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Figurel: The CAESAR datasetis a collectionof whole-bodyrangescansof a wide variety of individuals. Shovn hereare several range
scanghathave beenhole- lled and t to acommonparameterizationsingour framewvork. Oncethis processs complete we cananalyze
thevariationin bodyshapen orderto synthesizenew individualsor edit existing ones.

Abstract

We develop a novel methodfor tting high-resolutiontemplate
meshego detailedhumanbody rangescanswith sparse3D mark-
ers.We formulatean optimizationproblemin which the degreesof
freedomareanafne transformatiorat eachtemplatevertex. The
objective function is a weightedcombinationof three measures:
proximity of transformedverticesto the rangedata,similarity be-
tweenneighboringtransformationsand proximity of sparsemark-
ersat correspondindocationson the templateandtarmget surface.
We solve for thetransformationsvith anon-linearoptimizer runat
two resolutiongo speedcorvergence We demonstrateeconstruc-
tion and consistentparameterizatiof 250 humanbody models.
With this parameterizedet, we explore a variety of applications
for humanbody modeling,including: morphing,texture transfer
statisticalanalysisof shapemodel tting from sparsemarlers,fea-
ture analysisto modify multiple correlatedparametergsuchasthe
weight and heightof anindividual), andtransferof surfacedetail
andanimationcontrolsfrom atemplateto tted models.
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1 Introduction

Thehumanbodycomesn all shapesndsizes from balletdancers
to sumowrestlers. Marny attemptshave beenmadeto measure
and cateorize the scopeof humanbody variation. For example,
the photographidechniqueof Sheldonet al. [1940] characterizes
physiqueusingthreeparametersendomorphythe presencef soft
roundnessn the body; mesomorphythe predominanceof hard-
nessand muscularity; and ectomorphy the presenceof linearity
and skinniness. The eld of anthropometrythe study of human
measuremenysescombinationsof bodily lengthsandperimeters
to analyzebodyshapean anumericalway.

Understandingand characterizingthe range of human body
shapevariationhasapplicationgangingfrom betterergonomicde-
sign of humanspacege.g., chairs,car compartmentsand cloth-
ing) to easiemodelingof realistichumancharactergor computer
animation. The shortcomingsof high level characterizationand
sparseanthropometriecneasurementgarticularlyfor body model-
ing, is thatthey do not capturethe detailedshapevariationsneeded
for realism.

Oneavenuefor creatingdetailedhumanmodelsis 3D scanning
technology However, startingfrom a rangescan,substantiakef-
fort is neededo processthe noisy andincompletesurfaceinto a
modelsuitablefor animation. Further the resultof this effort is a
modelcorrespondingo a singleindividual thattells uslittle about
the spaceof humanshapesMoreover, in the absencef a charac-
terizationof this spacegditingabodymodelin away thatyieldsa
plausible novel individual is nottrivial.

In this paper we proposea methodfor creatinga whole-body
morphablemodel basedon 3D scannedexamplesin the spirit of
Blanz andVetter's morphablefacemodel[1999]. We begin with a
setof 250 scanf differentbodytypestakenfrom alargercorpus
of data(Sectionl1.1). By bringing thesescansinto full correspon-
dencewith eachother adif cult taskin thecontext of relatedwork
(Section2), we areableto morphbetweerindividuals,andbegin to
characterizeandexplorethe spaceof probablebodyshapes.
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Figure2: Parameterizatiomf oneof the CAESAR subjects.(a) Original scan,renderedvith color texture (the white dotsarethe marlers).
(b) Scannedsurfacewithout texture. The marker positionsare shovn asred spheres.(c) Detail of holesin the scannedlata,causedoy
occlusionsandgrazingangleviews. Backfacingpolygonsaretintedblue. In clockwiseorder:the head the underarmpetweerthe legs, the
feet. Note thaterroneougpolygonsbridging the legs have beenintroducedby the mesh-stitchingorocess.(d) Detail of dif cult areasafter

template-basegarameterizatioandhole lling (Section3).

The centralcontribution of this paperis a template-basedon-
rigid registrationtechniquefor establishinga point-to-pointcorre-
spondenceamonga setof surfaceswith the sameoverall structure,
but substantialvariationin shape suchashumanbodiesacquired
in similar poses. We formulatean optimizationproblemto solve
for anaf ne transformatiorateachvertex of ahigh-resolutiortem-
plateusinganobjective functionthattradesoff t totherangedata,
t to scatteredducials (known markers), and smoothnessf the
transformationsover the surface(Section3). Our approachs ro-
bustin the faceof incompletesurfacedataand lls in missingand
poorly capturecareasusingdomainknowledgeinherentin thetem-
plate surface. We requirea setof featuremarkersto initialize the
registration,althoughwe shav thatonceenoughshapesave been
matchedwe donotrequiremarkersto matchadditionalshapesWe
useour tting algorithmto createa consistenparameterizatiofor
our entiresetof whole-bodyscans.

In addition,we demonstratéhe utility of our approachoy pre-
sentinga variety of applicationgor creatinghumandigital charac-
ters(Sectiord). Theseapplicationgncludesomevhatcorventional
techniguessuchastransferringtexture from oneindividual to an-
other morphingbetweenshapesand principal componentanaly-
sis(PCA) of the shapespaceor automaticsynthesiof novel indi-
vidualsandfor markerlessmatching. In addition,we demonstrate
a form of featureanalysisthat enablesmodifying individuals by
editing multiple correlatedattributes(suchas heightand weight),
plausibleshapesynthesisusingonly markers, andtransferof ani-
mation controls(skeletaland skinning) betweenthe reconstructed
models.We concludethe papemwith somediscussiorandideasfor
futurework (Section5).

1.1 Data set

Our sourceof whole-body 3D laserrangescansis the Civilian

Americanand EuropearSurfaceAnthropometryResourceProject
(CAESAR). The CAESAR project collectedthousand=f range
scansof volunteersaged18-65in the United Statesand Europe.
Each subjectwore gray cotton bicycle shortsand a latex cap to

cover the hair; the women also wore gray sportsbras. Prior to

scanning/4white markerswereplacedonthesubjectatanthropo-
metric landmarkstypically at pointswherebonescanbe palpated
throughthe skin (seeFigure 2a andb). The 3D locationof each
landmarkwasthenextractedfrom therangescan.In addition,an-
thropometricmeasurementaeretaken usingtraditionalmethods,

anddemographicatasuchasage,weight, andethnicgroupwere
recorded.

The raw rangedatafor eachindividual consistsof four simul-
taneousscansfrom a Cyberware whole body scanner Thesedata
were combinedinto surfacereconstructionsising meshstitching
software.Eachreconstructedheshcontain®250,000-350,00@ian-
gles,with pervertex color information. The reconstructeaneshes
arenotcomplete(seeFigure2c), dueto occlusionsandgrazingan-
gleviews. Duringthemesh-stitchingtep,eachvertex wasassigned
a “con dence” value, asdescribedby Turk andLevoy [1994], so
thatlessreliabledataaremarkedwith lowercon dence.For ourex-
periment,we useda subsebf the meshesn the CAESAR dataset,
consistingof 125maleand125femalescanswith awide variety of
bodytypesandethnicities.

2 Related work

In this section,we discussrelatedwork in the areasof modeling
shapevariationfrom examples, nding mutually consistensurface
representationslling holesin scannedlata,andnon-rigidsurface
registration.

Theideaof usingreal-world datato modelthe variationof hu-
manshapehasbeenappliedto headsandfacessereraltimes. De-
Carlo et al. [1998] use a corpusof anthropometricfacial mea-
surementgo modelthe variationin faceshapes.Blanz and Vet-
ter[1999] alsomodelfacialvariation,this time usingdensesurface
andcolor data. They usethetermmorphablemodelto describehe
ideaof creatinga singlesurfacerepresentatiothatcanbe adapted
to t all of theexamplefaces.Usingapolygonmesthrepresentation,
eachvertex's positionandcolor mayvary betweerexamplesput its
semantiddentity mustbethesameg.g.,if avertex is locatedatthe
tip of thenosein oneface thenit shouldbelocatedatthetip of the
nosein all faces.Thus,themainchallengdn constructinghemor-
phablemodelis to reparameterizéheexamplesurfacessothatthey
have a consistentepresentationSincetheir headscanshave cylin-
drical parameterizatiorBlanzandVetteralign the featuresusinga
modi ed versionof 2D optical o w.

In the caseof wholebodymodels, nding aconsistentepresen-
tation becomeamore dif cult, aswhole bodiescannotbe param-
eterizedcylindrically. Praunet al. [2001] describea techniqueto
establistann-way correspondendeetweerarbitrarymeshe®f the
sametopologicaltype with featuremarkers. Unfortunately whole-
bodyrangescanscontainnumerousholes(seeFigure2c) thatpre-



ventus from usingmatchingalgorithms,suchasPrauns, thatrely
on having completesurfaces.

Filling holesis a challengingproblemin its own right, as dis-
cussedy Davis etal. [2002]. Theirmethodandotherrecentdirect
hole-freereconstructionmethodqCarr etal. 2001;Whitaker 1998]
have thenicefeaturethatholesare lled in asmoothmannerHow-
ever, while smoothhole- lling is reasonablén someareassuchas
thetop of theheadandpossiblyin theunderarmptherareasshould
notbe lled smoothly For example thesolesof thefeetarecleanly
cutoff in the CAESAR scansandsofair surface lling would cre-
ate a smoothbulbousprotrusionon the bottomsof the feet. The
region betweerthe legsis even morechallenging,asmary recon-
structiontechniquewill erroneoushbridgetheright andleft legs,
asshavnin Figure2c. Here,theproblemis notto Il 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 subdvision templatethat
resembleghe rangesurface, then re-parameterizéhe surface by
samplingit alongthe templatenormalsto constructa setof dis-
placementapsand nally performsmoothlling in displacement
space. (A relateddisplacement-mappegchnique without hole-

ling, wasalsodevelopedby Hilton et al. [2002].) Heresmooth-
nesss de nedrelative to thetemplatesurface sothat,for example,
thesolesof thefeetwouldbe lled in at. However, to avoid cross-
ing of samplerays,displacement-mappeilibdvision requiresthat
thetemplatesurfacealreadybe a fairly closematchto the original
surface [Lee etal. 2000], which is not trivial to achieze automati-
cally consideringhe enormousvariationin bodyshapes.

Kahleret al. [2002] parameterizéncompleteheadscansby de-
formingatemplatemeshto t thescannedurface.Theirtechnique
hastheadditionalbene t thatholesin thescannedurfaceare lled
in with geometryfrom the templatesurface,creatinga morereal-
istic, completemodel. Their deformationis initialized usingvolu-
metric radial basisfunctions. The non-rigid registrationtechnique
of Szeliskiand Lavallée[1994] alsode nes a deformationover a
volume, in their caseusing spline functions. Although theseap-
proacheswork well for largely convex objects,suchasthe human
head,we have found that volumetricdeformationsare not assuit-
ablefor entirebodies. The dif culty is thatbranchingparts,such
asthe legs, have surfacesthat are closetogetherspatially but far
apartgeodesically As a result,unlessthe deformationfunctionis
de nedto anextremelyhigh level of detail,onecannotformulatea
volumetricdeformationthat affectseachbranchindependentlyn
ourwork, we formulatea deformationdirectly onthebodysurface,
ratherthanover anentirevolume.

Our matchingtechniqueis basedon an enegy-minimization
framework, similar to the framework of Marschneret al. [2000].
Marschneret al. regularize their tting processusing a surface
smoothnesserm. Insteadof using surface smoothnesspur op-
timization minimizes variation of the deformationitself, so that
holesin themeshare lled in with detailfrom thetemplatesurface.
FeldmarandAyache[1994] describearegistrationtechniquebased
on matchingsurface points, normals,and cunature while main-
taining a similar af ne transformatiorwithin sphericalregions of
space.Our smoothnesgermresembles-eldmarand Ayaches “lo-
cally afne deformations$, but we do not use surface normalsor
cunature,asthesecanvary greatly betweenbodies. Further our
smoothnesserm is de ned directly over the surface, ratherthan
within a sphericalvolume.

3 Algorithm

Wenow describeourtechniquédor tting atemplatesurface,T ,toa
scannedxamplesurface,D. Eachof thesesurfacess represented
as a triangle mesh(althoughary surfacerepresentatiorcould be

Figure3: Summaryof our matchingframevork. We wantto nd
a setof afne transformationsT;, that, when appliedto the ver
ticesv; of the templatesurfaceT , resultin a nev surfaceT Othat
matchesthe taiget surfaceD. This diagramshaws the matchin
progressT %is moving towardsD, but hasnot yet reachedt. The
matchproceedsy minimizing threeerror terms. The data error,
indicatedby thered arrows, is a weightedsumof the squaredis-
tanceshetweerthe transformedemplatesurfaceandD. Notethat
the dashedred arraws do not contritute to the dataerror because
the nearestpoint on D is a hole boundary The smoothnesgr-
ror penalizeslifferencesbetweeradjacentT; transformationsThe
marker error penalizedistancebetweenthe marker pointson the
transformedsurfaceandon D (herev, is associateavith my).

usedfor D). To accomplisithe match,we employ anoptimization
framevork. Eachvertex v; in the templatesurfaceis in uenced

bya4 4 afne transformatiormatrix T;. Thesetransformation
matricescomprisethe degreesof freedomin our optimization,i.e.,

twelve degreesof freedomper vertex to de ne an afne transfor

mation. We wishto nd a setof transformationghat move all of

thepointsin T to adeformedsurfaceT 0 suchthatT ®matchesvell

with D.

We evaluatethe quality of the matchusinga setof errorfunc-
tions: dataerror, smoothnessgrror, andmarlker error. Theseerror
termsaresummarizedn Figure3 anddescribedn detailin thefol-
lowing threesections.Subsequent|ywe describethe optimization
framework usedto nd a minimum-errorsolution. We thenshav
how this approacttreatesa completemesh,wheremissingdatain
thescanis suitably lled in usingthetemplate.

3.1 Data error

The rst criterion of a good matchis that the templatesurface
shouldbe as closeas possibleto the target surface. To this end,
we de ne a dataobjective term E; asthe sumof the squaredlis-
tancesetweereachvertex in thetemplatesurfaceandtheexample
surface: N

E;= a w, dis?(T,v;,D), 1)

i=1

wheren is the numberof verticesin T, w; is a weightingterm to
controlthein uence of datain differentregions(Section3.5),and
the dist() function computeghe distanceto the closestcompatible
pointonD.

We considera point on T 2anda point on D to be compatible
if the surface normalsat eachpoint are no morethan90 apart
(so that front-facing surfaceswill not be matchedto back-facing
surfaces)andthe distancebetweerthemis within a threshold(we
usea thresholdof 10 cm in our experiments). Thesecriteria are
usedin therigid registrationtechniqueof Turk andLevoy [1994].
In fact, if we hadforcedall of the T; to be a single rigid body



transformationthenminimizing this dataterm would be virtually
identicalto the methodof Turk andLevoy.

To acceleratéghe minimum-distancealculationwe precompute
a hierarchicaboundingbox structurefor D, sothatthe closesttri-
anglesarechecled rst.

3.2 Smoothness error

Of course simply moving eachvertexin T to its closestpointin D
will notresultin avery attractve mesh becausaeighboringparts
of T couldgetmappedo disparategartsof D, andvice-versa.Fur
ther, therearein nitely mary afne transformationshatwill have
thesameeffecton asinglevertex; our problemis clearlyundercon-
strainedusingonly E;.

To constrainthe problem,we introducea smoothnesgrror, Es.
By smoothnessye arenotreferringto smoothnessf thedeformed
surfaceitself, but rathersmoothnessf the actualdeformationap-
plied to thetemplatesurface.In particular we requireaf ne trans-
formationsappliedwithin aregion of thesurfaceto beassimilaras
possible.We formulatethis constraintto apply betweerevery two
pointsthatareadjacentn themeshT :

o
Es= a
fijjf vi,vig2edeqT )g

T T (2)

wherejj jjg is theFrobeniugorm.

By minimizing the changen deformationover thetemplatesur
face,we preventadjacentpartsof the templatesurfacefrom being
mappedo disparateartsof theexamplesurface. The Es termalso
encouragesimilarly-shapedeaturesto be mappedto eachother
For example, attening out the template$ noseinto a cheekand
thenraising anothernosefrom the other cheekwill be penalized
morethanjusttranslatingor rotatingthe noseinto place.

3.3 Marker error

Usingthe E; andEs termswould be sufcient if the templateand
examplemeshwereinitially very closeto eachother In themore
commonsituation,whereT andD arenot close,the optimization
canbecomestuckin local minima. For example,if the left arm
beginsto align with theright arm, it is unlikely thata gradientde-
scentalgorithmwould ever backup andgetthe correctalignment.
Indeedatrivial globalminimumexistswhereall of theaf ne trans-
formationsaresetto a zeroscaleandthe (how zero-dimensional)
meshis translatedntothe examplesurface.

To avoid theseundesirableminima, we identify a setof points
ontheexamplesurfacethatcorrespondo known pointsonthetem-
platesurface. Thesepointsaresimply the anthropometrienarkers
that were placedon the subjectsprior to scanning(seeFigure 2a
andb). We call the 3D location of the markers on the example
surfacem; ., andthe correspondingertex index of eachmarler
onthetemplatesurfacek,; ... ThemarkererrortermEny, minimizes
thedistancebetweereachmarler'slocationonthetemplatesurface
andits locationon the examplesurface:

m
Em= & iiTkvi, myji ®)
i=1

In additionto preventingundesirablaminima, this termalsoen-
courageghe correspondenct be correctat the marker locations.
Themarkersrepresenpointswhosecorrespondend® thetemplate
is known a priori, andsowe canmalke useof this factin our opti-
mization. However, we do not requirethatall salientfeatureshave
marlkers. (If we did, thenwe would needmary moremarkersthan
arepresenin the CAESAR data!) The smoothnesanddataerror
termsalonearecapableof aligning areasof similar shapeaslong
aslocal minimacanbeavoided.

3.4 Combining the error

Our completeobjective functionE is theweightedsumof thethree
errorfunctions:
E= aEd+ bEs+ gEm, (4)

wheretheweightsa, b, and g aretunedto guidethe optimization
asdescribedbelon. We run the optimizationusing L-BFGS-B, a
quasi-Ne&vtoniansolver [Zhu etal. 1997].

Onedranvbackof the formulation of Es is thatit is very local-
ized; changedo the af ne transformatiomeedto diffusethrough
the meshneighborby-neighborwith eachiteration of the solver.
This locality leadsto slow cornvergenceand makesit easyto get
trappedin local minima. We avoid this problemby taking a mul-
tiresolutionapproach.Using the adaptve parameterizatioframe-
work of Leeetal. [1998], we generatea high anda low resolution
versionof ourtemplatemesh,andtherelationshipbetweerthever
ticesof each.We rst runouroptimizationusingthelow resolution
versionof T anda smoothedsersionof D. This optimizationruns
quickly, afterwhich the transformatiomrmatricesare upsampledo
thehigh-resolutiorversionof T , andwe completethe optimization
atfull resolution.

We alsovary the weights, a, b, and g, so that featuresmove
freely and matchup in the early stagesandthen nally the data
termis allowedto dominate Althoughthe marker datais usefulfor
global optimization,we found that the placementof the markers
was somevhat unreliable. To reducethe effect of variablemarker
placementwe reducethe weight of the marker termin the nal
stageof the optimization. The overall optimizationschedulés as
follows:

At low resolution:

1. Fitthemarlkers rst: a=0,b=1, g=10
2. Allow thedatatermto contritute:a=1,b=1,g= 10

At highresolution:

3. Continuethe optimization: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-
maininformation. Supposehatthe closestpointon D to atrans-
formedtemplatepoint T,v; is locatedon a boundaryedgeof D (as
shavn by thedashededlinesin Figure3). In this situationwe set
theweightw; in E to zero,sothatthetransformationd’; will only
be affectedby the smoothnesserm, Es. As aresult,holesin the
examplemeshwill be lled in by seamlesslyransformedpartsof
thetemplatesurface.

In additionto settingw; to zerowherethereis no data,we also
wish to downweightthe importanceof poordata,i.e., surfacedata
nearthe holesandsamplesacquiredat grazingangles.Sinceeach
vertex in the CAESARmeshhasa con dencevaluebasednthese
criteria, we simply setw; to the barycentricallyinterpolatedcon -
dencevalue of the closestpointon D. (In practice,we scaleand
clampthecon dencevaluessothattherange0:::0.2 mapsto aw;
in therange0:::1.) Becausehe weightstapergraduallyto zero
nearholes,we obtaina smoothblend betweenregions with good
dataandregionswith no data.

In someareassuchasthe earsandthe ngers, thescannediata
is particularlypoor, containingonly scatteredragmentsof thetrue
surface. Matching thesefragmentsautomaticallyto the detailed
templatesurfaceis quite dif cult. Instead,we provide a mecha-
nismfor manuallyidentifying areason thetemplatethatareknowvn
to scanpoorly, andthenfavor thetemplatesurfaceoverthescanned
surfacewhen tting theseareas. In the marked areas,we mod-
ify the dataterm's w; coefcient 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) Sincethe templatemeshdoesnot have
the CAESAR markers,we usea differentsetof markersbasedon
visually-identi able featureso ensuregoodcorrespondencéc) A
headof oneof thesubjectsinteriorsurfacesaretintedblue. (d) The
templateheadhasbeendeformedo matchthe scannedead.Note
thattheearhasbeenlled in. (e) Anotherscannedeadwith asub-
stantiallydifferentposeandappearancé&om thetemplate.(f) The
templatemappedo (e). Theholeshave beenlled in, andthetem-
plateearhasbeenplausiblyrotatedandscaled.
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Figure5: We begin with a hole-free artist-generatethesh(a), and
mapit to oneof the CAESAR mesheausinga setof 58 manually
selectedyisually identi able landmarks We thenusetheresulting
mesh(b), and72 of the CAESAR markers(plustwo we added) as
atemplatefor all of the malescans.For thefemalescanswe rst
mapour maletemplateto oneof the femalesubjectsandthenuse
theresultingmeshasatemplate(c).

zero,taperingtowards1 at the boundaryof the marked area. As a
result,the transformatiorsmoothnesslominatesn the markedre-
gions,andthetemplategeometnyis carriedinto place.As shavnin
Figure4, this techniquecanhave a kind of supefresolutioneffect,
wheredetailthatwasnot availablein the rangedatacanbe dravn
from thetemplate.

4 Applications

We usedour matchingalgorithmto createa hole-freeand mutu-
ally consistensurfaceparameterizationf 250 rangescans,using
thework ow illustratedin Figure5. To bootstrapthe processwe

Figure6: To testthe quality of our matchingalgorithm,we apply
thesametexture (eachcolumn)to threedifferentmeshesThemesh
in eachrow is identical. Ontheleft, we usea checlerboardpattern
to verify that featuresmatchup. Theright-hand3 3 matrix of
renderingsusethe texturesextractedfrom the rangescans. (The
peoplealongthe diagonalhave their original textures.)

matcheda high quality, artist-generatedheshto one of the CAE-
SAR scanaising58 manuallyselectedandmarksThis tted mesh
sened as a templatefor tting to the remainingmodelswith the
help of the CAESAR marlers. Of the 74 CAESAR original mark-
ers,the two locatedon the lower ribs variedin placemento such
an extent that we omittedthem. To compensatewe manuallyin-
troduceda nev marker at the navel in eachscan,aswell asa new
marker atthetip of eachnoseto improve thematchingontheface.

In the remaindeof this section,we demonstratéiow therepre-
sentationprovided by our matchingalgorithmcanbe usedto ana-
lyze, create andedit detailedhumanbody shapes.

4.1 Transfer of textures and morphing

As in Praunet al. [2001], oncewe have a consistenfparameteri-
zation,we cantransfertexture mapsbetweenary pair of meshes.
Althoughthisis asimpleapplicationjts successiingesonthequal-
ity of our matchingalgorithm. Figure6 demonstrateransferring
texture betweerthreesubjects.

Similarly, we can morph betweenary two subjectsby taking
linearcombinationof the vertices.Figure7 demonstratethis ap-
plication. In orderto createa good morphbetweenindividuals, it
is critical thatall featuresarewell-aligned;otherwise featureswill
cross-bdeinsteadof moving. Notice that even featuresthatwere
not givenmarkers,suchasthe bottomof the breastsandthe waist-
line, morphsmoothly

4.2 Principal component analysis

Principalcomponentanalysis(PCA) hasbeenusedto analyzefa-
cial featuregPraunet al. 2001; Blanz and Vetter 1999; Turk and
Pentlandl991]. Themainadwantagds datacompressionsincethe
vectorswith low variancecanbe discardedandthusthe full data
setdoesnot needto beretainedn orderto closelyapproximatehe
original examples.

Supposeave matchk scanne@xamplesandourtemplatesurface
hasn vertices.We stacktheverticesof theparameterizedcansnto
k columnvectorss; of height3n. Let the averageof f s g bes, and



Figure7: Morphingbetweerindividuals. Eachof the keyframemodels(outlined)aregeneratedrom a Gaussiardistributionin PCA space.
Thesesynthesizedndividualshave their own characterdistinctfrom thoseof the original scannedndividuals. Thein-betweermodelsare

createdby linearly interpolatingthe verticesof the keyframes.

U, bes s Weassemblgheu; intoa3n (k 1) matrix U.
Principalcomponentnalysisof U yieldsa setof principal vectors
¢, 1. eachof size3n. Associatedvith eachprincipalvectorc; is

avariances?, andthe vectorsaresortedsothats?  s2

s2 .

I(V\l/e canusethesevariancetermsto synthesizenew randomindi-
viduals. By samplingfrom the Gaussiardistribution thatthe PCA
representsyve can createan unlimited numberof new individu-
alswho, for the mostpart, have a realisticappearancehut do not
look like any particularindividual from the exampleset. A few
randomly-generatethodelsareoutlinedin redin Figure7. (Note
thatwe run PCA separatelyn the maleandfemaledata.)

4.3 Feature analysis

Principalcomponenganalysishelpsto characterizéhe spaceof hu-
manbodyvariation,but it doesnot provide a directway to explore
the rangeof bodieswith intuitive controls,suchasheight,weight,
age,andsex. BlanzandVetter[1999] devise suchcontrolsfor sin-
gle variablesusinglinear regression.Herewe shav how to relate
several variablessimultaneoushby learninga linear mappingbe-
tweenthecontrolsandthe PCAweights.If we havel suchcontrols,
themappingcanberepresentedsa(k 1)  (I+ 1) matrix,M:

Mf  f17=p, (5)

wheref; arethefeaturevaluesof anindividual, andp arethecorre-
spondingPCA weights.

We candraw featureinformationfrom thedemographiclataas-
sociatedwith eachCAESAR scan. After assemblinghe feature
vectorsintoan(l+ 1)  kfeaturematrix F, we solve for M as

M = PF", (6)

whereF™" is thepseudoinerseof F. We canthencreatea new fea-
turevector e.g.,adesirecheightandweight,andcreateanaverage-
looking individual with thosecharacteristicsas shavn in the left
partof Figure10 on thelastpageof this paper (Sincethis method
is alinearapproximationandsinceweightis roughly proportional
to volume,we actuallyusethe cuberoot of the weight, to make it
comparablevith the heightmeasurements.)
In addition,we cancreatedelta-featurevectorsof theform:

f=  f, fo’ (7)
whereeach f; is thedifferencebetweera targetfeaturevalueand
theactualfeaturevaluefor anindividual. By adding p=M fto
the PCA weightsof thatindividual, we canedit their featurese.g.,
makingthemgain or lose weight, and/orbecometaller or shorter
asshawn in theright partof Figure10.
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Figure8: PCA-basedtting. (a) A scannedneshthatwasnotin-
cludedin the datasetpreviously, anddoesnot resembleary of the
otherscans(b) A surfacematchusingPCA weightsandno marker
data. (c) Using (b) asatemplatesurface,we geta good matchto
thesurfaceusingouroriginalmethodwithoutmarlers. (d) Next, we
demonstrateisingvery sparsedata;in this case pnly the 74 marker
points.(e) A surfacematchusingPCAweightsandno surfacedata.

4.4 Markerless matching

Principal componentanalysisalso gives us a way to searchthe
spaceof possiblebodiesgiven partial data. Insteadof nding a
smoothsetof transformationgppliedto 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].

Supposeve have a body scanwithout ary marker data. If the
templatesurfaceis closeenoughto the new scan,thenwe canuse
the sameoptimizationas before, but if the new scanis substan-
tially differentthenthe matchwill fail. In this casewe searchin
PCA spacdnsteadof transformatiorspaceandreplaceks with the
following termindicatingthelikelihoodof a particularsetof PCA
weights:

K
Ep= a(pi=si)2, ®)
i=1

wherethe p; arethe PCA weights,si2 arethe correspondingari-
ancesandkVis thenumberof componentsised.

Thenew datatermis similarto theonein Section3.1,exceptwe
arematchingagainstthe PCA-reconstructedurface,r:

ro= ostang ©)
=1
0 J ) .
Be = aw disP([rg rasq rg4]".D) (10)

i=1



Theoverall errorthatwe optimizeis aweightedsumof Ep andEg.
As in BlanzandVetter[1999], we setk®to besmallinitially, and
increaset in stagesOnceaclosestt is foundusingthis optimiza-
tion, we usethereconstructedhapeasthetemplatesurfacefor our
original algorithm (minus the marker term) and completethe t.
Figure8a—cdemonstratethis approach.

4.5 Marker-only matc hing

We now considerthe corversesituation,whereno surfacedatais
available,andwe have only the marker data,asshavn in Figure8d.
One could get just marker data using less expensve equipment
thana laserrangescannefe.g.,usinga handfulof calibratedpho-
tograph=of a stationarysubject).Usingthe E, termfrom theprevi-
oussection,anda similarly modi ed E, term,we canestimatethe
approximateshapeof the subject(Figure8e).

4.6 Instrumentation transfer

Beyondproviding toolsfor realistichumanbodyanalysisandmod-
eling,wehopeto creategures thatcanbereadilyanimatedTo ani-
mateanarticulatedgure, we rst needto de ne askeletonfor con-
trolling the pose,andthenassociat@achvertex's positionwith the
skeletonin someway. This associatiorprocesss calledskinning,
andavarietyof techniquesreusedin popularanimationpackages.
In this paper we assumehatoneof the mesheshasbeenproperly
instrumentedvith a skeletonfor animation. This instrumentation
canbe donemanually or usinga semi-automatigrocesssuchas
theoneproposedy Hilton etal. [2002].

Oncewe have instrumentednemodel,wewouldliketo transfer
its skeletonandskinninginformationto otherparameterizedcans,
orto synthesizedr editedcharactersTo transfera skeleton we be-
gin by choosing2—3pointsonthesurfaceto actasmarkersfor each
joint in the skeleton.Thesepointscanbetheoriginal anthropomet-
ric markersor otherpoints;the maincriterionis thattheir position
is approximatelyrigid with respectto their associatedoint. We
thencalculatethe local positionof thesemarkersin the joint's co-
ordinateframe. Having chosera setof verticesasmarkerson one
mesh,we know the location of thosemarkerson ary othermesh
becausef our consistenparameterizationlJsinginversekinemat-
ics, we canthensolve for the skeletonposeandbonelengthsthat
give the bestmatchbetweereachmarker's positionin thejoint co-
ordinateframeandits global positionderived from themesh.This
approachs notprecisesincethemarker'slocal positionis assumed
to be x ed, whereadn reality the local positiondependsn body
thickness. However, with enoughmarkers a reasonableskeleton
canbedeterminedor animationpurposesasshavn in Figure9.

Oncethe skeletontransferis complete the skinninginformation
mustbe transferrecaswell. We emplgy a skinningschemebased
on pervertex weights. In this case the transferis trivial: sincethe
verticesin eachmeshare in correspondencehe weightscanbe
directly copied.

5 Discussion and future work

In this section we summarizesomeof theinsightsgainedfrom this
researclandsuggest few futuredirections.

First of all, we found that, asa generalreconstructiorstrateyy,
our template-basethethodworksfairly well in practice.We were
ableto matchall of ourscanne@xamplego areasonabldegree.In
lessthan5% of theexamplesthelips weremisalignedduelargely
to the paucityandvariableplacemenbf the CAESAR markerson
theface.

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

Figure9: Skeletontransfer We manuallycreateda skeletonand
skinning methodfor the scannedndividual in the top left. The
skeletonsfor the other three scannedndividuals in the top row
were generatechutomatically In the bottomrow, we shav each
of the parameterizedcansput into a new poseusingthe skeleton
andtransferredskinningweights.

surface. If the posesare quite different, thenthe optimizedtem-
plate hasto containlocally dissimilartransformationsat bending
joints, somethingthat we currently penalize. An areafor future
work is to employ aposableéemplatethattriesto matchthe poseof
the characteiin additionto the other tting criteria. Interestingly
we also found that the small variationsin posethat were present
in our datasetwhile not problematicfor our tting proceduredid
impactthe PCA analysis. Someof the componentgorresponded
roughlyto featuresonemight expect,suchasheightvariationand
approximatéodytypes(or both),but anumberof themalsoclearly
includedposevariations.By factoringout pose we would expectto
achieve amorecompactPCA representationndeed suchamodel
couldalsobeusedto accomplistobjectvessuchasbody shapees-
timationfrom photograph®f bodiesin arbitraryposesijn thespirit
of BlanzandVetter's [1999] work on humanfaces.

Our PCA analysisis really only suggestie of the kind of in-
formationwe might learnfrom humanbody datasets.Our devel-
opmentof the spaceof body shapess basedon a relatively small
datasetandindeedwe hopeto incorporatemore of the CAESAR
scansin the future. Still, PCA is just onetool in the statisticians
toolbox — a tool that seesthe dataas samplesdravn from a sin-
gle, multi-dimensionalGaussiardistribution. Applying more so-
phisticatedanalysege.g., mixturesof Gaussiansjo determinethe
“true” landscap®f humanshapevariationsremainsanareafor fu-
turework.

Finally, althoughwe demonstratéransferof animationparam-
eterssuchas a skeletonand skinning weights, the quality of the
resultsis only asgoodasthe skinningalgorithmusedon the tem-
plate. Transferringmore sophisticatedsurface motions,e.g. em-
ploying example-basednethodsdevelopedby a numberof re-
searchergLewis et al. 2000; Sloanet al. 2001;Allen et al. 2002],
couldleadto moresophisticate@ndcompellinganimationtransfer
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