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Figure1: TheCAESARdatasetis a collectionof whole-bodyrangescansof a wide varietyof individuals. Shown hereareseveral range
scansthathave beenhole-�lled and�t to a commonparameterizationusingour framework. Oncethis processis complete,we cananalyze
thevariationin bodyshapein orderto synthesizenew individualsor edit existingones.

Abstract

We develop a novel methodfor �tting high-resolutiontemplate
meshesto detailedhumanbodyrangescanswith sparse3D mark-
ers.We formulateanoptimizationproblemin which thedegreesof
freedomareanaf�ne transformationat eachtemplatevertex. The
objective function is a weightedcombinationof threemeasures:
proximity of transformedverticesto the rangedata,similarity be-
tweenneighboringtransformations,andproximity of sparsemark-
ersat correspondinglocationson the templateandtarget surface.
Wesolvefor thetransformationswith anon-linearoptimizer, runat
two resolutionsto speedconvergence.We demonstratereconstruc-
tion andconsistentparameterizationof 250 humanbody models.
With this parameterizedset, we explore a variety of applications
for humanbody modeling,including: morphing,texture transfer,
statisticalanalysisof shape,model�tting from sparsemarkers,fea-
tureanalysisto modify multiple correlatedparameters(suchasthe
weight andheightof an individual), andtransferof surfacedetail
andanimationcontrolsfrom a templateto �tted models.
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1 Intr oduction

Thehumanbodycomesin all shapesandsizes,from balletdancers
to sumo wrestlers. Many attemptshave beenmadeto measure
andcategorize the scopeof humanbody variation. For example,
the photographictechniqueof Sheldonet al. [1940] characterizes
physiqueusingthreeparameters:endomorphy, thepresenceof soft
roundnessin the body; mesomorphy, the predominanceof hard-
nessand muscularity;and ectomorphy, the presenceof linearity
and skinniness. The �eld of anthropometry, the study of human
measurement,usescombinationsof bodily lengthsandperimeters
to analyzebodyshapein anumericalway.

Understandingand characterizingthe range of human body
shapevariationhasapplicationsrangingfrom betterergonomicde-
sign of humanspaces(e.g., chairs,car compartments,andcloth-
ing) to easiermodelingof realistichumancharactersfor computer
animation. The shortcomingsof high level characterizationsand
sparseanthropometricmeasurements,particularlyfor bodymodel-
ing, is thatthey donotcapturethedetailedshapevariationsneeded
for realism.

Oneavenuefor creatingdetailedhumanmodelsis 3D scanning
technology. However, startingfrom a rangescan,substantialef-
fort is neededto processthe noisy and incompletesurfaceinto a
modelsuitablefor animation.Further, the resultof this effort is a
modelcorrespondingto a singleindividual that tells us little about
thespaceof humanshapes.Moreover, in theabsenceof a charac-
terizationof this space,editinga bodymodelin a way thatyieldsa
plausible,novel individual is not trivial.

In this paper, we proposea methodfor creatinga whole-body
morphablemodelbasedon 3D scannedexamplesin the spirit of
BlanzandVetter's morphablefacemodel[1999]. We begin with a
setof 250scansof differentbodytypestakenfrom a largercorpus
of data(Section1.1). By bringing thesescansinto full correspon-
dencewith eachother, adif�cult taskin thecontext of relatedwork
(Section2), weareableto morphbetweenindividuals,andbegin to
characterizeandexplorethespaceof probablebodyshapes.
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Figure2: Parameterizationof oneof theCAESARsubjects.(a) Original scan,renderedwith color texture(thewhite dotsarethemarkers).
(b) Scannedsurfacewithout texture. The marker positionsareshown asred spheres.(c) Detail of holesin the scanneddata,causedby
occlusionsandgrazingangleviews. Backfacingpolygonsaretintedblue. In clockwiseorder:thehead,theunderarm,betweenthelegs,the
feet. Note thaterroneouspolygonsbridging the legshave beenintroducedby themesh-stitchingprocess.(d) Detail of dif�cult areasafter
template-basedparameterizationandhole�lling (Section3).

The centralcontribution of this paperis a template-basednon-
rigid registrationtechniquefor establishinga point-to-pointcorre-
spondenceamonga setof surfaceswith thesameoverall structure,
but substantialvariationin shape,suchashumanbodiesacquired
in similar poses.We formulatean optimizationproblemto solve
for anaf�ne transformationateachvertex of ahigh-resolutiontem-
plateusinganobjective functionthattradesoff �t to therangedata,
�t to scattered�ducials (known markers),andsmoothnessof the
transformationsover the surface(Section3). Our approachis ro-
bust in thefaceof incompletesurfacedataand�lls in missingand
poorlycapturedareasusingdomainknowledgeinherentin thetem-
platesurface. We requirea setof featuremarkersto initialize the
registration,althoughwe show thatonceenoughshapeshave been
matched,wedonotrequiremarkersto matchadditionalshapes.We
useour �tting algorithmto createa consistentparameterizationfor
ourentiresetof whole-bodyscans.

In addition,we demonstratethe utility of our approachby pre-
sentinga varietyof applicationsfor creatinghumandigital charac-
ters(Section4). Theseapplicationsincludesomewhatconventional
techniquessuchastransferringtexture from oneindividual to an-
other, morphingbetweenshapes,andprincipal componentanaly-
sis(PCA) of theshapespacefor automaticsynthesisof novel indi-
vidualsandfor markerlessmatching.In addition,we demonstrate
a form of featureanalysisthat enablesmodifying individuals by
editing multiple correlatedattributes(suchasheightandweight),
plausibleshapesynthesisusingonly markers,andtransferof ani-
mationcontrols(skeletalandskinning)betweenthe reconstructed
models.Weconcludethepaperwith somediscussionandideasfor
futurework (Section5).

1.1 Data set

Our sourceof whole-body3D laser rangescansis the Civilian
AmericanandEuropeanSurfaceAnthropometryResourceProject
(CAESAR). The CAESAR project collectedthousandsof range
scansof volunteersaged18–65in the United StatesandEurope.
Eachsubjectwore gray cotton bicycle shortsand a latex cap to
cover the hair; the womenalso wore gray sportsbras. Prior to
scanning,74whitemarkerswereplacedonthesubjectatanthropo-
metric landmarks,typically at pointswherebonescanbepalpated
throughthe skin (seeFigure2a andb). The 3D locationof each
landmarkwasthenextractedfrom therangescan.In addition,an-
thropometricmeasurementsweretaken usingtraditionalmethods,

anddemographicdatasuchasage,weight,andethnicgroupwere
recorded.

The raw rangedatafor eachindividual consistsof four simul-
taneousscansfrom a Cyberwarewhole body scanner. Thesedata
were combinedinto surfacereconstructionsusing meshstitching
software.Eachreconstructedmeshcontains250,000-350,000trian-
gles,with per-vertex color information. Thereconstructedmeshes
arenotcomplete(seeFigure2c),dueto occlusionsandgrazingan-
gleviews. Duringthemesh-stitchingstep,eachvertex wasassigned
a “con�dence” value,asdescribedby Turk andLevoy [1994], so
thatlessreliabledataaremarkedwith lowercon�dence.For ourex-
periment,we useda subsetof themeshesin theCAESARdataset,
consistingof 125maleand125femalescanswith awidevarietyof
bodytypesandethnicities.

2 Related work

In this section,we discussrelatedwork in the areasof modeling
shapevariationfrom examples,�nding mutuallyconsistentsurface
representations,�lling holesin scanneddata,andnon-rigidsurface
registration.

The ideaof usingreal-world datato modelthe variationof hu-
manshapehasbeenappliedto headsandfacesseveral times. De-
Carlo et al. [1998] use a corpusof anthropometricfacial mea-
surementsto model the variation in faceshapes.Blanz andVet-
ter [1999]alsomodelfacialvariation,this timeusingdensesurface
andcolordata.They usethetermmorphablemodelto describethe
ideaof creatinga singlesurfacerepresentationthatcanbeadapted
to �t all of theexamplefaces.Usingapolygonmeshrepresentation,
eachvertex'spositionandcolormayvarybetweenexamples,but its
semanticidentitymustbethesame;e.g.,if avertex is locatedat the
tip of thenosein oneface,thenit shouldbelocatedat thetip of the
nosein all faces.Thus,themainchallengein constructingthemor-
phablemodelis to reparameterizetheexamplesurfacessothatthey
haveaconsistentrepresentation.Sincetheirheadscanshavecylin-
drical parameterization,BlanzandVetteralign thefeaturesusinga
modi�ed versionof 2D optical�o w.

In thecaseof wholebodymodels,�nding aconsistentrepresen-
tation becomesmoredif�cult, aswhole bodiescannotbe param-
eterizedcylindrically. Praunet al. [2001] describea techniqueto
establishann-waycorrespondencebetweenarbitrarymeshesof the
sametopologicaltypewith featuremarkers.Unfortunately, whole-
bodyrangescanscontainnumerousholes(seeFigure2c) thatpre-

2



ventusfrom usingmatchingalgorithms,suchasPraun's, that rely
onhaving completesurfaces.

Filling holesis a challengingproblemin its own right, asdis-
cussedby Davis etal. [2002]. Theirmethodandotherrecent,direct
hole-freereconstructionmethods[Carretal. 2001;Whitaker1998]
havethenicefeaturethatholesare�lled in asmoothmanner. How-
ever, while smoothhole-�lling is reasonablein someareas,suchas
thetopof theheadandpossiblyin theunderarm,otherareasshould
notbe�lled smoothly. For example,thesolesof thefeetarecleanly
cutoff in theCAESARscans,andsofair surface�lling wouldcre-
atea smoothbulbousprotrusionon the bottomsof the feet. The
region betweenthe legs is evenmorechallenging,asmany recon-
structiontechniqueswill erroneouslybridgetheright andleft legs,
asshown in Figure2c. Here,theproblemis not to �ll theholes,but
to addthem.

The parameterizationmethod described in our previous
work [Allen et al. 2002] might seemto be a candidatefor solv-
ing this problem.There,we startfrom a subdivision templatethat
resemblesthe rangesurface, then re-parameterizethe surfaceby
samplingit along the templatenormalsto constructa set of dis-
placementmaps,and�nally performsmooth�lling in displacement
space. (A relateddisplacement-mappedtechnique,without hole-
�lling, wasalsodevelopedby Hilton et al. [2002].) Heresmooth-
nessis de�ned relativeto thetemplatesurface,sothat,for example,
thesolesof thefeetwouldbe�lled in �at. However, to avoid cross-
ing of samplerays,displacement-mappedsubdivision requiresthat
thetemplatesurfacealreadybea fairly closematchto theoriginal
surface [Lee et al. 2000],which is not trivial to achieve automati-
cally consideringtheenormousvariationin bodyshapes.

Kähleret al. [2002] parameterizeincompleteheadscansby de-
formingatemplatemeshto �t thescannedsurface.Their technique
hastheadditionalbene�t thatholesin thescannedsurfaceare�lled
in with geometryfrom the templatesurface,creatinga morereal-
istic, completemodel. Their deformationis initialized usingvolu-
metric radialbasisfunctions. Thenon-rigid registrationtechnique
of SzeliskiandLavallée [1994] alsode�nes a deformationover a
volume, in their caseusingspline functions. Although theseap-
proacheswork well for largely convex objects,suchasthehuman
head,we have found that volumetricdeformationsarenot assuit-
ablefor entirebodies. The dif�culty is that branchingparts,such
asthe legs, have surfacesthat areclosetogetherspatially, but far
apartgeodesically. As a result,unlessthedeformationfunction is
de�ned to anextremelyhigh level of detail,onecannotformulatea
volumetricdeformationthataffectseachbranchindependently. In
ourwork, weformulateadeformationdirectlyon thebodysurface,
ratherthanoveranentirevolume.

Our matching techniqueis basedon an energy-minimization
framework, similar to the framework of Marschneret al. [2000].
Marschneret al. regularize their �tting processusing a surface
smoothnessterm. Insteadof using surfacesmoothness,our op-
timization minimizes variation of the deformationitself, so that
holesin themeshare�lled in with detailfrom thetemplatesurface.
FeldmarandAyache[1994]describearegistrationtechniquebased
on matchingsurfacepoints, normals,and curvaturewhile main-
taining a similar af�ne transformationwithin sphericalregionsof
space.Our smoothnesstermresemblesFeldmarandAyache's “lo-
cally af�ne deformations,” but we do not usesurfacenormalsor
curvature,asthesecanvary greatlybetweenbodies. Further, our
smoothnessterm is de�ned directly over the surface,ratherthan
within asphericalvolume.

3 Algorithm

Wenow describeourtechniquefor �tting atemplatesurface,T , toa
scannedexamplesurface,D. Eachof thesesurfacesis represented
as a triangle mesh(althoughany surfacerepresentationcould be
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Figure3: Summaryof our matchingframework. We want to �nd
a set of af�ne transformationsT i , that, when appliedto the ver-
ticesvi of the templatesurfaceT , result in a new surfaceT 0 that
matchesthe target surfaceD. This diagramshows the matchin
progress;T 0 is moving towardsD, but hasnot yet reachedit. The
matchproceedsby minimizing threeerror terms. The data error,
indicatedby theredarrows, is a weightedsumof thesquareddis-
tancesbetweenthetransformedtemplatesurfaceandD. Notethat
the dashedred arrows do not contribute to the dataerror because
the nearestpoint on D is a hole boundary. The smoothnesser-
ror penalizesdifferencesbetweenadjacentT i transformations.The
marker error penalizesdistancebetweenthemarker pointson the
transformedsurfaceandonD (herev3 is associatedwith m0).

usedfor D). To accomplishthematch,we employ anoptimization
framework. Eachvertex vi in the templatesurfaceis in�uenced
by a 4� 4 af�ne transformationmatrix T i . Thesetransformation
matricescomprisethedegreesof freedomin our optimization,i.e.,
twelve degreesof freedomper vertex to de�ne an af�ne transfor-
mation. We wish to �nd a setof transformationsthat move all of
thepointsin T to adeformedsurfaceT 0, suchthatT 0matcheswell
with D.

We evaluatethe quality of the matchusinga setof error func-
tions: dataerror, smoothnesserror, andmarker error. Theseerror
termsaresummarizedin Figure3 anddescribedin detailin thefol-
lowing threesections.Subsequently, we describetheoptimization
framework usedto �nd a minimum-errorsolution. We thenshow
how this approachcreatesa completemesh,wheremissingdatain
thescanis suitably�lled in usingthetemplate.

3.1 Data error

The �rst criterion of a good match is that the templatesurface
shouldbe ascloseaspossibleto the target surface. To this end,
we de�ne a dataobjective term Ed asthe sumof the squareddis-
tancesbetweeneachvertex in thetemplatesurfaceandtheexample
surface:

Ed =
n

å
i= 1

wi dist2(T ivi ,D), (1)

wheren is the numberof verticesin T , wi is a weightingterm to
control the in�uence of datain differentregions(Section3.5),and
thedist() functioncomputesthedistanceto theclosestcompatible
pointonD.

We considera point on T 0 anda point on D to be compatible
if the surfacenormalsat eachpoint are no more than 90� apart
(so that front-facing surfaceswill not be matchedto back-facing
surfaces),andthedistancebetweenthemis within a threshold(we
usea thresholdof 10 cm in our experiments). Thesecriteria are
usedin the rigid registrationtechniqueof Turk andLevoy [1994].
In fact, if we had forced all of the T i to be a single rigid body
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transformation,thenminimizing this dataterm would be virtually
identicalto themethodof Turk andLevoy.

To acceleratetheminimum-distancecalculation,weprecompute
a hierarchicalboundingbox structurefor D, sothat theclosesttri-
anglesarechecked�rst.

3.2 Smoothness error

Of course,simplymoving eachvertex in T to its closestpoint in D
will not resultin a very attractive mesh,becauseneighboringparts
of T couldgetmappedto disparatepartsof D, andvice-versa.Fur-
ther, therearein�nitely many af�ne transformationsthatwill have
thesameeffectonasinglevertex; ourproblemis clearlyundercon-
strainedusingonly Ed.

To constraintheproblem,we introducea smoothnesserror, Es.
By smoothness,wearenotreferringto smoothnessof thedeformed
surfaceitself, but rathersmoothnessof theactualdeformationap-
plied to thetemplatesurface.In particular, we requireaf�ne trans-
formationsappliedwithin aregionof thesurfaceto beassimilaras
possible.We formulatethis constraintto applybetweenevery two
pointsthatareadjacentin themeshT :

Es = å
f i,jjf vi ,vjg2edges(T )g

jjT i � T j jj
2
F (2)

wherejj � jjF is theFrobeniusnorm.
By minimizing thechangein deformationover thetemplatesur-

face,we preventadjacentpartsof the templatesurfacefrom being
mappedto disparatepartsof theexamplesurface.TheEs termalso
encouragessimilarly-shapedfeaturesto be mappedto eachother.
For example,�attening out the template's noseinto a cheekand
then raisinganothernosefrom the othercheekwill be penalized
morethanjust translatingor rotatingthenoseinto place.

3.3 Marker error

Using theEd andEs termswould besuf�cient if the templateand
examplemeshwereinitially very closeto eachother. In themore
commonsituation,whereT andD arenot close,theoptimization
can becomestuck in local minima. For example,if the left arm
begins to align with theright arm,it is unlikely thata gradientde-
scentalgorithmwould ever backup andget thecorrectalignment.
Indeed,atrivial globalminimumexistswhereall of theaf�ne trans-
formationsaresetto a zeroscaleandthe (now zero-dimensional)
meshis translatedontotheexamplesurface.

To avoid theseundesirableminima, we identify a setof points
ontheexamplesurfacethatcorrespondto known pointsonthetem-
platesurface.Thesepointsaresimply theanthropometricmarkers
that wereplacedon the subjectsprior to scanning(seeFigure2a
and b). We call the 3D location of the markers on the example
surfacem1...m, andthecorrespondingvertex index of eachmarker
onthetemplatesurfacek1...m. ThemarkererrortermEm minimizes
thedistancebetweeneachmarker's locationonthetemplatesurface
andits locationon theexamplesurface:

Em =
m

å
i= 1

jjTk i
vk i

� mi jj
2 (3)

In additionto preventingundesirableminima,this termalsoen-
couragesthecorrespondenceto becorrectat themarker locations.
Themarkersrepresentpointswhosecorrespondenceto thetemplate
is known a priori , andsowe canmake useof this fact in our opti-
mization.However, we do not requirethatall salientfeatureshave
markers. (If we did, thenwe would needmany moremarkersthan
arepresentin theCAESARdata!) Thesmoothnessanddataerror
termsalonearecapableof aligningareasof similar shape,aslong
aslocalminimacanbeavoided.

3.4 Combining the error

Ourcompleteobjective functionE is theweightedsumof thethree
errorfunctions:

E = a Ed + bEs+ gEm, (4)

wheretheweightsa , b , andg aretunedto guidetheoptimization
asdescribedbelow. We run the optimizationusingL-BFGS-B, a
quasi-Newtoniansolver [Zhu etal. 1997].

Onedrawbackof the formulationof Es is that it is very local-
ized; changesto the af�ne transformationneedto diffusethrough
the meshneighbor-by-neighborwith eachiteration of the solver.
This locality leadsto slow convergenceandmakes it easyto get
trappedin local minima. We avoid this problemby taking a mul-
tiresolutionapproach.Using theadaptive parameterizationframe-
work of Leeet al. [1998], we generatea high anda low resolution
versionof our templatemesh,andtherelationshipbetweenthever-
ticesof each.We�rst runouroptimizationusingthelow resolution
versionof T anda smoothedversionof D. This optimizationruns
quickly, afterwhich the transformationmatricesareupsampledto
thehigh-resolutionversionof T , andwecompletetheoptimization
at full resolution.

We also vary the weights,a , b , and g, so that featuresmove
freely andmatchup in the early stages,and then �nally the data
termis allowedto dominate.Althoughthemarkerdatais usefulfor
global optimization,we found that the placementof the markers
wassomewhatunreliable.To reducetheeffect of variablemarker
placement,we reducethe weight of the marker term in the �nal
stagesof theoptimization.Theoverall optimizationscheduleis as
follows:

At low resolution:

1. Fit themarkers�rst: a = 0, b= 1, g= 10
2. Allow thedatatermto contribute:a = 1, b= 1, g= 10

At high resolution:

3. Continuetheoptimization:a = 1, b= 1, g= 10
4. Allow thedatatermto dominate:a = 10,b= 1, g= 1

3.5 Hole-�lling

We now explain how our algorithm�lls in missingdatausingdo-
main information. Supposethat the closestpoint on D to a trans-
formedtemplatepoint T ivi is locatedon a boundaryedgeof D (as
shown by thedashedredlinesin Figure3). In this situationwe set
theweightwi in Ed to zero,sothatthetransformationsT i will only
be affectedby the smoothnessterm, Es. As a result,holesin the
examplemeshwill be �lled in by seamlesslytransformedpartsof
thetemplatesurface.

In additionto settingwi to zerowherethereis no data,we also
wish to downweightthe importanceof poordata,i.e., surfacedata
neartheholesandsamplesacquiredat grazingangles.Sinceeach
vertex in theCAESARmeshhasacon�dencevaluebasedon these
criteria,we simply setwi to thebarycentricallyinterpolatedcon�-
dencevalueof the closestpoint on D. (In practice,we scaleand
clampthecon�dencevaluessothattherange0: : :0.2 mapsto awi
in the range0: : :1.) Becausethe weightstapergraduallyto zero
nearholes,we obtaina smoothblendbetweenregionswith good
dataandregionswith nodata.

In someareas,suchastheearsandthe�ngers, thescanneddata
is particularlypoor, containingonly scatteredfragmentsof thetrue
surface. Matching thesefragmentsautomaticallyto the detailed
templatesurfaceis quite dif�cult. Instead,we provide a mecha-
nismfor manuallyidentifyingareason thetemplatethatareknown
to scanpoorly, andthenfavor thetemplatesurfaceover thescanned
surfacewhen �tting theseareas. In the marked areas,we mod-
ify the dataterm's wi coef�cient using a multiplicative factor of
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Figure 4: Using a templatemeshto synthesizedetail lost in the
scan. (a) The templatemesh. Sincewe know the ear doesnot
scanwell, we weight the ear verticesto have a zero data-�tting
term(shown in green).(b) Sincethetemplatemeshdoesnot have
theCAESARmarkers,we usea differentsetof markersbasedon
visually-identi�ablefeaturesto ensuregoodcorrespondence.(c) A
headof oneof thesubjects.Interiorsurfacesaretintedblue.(d) The
templateheadhasbeendeformedto matchthescannedhead.Note
thattheearhasbeen�lled in. (e)Anotherscannedhead,with asub-
stantiallydifferentposeandappearancefrom thetemplate.(f) The
templatemappedto (e). Theholeshavebeen�lled in, andthetem-
plateearhasbeenplausiblyrotatedandscaled.

...
...(a) (b) (c)

Figure5: We begin with a hole-free,artist-generatedmesh(a),and
mapit to oneof the CAESAR meshesusinga setof 58 manually
selected,visually identi�able landmarks.We thenusetheresulting
mesh(b), and72 of theCAESARmarkers(plustwo we added),as
a templatefor all of themalescans.For thefemalescans,we �rst
mapour maletemplateto oneof thefemalesubjects,andthenuse
theresultingmeshasa template(c).

zero,taperingtowards1 at theboundaryof themarkedarea.As a
result,the transformationsmoothnessdominatesin themarkedre-
gions,andthetemplategeometryis carriedinto place.As shown in
Figure4, this techniquecanhave a kind of super-resolutioneffect,
wheredetail thatwasnot availablein therangedatacanbedrawn
from thetemplate.

4 Applications

We usedour matchingalgorithm to createa hole-freeandmutu-
ally consistentsurfaceparameterizationof 250 rangescans,using
thework�o w illustratedin Figure5. To bootstraptheprocess,we

Figure6: To testthe quality of our matchingalgorithm,we apply
thesametexture(eachcolumn)to threedifferentmeshes.Themesh
in eachrow is identical.On theleft, we usea checkerboardpattern
to verify that featuresmatchup. The right-hand3 � 3 matrix of
renderingsusethe texturesextractedfrom the rangescans. (The
peoplealongthediagonalhave theiroriginal textures.)

matcheda high quality, artist-generatedmeshto oneof the CAE-
SARscansusing58manuallyselectedlandmarks.This �tted mesh
served asa templatefor �tting to the remainingmodelswith the
helpof theCAESARmarkers.Of the74 CAESARoriginal mark-
ers,the two locatedon the lower ribs variedin placementto such
an extent that we omittedthem. To compensate,we manuallyin-
troduceda new marker at thenavel in eachscan,aswell asa new
markerat thetip of eachnoseto improve thematchingon theface.

In theremainderof this section,we demonstratehow therepre-
sentationprovidedby our matchingalgorithmcanbeusedto ana-
lyze,create,andedit detailedhumanbodyshapes.

4.1 Transf er of textures and morphing

As in Praunet al. [2001], oncewe have a consistentparameteri-
zation,we cantransfertexture mapsbetweenany pair of meshes.
Althoughthisis asimpleapplication,its successhingesonthequal-
ity of our matchingalgorithm. Figure6 demonstratestransferring
texturebetweenthreesubjects.

Similarly, we can morph betweenany two subjectsby taking
linearcombinationsof thevertices.Figure7 demonstratesthis ap-
plication. In orderto createa goodmorphbetweenindividuals,it
is critical thatall featuresarewell-aligned;otherwise,featureswill
cross-fadeinsteadof moving. Notice that even featuresthat were
not givenmarkers,suchasthebottomof thebreastsandthewaist-
line, morphsmoothly.

4.2 Principal component analysis

Principalcomponentanalysis(PCA) hasbeenusedto analyzefa-
cial features[Praunet al. 2001; Blanz andVetter1999; Turk and
Pentland1991].Themainadvantageis datacompression,sincethe
vectorswith low variancecanbe discarded,andthusthe full data
setdoesnotneedto beretainedin orderto closelyapproximatethe
originalexamples.

Supposewematchk scannedexamples,andourtemplatesurface
hasn vertices.Westacktheverticesof theparameterizedscansinto
k columnvectorssi of height3n. Let theaverageof f sig bes, and
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Figure7: Morphingbetweenindividuals.Eachof thekeyframemodels(outlined)aregeneratedfrom a Gaussiandistribution in PCA space.
Thesesynthesizedindividualshave their own character, distinct from thoseof theoriginal scannedindividuals. The in-betweenmodelsare
createdby linearly interpolatingtheverticesof thekeyframes.

ui be si � s. We assemblethe ui into a 3n � (k � 1) matrix U.
Principalcomponentanalysisof U yieldsa setof principalvectors
c1...k� 1, eachof size3n. Associatedwith eachprincipalvectorci is
a variances 2

i , andthevectorsaresortedso thats 2
1 � s 2

2 � � � � �
s 2

k� 1.
Wecanusethesevariancetermsto synthesizenew randomindi-

viduals. By samplingfrom theGaussiandistribution that thePCA
represents,we can createan unlimited numberof new individu-
als who, for the mostpart,have a realisticappearance,but do not
look like any particular individual from the exampleset. A few
randomly-generatedmodelsareoutlinedin red in Figure7. (Note
thatwe runPCAseparatelyon themaleandfemaledata.)

4.3 Feature analysis

Principalcomponentanalysishelpsto characterizethespaceof hu-
manbodyvariation,but it doesnot provide a directway to explore
therangeof bodieswith intuitive controls,suchasheight,weight,
age,andsex. BlanzandVetter[1999] devisesuchcontrolsfor sin-
gle variablesusinglinear regression.Herewe show how to relate
several variablessimultaneouslyby learninga linear mappingbe-
tweenthecontrolsandthePCAweights.If wehavel suchcontrols,
themappingcanberepresentedasa (k� 1) � (l + 1) matrix,M:

M
�
f1 � � � fl 1

� T = p, (5)

wherefi arethefeaturevaluesof anindividual,andp arethecorre-
spondingPCAweights.

We candraw featureinformationfrom thedemographicdataas-
sociatedwith eachCAESAR scan. After assemblingthe feature
vectorsinto an(l + 1) � k featurematrixF, wesolve for M as

M = PF+ , (6)

whereF+ is thepseudoinverseof F. We canthencreatea new fea-
turevector, e.g.,adesiredheightandweight,andcreateanaverage-
looking individual with thosecharacteristics,asshown in the left
partof Figure10 on thelastpageof this paper. (Sincethis method
is a linearapproximation,andsinceweightis roughlyproportional
to volume,we actuallyusethecuberoot of theweight, to make it
comparablewith theheightmeasurements.)

In addition,wecancreatedelta-featurevectorsof theform:

� f =
�
� f1 � � � � fl 0

� T (7)

whereeach� fi is thedifferencebetweena targetfeaturevalueand
theactualfeaturevaluefor anindividual. By adding� p = M� f to
thePCA weightsof that individual,we canedit their features,e.g.,
makingthemgain or loseweight,and/orbecometaller or shorter,
asshown in theright partof Figure10.

(a) (b) (c) (d) (e)

Figure8: PCA-based�tting. (a) A scannedmeshthatwasnot in-
cludedin thedatasetpreviously, anddoesnot resembleany of the
otherscans.(b) A surfacematchusingPCAweightsandnomarker
data. (c) Using (b) asa templatesurface,we get a goodmatchto
thesurfaceusingouroriginalmethodwithoutmarkers.(d)Next, we
demonstrateusingverysparsedata;in thiscase,only the74marker
points.(e)A surfacematchusingPCAweightsandnosurfacedata.

4.4 Markerless matc hing

Principal componentanalysisalso gives us a way to searchthe
spaceof possiblebodiesgiven partial data. Insteadof �nding a
smoothsetof transformationsappliedto eachvertex (asdescribed
in section3.2), we can searchfor a set of principle component
weightsthat matchthe data. This is similar to the bootstrapping
techniqueof BlanzandVetter[1999].

Supposewe have a body scanwithout any marker data. If the
templatesurfaceis closeenoughto thenew scan,thenwe canuse
the sameoptimizationas before,but if the new scanis substan-
tially differentthenthe matchwill fail. In this case,we searchin
PCAspaceinsteadof transformationspace,andreplaceEs with the
following termindicatingthe likelihoodof a particularsetof PCA
weights:

Ep =
k0

å
i= 1

(pi=s i)
2, (8)

wherethe pi arethePCA weights,s 2
i arethecorrespondingvari-

ances,andk0 is thenumberof componentsused.
Thenew datatermis similar to theonein Section3.1,exceptwe

arematchingagainstthePCA-reconstructedsurface,r :

r = s+
k0

å
j= 1

pjcj (9)

E0
d =

n

å
i= 1

wi dist2([r3i r3i+ 1 r3i+ 2]T,D) (10)
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Theoverall errorthatweoptimizeis aweightedsumof Ep andE0
d.

As in BlanzandVetter[1999],wesetk0to besmallinitially, and
increaseit in stages.Onceaclosest�t is foundusingthisoptimiza-
tion, weusethereconstructedshapeasthetemplatesurfacefor our
original algorithm (minus the marker term) and completethe �t.
Figure8a–cdemonstratesthisapproach.

4.5 Marker -onl y matc hing

We now considerthe conversesituation,whereno surfacedatais
available,andwehaveonly themarkerdata,asshown in Figure8d.
One could get just marker data using less expensive equipment
thana laserrangescanner(e.g.,usinga handfulof calibratedpho-
tographsof astationarysubject).UsingtheEp termfrom theprevi-
oussection,anda similarly modi�ed Em term,we canestimatethe
approximateshapeof thesubject(Figure8e).

4.6 Instrumentation transf er

Beyondproviding toolsfor realistichumanbodyanalysisandmod-
eling,wehopetocreate�gures thatcanbereadilyanimated.Toani-
mateanarticulated�gure, we�rst needto de�ne askeletonfor con-
trolling thepose,andthenassociateeachvertex's positionwith the
skeletonin someway. This associationprocessis calledskinning,
andavarietyof techniquesareusedin popularanimationpackages.
In this paper, we assumethatoneof themesheshasbeenproperly
instrumentedwith a skeletonfor animation. This instrumentation
canbe donemanually, or usinga semi-automaticprocesssuchas
theoneproposedby Hilton etal. [2002].

Oncewehaveinstrumentedonemodel,wewouldliketo transfer
its skeletonandskinninginformationto otherparameterizedscans,
or to synthesizedor editedcharacters.To transferaskeleton,webe-
gin by choosing2–3pointsonthesurfaceto actasmarkersfor each
joint in theskeleton.Thesepointscanbetheoriginalanthropomet-
ric markersor otherpoints;themaincriterionis that their position
is approximatelyrigid with respectto their associatedjoint. We
thencalculatethe local positionof thesemarkersin the joint's co-
ordinateframe. Having chosena setof verticesasmarkerson one
mesh,we know the locationof thosemarkerson any othermesh
becauseof ourconsistentparameterization.Usinginversekinemat-
ics, we canthensolve for the skeletonposeandbonelengthsthat
give thebestmatchbetweeneachmarker's positionin thejoint co-
ordinateframeandits globalpositionderivedfrom themesh.This
approachis notprecise,sincethemarker'slocalpositionis assumed
to be �x ed, whereasin reality the local positiondependson body
thickness. However, with enoughmarkers a reasonableskeleton
canbedeterminedfor animationpurposes,asshown in Figure9.

Oncetheskeletontransferis complete,theskinninginformation
mustbe transferredaswell. We employ a skinningschemebased
on per-vertex weights.In this case,thetransferis trivial: sincethe
verticesin eachmeshare in correspondence,the weightscan be
directlycopied.

5 Discussion and future work

In thissection,wesummarizesomeof theinsightsgainedfrom this
researchandsuggesta few futuredirections.

First of all, we found that, asa generalreconstructionstrategy,
our template-basedmethodworksfairly well in practice.We were
ableto matchall of ourscannedexamplesto areasonabledegree.In
lessthan5%of theexamples,thelips weremisaligned,duelargely
to thepaucityandvariableplacementof theCAESARmarkerson
theface.

Oneassumptionmadeduring this work is that the poseof the
templateis similar (thoughnot necessarilyidentical) to the target

Figure9: Skeletontransfer. We manuallycreateda skeletonand
skinning methodfor the scannedindividual in the top left. The
skeletonsfor the other threescannedindividuals in the top row
were generatedautomatically. In the bottom row, we show each
of the parameterizedscansput into a new poseusingthe skeleton
andtransferredskinningweights.

surface. If the posesarequite different, then the optimizedtem-
platehasto containlocally dissimilar transformationsat bending
joints, somethingthat we currently penalize. An areafor future
work is to employ aposabletemplatethattriesto matchtheposeof
the characterin additionto the other�tting criteria. Interestingly,
we also found that the small variationsin posethat werepresent
in our dataset,while not problematicfor our �tting procedure,did
impact the PCA analysis.Someof the componentscorresponded
roughly to featuresonemight expect,suchasheightvariationand
approximatebodytypes(or both),but anumberof themalsoclearly
includedposevariations.By factoringoutpose,wewouldexpectto
achieveamorecompactPCArepresentation.Indeed,suchamodel
couldalsobeusedto accomplishobjectivessuchasbodyshapees-
timationfrom photographsof bodiesin arbitraryposes,in thespirit
of BlanzandVetter's [1999]work onhumanfaces.

Our PCA analysisis really only suggestive of the kind of in-
formationwe might learnfrom humanbody datasets.Our devel-
opmentof the spaceof bodyshapesis basedon a relatively small
dataset,andindeedwe hopeto incorporatemoreof the CAESAR
scansin the future. Still, PCA is just onetool in the statistician's
toolbox – a tool that seesthe dataas samplesdrawn from a sin-
gle, multi-dimensionalGaussiandistribution. Applying moreso-
phisticatedanalyses(e.g.,mixturesof Gaussians)to determinethe
“true” landscapeof humanshapevariationsremainsanareafor fu-
turework.

Finally, althoughwe demonstratetransferof animationparam-
eterssuchas a skeletonand skinning weights,the quality of the
resultsis only asgoodastheskinningalgorithmusedon the tem-
plate. Transferringmoresophisticatedsurfacemotions,e.g. em-
ploying example-basedmethodsdeveloped by a number of re-
searchers[Lewis et al. 2000;Sloanet al. 2001;Allen et al. 2002],
couldleadto moresophisticatedandcompellinganimationtransfer.
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