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ABSTRACT

Deriving humanbody shapeandmotionfrom optical or magnetiamotion-capturalatais aninherentlydifficult task. The
bodyis very comple< andthe datais rarely errorfree andoftenincomplete. The taskbecomesven moredifficult if one
attemptgo usevideo-datansteadbecausé is muchnoisier

In thelastfew years,we have developedtechniqueghatusesophisticatediumananimationmodelsto fit suchnoisyand
incompletedata. It is acquiredusinga variety of devices,rangingfrom sophisticatedptical motion-capturesystemso
ordinaryvideo-camerasWe usefacialandbody animationmodels,not only to representhe data,but alsoto guidethe
fitting processtherebysubstantiallymproving performance.

1 INTRODUCTION

In this paperwe shav thatwe caneffectively usesophisticatedhumananimationmodelsto fit noisyandincompletedata
acquiredusing a variety of methods. So far, thesemethodsinclude optical motion capturesystems calibratedsetsof

imagesor uncalibrated/ideo-sequencesn all casesthe modelsareusedthroughouthetrackingandfitting processeso

increasaobustnessAs time goesby, we intendto extendthis to anevenlargersetof acquisitiondevices.

Optical Motion Capture: It hasproved an extremely effective meansto replicatehumanmovements. It hasbeen
successfullyusedto producefeature-lengthilms suchas”Titanic” thatfeatureshundredof digital passengerwith such
level of realismthatthey areindistinguishabldrom realactors. Themostcritical elemenin the creationof digital humans
wasthereplicationof humanmotion: "No otheraspectwvasasaptto make or breaktheillusion.”(Titanic SpecialReprint,
1997)Opticalmotioncaptureoffersavery effective solutionto this problemandprovidesanimpressve ability to replicate
gestures Strolling adults,childrenat play andotherlifelik e actvities have beenrecreatedn this manner Theissuesare
slightly differentfor game-orientednotion capture.Capturingsubtletiess lessimportantbecausggamesocusmoreon

big andbroadmovements.What mattersmoreis the robustnes®f the reconstructiorprocessandthe amountof human
interventionthatis required.

In this lastrespectcommerciallyavailablemotion capturesystemsarestill far from perfect. Evenwith a highly profes-
sionalsystemtherearemary instancesvherecrucialmarkersareoccludedor whenthealgorithmconfusegshetrajectory
of onemarker with that of another This requiresmucheditingwork on the part of the animatorbeforethe virtual char
actersarereadyfor their screerdeluts. To remedythis weaknessywe have proposedhe useof a sophisticatednatomic
humanmodelto increasehe methods reliability (Herdaetal., 2000).

Video-BasedModeling: Theuseof markersalsotendsto make suchsystemsumbersomeVideogrammetrys there-
foreanattractive alternatve: It usesacheapsensomlandallows notonly "markerlesstrackingbut alsoprecisebody-shape
modeling.In thiswork, we combinestereo-datandbodyoutlines. Thesetwo source®f informationarecomplementary:
Theformerworksbestwhenabodypartfaceswo or moreof thecameradut becomesinreliablewherethesurfaceslants
away, which s preciselywheresilhouettecanbe used.

However, image-basedataoftenis noisyandincomplete Again, we usethe animationmodels,not only to representhe
data,but alsoto guidethefitting processtherebysubstantiallyimproving performancdor bothfaceandbody modeling.
Given ordinary uncalibratedvideo sequencesf heads,we canrobustly register the imagesand producehigh-quality
realistic modelsthat can then be animated(Fua, 2000). The requiredmanualintervention reducesto supplyingthe
locationof 5 key 2—D featurepointsin oneimage.For bodies we recorer complex 3—D motionsby fitting our articulated
3-D modelsto theimagedata(D’Apuzzo etal., 1999,Plankersetal., 1999).
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Figurel: Thelayeredhumanmodel: (a) Model usedto animateheadsshavn asawireframeatthetop andasa shadedurfaceatthe
bottom. (b) Skeleton.(c) Ellipsoidalmetaballaisedto simulatemusclesandfattissue.(d) Polygonakurfacerepresentation
of theskin. (e) Shadedendering.

Using Models: Thus,for both optical andvideo-basednotion capture we have developedrobust model-baseditting
techniquego overcomeambiguitiesinherentto the raw data. To be suitablefor animation,modelstendto have mary
degreesof freedomand our algorithmsare designedto handlethem. They can also deal with ambiguousnoisy and
heterogeneousformationsourcessuchasopticalmarkers,stereo silhouettesand2—D featurelocations.

In theremaindelof this paperwe first introducethe animationmodelswe useandtheir specificities.We thendiscussour
approacho skeleton-basedhotioncaptureusingopticalmarkers.Last,we presenthetechniquesve have developedfor
video-basednodelingof facesandbodies.

2 ANIMATION MODELS

Themodelingandanimationof Virtual Humanshastraditionally beendecomposethto two subproblemsfacialanima-
tion andbodyanimation.

In bothcasesmusculardeformationsmustbe takeninto accountbut their rolesandimportancediffer. Facialanimation
primarily involvesdeformationgdueto muscularactiity. Body animation,on the otherhand,is a matterof modelinga
hierarchicakkeletonwith deformableprimitivesattachedo it soasto simulatesofttissueslt is possibleto modelbodies
in motionwhile ignoringmusculardeformationsywhereago do sofor facialanimationis highly unrealistic.

For headswe usethe facial animationmodelthat hasbeendevelopedat University of Geneva and EPFL (Kalra et al.,
1992)andis depictedby Figurel(a). It canproducethedifferentfacialexpressionsrisingfrom speechandemotions.To
simulatemuscleactions we useRationalFreeForm Deformationg RFFD) becausé¢hey aresimple,easyto use,intuitive
andcomputationallynexpensve (Kalraetal.,1992). ThemuscledesignusesaregionbasedpproachRegionsof interest
aredefinedandassociatedvith a musclemadeof several RFFDs.Deformationsareobtainedby actuatingthosemuscles
to stretch,squashexpandandcompresgheinsidefacial geometry For complex expressionsthe modelmay be usedto
simultaneouslyenderthe deformationf variouspartsof theface.

Ourbodymodel(Thalmannetal., 1996)is depictedby Figure1(b,c,d,e) It incorporates highly effective multi-layered
approachor constructingandanimatingrealistichumanbodies. Ellipsoidal metaballsare usedto simulatethe overall
behaior of bone, muscle,andfat tissue;they are attachedo the skeletonand arrangedn an anatomically-basedp-
proximation. Skin constructionis a threestepprocess:First, the implicit surfaceresultingfrom the combinationof the
metaballsinfluenceis automaticallysampledalong cross-sectiongShenand Thalmann,1995, Thalmannet al., 1996).
Second the sampledpoints becomecontrol points of a B-spline patchfor eachbody part (limbs, trunk, pelvis, neck).
Third, apolygonalsurfacerepresentatiois constructedy tessellatinghoseB-splinepatchegor seamlesgining of dif-
ferentskin piecesandfinal rendering.This simpleandintuitive methodcombineghe advantage®f implicit, parametric
andpolygonalsurfacerepresentatiomroducingvery realisticandrobustbody deformations.

3 SKELETON-BASED MOTION CAPTURE

Our goalis to increasethe reliability of an optical motion capturesystemby taking into accounta precisedescription
of the skeletons mobility andan approximatedervelope(Herdaet al., 2000). It allows usto accuratelypredictthe 3-D



locationandyvisibility of markers,thussignificantlyincreasingherobustnes®f the markertrackingandassignmentand
drasticallyreducing—oreveneliminating—theneedfor humaninterventionduringthe 3—-D reconstructiorprocess.

In contrasto commerciallyavailableapproacheso motion capturesuchasthe onesproposedy Elite™ andVICON!™,
we do nottreat3—D marker reconstructiorindependentlfrom motionrecovery. Insteadwve combinethesetwo processes
andusepredictiontechniquego resole ambiguities.For example we canpredictwhetheror nota markeris expectedo
beoccludedby thebodyin oneor moreimagesandtake this knawledgeinto accounfor reconstructiopurposesWhena
marker cannotbe reconstructedvith certaintyfrom its imageprojectionswe usethe expectedpositionof the skeletonto
identify themarker anddisambiguatéts 3—D location. Thisis helpfulwhenit is only seerby asmallnumberof cameras.
In our approachthe performers skeletonmotionis a byproductof thereconstructiorprocess.

(b)

Figure2: Input Data: (a) The performerwearsmarkers andis imagedby eightinfraredcameras.(b) For eachcamerathe Elite’™
systenreturnsa 2-D locationfor eachvisible marker.

We have usedasinput the 2-D cameradataand calibrationparameterprovided by an Elite™ optical motion capture
system(FerrignoandPedotti,1985). More precisely asshavn in Figure2(b), we aregiven setsof 2—D pointlocations,
onefor eachmarkerandeachcamerahatseest, anda projectionmatrix for eachcamera.

To extracta 3—D animationof a skeletonfrom a variety of movementsperformedby the sameactorwearingthe same
markers, we first derive a skeleton-and-marér model, that is a skeletonscaledto the actor's body proportionsandan
estimateof the markers’ locationswith respecto the joints. To achieve this result,the actoris askedto performa”"Gym

motion” It is a sequencef simple movementsthatinvolve all the major body joints. We canthenusethis calibrated
skeletonfor furthermotion capturesession®f morecomplex motions.

3.1 Acquiring the Skeletonand Mark er Model

During the calibrationphase pur goalis to scalethe bonesof the genericskeletonof Figure3(a) sothatit conformsto
the performers anatomyandto modelthe marker’slocationswith respecto thejoints. Thecompleteskeleton,excluding
detailedhandsandfeet,had69 degreesof freedom(33joints), plus six positionparameterin 3—-D space.Theendresult
is a skeleton-and-marér modelsuchasthe oneshown in Figure3(b). In this work, we usea very simplemarker model:
Themarkersareattachedo specificjoints andareconstrainedo remainon a spherecenterecaroundthatjoint.

The skeleton-and-marérmodelis computedusingleast-squaresiinimization. As thisis anonlinearprocessthe system
goesthroughthreesuccessie adjustmenstepssoasto move closerandcloserto the solutionat anacceptableostwhile
avoiding local minima. Thesestepsaredescribedelow.

3.1.1 3-D marker reconstruction As the gym motionis an especiallysimple routine highlighting the major joints
motions, the 3-D location of the markers can be automaticallyand reliably reconstructedvithout knowledge of the
skeletonfor 200to 300framesatatime. In practice we partitionthe gym motioninto independensequencegachone
involving only the motion of onelimb or body partat atime. We thenperform3-D reconstructiorandtrackingfor each
oneindependentlylf necessarythe usercanreattachrsomemarkersto specificbody partsif they becomeost.

3-Dmarkersarereconstructeftfom the2—D datausingsteredriangulation(FaugeragndRobert,1996).In ourexamples,
we useeightcamerasWe first performpairwisereconstructionFor eachnon-ambiguoustereomatch thatis whenthere
is only onepossiblecandidateye computethe correspondin@—D coordinate®nthe basisof the2—D coordinatesThese
3-D coordinatesarethenre-projectecdonto the remainingsix cameraviews, in orderto determinethe entire setof 2—-D
coordinatepotentiallyassociateavith this one3-D marker. We assumehata 3—D marker is correctlyreconstructedf
it re-projectsinto at leastone othercameraview, thus makinga total of at leastthreecameraviews. We will saythat
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Figure3: Skeletonand Marker Model. (a) GenericskeletonModel. (b) The genericmodelis scaledto conformthe performers
anatomyEachmarler is attachedo ajoint andcanmove on a spherecenteredaroundthatjoint.

thesemarkersarereconstructedby trinocularstereothatis, usingat leastthreecameras.This is in contrastto markers
reconstructedisingonly two cameraviews, andfor which the projectionsinto the otherviews failed.

Oncewe have reconstructedhesetrinocular 3—D markersin the first frame,we needto comparethe numberof recon-
structedmarkerswith the numberof markersknown to be carriedby theactor As all remainingprocessinds automatic,
it is absolutelyessentiathatall markersbeidentifiedin thefirst frame. Any marker not presentin the first frameis lost
for the entire sequence.Therefore,if the numberof reconstructesnarkersis insufficient, a secondstereomatchingis
performed this time alsotaking into accountmarkersseenin only two views. As binocularstereomatchingis boundto
introduceerrors,the useris thenpromptedto confirmwhetheror notthesebinocularreconstructionarecorrect.

As soonasall markersare found in the first frame, the useris asled to associateeachmarker to a joint. For each
highlightedmarker, the usermustselecta body partandcorrespondingoint. Any marker not associatedo a body part
is discardedduring the fitting process.Oncetheseassociationhiave beenmanuallycreatedwe canproceedwith 2—-D
and3-D trackingof the markersover the entiresequence2-D trackingis carriedout at the sametime as3-D tracking
becaus®-D sequenceareboundto provide morecontinuity thanreconstructe®-D sequencesWe thereforeuse2—-D
trackingin orderto accelerate8—D reconstructionfor eachreliably reconstructeanarker in frame[f], we considerthe
two setsof 2—D coordinateghatwere usedto computeits 3—D coordinates After 2—D tracking, thesetwo setsof 2—-D
coordinateswill mostlikely have links to two setsof 2—-D coordinatesn [f+1], the next frame. If so, we canthenuse
themin [f+1] to constructthe corresponding—D marker. To determinethe related2—-D positionsin the othercamera
views, we reprojectthe 3—D coordinatesasin the stereomatchingprocessdescribedabove. 3—-D tracking propagates
theinformationattachedo eachmarkerin the first framethroughouthe entiregym motion, sothatasmary markersas
possibleareidentifiedin all frames. A brokenlink in the tracked trajectoryof a marker implies the lossof its identity
andthe usermustthenbe prompted.In Section3.2,we will seehow we usethe skeletonto overcomethatproblemin an
automatedashion.

To computethetrajectoryof amarkerfrom frame[f] into frame[f+1], bothin 2—Dand3-D,welook atthedisplacemendf
the marker over a four-framesliding window (Malik etal., 1993). The basicassumptioris thatdisplacements minimal
from one frameinto the next, andthe ideais to predictand confirm the position of a marker in the next frame. The
displacementf a markerfrom [f-1] into [f] predictsthe positionin [f+1]. Theactualpositionin [f+1] andthe projection
of themovementinto [f+2] shouldconfirmthe previously-madéehypothesidy eliminatingambiguities.

At the endof the marker reconstructiorprocessand 2—D/3-Dtracking steps,we have the gym motion reconstructedn
3-D, thetrajectoriesof the markersthroughouthe sequenceaswell asthe identificationof the markerswith respecto
the skeletonmodel.

3.1.2 Initial Joint Localization Let usconsidera referentialboundto a bonerepresenteédsa segment. Underthe

assumptiorthat the distancebetweenmarkers and joints remainsconstant,the markers that are attachedon adjacent
sggmentsmove on a spherecenteredon the joint that links the two segments. The position of a sggmentin spaceis

completelydefinedby threepoints. Thus, if we have a minimum of threemarkerson a sggment,we can definethe

position and orientationof that sgmentin space. Afterwards,we computethe movementof the markerson adjacent
segmentsn thereferentialestablishedy thesemarkersandwe estimatetheir centersof rotation(Silaghietal., 1998).

To take advantageof this obsenation, we partition the markersinto setsthat appearto move rigidly and estimatethe
3-D locationof the centerof rotationbetweenadjacentsubsetswhich correspondso thejoint location. This yieldsthe



approximate3—D locationof thirteenmajor joints, namelythe joints of the armsandlegs, aswell asthe locationof the
pelvicjoint, atthe baseof the spine.

3.1.3 Skeletonlnitialization  Giventhesethirteenjoint locationsin all frames we take the mediandistancedetween
themto be estimate®f thelengthof the performerslimbs. We thenuseanthropometric¢ablesto infer the lengthof the

otherskeletonsggments.This givesus a skeletonmodelscaledto the sizeof the actor This model,however, is a static
one. It hasthe appropriatedimensionsut doesnot yet capturethe posturedor the gym sequencer therelative position

of markersandjoints.

To estimatethosedistancesyve first needto roughly positionthe skeletonin eachframe by minimizing the distanceof
thethirteenkey joints to the correspondingentersof rotation. This is doneby minimizing an objective functionthatis
the sumof squaredistancesgrom the centersof rotationto thejoint it is attachedo. Giventhefactthatwe usea sampling
rateof 100 Hertz andthatthe gym motionis slow, the displacemenfrom oneframeto anotheris very small. Fitting is
performedoneframeatatime, andtheinitial parametewaluesfor frame][f] arethe optimizedparametersbtainedfrom
thefitting in thepreviousframe[f-1]. Aswe only havethirteenobsenationsfor eachframe,we donotattemptto estimate
all of the skeletons degreesof freedom.Only tenjoints (shoulderselbows, hips, knees pelvic joint andthe fourth spine
vertebra)areactive while all the othersremainfrozen. This yields the posturesof the skeletonin all framesof the gym
motion. In otherwords,we now have valuesof the global positioningvectorsanddegreesof freedomin eachframe,as
well asabetterapproximatiorto thelimb lengthsof the skeleton.

3.1.4 Global Fitting We now have a skeletonmodelthatis scaledto the sizeof the performingactor, but we arestill
missinga completemarker model,thatis onethatspecifiesvherethe markersarepositionedon theactorsbodyandtheir
distanceto the joints to which they areattached.This is computedby performinga secondeast-squareminimization
wherethe actual3—D marker locationsbecomethe datato which we intendto fit the skeleton.

Markersarenot locatedexactly on the joints andthe marker-to-joint distancesnustbe estimated To this end,we super
imposethe markers’ 3—D coordinateswith the previously computedskeletonpostures.In eachframe,we thencompute
the distancefrom the marker to the joint andwe take the medianvalue of thesedistancedo be our initial estimateof
the markerto-joint distance.Taking the marker modelto be the distancefrom marker to joint meanshatthe marker is
expectedo alwaysbelocatedonaspherecenteredatthejoint. We now have all theinformationrequirecto fit theskeleton
modelto theobsenationdata.Theinitial stateis givenby the previously obtainedskeletonposturesAs we needto check
thatall markersarepresentandidentifiedbeforefitting, we do it oneframeatatime.

For eachframeandfor eachmarker, oncethefitting is complete the distancebetweemmarker andjoint is stored.At the
endof the gym motion sequencewe have asmary suchdistanceper marker asthereareframes. The medianvalue of
thesedistancess animprovedapproximatiorof the marker-to-joint distanceandbecomeshefinal marker model.

3.2 Capturing Complex Motions

Theresultingskeleton-and-marrmodelcannow beappliedto motionsthatwe actuallywishto capture Theprocedurés
verysimilarto theoneusedin theglobalfitting stepof the previoussection.However, we arenow dealingwith potentially
complex motions.Consequentlyeventhough2—D and3-D trackingensureheidentificationof alargenumberof markers
from oneframeto anotherambiguities sudderacceleratioror occlusionswill oftencausebreaksn thetrackinglinks or
erroneouseconstructionskor this reasonjt hasprovedto be necessaryo increaseour procedures robustnesdy using
the skeletonto drive thereconstructiorprocessasdiscussedbelow.

The useris onceagainrequiredto identify the markersin thefirst frame. However, hewill nolongerbe associating3—D
markersto joints, but directly to 3—D markerslocatedon the body modelascomputedduringthe calibrationphase.

3.2.1 SkeletonBasedTracking In orderto improvetheresultsof stereomatchingwe usethe skeletonfor applyinga
visibility andocclusiontestto eachpair of 2—D markersusedto constructa 3—D marker, thusverifying thevalidity of the
reconstruction.

Visibility Check A markeris expectedto be visible in a givenview if it is seenmore or lessfaceon asopposedo
edgeon, thatis if the surfacenormalat the marker’s locationandthe line of sightform an acuteangle. Supposehat
we have reconstructea certain3—D marker usingthe 2—-D pair (markeril, view j1) and(markeri2, view j2); we check
thatthesetwo markersil andi2 areindeeduvisible in views j1 andj2 respectiely. Still assuminghat displacements
minimal from one frameto the next, we usethe skeletons posturein the previous frame and calculatethe normal at
the 3—-D marker’s locationwith respecto its underlyingbody part sggment. We draw the line joining the 3—D marker
coordinatego the positionin spaceof the cameraandif the anglebetweenthe normalandthe line is acute,thenthe
markeris visible. If thistestshavs thatwe have usedthewrong2—D coordinategor reconstructionywe mustselectother
candidate?—-D coordinatesAs discussedn Section3.1.1,each3-D marker is associatedo two setsof 2—D coordinates
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Figure5: Virtual actorperformingoneof therecoveredmotions.

determinedby stereocorrespondenceayhich we thenusefor reconstructinghe 3—D marker. To this 3—-D marker, we
thenalsoassociatehe 2—D coordinategrom the remainingcameraviews ontowhich the 3—D coordinate®f the marker
projectedcorrectly Giventhatthevisibility testhasdetectedanerroneou$8-D reconstructionywe chooseoneof the2—D
coordinatesomputedvia 3—D to 2—D projection,andcalculatenew 3—-D coordinates We thenperforma new visibility
test,andif thisfails, we repeatheentireprocedure.

Occlusioncheck Oncea3-D markerhaspassedhevisibility test,it needg€o undegotheocclusioncheck:We wantto
ensurethatthe 3—D marker is not occludedfrom somecameraviews by anotherbody part. To this end,we approximate
body partsby solids, cylinders for limbs and a spherefor the head. In the caseof limbs, the cylinder’s axis is the
correspondindgponeandthe radiusis the averagejoint-to-marker distanceof the markersassociatedo this body part. In
the caseof the spherethe centeris the mid-point of the segment. For each3-D marker, aline is tracedfrom the marker
to the positionof the cameraandtestedfor intersectionwith all body part solids. In caseof intersectiorwith a solid,
the marker is mostlikely occludedfrom this cameraview. Therefore ,we concludethat we have usederroneou2-D
coordinategor reconstructionAs before we chooseother2—D coordinatesindrepeathe process.

3.2.2 Markerinventory Whenall the markershave beenreconstructeéndtestedwe canproceedwith trackingand
fitting. More specifically for eachframe, we perform 3-D reconstructiontracking from the previous frameinto the
presentone, identificationof all markers, andfinally, fitting of the skeleton-and-manér modelto the obsenations. In

orderfor thefitting to work correctly all markersmustbe presentin every frame. To ensurethis, we carry out a marker
inventoryafter3—D reconstructiorandbeforefitting. Saywe have just performed3—D reconstructiorusingthe 2—D data
of frame[f], andwe havethusobtaineda setof markers.We thenproceedwith thefollowing checks:

1. If thenumberof markersreconstructedsingtrinocularstereois smallerthanthe actualnumberof markersworn by
the actor, we performbinocularreconstructiorandaddthe newly calculatedcoordinatego the alreadyexisting list
of markers.



2. We perform3-D trackingfrom [f-1] into [f], thusidentifying a certainnumberof markersin [f], i.e. attachingthem
to their legitimatejoint.

3. If all markersarestill not found, we attemptto identify the 3—D markersthatare still anorymous. We find all the
skeletons joints that are missingone or more markers. Assumingthat displacements minimal from one frame
to anothey we retrieve the coordinatesf thesejoints in the previous frame, and calculatethe distancefrom these
joints to eachremainingunidentified3—D marker; the distanceclosestto the marker-to-joint distancespecifiedby
themarker modelyields anassociatiorof the 3—D marker to thatjoint.

4. If thedistancefrom markerto joint is largerthanthe distancespecifiedby the marker model,we "bind” the coordi-
natesof the 3—D marker to thejoint: We changeits 3—D coordinatesothatthe marker moveswithin anacceptable
distanceof thejoint. We howeverleave all reliably reconstructe-D markersuntouched.

5. In theworst-casescenariotheremaystill be joints thatare missingmarkers. We retrieve thesemarkersin thethree
previousframe[f-3], [f-2] and[f-1], andcalculateheaccelerationywe applythis acceleratiorio the positionin [f-1],
thusobtaininganestimatecpositionof themarkerin thecurrentframelf]. As before we calculatethedistancerom
thisinferredpositionto its associategbint. If it is outof range we "bind” the coordinates.

3.3 Fitting Results
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Figure6: Percentagef markersidentifiedby simpletracking,for thekaratemotionof Figurefig: SkeletonResultswithout
skeleton-basetracking,mostof themarequickly lost.

Figures4 and5 show the resultsobtainedfor a difficult karatemotion that involves complex movementsand sudden
accelerations.Using the skeletonhas enabledus to improve every stepof the process,from 3-D reconstructionto

trackingandidentificationof themarkers. |t is robustwith respecto noisydata: Out-of-boundandnon-identifiedmarkers
arerejectedand occludedmarkersare properly handled. The effectivenessof skeleton-basedrackingis illustratedby

Figure6: For the karatemotion of Figure4, our systemdoesnot looseary marker whereasijf we wereto useonly the
simpletrackingdescribedabove, we would quickly loosemostof them.

4 VIDEO-BASED MODELING

As videocameradecomencreasinglyprevalent,for exampleasattachmento mostcomputersyideo-basedpproaches
becomdncreasinglyattractve meansof deriving modelsof peoplesuchasclonesfor video-conferencingurposesSuch
approachealsoallow the exploitation of ordinarymoviesto reconstructhefacesandbodiesof actorsor famouspeople
that cannoteasily be scannedusing active techniquesfor examplebecausdhey are unavailable or long dead. In the
remaindelof this sectionwe first discussour approacho faceandthenbody modeling.

4.1 FaceModeling

Givena setof potentiallyuncalibratedmagesor a video sequencegur goalis to fit the animationmaskof Figure1(a).
Our challengehere,is to solve the structurefrom motionproblemin a casewhere
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Figure7: FaceReconstructiorProcedure(a) Flow chart. The manuallyand semi-automaticallentereddataappearson the right.
Thelocationof 5 2-D pointsmustbe supplied therestis optional. (b) Regularsamplingof thefaceusedto performbundle
adjustment(c) Controltriangulationusedto deformtheface.

e Correspondencesrehardto establishandcanbeexpectedo be neitherprecisenor reliabledueto lack of texture.
e A Euclideanor Quasi-EuclideaiiBeardslg etal., 1997)reconstructions requiredfor realism.

e Themotionis farfrom beingoptimalfor mostof the auto-calibratiortechniqueghathave beendevelopedin recent
years(Sturm,1997,Zissermaretal., 1998).

To overcomethesedifficulties, we have developedan approachhasedon bundle-adjustmenthat takesadvantageof our

rough knowledge of the faces shape,in the form of the genericface model of Section2 to introduceregularization
constraintsThis hasallowedusto robustly estimatetherelative headmotion. Theresultingimageregistrationis accurate
enoughto useasimplecorrelation-basedtereaalgorithmto derive 3—D informationfrom the dataandto fit theanimation
modelto it.

Bundle-adjustmeris, of coursewell establishedechniquen the photogrammetricommunity(GruenandBeyer, 1992).
However, it is typically usedin a context, mappingor close-ranggphotogrammetrywherereliable and precisecorre-
spondencesanbe establishedln addition,becauset involvesnonlinearoptimization,it requiresgoodinitialization for
propercorvergence Lately, it hasbeenincreasinglyusedin the computervision communityto refinethe outputof auto-
calibrationtechniques.Thereagain,however, mostresultshave beendemonstratedh man-madeervironmentswhere
featurepoints can be reliably extractedand matchedacrossimages. One cannotassumethat thoseresultscarry over
directly in the caseof ill-texturedobjectssuchasfacesandlow quality correspondences.

Successfubpproacheso automatingthe fitting processhave involved the useof optical flow (DeCarloand Metaxas,
1998) or appearancédasedtechniquegKang, 1997)to overcomethe fact that faceshave little texture andthat, asa
result,automaticallyandreliably establishingcorrespondencas difficult. This lattertechniques closelyrelatedto ours
becauséheadshapeand cameramotion are recoveredsimultaneously However, the optical flow approachavoids the
“correspondencproblem”atthe costof makingassumptionaboutconstanillumination of thefacethatmaybeviolated
asthe headmoves. This tendsto limit the rangeof imagesthat can be used,especiallyif the lighting is not diffuse.
More recently anotherextremelyimpressive appearance-basegproactthat usesa sophisticatedtatisticalheadmodel
hasbeenproposedBlanz andVetter 1999). This modelhasbeenlearnedfrom a large databasef humanheadsandits
parameterganbe adjustedso thatit cansynthesizemagesthat closelyresemblethe inputimageor images.While the
resultareoutstandingevenwhenonly oneimageis used,the recoreredshapecannotbe guaranteedo be correctunless
morethanoneis used. Becausehe modelis Euclidean,initial camergparametersnustbe suppliedwhendealingwith
uncalibratedmagery Therefore thetechniqueproposecherecould be usedto initialize the Blanz & Vettersystemin an
automatedashion.In otherwords,if we hadhadtheir model,we could have usedit to developthe techniquedescribed
here.

Our procedurgakesthe stepsdepictedby the flowchartof Figure7 anddescribedn moredetailbelon. Theonly manual
interventionthat is mandatoryis supplyingthe approximate2—D location on one single image of five featurepoints:
Cornersof the eyesandmouthandtip of thenose.



4.1.1 Relative Motion Recovery First, we estimatethe relatve motion of the facewith respecto the camera.Given
sequencef which the subjectskeepa fairly neutralfacial expressionwe treatthe headasa rigid object. We assume
thatthe intrinsic cameragparametersemainconstanthroughoutthe sequenceln theory given high precisionmatches,
bundle-adjustmentanrecover both intrinsic parametersand cameramotion (Gruenand Beyer, 1992). The sameholds
true for recentauto-calibratiortechniquesut, typical sequencesf headimagesarecloseto exhibiting degeneratemo-
tions(Sturm,1997,Zissermaretal., 1998). Again, extremelyprecisematchesvould berequired.

In practice however, faceimagesexhibit little texture andwe mustbe preparedo dealwith the potentially poor quality

of the point matches. Therefore,we have chosento roughly estimatethe intrinsic parametersandto concentrateon

computingthe extrinsic onesusingbundle-adjustmentVe usean approximatesaluefor the focal lengthandassumehat
the principal point remainsin the centerof theimage. By sodoing, we generate8—D modelsthataredeformedversions
of the real heads.Whenthe motion betweenthe cameraviewpointsis a puretranslation,this deformationis an affine

transform(LuongandViéville, 1996).1n practice the deformationis still adequatelynodeledby anaffinetransformeven

if themotionis not a puretranslation(Fua,2000). The closerthe approximatevalueof thefocal lengthto its true value,
the closerthataffine transformis to beinga simplerotation,translationandscaling.

Initialization A well known limitation of bundle adjustmentalgorithmsis the fact that, to ensurecorvergence,one
must provide initial adequatenitialization. To fulfil this requirementwe begin by retriangulatingthe surfaceof the
genericfacemodelintroducedin Section2 to producethe regularmeshshowvn in Figure7(b). We will referto it asthe
bundle-adjustmertriangulation.

@) (b)

Figure8: Inputvideosequencefor eachperson3 of asequencef 9 consecutie images.

(@) b) (© (d) (e) () (9)

Figure9: Regularizedbundle-adjustmentfa) Thefive manuallysuppliedkeypointsusedto computethe orientationof the first cam-
era.(b) Theprojectionsof the bundle-adjustmeritiangulationverticesof Figure7(b) into the centralimageof Figure8(a).
(c,d) Matchingpointin theimagesimmediatelyfollowing andimmediatelyprecedingthe centralimageof Figure8(a)in
thesequence(e,f) Shadedepresentationf the bundle-adjustmertriangulation.(g) Recoeredrelative camergositions.

To initialize the procesdor a video sequencesuchasthe onesshowvn in Figure 8, we manuallysupplythe approximate
positionof thefive featurepointsdepictedby Figure9(a)in one,andonly one,referencémage.We computethe position

andorientationof thereferencecamerahatbringsthefive projectionsof the correspondindseypointsascloseaspossible
to thosepositions.We thenestimatehepositionsandorientationgor thetwo imageson eithersideof thereferencemage

asfollows.

Generic Bundle Adjustment As shawvn in Figure 9(b), our initial orientationguaranteeshat the bundle-adjustment
triangulationvertices’ projectionsfall roughly on the face. We matchtheseprojectionsinto the otherimagesusing
a simple correlation-base@lgorithm. Figure 9(c,d) depictsthe results. For eachof vertex (x;, y;, z;) of the bundle-
adjustmentriangulationandeachprojection(u’,v?) of this vertex in image;, we write two observatiorequations

Pri(xi +dxi,yi + dyi, 2z +dz) = uf + €, Q)
PT’f;(xi +dx;, Yy + dyi, zi +dz;) = Uf +€,i



where Prl (z,y, z) and Pri(x,y, z) denotethe two image coordinatesof the projectionof point (z,y, 2) in imagej
usingthe currentestimateof the cameramodels;(dz;, dy;, dz;) representshe 3—D displacemenof vertex i to conform
to the actualfaceshapeand,e ;, €, ; arethe projectionerrorsto be minimized. The camerapositionparameterganbe

recoveredby minimizing the sumof the squaref thee ; ande ;. with respecto the six externalparametersf each

cameraandthe (dz;, dy;, dz;) displacemenvectors.The solutioncan only befound up to a globalrotation, translation
andscaling. To remove this ambiguity we fix the positionof the first cameraand one additionalparametesuchasthe
distanceof onevertex in thetriangulation.

Robust Bundle Adjustment If the correspondencesere perfect,the above procedurewould sufice. However, the
pointcorrespondencasnbeexpectedo benoisyandto includemismatchesTo increasegheproceduresrobustnessywe
introducethetwo following techniques.

Iterati vereweightedleastsquares. Wefirstrunthebundleadjustmenalgorithmwith all theobsenationsof Equationl
having the sameweight. We thenrecomputetheseweightsso thatthey areinverselyproportionalto the final residual
errors.We minimize our criterionagainusingthesenew weightsanditeratethe whole processuntil theweightsstabilize.

Regularization. We preventexcessve deformatiorof thebundle-adjustmeritiangulationby treatingthebundle-adjustment
triangulationsfacetsasC" finite elementsandaddinga quadratiaegularizationtermto the sumof thesquare®f the €,

ande,; of Equationl.

For the imagetriplet formed by the centralimage of the video sequenceof Figure 8(a) and the imagesimmediately
precedingandfollowing it, the procedureyields the bundle-adjustmentriangulations shapedepictedby Figure 9(e,f).
By repeatinghis computatiorover all overlappingtriplets of imagesin thevideo sequencewe cancomputethe camera
positionsdepictedby Figure9(g).

4.1.2 Model Fitting Giventhe cameramodelscomputedabore, we cannow recover additionalinformationaboutthe
surfaceby usingasimplecorrelation-basedlgorithm(Fua,1993)to computea disparitymapfor eachpair of consecutie
imagesin the video sequenceand by turning eachvalid disparity valueinto a 3—D point. Becausethese3-D points
typically form an extremely noisy and irregular samplingof the underlyingglobal 3—D surface,we begin by robustly
fitting surfacepatchego theraw 3—D points. Thisfirst stepeliminatessomeof the outliersandgeneratesneaningfulocal
surfaceinformationfor arbitrarysurfaceorientationandtopology(Fua,1997).

Our goal, then, is to deformthe genericmaskso thatit conformsto the cloud of points,thatis to treateachpatchas
an attractorand to minimize its distanceto the final mask. In our implementationthis is achiezed by computingthe
orthogonaldistanced} of eachattractorto the closestfacetasa functionof the x,y, andz coordinate®f its verticesand
minimizing the objective function:

£=> (d)” . )

K3

Control Triangulation In theorywe could optimizewith respecto the statevector P of all z, y, andz coordinate®f
the surfacetriangulation. However, becausehe imagedatais very noisy, we would have to imposea very strongregu-
larizationconstraint.Instead we introducecontrol triangulationssuchasthe oneshown in Figure7(c). The verticesof
thesurfacetriangulationare”attached’to the controltriangulationandtherangeof allowabledeformationf the surface
triangulationis definedin termsof weightedaveragesf displacementsf the verticesof the control triangulation(Fua
andMiccio, 1998).

Becauseheremaybe gapsin theimagedata,it is necessaryo adda small stiffnessterminto the optimizationto ensure
thatthe displacementef thecontrolverticesareconsistentith their neighborsvherethereis little or no data.As before,
we treatthe controltriangulations facetsas C? finite elementsandadda quadraticstiffnesstermthe objective function

of Equation2.

Becausedhereis no guaranteghatthe imagedatacoversequallyboth sidesof the head,we alsoadda small numberof
symmetryobsenationsbetweencontrol verticeson both sidesof the face. They sene the samepurposeasthe stiffness
term: Wherethereis no data,the shapeis derived by symmetry An alternatve would have beento usea completely
symmetricmodelwith half of the degreesof freedomof the onewe use.We chosenotto do sobecausein reality, faces
aresomavhatasymmetric.Becausehe control triangulationhasfewer verticesthat are moreregularly spacedhanthe
surfacetriangulation,the least-squaresptimizationhasbettercorvergenceproperties. Of course the finer the control
triangulation,the lesssmoothingit provides. By usinga precomputedetof increasinglyrefinedcontrol triangulations,
we implementa hierarchicalfitting schemehathasprovedvery usefulwhendealingwith noisy dataWe recomputehe
facetclosesto eachattractorat eachstageof our hierarchicafitting schemethatis eachtime we introducea new control
triangulation.To discountoutliers,we alsorecomputeheweightassociateavith eachattractorandtake it to beinversely
proportionatto theinitial distanceof thedatapointto the surfacetriangulation.
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(b).
(c).

(d) '

Figure10: Reconstructiomandanimation.(a) For the subjectof Figure8(a): The manuallysupplied2—-D featurespoints;two shaded
views of the completeheadmodel;the cylindrical texture map;and,texturedmodel. (b) For the subjectof Figure8(b), the
manuallysupplied2—D featurespoints;two shadedandtwo texturedviews of the headmodel. (c) Man with a beard:two
texture-mappediews of the correspondindneadmodel;andtwo syntheticexpressionsppeningof the mouthandclosing
of theeyes. (d) Man with amustacheOneshadedndthreetexture-mappediews of thecorrespondindnead.

Shapeand Texture Figure 10 depictsthe output of our modelingprocedure. In all casesthe headmodelscanbe
animated. To ensurethat someof the key elementsof the face—corner®f the eyes, mouth and hairline—projectat
theright places,we have manuallysuppliedthe locationof the projectionin oneimageof a few featurepointssuchas
the onesshown in the first columnof Figure 10: We addto the objective function of Equation2 a term thatforcesthe
projectionof the genericmasks correspondingerticesto be closeto them (FuaandMiccio, 1998). Note thatthe five
manuallysuppliedpointsusedto initialize thebundle-adjustmentroceduref Sectiord.1.1form asubsetf thesefeature
points. To producethesefacemodels,the manualinterventionrequiredthereforereducego supplyingthesefew points
by clicking ontheir approximatdocationsin onesingleimage,which canbe donequickly.

Becausestereatendsto fail in the hair regions,the shapeof thetop of the headhasbeenrecoreredby semi-automatically
delineatingin eachimageof the video sequencéehe boundarybetweenthe hair andthe backgroundandtreatingit asa
silhouettethatconstraingheshapgFuaandMiccio, 1998).Giventhefinal headmodel,thealgorithmcreates cylindrical
texturemap,suchasthe oneshawn in thetop row of Figure10.

For a quantitatie evaluationof theseresults,we have acquired3—D modelsof the facesof both subjectsof Figure 8
usinga Minolta’™ scannerThetheoreticaprecisionof thelaseris approximatelyd.3 millimetersandit canthereforebe
consideredasa reasonabl@pproximationof groundtruth. In practice,eventhe laserexhibits a few artifacts. However,



sincethe two reconstructiommethodsare independentplacesof agreemenare very likely to be correctfor both. As
discussedh Sectiord.1.1,we modelthedeformationinducedby our arbitrarychoiceof internalcamergparameterasan
affine transform:We have thereforecomputedhe affine transformthatbringsthe bundle-adjustmertriangulationclosest
to thelaserscannemodel. In both casesthe mediandistancebetweerthe affine-transformedacemodelsandthe laser
outputis approximatelyl millimeter which, giventhe camerageometry correspondso a shift in disparity of lessthan
1/5 apixel. The precisionof the correlationbasedalgorithmwe useis in the orderof half a pixel, outliersexcluded(Fua,
1993).We thereforeconcludethatour motionrecovery algorithmperformsan effective androbustaveragingof theinput
data.

4.2 Body Modeling

If the facecanbe assumedo be relatively rigid asa long asthe subjectdoesnot changehis expressionwhendealing
with thebody, onemusttake into accountts articulatednature . Here,we usetwo or threevideosequenceacquiredusing
synchronizedcamerasThe bodymodelandthe imagedataareusedthroughouthefitting process.

Recently a numberof techniqueave beenproposedKakadiarisandMetaxas,1996,Gavrila andDavis, 1996,Lerasle
etal., 1996,Bregler andMalik, 1998)to track humanmotionsfrom video sequencesThey arefairly effective but use
very simplified modelsof the humanbody, suchasellipsoidsor cylinders,thatdo not preciselymodelthe humanshape
andwould not be sufiicientfor a truly realisticsimulation.By contrastwe usethefull body modelof Figurel.

Thealgorithmgoesthroughfour stepsthatwe summarizébelon. For amorecompletedescriptionwe refertheinterested
readerto our earlierpublicationgD’Apuzzo etal., 1999,Plankersetal., 1999).

Data Acquisition Cloudsof 3-D pointsarederivedfrom theinputimagesusingcorrelation-basedtereo(Fua, 1993).
Alternatively, we canuseleast-squarematchingto derive theseclouds(D’Apuzzo et al., 2000). Silhouetteedgesnay be
delineatedn severalkey-framesor automaticallygeneratedor thewhole sequence.

Initialization:  Wefirstinitialize themodelinteractvely in oneframeof thesequenceTheuserhasto entertheapprox-
imate positionof somekey joints, like shouldersglbows, hands hips, kneesandfeet. Here,it wasdoneby clicking on
thesefeaturesn two imagesandtriangulatingthe correspondingpoints. This initialization givesusaroughshapej.e. a
scalingof the skeleton,andanapproximatepostureof the model.

Tracking: At agiventime stepthetracking processadjustshemodel’sjoint anglesy minimizinganobjectivefunction.
This modifiedpostureis saved for the currentframeandsenesasinitialization for the next one. The computingpower
of today's PCsallows for interactvity. If, for somereasonthealgorithmlosestrack the usersimply pauseghe program,
adjustgthe postureinteractively andhandsthe controlbackto the algorithmfor furtherprocessing.

Fitting:  Theresultsfrom thetradking stepsene asinitialization for afitting step.lts goalis to refinethe posturesn all
framesandto adjustthe skeletonand/ormetaballparameterso make the modelcorrespondnorecloselyto the person.
Thefitting optimizesover all framessimultaneouslyby minimizing the sameobjective function asbefore. This allows
usto find a singlesetof parametershatdescribea modelthatis consistentvith theimagesof thewhole sequenceThe
resultsarefurtherimprovedby introducinginter-frameconstraintsuchassmoothnessr limits on velocity/acceleration.

In practice themodelandtheconstraintst imposesareusedto overcomeheinherentoisines®of thedata.Werecover
bothmotionandbodyshaperom stereovideosequenceslhe correspondingarametersanbe usedto recreateealistic
3-D animations.

4.2.1 LeastSquaresFramework Oursystemmustdealwith heterogeneousourcef information—3-Ddataand
2-D outlines—whoseontributionsmaynot be commensuratelo this end,we have developedthe following framework.

In standardeast-squarefashionwe usetheimagedatato write nobs obsenationequationf the form
fi(S) = obs; —e€; ,1 < i <nobs , 3)

whereS is the statevectorthatdefinesthe shapeandpositionof the body modelande; is the deviation from the model.
We will thenminimize
v Pv = Min , (4)

wherev is thevectorof residualsand P is a weight matrix associatedavith the obsenations. P is usuallyintroducedas
diagonal.

Our systemmustbe ableto dealwith obsenationscoming from differentsourceshat may not be commensuratevith
eachother Formally, we canrewrite the obsenationequationf Equation3 as

fIPE(S) = 0bsi¥P¢ —¢; |1 <i < nobs , (5)
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with weightp!¥"¢, wheretype is oneof the possibletypesof obsenationswe use.In this paper type canbe objectspace

coordinatesr silhouetterays. However, otherinformationcuescaneasilybe integrated. The individual weightsof the
differenttypesof obsenationshave to be homogenizedeforeestimatioraccordingto:

b :
= : O
J

Whereo—é, ok arethe a priori standarddeviations of the obsenationsobs;, obs; of type k,l. Applying least-squares
estimationmpliesthejoint minimum
nt

Z 'UtypeP,gwevtype = Min , (7

type=1

with nt the numberof obsenationtypes,which thenleadsto the well-known normalequationsvhich needto be solved
usingstandardechniques.

In practice,however, it is very difficult to estimatethe standarddeviations of Eq. 6. We thereforeusethe following
heuristics,which hasprovedto be very effective. To ensurethat the minimization proceedsmoothlywe multiply the
weightpﬁype of then,,,. individual obsenationsof a giventype by a globalcoeficient w;,,. computedasfollows:

E—
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)\type
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where\.y,e IS @ usersuppliedcoeficient between0 and1 that dictatesthe relative importanceof the variouskinds of
obsenations. This guaranteeshat, initially at least,the magnitudesf the gradienttermsfor the varioustypeshave the
appropriateelative values.

Sinceour overall problemis non-linear the resultsare obtainedthroughan iteration process.We usea sparse-matrix
implementatiorof the Levenbeg-Marquardalgorithm(Presstal., 1986)thatcanhandlethelargenumberof parameters
andobsenationswe mustdealwith.

4.2.2 SkeletonFitting and Motion Modeling Theimagesof Figure11 shov somebodywalking in front of a hori-

zontallyalignedstereocamergpair. The backgroundandlighting wereuncontrolled(standardffice headlights) andthe
camergpair wasaboutsm from the person.The distancebetweernthetwo camerasvas75cm. Theimagesareinterlaced
andthe processedhalf-framehasan effective resolutionof 768 x 288. The disparitiesresultin about20003-D points,
including reconstructeghartsof the background.The top row of Figure 11 shows threeframesout of 50 from this se-
guence.Theresultfrom theinitial trackingprocesds depictedby the middle row of the Figure. The bottomrow showvs

the outputof the subsequerfitting step. Here,the dimensionsof the skeletonandthe size of the metaballshave been
adjustedresultingin slightly morerealisticpostures.

The sequencef Figure 12 exhibits complex motionsof a naked upperbody, taken with a camerasetup in front of
the subject. Threecamerasn anL configurationtook interlacedimagesat 20 frames/seavith an effective resolutionof
432 x 288 perhalf-frame.Our sterecalgorithm(Fua,1993)producedrery densepoint cloudswith about40003-D points
onthesurfaceof the subject,evenwithout texturedclothes.To increasahe framerateand,thus,reducethe differencein
posturebetweerframeswe usedboth halvesof theinterlacedmagesandadjustedhe cameracalibrationaccordingly

Althoughthis motioninvolvessevereocclusionsthe systemfaithfully tracksthe armsandyieldsbothbody posturesand
anadaptedskeleton.Thetechniqueof Sectiond.1 wasusedto derive the model’s headfrom onevideo-sequence.

5 CONCLUSION

We have presentedh setof techniquethatallow usto fit complec facialandbody animationmodelsto potentiallynoisy
datawith minimal manualintervention. Consequentlyusingeitheropticalmotion capturedataor video-sequencethese
modelscanbeinstantiatedobustly andquickly. Althoughthe modelswereprimarily designedor animationratherthan
fitting purposeswe have designeda framework thatallows usto exploit themto resolve ambiguitiesn theimagedata.
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Figure11: Framed), 5 and10 of awalking sequenceTop row: Original sequenceMiddle row: Trackingresultsusing
thesimplemodel,overlaidwith the 3—D points’ projections.BottomRow: Finalfitting resultsusingthe detailedmodel.

In future work, we intendto extend our approachto capturingfacial dynamicsin additionto body dynamics. We will
usethis motion capturedatato characterizeactionsand derive animationand biometric modelsfor specificmotions,
suchasrunning, and specificfacial expressions.Sucha capabilitywill improve our ability to visualize,analyze,edit
andsynthesizenumanmotion. This will have applicationsrangingfrom movie makingto sportsmedicineandathletic
training.
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Figure12: Upperbody results. (a) Original sequence (b, c) The final resultsafter onetrackingrun to roughly adjust
the postureandafitting runto refinethe skeletonandmetaballproportionsandthe posture. The centerrow (b) depictsa
discreetvisualizationof the metaballsandthe bottomrow (c) shavs the smoothlyrenderedmplicit surface.
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