberof markers,0j is
the obsened location of marker j in scani, andc(m;; g;, k) is the
calculatedposition of the samemarker. In caseswherea marker
cannotbelocatedin aposedueto scannindimitations,we omit the
correspondingermfrom the summation.

This skeleton- nding problemis identicalto the problemof t-
ting a skeletonto opticalmotion capturedata. Silaghietal. [1998]
andHerdaetal. [2001] have investicatethis problemanddescribe
a local (joint-by-joint) optimizationtechniquefor initializing the
globaloptimizationstatedabove. An initialization is necessarye-
causethe searchspacecontainsmary local minima. However, we
canavoid this extra stepof runninga local optimizationusingtwo
improvements.

First, becauseve calculatedinitial valuesfor the local marler
positionsusing the referencescan,we can startour global solver
with thesepositionslocked. The solver usuallyreaches badlocal
minimum becausédt moved the local marker positionsto unrea-
sonabldocationsandcompensatedith erroneouposesandbone
lengths.By locking thelocal marker positions we guidethe solver
toward nding reasonablg@osesrst. After this optimizationcon-
verges,we run it again with thelocal marker positionsunlockedto
getthebestt.

The secondtechniguewe useto aid convergenceis scalingthe
degreesof freedom(DOFs). By scalingthe DOFs,we ensurethat
all of their gradientshave the samemagnitude,improving solver
performancdGill etal. 1989]. Firstof all, we mustaccountor the
fact that our setof DOFs containsthreekinds of values: radians,
metersandquaternionsWe scaleeachof thesesothattheirvalues
rangefrom -1 to 1. We thenfurther scaleeachDOF accordingto
how mary joints arein uencedby it. Thus,perscanDOFshave a
scalingfactorequalto the numberof transformsbelav that DOF,
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Figure 4 (a) To constructa displacedsubdvision surface,we castrays(red

arrowns) perpendiculato the templatesubdvision surface (dashedlue line)

to thenearesscannedurface(thick grayline). Becausehedirectionof each
rayis determinedy thesubdvision surface we needonly recordthedistance.
(b) If the templatesurfaceis too curved and the scannedsurfaceis too far

away, thenthe rays can cross,causingthe parameterizatioro fold over on

itself. Thiscanbeavoidedby ensuringhatthetemplatesurfaceis closeto the
scannedurface.

and global DOFs are weightedby the numberof transformsthey
in uence multiplied by the numberof scans.

We uselL-BFGS-B, a quasi-Nevtonian solver to optimize the
goalfunction[Zhu etal. 1997]. We analyticallycomputehederiva-
tivesof Equation3 relative to eachdegreeof freedom.Therunning
time for corvergenceis approximatelyforty minutesona 1.5 GHz
Pentium4. This optimizationonly hasto be run oncebecauset
incorporatesll of thescannegosedor all bodyparts.

4 Determining deformations

At this point, we have determinedhejoint anglesandthe bonelo-
cationsfor eachscan.Thenext stepis to representhedeformations
thateachbody partundegoesin eachpose. The key issuehereis
oneof correspondencéf we choosea vertex in onescanwhereis
thecorrespondingertex in the otherscans?

4.1 Parameterization

To overcomethis dif culty, we devise a parameterizationhat is
basedon the skeleton,sinceeachscanhasthe sameskeletonin a
known pose.To do this, we needto choosea parameterizatiothat
canmove with the skeleton. Onepossibilityis a cylindrical cross-
sectionbasedparameterizatioasusedby Shenetal. [1994]. This
parameterizatioworkswell for cylinder-lik e bodypartssuchasthe
arm, but it is incorvenientto usefor branchingbody parts,suchas
thetorso.

A moregeneralparameterizatioganbe derived from displaced
subdvision surfaces asdescribedy Leeetal. [2000]. Essentially
one createsa subdvision surfacethat approximateghe real sur
face,andrecordsthe distanceto the real surfacealongthe normal
by raycasting,as shavn in Figure 4(a). We emplg/ a Catmull-
Clark subdvision surface[CatmullandClark 1978]startingfrom a
quadrilateratontrolmesh.We couldhave usedotherdisplacement-
basedapproachessuch as displacedB-spline surfaces[Krishna-
murthy andLevoy 1996]; we chosea subdvision surfacetemplate
becausef its easein handlingirregular vertices,i.e., control ver
ticeswith valenceotherfour, which appeamearthe red patchesn
Figure3(c). Thework of Praunetal.[2001] couldalsoprovide con-
sistentparameterizationacrossposesthoughthis approachoper
atesonhole-freemeshesndwouldrequiresubstantiainodi cation
to interpolatearticulatedbody structures.

Leeetal. [2000] usea simpli ed versionof the target meshto
de ne thecontrolpoints.In our casewe wantthe control pointsto
dependon the skeleton.We de ne coordinatedframeson the skele-
tonbasednjoint coordinatdrames.We thenplaceringsof control
pointsinto theseframesand a form a quadrilateralcontrol mesh
that follows the skeleton. To ensurethat we have smoothtransi-
tions nearthe joints, the control point coordinateframesmay be
combinationof adjacenfoint coordinatérames.For example the
coordinateframecenterecat the abdomerjoint hasa rotationhalf-
way betweenthe lower spines orientationand the upper spines
orientation.Theresultingsurfaceappearsn Figure3(b).

4.2 Fair hole lling

Oneof thecritical problemswith rangescandatais thatthemeshes
are generallyincomplete. To interpolatethe examples,however,
we needcompleteinformation. Onemight think thatthe problem
could be avoided by basingthe posespaceinterpolationat each
vertex on just the examplesthatdo not containa hole at thatpoint.
This approacthastwo problems.First, surfacediscontinuitieswill
arise at the hole boundariespecausehe adjacentpoints will be
basedn datadravn from differentmeshesSecondlythe presence
of holesis strongly correlatedwith the poseof the body, and so
entiregroupsof poseswill not have ary datafor a particulararea.
Thus, the missingdatacould only be dravn from posesthat are
quitedifferentfrom the oneswith holes.

Instead,we Il holesdirectly in eachscan. Hole- lling in 3D
canbe quite tricky; we simplify the problemby operatingdirectly
on the displacemenmaps. We can easily detectthe presenceof
holeswithin our parameterizationvhen a displacementay does
not hit the surface. Ourideais to Il the holesby smoothlyinter
polatingdisplacementaluesfrom neighboringvertices.Usingthe
displacemenparameterizationve have madeour 3D hole- lling
problemanalogouso the 2D problemof imageinpainting,by con-
sideringthe displacemenvaluesto be a grayscaleimage (on an
unusuamanifold).

Observingthat our displacementimages” are typically very
smoothandcontinuouswe Il in the missingareaby minimizing
cunatureusinga discretethin-plateobjective function. Sincethe
pointsnearthe missingdataaretypically unreliable we alsoapply
theobjective functionnearthe edgef the holes,but with anaddi-
tionaltermto keepthosepointscloseto their original value. Stated
mathematicallywe compute:

h i,

. ~ 2

arg min jodw)  dw) T+@ ) rZd(w) “4)
L=
where
n = thenumberof pointsto be lled or faired
U = jth pointin the parameterization
d(u;) = thenew displacemenat u;

a(uj) = theoriginal displacemenat u;
i = Oinsidethehole,rampingtoward 1
within threepixelsof thehole

The resultsof this algorithm as appliedto one of the scansare
shavn in Figure5. Theresultsaregenerallysatishctory;the most
noticeableartifactis the absenc®f rangesensomoisein the lled
region.

4.3 Retting

A signi cant problemwith displacedsubdvision surfacesoccurs
whenthe templatesurfaceis too far from the scannedurfaceand
the cunatureis too high. In this situationadjacentrayswill cross
and part of the surfacewill be coveredseveral times. This prob-
lemis illustratedin Figure4(b). The solutionis to ensurethatthe
subdvision surfaceis closeenoughto the scannedsurface.
Ourinitial meshshavnin Figure3(b), is reasonablgloseto the
scannedneshbut it still hassomeproblemareas.To avoid requir
ing excessve hand-tweakingrom the user we seekan automatic
re tting step.ldeally, wewouldlik e to optimizethetemplates con-
trol points so that the surfaceis as close as possibleto the data
surfaceat all pointsin all poses.We take a simplerapproactthat
worksreasonablyvell in practice.After calculatingthe hole- lled
displacedsubdvision surface,we maove the control points so that
thesubdvision surfacegoesexactly throughthe scannedurfaceat
thecontrolpointsin aselectedaverage”pose.This stepis doneby
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Figure5 Hole- lling anarmscan.Onthetopwe shav thedisplacemenval-
ueson thetemplatesurface;blueindicateszerodisplacementnmagentaa neg-
ative displacementandcyanapositive displacementThe subdvision surface
with the displacementsppliedis shavn on the bottom. (a) Original surface
after parameterizationThereis a large hole alongthenforearm,andsmaller
holesin theunderarmshoulderandhand.(b) We initialize the missingareas
with azerodisplacement(c) After runningone-quarteof thesmoothingopti-
mization. (d) After full optimization.Thediscontinuitybetweerthe shoulder
andthetorsois intentional.

solvingthelinearsystemMA =V, whereV is thedesiredemplate
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
shavn in Figure3(c).

An additionalmotivation for having a templatesurfacethat is
closeto the scannedmeshis that it allows us to rejectrays that
intersecttoo far away. This problemoccursparticularlyin regions
suchastheelban creaseandunderarnwherecastrayspasghrough
holesin the meshand hit a surface much further away. Having
awell-t templatesurfaceallows usto easilyrejecttheseraysby
treatinglargedisplacementasholes.

5 Interpolation and Reconstruction

Referringbackto our formulationin Equationsl and 2, we have
now establisheda templatesurface, T(u, q), and a completedis-
placemenmap, di(u, q), for eachexample. All thatremainsis to
specifytheweightingfunctionfor eachexample,w;(u, ). We split
this into two functions:wf(qg), which performsscatterediatainter-
polationbasednthe pose andw?(u), which blendsthearm,shoul-
der, andtorsodatasets. Thesetwo functionswill be multiplied to
give: wi(u, g) = wi(q)wP(u).

5.1 Pose-based weight calculation

Givenanew pointin the posespacewe needto calculatea weight,
w’(q), for eachexample. The interpolateddisplacementsvill be
a linear combinationof the examples,usingtheseweights. These
weightshave threeconstraints:

1. At anexamplepoint,theweightfor thatexamplemustbeone,
andall otherweightsmustbezero.

2. Theweightsmustalwayssumto one.

3. The weights must be continuousso that animationwill be
smooth.

We initially tried using cardinalradial basisfunctions, as de-
scribedby Sloanet al. [2001]. This worked well for the our arm
modelbecausaét consistsonly of single-axisrotations. However,
whenworking with full quaternionrotations,naive applicationof
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Figure 6 Blendingthethreedatasets.(a) A samplearmpose.(b) A sample
shouldempose.(c) A sampletorsopose.(d) Blendof arm,shoulderandtorso,
with a mirroredright shoulderandright arm. Color indicatesthe blending
weight.

radial basisfunction interpolationdoesnot work well, becauset
treatsthe quaternioncomponentgor Eulerangles)asif they were
independenlineardimensions Anotherproblemwith cardinalra-
dial basisfunctionsis that they give negative weights. Although
thereis no problemwith small negative weights,in someregions
of joint spacethe magnitudeof the weightsbecomegqyuite large,
exaggeratinghedeformationgo anunreasonabldegree.

An alternatve techniqueis k-nearest-neighbormterpolation.
Theideaisto choosahek closesexamplepointsandassigreachof
themaweightbasedntheirdistance All otherpointsareassigned
aweightof zero. Thegoalis to createa function of the distances
thatmeetghethreecriterialistedaborve. Buhleretal. [2001] devel-
opedaninterpolationfunctionof this sort. Beforenormalizationjt
takestheform:

- 1
W= 5649 daw ®)

whereD(q, ;) is the distancebetweerthe new pointsandexample
i, andt is theindex of the k™ closestexample. For our upperbody
model,we foundthatk = 8 gave satishctoryresults.

We use a different distancefunction for eachdataset. For
§cansfrom the arm data set we use a distance function of

( elbow angle? +( forearmtwist)2 + ( wristanglg?. In the
shoulderandtorsodatasets,the posespaceincludesquaternions,
so we de ne a more appropriatedistancefunction: the great-arc
lengthbetweerthetwo quaternion®n a four-dimensionakphere.

Theweightsmustbe normalizedsincethey will not necessarily
sumto one. If the desiredposeis equalto an examplepose,then
thatexamplehasin nite weightand,afternormalizationjs thesole
contributorto thereconstructedhapen thatpose.

5.2 Combining Parts

Using the techniqueabove for calculatingw?, we caninterpolate
the shapeof eachbody part separately The nal stepis to blend
;[Irvlbebodypartstogethemsingthespatiallyvarying blendingweight,

I
Subdvision patchesvhichareonly coveredby onedatasethave



Figure 7 An interpolation,in gray betweertwo poseswith differentelbov angles(above) anddifferentshoulderandclavicle angles(belav). Theredmodelson
theright weregeneratedy applyingthe displacementfrom theleft-mostposesontothe subdvision surfacefrom the right-mostposes.Thetop red modelshavs
thatthe protrusionof the elbav andtheslight contractionof the bicepsaredeterminedy the displacementdn the bottomred modelnoticethatthe dimplesatthe
top of the shoulderandat the scapulaeandthe correctionof theunderarmarenotvisible if thedisplacementarenotupdated.

ablendingweightwP(u) of 1 if i is amemberof the datasetand0
otherwise For areaghatarecoveredby morethanonedataset,we
needto smoothlyblend acrossthe overlappingregion. Therefore
ourblendingfunctionmusttakethevalue0 atoneboundaryandl at
theotherboundaryof theoverlapregion. A linearblendingfunction
basedon Euclideandistancehasthis property However, we also
wantour functionto be C1 continuousat the edges.Thereforewe
needto usea higherorderblendingfunction; we choseto useone
wave of the cosinefunctionasfollows:
1 b(ui)
X

wh(u) =1+ 5 cos 1.0 (6)

whereb(u;) is thedistancebetweeru; andthe patchboundaryand
x is thewidth of the overlapregion.

The blendingweightsfor our upperbody modeland a sample
blend are shavn in Figure 6. We can constructa right arm and
shouldety mirroring all joint anglesanddeformatiordatathrough
thesagittalplane therebyavoiding thework of scanningotharms.

6 Results

We have testedour systenfor creatingposablehumanshapestart-
ing from the datasetdescribedn Section2. Figure7 shaws two
simple interpolationsbetweennovel poses. In eachof these g-
ureswe also show the effect of moving the templatesurface but
not adjustingthe displacement& orderto illustratethe difference
betweerthedeformatiorcausedy thetemplatesurfaceandthede-
formationcauseby theinterpolateddisplacementsThe mostegre-
giouserror in the non-interpolatedneshess at the elbow, where
the bonesof thearmdo not protrude.Otherprominentartifactsin-
cludealackof swellingof thebicepsandfor theshoulderexample,
missingcrease# the shoulderanda protrusionin theright under
arm. Theinterpolatednesheshave noneof theseproblemsandare
amorefaithful portrayalof the subjects anatomy

We canalso control our modelwith motion capturedata. Fig-
urel demonstrateavarietyof posedravn from motioncaptureof
a differentindividual, with the joint anglesmappedontothe range
scannedsubjects skeleton. The accompaning video shaws full
animationggeneratedrom motion capturedata. Although someof
the posesin Figure 1 go beyond the rangeof posespacethat we
capturedthe templatesurfaceenablesextremeposesto look rea-
sonable.

Thebiggestproblemsarisein the creasereassuchastheinside
of the elbav andthe underarm.Creasesauseproblemsfor three
reasonsFirst, they cannotbe accuratelyscannedecausegartsof

thesurfacearecompletelyoccluded.Secondlycreasesreby their
very natureareaf high curvature which,asshavn in Figure4(b),
canbe a problemfor the displacedsubdvision surfaceparameter
ization. Our re tting algorithmhelps,but occasionallypoorly pa-
rameterizecareagemain. Finally, our approachdoesnot perform
actualcollision detection.As aresult,it cannotbe expectecto ob-
tain correctresultswhenthe deformationsarecausedy collisions.
Figure7 shavs evidenceof theseissuesjn thetopright graypose,
a small ridge nearthe elbav creaseis causedby interpolatinga
crease@ndnon-creasedurface.

Onestrengthof our approachs speed.Our upperbody model
hasa controlmeshwith 65 faces,andeachfaceis subdiiided ve
times,giving ameshwith roughlysixty-sixthousandrertices.Even
with this densemesh,we cangenerateandrendernovel posesat
nearly interactie rates(3-5 framesper second);this rate can be
increasedy by samplingat a smallersubdvision level.

Although the modelwe have developedyields a fairly faithful
reproductionof the posableshapeof only a singleindividual, the
framework doesenablesomeeditingoperationgo changehebody
appearancef thatindividual. For instancegchangingbonelengths
or scalingthe templatecontrol points relative to the skeletonare
straightforvardto implement;examplesof theseoperationsappear
in Figure8.

7 Conclusion

We have developedanend-to-enaystenfor capturingnumanbody
scansestimatingposesandkinematics reconstructinga complete
displacedsubdvision surfacein eachpose,andcombiningthe sur
facesusingk-nearest-neighbocatterediatainterpolationin pose
space Theresultis anexample-basedyosablemodelthatcaptures
high de nition shapechange®verlargerangesof motion. Thein-
terpolationsarenearlyinteractive, with the capabilityof tradingoff
speedfor resolution,andthe representatiopermitsediting opera-
tionssuchaschangingheunderlyingsurfaceshapeandkinematics.
Our work leaves ampleroom for future research.In the short
term,we would lik e to explore moreautomatidechniquegor pose
estimation,suchasfully automaticmarker detectionandidenti -
cationor even non-rigid, markerlessregistration. As notedin the
previoussection creasesausegroblemsor constructinglisplaced
subdvision surfaces. Possiblesolutionsinclude nding a better
templatesurface optimized acrossall poses(ratherthan an arbi-
trary “average”pose)or computinga templatethatitself changes
from poseto poseafter tting to eachone.Extendingourtechnique
to handleotherdegreesof freedomsuchasmuscleload (e.g,when
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Figure 8 By simply scalingthe location of the templatesurfaces control
pointsrelative to theboneswe canaltertheappearancef the animatecchar
acter (a) Original appearance(b) forearm6 cm shorter; (c) 20% thinner
acrossall body parts;(d) 44%fatter

lifting heavry objects)would alsobe useful.

In the longerterm, generalizingbeyond a single examplesug-
gestsa numberof future directions. The ability to edit the surface
templateand the skeletonhints at the possibility of more sophis-
ticatedediting, e.g., exaggeratingdeformationsor even mapping
deformationsonto other bodiesscannedn fewer poses. In addi-
tion, scanningarge numbersof peoplewould allow moredegrees
of freedomfor modelingthe humanbody by example,e.g.,expos-
ing controlsfor male-nesandfemale-nesfBlanzandVetter1999].
Finally, the posablemodelwe have developeddoesnotencompass
dynamicalbehaiors or deformationglueto collisions.Combining
example-basedechniqueswith anatomicaland physically based
modelingpromisego beafruitful areafor futureresearch.
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