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Abstract

We presenta methodfor learninga modelof humanbodyshapevariation froma corpusof 3D range scansOur
modelis the r stto captue bothidentity-dependerdand pose-dependeshapevariation in a correlatedfashion,
enablingcreationof a variety of virtual humancharacters with realistic and non-linearbody deformationghat
are customizedo theindividual. Our learning methods robustto irr egular samplingin pose-spacandidentity-
spaceandalsoto missingsurfacedatain the examplesOur synthesizedharactermodelsare basedon standad

skinningtechniqguesandcanberendeedin realtime

CatgoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.5[ComputerGraphics]:.Curve, surface,solid and

objectmodeling;l.3.7 [ComputerGraphics]:Animation

1. Intr oduction

One of the main challengesin creatinganimatedhuman
charactergor computemgraphicss theproblemof modeling
realisticbody shapesManually modelinga high-resolution
shapehatwill passashumanis very dif cult. Furthermore,
a statically-modelledshapemustbe given a “skeleton” and
rigged for animation,so that it can be put into different
poses.This rigging procesdncludeserveloping wherethe
initial shapes deformedto follow the underlyingskeleton,
andthenmodelingfurtherdeformationgo accountor mus-
cle bulges,bonesthat slide beneaththe skin, dimples,and
otherchangingaspect®f theunderlyingtissuesThesetasks
mustberepeatedor eachdifferentcharacte(“identity”) that
is modelled.

To avoid this manualeffort, it hasbecomepopularto use
datacapturetechniquessuchas 3D scanningto createhu-
manmodels.However, previous approachefiave mary re-
strictions,suchasrequiringcompleteor nearcompletesur
faceexamples,or exampleswhereeachjoint is moved in-
dependenthat preciseangles(suchexamplesmustbe made
by an artist, sincereal humanscannotmeetsuchstringent
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constraints)Moreover, no existing modelis ableto capture
the relationshipbetweendifferent identities and their dif-
ferentpose-dependenteformationsBelow we will discuss
someprevious “example-basedapproachesandintroduce
our novel approach.

1.1. Relatedwork

We beggin by consideringapproachegor modeling pose-
dependenteformations such as musclebulgesand other
anatomicakffects.Of coursepneoptionis to directlymodel
the anatomyasin the work of Scheeperstal. [SPCM97
andmary others Theanatomicahpproaclis very promising
and e xible, however it requiresa lot of manualmodeling,
andis not suitablefor real-timeinteractionswith multiple
characterslueto the overheadf physicalsimulation.

In this paperwe will focus on example-basednethods,
where the anatomicaleffects arise from a genericshape-
modifying functionthatis t to examples.Oneapproachis
to learnalinearfunction of thejoint anglethatmodi es the
shape.For example,the multi-weight embeddingof Wang
and Philips [WPO0J usesa set of perelementweightson
the coordinatematricesof eachjoint to alterthe nal shape.
Mohr andGleicher[MGO03] addextra joints to the skeleton
to modulatethe shapeasa functionof pose. Anguelor etal.
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[ASK 05] learnalinearfunctionthatis appliedwithin ade-
formationtransferframework.

For modelingdeformationghat are non-linearfunctions
of pose,scatteed-datainterpolation techniquesare often
used. For example, Lewis et al. [LCFO0Q, Sloan et al.
[SRCO0], andKry etal. [KIJP0J useradial basisfunctions
to createa functionof thejoint anglesthatinterpolatesa set
of exampleshapesAllen etal. [ACP03 usea similar k-
nearest-neighbanterpolationapproach.

Scattered-dataterpolationis usefulwhentheunderlying
parametersf variationare exposed(e.g.,joint angles) but
whenconsideringhe problemof modelinganentirepopula-
tion of shapege.g.,all humanfacesor bodies),it is unclear
whatthe underlyingparametershouldbe. For this reason,
latentvariable modelsareoftenemployed,suchasPrincipal
Componenfnalysis(PCA). Thesetechniquesnodelshape
variation as a projectiononto a low dimensionalsubspace
of shapespace.The coordinatef eachshapein this sub-
spacearethelatentvariablesPCA hasbeenappliedto char
actermodelingproblemssuchasanalyzingvariationamong
faceqdBV99], or amongbodiesfACP03SCMTO03.

The next logical stepis to have a combinedmodel that
cangeneratery identity in ary pose.Sloanetal. [SRC0]
extendtheir scattered-datanterpolationmethodto include
identity by addingparameteraluessuchas“male-female”.
However, their approactrisks con ating thesetwo axesif
the examplesare not preciselyspacedn parametespace.
For example, it is possiblethat bendingthe elbav could
malke the charactebecomemorefemale.

Another combined model is the SCAPE approachof
Anguelo etal. [ASK 05]. SCAPElearnspose-deformation
asacompletelyseparatphenomenofrom their PCA-based
identity-variationmodel,andthencombineghe two modal-
ities whena new shapeis synthesizedThis modelis very
powerful, but it cannotcapturethe correlationbetweenthe
two modes.For example,when a muscularpersonbends
theirarm,the shapechangewill bethe sameaswhenavery
thin persorbendstheirarm.

Multi-linear approachessuchasVlasic etal. [VBPP0J
usemulti-linearalgebrato extendlatentvariabletechniques
to handlemultiple modalities,suchasthe identity, expres-
sion, andvisemeof a face.ln principle, the sameapproach
couldbeappliedto bodies However, samplingbodyposess
muchharderthansamplingexpressionshecausenary more
samplesareneededandit is dif cult to controlexactlywhat
posesare captured(e.g.,it is hardto requesthat a subject
shouldachieve a preciseshoulderrotationangle).In addi-
tion, bodydeformationsreverylocalized(moving onejoint
affectsonly a few of the verticesof the body), which would
beinef ciently representedsfull tensors.

1.2. Overview

Our novel approachis to take the bestfeaturesof scattered-
datainterpolationand latentvariablemodels,and combine

theminto a hybrid model.Ratherthanbuilding alatentvari-
able model of just shape,we will build a latent variable
modelthatincludesthefull setof interpolationkeys needed
to generatea modelin ary pose.Using this approachwe
encapsulatéhe correlationbetweerposeandidentity, while
keepingthesetwo modalitiesfrom beingcon ated. We will
presenta methodfor learningour modelgiven an arbitrary
setof examplesof differentindividualsin differentposesin
addition,unlike previous methods pur systemcanincorpo-
rateincompletesurfaceswhereonly partof thefull surface
is obsered.

To train our modelwe requirea large corpusof 3D data
that covers the range of identity and pose variation. We
used44 subjectdrom the CAESAR project(seeAllen etal.
[ACP03) who were capturedin a standardstandingand
seatedpose,eachwith 74 landmarkpositionslabelled.For
anadditional5 subjectsyve repeatedhe CAESARscanning
processbutwith atotal of 16 differentposesThese vesub-
jectswere selectedo cover a variety of heightandweight
combinationsFinally, we includedscansof a singleperson
in 69 poseqasdescribedy Anguelor etal. [ASK 05)).

Thecontritutionsof this paperarebrokeninto threeparts.
First,in Section2 we describethe envelopingproblem,and
introduce our modi cations for corrective erveloping In
Section3, we will discussthe matding problem,wherea
consistenshaperepresentatiotis generatedor eachof the
examplesThenin Sectiord, wewill shav how we canlearn
posedeformationsandidentity variationfrom the data.

2. Character representation

In this section,we describeour representatiorfor shape,
skeleton, erveloping, and corrective erveloping. Our goal
is to choosea representatiorthat is expressve enoughto
capturethe phenomenave aretrying to model,yet simple
enoughthatit canbelearnedautomaticallyfrom examples.

2.1. Shapeand skeleton

To beginwith, we createa skeletonhierarcly to approximate
the humanbody's articulations.This skeletonS, shawvn in
Figure1, consistf 30 rotationsand 22 translationsThese
transformationscomprisethe degreesof freedom(DOFs)
that describeary particularskeleton.We divide the skele-
tal DOFsinto two groups.The rst groupis the skeleton
parametersh, which consistof the DOFsthatare intrinsic
to anidentity and do not typically vary over time, suchas
the bonelengths.The secondgroupis the pose,q, which
consistof theremainingDOFs, primarily thejoint angles.

Our skeletonis constrainedsuchthat mostof the trans-
lation elementanustoccuralonga particularaxis, asillus-
tratedin Figure 1. Theseconstraintseduceambiguitiesin
anobsened sskeletalstructure We foundit necessaryo add
in a coupleof transformationshatarenot typically usedby
animatorsthe carrying anglesof the elbov andknee.The
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Figure 1: Articulated skeleton hierarchy. The circles rep-
resentfree rotations, the bars representsingle-axisrota-
tions, and the lines representtranslations. The italicized
joint namesare intrinsic to a particular identity (the skele-
tonparametes), whereasthevaluesof theothertransforma-
tionsmayvary with pose
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carryingangleis a x edrotationaboutthe axisthatis per
pendicularto the axes of elbonv e xion andtwist. Thatis,
if the armsarelowered,the carryinganglebendsthe arms
outward from the body This angleis intrinsic to an iden-
tity andcanbe differenton the left andright sides.Without
thesedegreesof freedom,we were unableto accuratelyt
our skeletongto the scannedxamples.

We assignanindex j to eachskeletaltransformationand
for aparticularposeq andskeletonparameterd we denote
its coordinatdrameasa4 4 matrixMgp: ;.

We representhe shapeof a characterusing a triangle
mesh,M , of 7000 vertices,with vertex positionsv;. Our
meshis topologicallysymmetricalacrosshe sagittalplane;
thatis, eachpoint on theleft sidehasa correspondingoint
ontheright side.

2.2. Enveloping

Themostcommonapproacho envelopingis calledSkeleton
Subspac®eformation(SSD)[MTT91], alsocalled“Linear
blend skinning” [MGO03]. The essencef SSDis thateach
vertex vi onthebodyderivesalocal positionrelative to each
bonein somecanonicalpose,called the dresspose,d A
weight s;j is associatedvith eachvertex and joint. Typi-
cally mostof the weightsare zero, sinceonly a couple of
joints in uence ary particularvertex. To determinethe ver-
tex's positionin a nev pose,one determineghat vertex's
new positionasif it wererigidly attachedo eachbone,and
takesalinearcombinationof theresultingpositions:

Vi = é 3;qu;b;jM¢é;j’A (1)
J

Oursetof ervelopingweightsis shovn in Figure2b. We will
discusshow theseweightsare determinedn Section4.1.2
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Figure 3: ComparisonbetweenSSDenvelopingonly (left
in ead pair), and SSDwith correctiveerveloping(right in
ead pair). Noticetheincreasedealismand correctedarti-
facts,particularly in theregionsindicatedby arrows.

but for now we highlightsomeof our choicesn selectingen-
velopingregions.We modeledmostof the free rotationsas
asinglequaterniorjoint with 4 DOFs,however we split the
shoulderinto threeEulerangles Our obsenationis thatele-
vationandabductiorof theshoulderaffectsverticesnearthe
joint center but twisting at the shoulderaboutthe humeral
axis causesa deformationthat is distributed along the up-
per arm. Therefore,we createdone erveloping region for

elevation/abductionandtwo for the shouldertwist: a 50%-
twist region at the top of the upperarm and a 100%-twist
region belov. We split the forearmtwist in the sameway.

Splitting twist into multiple joints is often usedby anima-
tors, and is part of the techniquepublishedby Mohr and
Gleicher[MGO03].

The primary advantageof SSDis its simplicity; in factit
canbeeasilyimplementedn hardware[KJP02JT05. How-
ever, SSDsuffers from mary problems suchasseverevol-
umelossnearjoints, andin ation in regionsfarfrom joints.
To a certainextent, theseartifacts may be amelioratedby
manuallyadjustingthe ervelopingweights,however, dueto
the linear natureof the SSD, thereis often no set of en-
velopingweightsthatcancorrectthe problemsFor thisrea-
son,mary alternatvesto SSDhave beenproposedsuchas
free-formdeformationiattices| SK0Q, sphericablendskin-
ning [KvO05], andvariousproprietarysolutions.

Despitethe improvementsoffered by thesemore com-
plex methodsultimately no anatomically-naig ernveloping
model can sufce to model pose-dependerdeformations,
dueto the comple natureof musclesbonesandothertis-
suesof the humanbody Consequentlyit will always be
necessaryo includecorrectionsto the underlyingernvelop-
ing model.Sincearbitrarycorrectionsarealwaysneededye
will baseour methodon the simplemethod:SSD.

2.3. Corrective enveloping

To overcomethe limitations of SSD,an animatorwill typ-
ically nd the bad-lookingposesand apply correctiveen-
veloping [RL99]. The goal of corrective ervelopingis to
modify the dressshapesuchthatwhenSSDis applied,the
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Figure 2: (a) Envelopingweightinitializations. We manuallysketch out the kinematicin uenceregions(redin color plate)for
ead joint. From left to right: ned, clavicle shoulderelevation/abduction50% shouldertwist, 100% shouldertwist, elbow
exion, 50% forearmtwist, 100%forearmtwist, wrist exion, bad rotation, waist rotation, baserotation, hip rotation, knee
exion, anklerotation. Theleft-sideregionsare determinedy symmetry(b) Optimizedenvelopingweights.Here we showthe
ervelopingweightsfor ead joint on a scalefromwhite (no in uence)to red (full in uence). Thegray regionsare outsidethe
initialization area and therefore havezeio weight.(c) Pose-dependerteformationregions. From left to right: ned rotation,
claviclerotation,shouldemotation,elbow e xion, elbowtwist, spinerotation, waistrotation, hip rotation,knee e xion.

correctshapewill result. Eachjoint j will have a certain
numberof “key angles’ri wherethe dressshapehasbeen
edited. Then, for every vertex that is in uenced by j, we
storeavectoroffsetk j.x. Whenposingthe characterwe ad-
justthe raw dressshapeﬁ by addinga weightedcombina-
tion of the offsetsfor thatvertex. Thus:

A= W+ & 8 wixkjx @)
ik

In the above equation,j is summedover eachjoint thatin-
uencesvertex i, andk is summedover the numberof keys
for joint j.

Variousalternatves have beensuggestedor how to de-
terminethe weightswj.,. Sloanet al. [SRCO] calculate
weightsusing radial basisfunctions (RBFs) on the exam-
ple poses.To createthe RBFs, we selecta setof joint an-
glesat which we will sampleeachjoint. We choseto pop-
ulate our setof samplinganglesby looking at a corpusof
posedskeletongdravn from our scandatabaseasdescribed
in Section4.1.7). We automaticallychoosezerorotationas
onesamplepoint,andthengreedilyaddin samplegrom our
pool of poseswhich are as far as possiblefrom the other
samplesWe addsampleauntil all obseredposesarewithin
0.2 radiansof somesample(or 0.3 radiansfor the shoulder
joint, which would otherwisehave too mary samples).

Oncewe establishthe key angles,we can statethat the
correcteddressshapefor ary poseis found by usingRBFs
to nd the weightswj, for eachjoint andkey, and apply
Equation2. We thenapply regular envelopingto the mod-
ied dressshape.We summarizethis processas a func-
tion f(c;s;q), wherec includesthe original dressshapethe
skeletonparametersandthe deformationoffsets.

Whenmultiple joints affect the samepart of the surface,
correctie envelopingbecomedif cult. Previouswork has
sidesteppedthis problemby combiningmultiple joints into
onesamplespacehowever this meanghatall combinations
of joint valuesmustbe sampledSincewe will eventuallybe
building alargemodelof identity variation,we preferto cre-
atea compactposemodelwith asfew samplesaspossible.

Therefore we consideroverlappingin uence regionsto be
separateandattemptto learntheoverlappingeffectsof each
joint asif they wereindependent.

Anotherdistinctionof our approachis thatwe do not de-
mandthat the body shapeis actually obsered at the key
angles becausét would be nearlyimpossibleto force each
of our subjectdo strike a precisesetof joint angledfor scan-
ning. Insteadwe will take adata- tting approachwherewe
attemptto nd the offsetsat the key anglesthat, whenin-
terpolatedwould bestexplain the scannegoseghatwe do
obsere.

We summarizeall of theinformationneededo putapar
ticular individual into ary poseusing correctve ervelop-
ing into a single vector called the character vector, c. It
includesthe dressshaped, skeletonparameterd, andthe
pose-dependertteformationoffsetsk. The key anglesand
ervelopingweightswe consideito becommonto all people,
andarenotincludedin thecharacterector

We deferdiscussiorof how the characterectorandskin-
ning weightsarelearneduntil Section4. The resultsof our
correctve ervelopingmethodareshavn in Figure3.

3. Matching

In orderto relatethe unstructuredangescanmeshego our
chosenmeshM , we must rst apply a surface matching
techniqueThatis, for eachscana, we would like to sum-
marizetheobsenedshapeasa collectionof 3D vectorsel(a) ,
wherei is avertex index in our canonicakurfaceM .

The matching framework presentedby Allen et al.
[ACPO3 is robust to missing surface data, and has been
shavn to work well for matchinghumanbody scans.We
usedthis algorithmto matchthe scansthatwerein a stan-
dard standingpose,however this matchingmethodis not
suitablewhenthescanandthetemplatearein extremelydif-
ferentposegseeFigure4c). A key assumptionn this algo-
rithm is thatthe deformationin ary local region is roughly
constantHowever, if thereis a large posechange suchas
a bentelbow, thenthis assumptioris violated. Ratherthan

¢ TheEurographicsAssociation2006.
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Figure 4: Meshmatdingto a drastically differentpose (a)
Target mesh.(b) Standad template (c) Match using stan-
dard initialization. (d) Skinnedtemplate (e) Match using
skinnednitialization.

changingthe arm direction suddenlyat the elbow, this ap-
proachprefersto graduallychangetheangleof thearmover
its length.

Therefore jn orderto matchour templateto scansn dif-
ferentposeswe mustput our templateinto the appropriate
poseusing enveloping. We rst determinethe poseof the
scanusingthe marker positions(seeSection4.1.1), andap-
proximateenvelopingweights(seeSection4.1.2). We then
reposehetemplateandapplythe shape-matchinglgorithm
asusual,giving theresultshavn in Figure4e.

4. Learning

Now thatwe have a consistenmeshrepresentatiofor all of

the exampleswe presenta methodfor automaticallylearn-
ing the ervelopingweightsand posedeformations\We be-
gin by establishing probabilisticmethodfor learningpose-
dependenteformationsof a single charactergiven an ar

bitrary setof examplesurfaces.lt is critical to setup this
single-charactestepin a way that will generalizeto the
multi-characteproblemin Section4.2

4.1. Learning a singlecharacter

Supposewe have ny scans,which have beenmappedto
our standarasurfacerepresentationsingthealgorithmfrom

the previous section.We denotethe ith vertex of the ath

matchedsxampleby el(a) .

Our goal in this sectionis to nd the optimal character
vectorvalues,given our exampledataset.We alsoestimate
the poseof eachof the scansga, andthe optimal envelop-
ing weightss. Using the correctie enveloping methodde-
velopedin Section2.3, we candeterminewherein 3D space
we would (—»(pectel(a) to appeaffor ary particularvalueof c,
Ja, ands. We call this reconstructeqbointvi(a) :

vi® = £(c50a); ©)
Now we couchour problemin probabilisticterms.For any

obsenedpointel® , we expectto nd it nearbw® , subject
to someobsenationnoisen:
@ = v@® 4 n N(0;s2l) 4

¢ TheEurographic#Association2006.

We assumethat the obsenation noise is dravn from an
isotropic Gaussiarwith variances 2. Therefore the proba-

bility of q(a) , givena particularsetof parametewaluesis:

1

(8);:2
(2psv)32

1..@
ex — \
P 5szie i o

Armedwith theseprobabilities we can nd the optimalpa-
rametersusing maximum a posteriori (MAP) estimation.
The probability of our parametewraluesgiventhe datais:

pe@jc;sqa) =

P= p(c;sfdagjfeg) 6)

Here,the seton theright-handsideincludesall of our point

obsenationsfrom all scansUsing Bayes'rule, we canre-

expressEquation6 in termsof the posteriorbeliefs (Equa-

tion 5), multiplied by the prior probabilityof theparameters:
"o ##

Ny
O pe?jcisda)  p©) p(s) p(faag) (7)
1 i=1

P=

Ow

a

The prior probability terms p(c) p(s) p(fgag) re ect our
assumptiongboutwhat parametewaluesare more likely,
without consideringhe data.For example ,we would expect
the ervelopingweightsto vary smoothlyacrosghe surface;
asetof envelopingweightsthatcontainsa sudderchangdn
weightis improbableconsideringhe eshy natureof a hu-
man.(We will describethe form of theseprior termsin the
following subsections.)

To apply MAP estimationwe nd the parametevalues
that minimize the negative log likelihood. We ignore the
termsthatdo not dependon the parametewalues(e.g.,the
Gaussiamormalizationconstants)and split p(c) into the
productof the parameterthatmale up the charactewector:

1 )
—iie® @)
\

log p(A logp(k) (8)

Due to the non-linearitiesin the skeletal transformations,
Equation8 is too complicatecto solve analytically There-
fore, we use a standardoptimization package[ZBLN97].
Becausethere are thousandsf variablesto optimize and
mary local minima, it is critical to nd agoodinitialization
for the parametewalues.

Ng Ny
|OgP = Na mlSlOg(sz\zl) + é é
a=1i=12S

logp(s) logp(b;fdag)

In thefollowing subsectionsye will addresgachparam-
etervalueindividually, describingthe initialization process
andalsothe prior usedfor eachparameteiWe will address
theseparameterén the orderin which they mustbe initial-
ized: rst thebonesh andposeqya in Sectiord.1.1 thenthe
envelopingweightssin Sectiord.1.2 thenthedressvertices
WAin Section4.1.3 and nally the pose-dependemteforma-
tionsk in Section4.1.4 Afterwards,we will addressssues
of symmetry(Section4.1.5, and tuning the sigmavalues
(Section4.1.6.
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4.1.1. Initializing and prior on the skeletonparameters

Here we considerhow to initialize the bonesb and the
posesja basedon our examplesWe startwith the labelled
markersfrom eachscan This setof markersis similarto mo-
tion capturedata,andcanbe optimizedusinginversekine-
matics(IK) while alsooptimizingtheboneDOFs.(Onesuch
optimizationtechniques discussedh detailby Silaghietal.
[SPB 99].)

Unlike motion capture we have a relatively small setof
posessometimessfew astwo, whichis clearlyinsufcient
to determinethe skeletalparametersindeed,we found that
only for our subjectwho wasscannedn 69 posescouldwe
reliably determinea skeletonusing markers alone. There-
fore, we supplementK with a heuristictechniquethat is
inspiredby how biomechanicistestimateof joint centers
from surfacelandmarksUsing a poseexamplewhich is in
the standardCAESAR standingpose,we can estimatethe
joint centersas a linear function of landmarkpositionson
the body (e.g.,the kneejoint centeris approximatedy the
midpointbetweentwo landmarkson eithersideof theleg).
We usedthe 69-poseexampleto nd goodsurfacelandmark
positionsfor estimatingthe joint centersandthen nd the
correspondindandmarkpoints on other individuals using
surfacematching(Section3).

We emplg this heuristicin the form of a prior term,
p(b;f gag)), to beincludedbothduringthelK initialization,
andduringthe optimizationof Equation8.

This prior statesthat for the CAESAR standingposesin
which we appliedour heuristictechniquesthe joint centers
calculatedfrom our skeletonhierarcly shouldbe closeto

the heuristic-estimategbint centerswhich we call h(®, By
“closeto,” we meanthe distancehasa Gaussiardistribution
with mean0 andvariances 2:

o 1. )
logp(bifdag) & 5 7lih”  Ma,p;l0001]7ji?
b

i
9)
In theabove equationa is theindex of the CAESAR stand-
ing poseandj is summedverthejoint centerfoundby our
heuristicmethod By usingthis prior, we canavoid thenoise
andlocal minimathatIK would provide whenfew posesare
available.

4.1.2. Initializing and prior on the envelopingweights

Given a large enoughsampleof poseswe could, in prin-

ciple, learnall of the envelopingweightsautomatically by

determiningwhich joint anglesaffect which surfacepoints.
However, evenwith alarge numberof examples,onecould
imagine that there could be some accidentalcorrelation
betweendistant body parts that would introduce spurious
weights.Therefore we manuallylabel the approximatein-

uenceregionsof eachoint, in aone-timeprocessasshavn

in Figure2a. Thelabellingsidentify the maximumextent of

eachjoint'sin uence. Outsideeachjoint's in uence region,

its correspondingnvelopingweightmustbe zero.

To obtainareasonablernvelopingresult,we needto cre-
ateasmoothtransitionbetweerthein uence regions.We do
so by introducinga prior on the envelopingweights,based
onthesquaredimbrellaoperatot 2(s) [KCVS98. To min-
imize the cunatureof our skinningweightfunction (in the
meshdomain),we introducea zero-centere@aussiarterm
for eachweight-cunatureestimatewith variances 2:

o 1 . 5 .2
l0ogp(9) & 55U (10)
i=1 455§
Our initial valuesfor the ervelopingweightsare found by
startingwith the weightsin Figure 2a, normalizingthem,
andthen minimizing this prior term only (ignoring the ac-
tual data).Theresultingenvelopingweightsarevery similar
to thoseshown in Figure2b.

4.1.3. Initializing and prior on the dressshape

We cantrivially initialize thedressshapéeby usingoneof our
matchingresults(e.g.,for the CAESAR standingpose),and
determinethe dresslocationof eachvertex usingthe initial
skeletonsandernvelopingweights.

We chooseo usea uniform prior for thedressshapg(i.e.,
all shapesareequallylikely in the absensef data),asour
initialization brings us quite closeto the correctvalue,and
sotherewasnoneedfor additionalregularization Therefore,
log p(# is a constantindcanbe droppedrom Equations.

4.1.4. Initialization and prior onthe pose-dependent
deformations

We initialize the pose-dependemteformationoffsetsto be
zero,which is equivalentto using SSD without correctve
ernveloping.

Unlike thedressvertices,we will introducea prior onthe
pose-dependerdeformationoffsets. As mentionedin the
previous subsectionwe could reliably obtaina reasonable
dressshapefrom the standingCAESAR pose.This is be-
causewe choseto trust all of the datain this pose,even
wherethe scannedshapehad holes,becauseur matching
algorithmworks quite well in this pose.However, in other
poseswe areusinga skinnedtemplatewhich hasall of the
badartifactssuchasvolumelossandarubberyappearance.
Moreover, the otherposestendto have more occlusionsor
grazingangleviews, resultingin very large holes.Sincewe
do not have good datain theseregions,we do not include
thoseexamplepoints e«,(a) in Equation8. In fact, we scale
theweightof eachobsenrationin accordancavith the scan-
ner con dencevalue, so that less-certairobsenationscon-
tributelessto our model.

Thissolutionis intuitively reasonableve wantto t more
closelyto gooddatathanbad.However, it causes problem
nearthe boundarief goodand missingdata.Supposeve
notice that a bicep bulges, but thereis a small hole in the
e xed arm scan.Our systemwould assumethat the bicep
doesnot bulgein the hole, sincethereis no datato indicate
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ary change.This runs counterto our intuition that the de-
formationsare locally consistentthatis, shapechangesat
nearbypointsshouldbevery similar.

To include this intuition in our model, we supply the
following prior on the pose-dependemteformationoffsets,
which appliesto all neighboringverticesin themesh:

nj
logp(k) a a
J figigf vipivi,g2 edge(M )g

zlﬁjjkil;i Kiziil?
11)
This prior hasan additionalbene t. We specifyanin u-
enceregion for eachpose-dependemteformationoffset, as
shavn in Figure2c. We thenforceall offsetsoutsidethein-
uence region to be zero.Our regularizationtermwill then
causea smoothfall-off atthe boundaryof thein uence re-
gion. Without this regularization,we would obsere seams
atthe boundarieswherespuriouspose-dependemnteforma-
tionsdevelopedneartheboundary

4.1.5. Symmetry

By andlarge,humansarebilaterally symmetricalacrosshe
sagittal plane.We exploit this factin our learningstepin

orderto reducethe numberof variablesn our modelby ap-
proximatelyhalf, by implicitly statingthatthe left-side po-

sitionsanddisplacementarethe mirror-imageof theright-

sidevalues.We alsoimplicitly malke the left andright bone
DOFsthe same We make a concessiorto asymmetrywhen
it comesto carryingangles,andallow thoseto be unequal.
Thereasoris basedon the quite high variationof thesean-
gles,andthe high mismatchthat would arisefrom not re-

spectinghem.

4.1.6. Estimating variances

So far, we have introducedmary variancevalueswhich
we assumehave beenprovided manually:sZ, s2, s2, and
s2. We madeinitial estimatefor thesevaluesof (1 mm)?,
(1 mm)?, (0:01)2, and (1 cm)? respectiely. However, we
do not wantto have to tweakall of theseparameterso get
theidealvalues.

Instead,after running our optimizationfor several itera-
tions, we re-estimateéheseparameter®y optimizing Equa-
tion 8 in closedform for the bestsigmavalues,andthen
alternatebackto the mainoptimization.(This techniquehas
beenappliedto a similar learningproblemby Torresaniand
Hertzmanr{ THO04].) Eachof the aforementionedigmaval-
uesarebasednacollectionof Gaussiamistributions.If the
numberof Gaussiansnvolved is n, the dimensionof each
vectoris d, andthedistancefrom eachpointto the Gaussian
centeris g, thenthe optimalsigmavalueis:

n
s?= (& jjeii®)=nd (12)
1
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4.2. Learning all identities

Next, we considerthe problemof learningvariationin both
poseandbodyshapeThanksto theformulationof thechar
actervectorc we now have a corvenientway to represent
this variation. Recallthat the charactewectorencapsulates
all of theinformationneededo reconstruca particulariden-
tity in ary pose,implicitly storing suchparametersasthe
individual's height, girth, and muscletone. Previous work,
suchasAllen etal. [ACP03 andSeoetal. [SCMT03, has
characterizedhe spaceof all humanbody shapesasa dis-
tribution within all shape-ectors.The key ideahereis that
insteadof nding adistribution over shapevectors,we will
nd adistribution over charactevectors.

In principle,if we hadalargenumberof charactewectors,
for example if we hadcapturechundredf individualseach
in mary posesandappliedthetechniqueof Sectiord.1, then
we could run PCA on thosecharactewnectorsand have our
model. However, this approachwould requirea very large
numberof scanswhichwould bevery expensve to acquire,
store,andprocesslt is muchmoreappealingf we canjust
usewhatever datasamplesve aregivento build our model.
Forinstanceif we havealot of posedatafor onebodyshape,
we shouldbe ableto estimatethe posevariationfor another
similar body shapegvenif we justhave oneor two scansof
thatperson.

4.2.1. Learning character vectors

To modelall charactedistributions,we assumehatall char
actervectorsaredravn from alatentvariabledistribution of
theform: c(®) = wx + & wherex hasa Gaussiamlistribution
with unit covariance We wantto solve for the components
W andthe meancharactewvector & Unlike PCA, we will
not requirethatthe componentsre orthonormal If we had
a large setof charactewectors,thenwe could usecorven-
tional PCA.Oneproblemwith this approachs thatdifferent
partsof thecharactewectorhave differentscale§depending
onwhetherthey arevertex positions,anglesor offsets),and
soour analysiswill be biased A moreseriousissueis that
we cannofactuallyobsenethecharacterectorsdirectly; we
canonly obsenre the shapeghatthey producein a particu-
lar pose.In fact,if we only seeanindividual in a coupleof
posesyve maynothave enoughinformationto reliably know
ary elementof c.

Thereforewe proposehefollowing generatre modelfor
our vertex obsenations,basedon our correctve enveloping
function f:

e = f(Wxp+ &sga)i+n; X, N(OI); n N(O;s2)

13)
We model the obsenation noise as an isotropic Gaussian
variablen. Notice that Equation13 is exactly the sameas
Equation4 in the previous subsectionexceptthat we have
replacedc with Wxy, + & Thatis, we now usea character
vectorthatwe have reconstructedrom the componentsn-
steadof usinga x edcharactewector
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no corrective enveloping

our result

single-person
corrective enveloping

Figure 5: Resultsof meshegeneated with our hybrid modelare in the middle column.Ead of theseindividualswasonly
observedn a standad standingand seatedpose and thenputinto a novel poseusing our method.\We compae with using
ervelopingalone in theleft column.In the right column,we showthe resultof transferringjust onetypical person's correc-
tive ernvelopingonto the new character Our learnedmodelis able to genemate correctionsthat are more suitableto the new
individuals' bodytype Thecolor-tinted details(seecolor plate) compae our resultwith theleft andright alternatives.

Our generatre modelis basedon the ProbabilisticPrin-
cipal Componenfnalysis(PPCA)algorithmintroducedby
TippingandBishop[TB99] andby Roweis[Row98]. To nd
thebestw anddvaluesthatexplainourdata,we couldapply
the Expectation-Maximization(EM) algorithm [DLR77],
which alternatedetweenestimatinga distribution for each
Xp, andthen nding the maximumexpectedlikelihoodval-
uesof W and@ However, unlike PPCA,we are observing
our datathroughthe lens of correctve enveloping,a com-
plex and non-linearprocess.Therefore,the estimateddis-
tributions for x, will not be Gaussianmaking a full EM
optimization very dif cult. Instead,we alternatebetween
optimizing for a x ed value of eachxy,, andthen optimiz-
ing W and & using the MAP approachintroducedin Sec-
tion 4.1 NealandHinton[NH98] referto thisapproximation
as a “winner-take-all” variantof EM, and suggesthat al-
thoughthe guaranteesf corvergencethatEM endavs may
no longerapply this approachwill make progressowards
theminimum.

4.2.2. Initializing latent variables

In PPCA thelatentvariablesx,, canbeinitialized randomly
dueto the corvergenceguaranteeddowever, sinceour opti-
mizationis lessrobustthanthefull EM approachye would
dowell to useagoodinitialization. Theboneparameterare
agoodchoiceto guidethis initialization, becausehe skele-
tonsareveryimportantto obtaininganaccuratet, andthey
canbe estimatedvithout runningour full optimization.We

Variable #
Dressshaped 106,920
BoneDOFsb 210
Pose-dependedeformationk | 314,220
PoseDOFsq 12,561
Skinningweightss 17,820
Reconstructionveightsx 450

Table 1: Summaryof the total numberof variablesin our
optimizationfor all scansandcomponents.

nd theboneparameter$ for eachindividualin our dataset
(Section4.1.7), andrun corventionalPCA on theseparam-
eters.We then usethe reconstructionweights provided by

PCAto initialize eachxy,.

4.2.3. Summary of optimization steps

To modelall posesfor all identities,we needto solve for
a lot of variables(seeTable 1), and take careto optimize
themin thecorrectorder In this sectiorwe will describeour
procedurdor learningall variablesfrom therangescans.

We beagin with the 69-posedataset,and estimateb and
g from the marlers (84.1.1). We then initialize the skin-
ning weightssmoothly (84.1.2, and matchall of the sur
facesusingthe skinninginitialization (83). We thenfurther
optimizeq and¥, thenadds andb, and nally includek.
When the optimization startsto corverge, we updatethe
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varianceq84.1.6 andthen optimize further This givesus
asinglecharactervectorto startwith.

To move on to the multi-identity problem,we estimate
skeletonsfor the full dataset(84.1.1), and useour learned
skinning modelto initialize the surfacematching(83). We
alsorun PCA on the boneDOFsto initialize x (84.2.2. We
rst optimizefor g andb usingonly the skeletonprior, and
theninitialize the restof Awith the single-persomvariables.
Now we canoptimize all variablesasin the single-person
case but we alsoalternatewith optimizing for x. The end-
to-endlearningprocessakesaboutadayto run.

We choseto use9 componentgplusthemeand) to repre-
sentbody shape However, we only have six pose-dense-
dividuals.Thereforejt is unreasonablé expectto beable
to learn9 componentdor k. Indeed,evenwith six compo-
nentswe foundthattherewasseriousover tting. Therefore,
we reducedthe numberof componentdor k to just 3 (i.e.,
theother6 charactervectorcomponentsvill have k thatare
forcedto bezero).By doingso,we eliminateover tting and
force our optimizationto nd a correlationbetweenk and
bodyshape.

5. Results

The overall root-mean-square(RMS) reconstructiorerror
of our learnedmodelwith regard to the training setis 4.9
mm on eachvertex. We also t ourmodelto ve additional
scansof subjectswho werenot part of thetraining set,and
obtainedan RMS errorof 8.1 mm. Someof this erroris due
to thedif culty in determininghe poseandPCA weightsof
thesenovel charactergwhich is donethroughan optimiza-
tion process).

Figure 3 shaws our learnedcorrective ervelopingmodel
appliedto two of the charactersn our multi-posetraining
set.The novel poseswveredravn from a motion capturese-
guenceNoticethatthe“joint-collapse” artifactsof pureen-
veloping are compensatefbr, and anatomicaleffects such
asthe pointinessof the elbow, andthe shapechangeof the
largerman's upperarmareaccountedor.

In Figure5, we demonstrat@dditionalresultswhereour
modelis appliedto characterin the CAESARset(whowere
only obseredin two poses)andnew posesareapplied.Our
resultsare much betterthat skinning appliedalone: notice
the rubberylook in the armsandlegs, andthe lack of mus-
cle bulging in the tricepsandpectoralmusclesin addition,
we claim thata single pose-deformatiomodelis not suf-
cient. To prove this claim, we alsocompareour resultwith
usingcorrectize ervelopinglearnedfrom justasingle,aver
ageindividual. Our modelis ableto automaticallygenerate
corrective envelopingthatis particularto abodytype.

Usingour latentvariablemodel,we canperformanalysis
taskssimilar to previous work [BV99, ACP03. For exam-
ple, we canlearna trendbetweernrecordedattributesabout
eachexampleandthelatentvariablesFigure6 demonstrates
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Figure 6: Editing body weight. We edit the weight of one
of the subjects(secondfrom the left) usingtrendsfrom the
population.Theheightis keptconstant.Theinsetsshowthe
re-posedeft arm withoutcorrectiveervelopingfor compar
ison.

alearnedrendbetweerheight,weight,andbodyshapeWe
areableto edittheweightof oneof the subjectswhile con-
trolling his heightindependently

6. Conclusion

We have presentecnalgorithmfor learningcharactemod-
elsfrom obsenationsof humanbody shape Our algorithm
is robustin thefaceof sparseirregular, andincompletedata.
By incorporatingotherinformation beyond the baseshape
in our latentvariablemodel,we have createda fundamen-
tally more expressie model for modelingthe interdepen-
denceof pose-dependemteformationandindividual varia-

tion. We have shavn how our modelis useful for synthe-
sizingandeditinganimatedcharactersin the future,we en-
vision other applications.e.g., providing a shapeprior for

computetvision andrecognitionapplications.

A primary advantageof our approactis speedOur syn-
thesizednodelscanbe posedby evaluatinga few RBF val-
ues,thentaking a linear interpolationof keys, andthenap-
ply standardenveloping. Our unoptimizedsoftware imple-
mentationcan generatea posedshapein just 13 mson a
2.8 GHz PC. In contrast,methodsbasedon deformation
transfelfASK 05] take aroundonesecondoerbody.

Our methodcouldbefurtherimprovedby includingmore
data. Currently our 16-posedatasetsio not samplesome
regions of pose-spaceery well (e.g., there are very few
raisedarmsand bent elbows). This causessomeproblems
in poorly samplecpartsof pose-andidentity-spacenotice,
for instance shoulderin ation for certaincharactersn the
nal partof the accompaying video. In addition,it would
beniceto samplenon-poseaelatedDOFs,suchasbreathing
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and muscleload. Of coursewith a suitablefemaledataset,
we couldalsobuild ananimatabldemalemodel.

Onelimitation of ourapproachs thatsomeposesarevery
dif cult to capture becausef occlusionsor becausehey
aredif cult to holdfor ascannerSelf-collisionsin the body
are particularlytroublesomenot only canthey not be cap-
tured,but they arevery hardto modelusinga smoothfunc-
tion suchasRBFs,becausaelf-collisionscausea sharpdis-
continuity in the shape.To addresssuchissues,it may be
necessaryo eventuallycoupleour methodwith asimulation
frameawork. Sucha framewvork would alsobe ableto model
dynamicphenomenasuchasijiggling esh, thatwe areun-
ableto capture.

References

[ACP02] ALLEN B., CURLESS B., PopoviC Z.: Articulated
body deformationfrom rangescandata. ACM Transactionson
Graphics(ACM SIGGRAPH2002)21, 3 (2002),612—619.

[ACP03] ALLEN B., CURLESS B., PopoviIC Z.: The spaceof
humanbody shapesreconstructiorand parameterizatiorirom
rangescans.ACM Transactionon Graphics(ACM SIGGRAPH
2003)22, 3 (2003),587-594.

[ASK 05] ANGUELOvV D., SRINIVASAN P, KOLLER D.,
THRUN S., RODGERS J., DAvIS J.: SCAPE:shapecompletion
andanimationof people. ACM Transactionn Graphics(ACM
SIGGRAPH2005)24, 3 (2005),408-416.

[BV99] BLANZz V., VETTER T.: A morphablemodelfor thesyn-
thesisof 3D faces.In Proceeding®f ACM SIGGRAPHI9 (New
York, 1999),Rockwood A., (Ed.), ComputerGraphicsProceed-
ings, Annual ConferenceSeries,ACM Press/Addison-\asley
PublishingCo.,pp.187-194.

[DLR77] DEMPSTER A. P, LAIRD N. M., RUBIN D. B.: Max-
imum likelihood from incompletedatavia the EM algorithm.
Journal of the Royal StatisticalSociety(SeriesB) 39, 1 (1977),
1-38.

[JTO5] JAMESD. L., TwiGG C. D.: Skinningmeshanimations.
ACM Transactionson Graphics(SIGGRAPH2005) 24, 3 (Aug.
2005).

[KCVS98] KOBBELT L., CAMPAGNA S., VORSATZ J., SEIDEL
H.-P.: Interactve multi-resolutiormodelingonarbitrarymeshes.
In Proceeding®f ACM SIGGRAPH38 (New York, 1998),ACM
Presspp.105-114.

[KIPO2] KRy P. G., JaMES D. L., PaI D. K.: Eigenskin:real
time large deformationcharacteiskinningin hardware. In Pro-
ceeding®fthe2002ACM SIGGRAPH/Eugraphicssymposium
on Computeranimation(2002),ACM Presspp. 153-159.

[Kv05] KAVAN L., ARA J.:. Sphericalblendskinning: a real-
time deformationof articulatedmodels. In SI3D'05: Proceed-
ings of the 2005 symposiumon Interactive 3D graphics and
gamegNew York, NY, USA, 2005),ACM Presspp.9-16.

[LCFO0] LEwis J. P.,, CORDNER M., FONG N.: Posespace
deformations:A uni®ed approachto shapeinterpolationand
skeleton-drven deformation. In Proceedingsof ACM SIG-
GRAPH2000(2000),Akeley K., (Ed.), ComputerGraphicsPro-
ceedingsAnnual ConferenceSeries,ACM Press/ ACM SIG-
GRAPH/ AddisonWesle/ Longman pp. 165-172.

[MG03] MOHR A., GLEICHER M.: Building ef®cient, accurate
characteskinsfrom examples. ACM Transactionon Graphics
(ACM SIGGRAPH2003)(2003).

[MTT91] MAGNENAT-THALMANN N., THALMANN D.: Hu-
man body deformationsusing joint-dependentocal operators
and®nite-elementheory 243-262.

[NH98] NEAL R. M., HINTON G. E.: A new view of the EM
algorithmthatjusti®esincremental sparseandothervariants.In
Learningin GraphicalModels JordanM. 1., (Ed.).Kluwer Aca-
demicPublishers1998,pp. 355-368.

[RL99] RoOUET C., LEwis J.: Methodandapparatusor creating
lifelik e digital representationsf computeranimatedobjectsby
providing correctve erveloping. US Patent5,883,638,1999.

[Row98] Rowels S.: EM algorithmsfor PCAandSPCA. In Ad-
vancesn Neuml InformationProcessingSystem$1998),Jordan
M. I, KearnsM. J.,SollaS.A., (Eds.),vol. 10, TheMIT Press.

[SCMTO03] SEO H., CORDIER F., MAGNENAT-THALMANN
N.:  Synthesizingbody models with parameterizedshape
modi®cations. In Proceedings of the 2003 ACM SIG-
GRAPH/Euographics Symposiumon Computer Animation
(2003),pp. 120-125.

[SKO0] SINGH K., KOKKEVIS E.: Skinning characterausing
surface-orientedree-formdeformations.In Graphicsinterface
(2000),pp. 35-42.

[SPB 98] SILAGHI M.-C., PLANKERS R., BouLIC R., FUA P,,
THALMANN D.: Local and global skeleton®tting techniques
for optical motion capture. In Proceedingof the International
Workshopon Modellingand Motion Capture Techniquesfor Vir-
tual Environments(CAPTECH-98)(Berlin, Nov. 26—271998),
Magnenat-ThalmanN., ThalmanrD., (Eds.),vol. 15370f LNAI,
Springer pp. 26-40.

[SPCM97] ScHEEPERS F., PARENT R. E., CARLSON W. E.,
May S. F.: Anatomy-basednodelingof the humanmuscula-
ture. In SIGGRAPH97: Proceedingf the 24th annual con-
ferenceon Computergraphicsand interactive techniques(New
York, NY, USA, 1997),ACM Press/Addison-\sley Publishing
Co.,pp.163-172.

[SRCO1] SLoaN P-P, Rose C., COHEN M. F.: Shapeby ex-
ample. In Proceedingsof 2001 Symposiunon Interactive 3D
Graphics(2001),pp. 135-143.

[TB99] TiPPING M. E., BisHor C. M.: Probabilisticprincipal
componenanalysis.Journal of the RoyalStatisticalSociety Se-
riesB 61, 3(1999),611-622.

[THO4] TORRESANI L., HERTZMANN A.: Automaticnon-rigid
3D modelingfrom video. In ECCV(2) (2004),pp.299-312.

[VBPPO5] VLAsIC D., BRAND M., PFISTER H., PoPoviIC J.:
Facetransferwith multilinear models. ACM Transactionson
Graphics(ACM SIGGRAPH2005)24, 3 (2005),426—433.

[WP02] WANG X. C., PHILLIPS C.: Multi-weight enveloping:
Least-squareapproximationtechniquedor skin animation. In
Proceeding®of the 2002 ACM SIGGRAPHSymposiunon Com-
puter Animation(2002),pp. 129-138.

[ZBLN97] ZHu C., BYRD R. H., Lu P, NOCEDAL J.: Al-
gorithm 778. L-BFGS-B: Fortran subroutinesfor Large-Scale
boundconstrainedptimization. ACM Transactionson Mathe-
matical Softwae 23, 4 (Dec.1997),550-560.

¢ TheEurographicsAssociation2006.



