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ABSTRACT

Deriving humanbodyshapeandmotionfrom opticalor magneticmotion-capturedatais aninherentlydifficult task.The
bodyis very complex andthedatais rarelyerror-freeandoftenincomplete.Thetaskbecomesevenmoredifficult if one
attemptsto usevideo-datainstead,becauseit is muchnoisier.

In thelastfew years,we have developedtechniquesthatusesophisticatedhumananimationmodelsto fit suchnoisyand
incompletedata. It is acquiredusinga varietyof devices,rangingfrom sophisticatedopticalmotion-capturesystemsto
ordinaryvideo-cameras.We usefacialandbodyanimationmodels,not only to representthedata,but alsoto guidethe
fitting process,therebysubstantiallyimproving performance.

1 INTRODUCTION

In this paper, weshow thatwecaneffectively usesophisticatedhumananimationmodelsto fit noisyandincompletedata
acquiredusinga variety of methods.So far, thesemethodsincludeoptical motion capturesystems,calibratedsetsof
imagesor uncalibratedvideo-sequences.In all cases,themodelsareusedthroughoutthetrackingandfitting processesto
increaserobustness.As timegoesby, we intendto extendthis to anevenlargersetof acquisitiondevices.

Optical Motion Capture: It hasproved an extremely effective meansto replicatehumanmovements. It hasbeen
successfullyusedto producefeature-lengthfilms suchas”Titanic” thatfeatureshundredsof digital passengerswith such
level of realismthatthey areindistinguishablefrom realactors.Themostcritical elementin thecreationof digital humans
wasthereplicationof humanmotion: ”No otheraspectwasasaptto makeor breaktheillusion.”(TitanicSpecialReprint,
1997)Opticalmotioncaptureoffersaveryeffectivesolutionto thisproblemandprovidesanimpressiveability to replicate
gestures.Strolling adults,childrenat play andotherlifelik e activities have beenrecreatedin this manner. Theissuesare
slightly differentfor game-orientedmotioncapture.Capturingsubtletiesis lessimportantbecausegamesfocusmoreon
big andbroadmovements.Whatmattersmoreis the robustnessof thereconstructionprocessandtheamountof human
interventionthatis required.

In this last respect,commerciallyavailablemotioncapturesystemsarestill far from perfect.Evenwith a highly profes-
sionalsystem,therearemany instanceswherecrucialmarkersareoccludedor whenthealgorithmconfusesthetrajectory
of onemarker with thatof another. This requiresmucheditingwork on thepartof theanimatorbeforethevirtual char-
actersarereadyfor their screendebuts. To remedythis weakness,we have proposedtheuseof a sophisticatedanatomic
humanmodelto increasethemethod’sreliability (Herdaet al., 2000).

Video-BasedModeling: Theuseof markersalsotendsto make suchsystemscumbersome.Videogrammetryis there-
foreanattractivealternative: It usesacheapsensorandallowsnotonly ”markerless”trackingbut alsoprecisebody-shape
modeling.In thiswork, wecombinestereo-dataandbodyoutlines.Thesetwo sourcesof informationarecomplementary:
Theformerworksbestwhenabodypartfacestwo or moreof thecamerasbut becomesunreliablewherethesurfaceslants
away, which is preciselywheresilhouettescanbeused.

However, image-baseddataoftenis noisyandincomplete.Again,weusetheanimationmodels,not only to representthe
data,but alsoto guidethefitting process,therebysubstantiallyimproving performancefor bothfaceandbodymodeling.
Given ordinary uncalibratedvideo sequencesof heads,we can robustly register the imagesand producehigh-quality
realistic modelsthat can then be animated(Fua, 2000). The requiredmanualintervention reducesto supplyingthe
locationof 5 key 2–Dfeaturepointsin oneimage.For bodies,werecovercomplex 3–Dmotionsby fitting ourarticulated
3–D modelsto theimagedata(D’Apuzzo etal., 1999,Plänkerset al., 1999).
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Figure1: Thelayeredhumanmodel:(a)Modelusedto animateheads,shown asawireframeat thetopandasashadedsurfaceat the
bottom.(b) Skeleton.(c) Ellipsoidalmetaballsusedto simulatemusclesandfat tissue.(d) Polygonalsurfacerepresentation
of theskin. (e) Shadedrendering.

Using Models: Thus,for bothopticalandvideo-basedmotioncapture,we have developedrobustmodel-basedfitting
techniquesto overcomeambiguitiesinherentto the raw data. To be suitablefor animation,modelstendto have many
degreesof freedomandour algorithmsare designedto handlethem. They can also deal with ambiguous,noisy and
heterogeneousinformationsources,suchasopticalmarkers,stereo,silhouettesand2–D featurelocations.

In theremainderof thispaper, wefirst introducetheanimationmodelsweuseandtheirspecificities.We thendiscussour
approachto skeleton-basedmotioncaptureusingopticalmarkers.Last,we presentthetechniqueswehavedevelopedfor
video-basedmodelingof facesandbodies.

2 ANIMA TION MODELS

Themodelingandanimationof Virtual Humanshastraditionallybeendecomposedinto two subproblems:facialanima-
tion andbodyanimation.

In bothcases,musculardeformationsmustbetakeninto account,but their rolesandimportancediffer. Facialanimation
primarily involvesdeformationsdueto muscularactivity. Body animation,on theotherhand,is a matterof modelinga
hierarchicalskeletonwith deformableprimitivesattachedto it soasto simulatesoft tissues.It is possibleto modelbodies
in motionwhile ignoringmusculardeformations,whereasto do sofor facialanimationis highly unrealistic.

For heads,we usethe facial animationmodelthat hasbeendevelopedat Universityof Geneva andEPFL (Kalra et al.,
1992)andis depictedby Figure1(a). It canproducethedifferentfacialexpressionsarisingfrom speechandemotions.To
simulatemuscleactions,weuseRationalFreeFormDeformations(RFFD)becausethey aresimple,easyto use,intuitive
andcomputationallyinexpensive(Kalraetal.,1992).Themuscledesignusesaregionbasedapproach:Regionsof interest
aredefinedandassociatedwith a musclemadeof severalRFFDs.Deformationsareobtainedby actuatingthosemuscles
to stretch,squash,expandandcompressthe insidefacialgeometry. For complex expressions,themodelmaybeusedto
simultaneouslyrenderthedeformationsof variouspartsof theface.

Our bodymodel(Thalmannet al., 1996)is depictedby Figure1(b,c,d,e).It incorporatesa highly effectivemulti-layered
approachfor constructingandanimatingrealistichumanbodies. Ellipsoidal metaballsareusedto simulatethe overall
behavior of bone,muscle,and fat tissue;they areattachedto the skeletonandarrangedin an anatomically-basedap-
proximation. Skin constructionis a threestepprocess:First, the implicit surfaceresultingfrom the combinationof the
metaballsinfluenceis automaticallysampledalongcross-sections(ShenandThalmann,1995,Thalmannet al., 1996).
Second,the sampledpointsbecomecontrol pointsof a B-splinepatchfor eachbody part (limbs, trunk, pelvis, neck).
Third, apolygonalsurfacerepresentationis constructedby tessellatingthoseB-splinepatchesfor seamlessjoining of dif-
ferentskin piecesandfinal rendering.This simpleandintuitivemethodcombinestheadvantagesof implicit, parametric
andpolygonalsurfacerepresentation,producingvery realisticandrobustbodydeformations.

3 SKELET ON-BASED MOTION CAPTURE

Our goal is to increasethe reliability of an optical motion capturesystemby taking into accounta precisedescription
of theskeleton’s mobility andanapproximatedenvelope(Herdaet al., 2000). It allows usto accuratelypredictthe3–D
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locationandvisibility of markers,thussignificantlyincreasingtherobustnessof themarker trackingandassignment,and
drasticallyreducing—oreveneliminating—theneedfor humaninterventionduringthe3–D reconstructionprocess.

In contrastto commerciallyavailableapproachesto motioncapturesuchastheonesproposedby Elitetm andVICONtm,
wedonot treat3–Dmarkerreconstructionindependentlyfrom motionrecovery. Insteadwecombinethesetwo processes
andusepredictiontechniquesto resolveambiguities.For example,we canpredictwhetheror not a marker is expectedto
beoccludedby thebodyin oneor moreimagesandtakethisknowledgeinto accountfor reconstructionpurposes.Whena
markercannotbereconstructedwith certaintyfrom its imageprojections,we usetheexpectedpositionof theskeletonto
identify themarkeranddisambiguateits 3–D location.This is helpfulwhenit is only seenby asmallnumberof cameras.
In ourapproach,theperformer’sskeletonmotionis a byproductof thereconstructionprocess.

(a) (b)

Figure2: Input Data: (a) Theperformerwearsmarkersandis imagedby eight infraredcameras.(b) For eachcamera,theElitetm

systemreturnsa 2–D locationfor eachvisiblemarker.

We have usedasinput the 2–D cameradataandcalibrationparametersprovided by an Elitetm optical motion capture
system(FerrignoandPedotti,1985). More precisely, asshown in Figure2(b), we aregivensetsof 2–D point locations,
onefor eachmarkerandeachcamerathatseesit, andaprojectionmatrix for eachcamera.

To extract a 3–D animationof a skeletonfrom a variety of movementsperformedby the sameactorwearingthe same
markers,we first derive a skeleton-and-marker model, that is a skeletonscaledto the actor’s body proportionsandan
estimateof themarkers’ locationswith respectto thejoints. To achieve this result,theactoris askedto performa ”Gym
motion.” It is a sequenceof simplemovementsthat involve all the major body joints. We canthenusethis calibrated
skeletonfor furthermotioncapturesessionsof morecomplex motions.

3.1 Acquiring the Skeletonand Mark er Model

During thecalibrationphase,our goal is to scalethebonesof thegenericskeletonof Figure3(a) so that it conformsto
theperformer’sanatomyandto modelthemarker’s locationswith respectto thejoints. Thecompleteskeleton,excluding
detailedhandsandfeet,had69 degreesof freedom(33 joints),plussix positionparametersin 3–D space.Theendresult
is a skeleton-and-markermodelsuchastheoneshown in Figure3(b). In this work, we usea very simplemarker model:
Themarkersareattachedto specificjoints andareconstrainedto remainona spherecenteredaroundthatjoint.

Theskeleton-and-markermodelis computedusingleast-squaresminimization.As this is anonlinearprocess,thesystem
goesthroughthreesuccessiveadjustmentstepssoasto movecloserandcloserto thesolutionatanacceptablecostwhile
avoiding localminima.Thesestepsaredescribedbelow.

3.1.1 3–D marker reconstruction As the gym motion is an especiallysimpleroutinehighlighting the major joints
motions, the 3–D location of the markers can be automaticallyand reliably reconstructedwithout knowledgeof the
skeletonfor 200to 300framesat a time. In practice,we partitionthegym motioninto independentsequences,eachone
involving only themotionof onelimb or bodypartat a time. We thenperform3–D reconstructionandtrackingfor each
oneindependently. If necessary, theusercanreattachsomemarkersto specificbodypartsif they becomelost.

3–Dmarkersarereconstructedfrom the2–Ddatausingstereotriangulation(FaugerasandRobert,1996).In ourexamples,
weuseeightcameras.Wefirst performpairwisereconstruction.For eachnon-ambiguousstereomatch,thatis whenthere
is only onepossiblecandidate,wecomputethecorresponding3–Dcoordinatesonthebasisof the2–Dcoordinates.These
3–D coordinatesarethenre-projectedonto the remainingsix cameraviews, in orderto determinethe entiresetof 2–D
coordinatespotentiallyassociatedwith this one3–D marker. We assumethata 3–D marker is correctlyreconstructedif
it re-projectsinto at leastoneothercameraview, thusmakinga total of at leastthreecameraviews. We will saythat
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Figure3: SkeletonandMarker Model. (a) GenericskeletonModel. (b) The genericmodel is scaledto conformthe performer’s
anatomy. Eachmarker is attachedto a joint andcanmove ona spherecenteredaroundthatjoint.

thesemarkersarereconstructedby trinocularstereo,that is, usingat leastthreecameras.This is in contrastto markers
reconstructedusingonly two cameraviews,andfor which theprojectionsinto theotherviews failed.

Oncewe have reconstructedthesetrinocular3–D markersin the first frame,we needto comparethe numberof recon-
structedmarkerswith thenumberof markersknown to becarriedby theactor. As all remainingprocessingis automatic,
it is absolutelyessentialthatall markersbeidentifiedin thefirst frame. Any marker not presentin thefirst frameis lost
for the entiresequence.Therefore,if the numberof reconstructedmarkersis insufficient, a secondstereomatchingis
performed,this time alsotaking into accountmarkersseenin only two views. As binocularstereomatchingis boundto
introduceerrors,theuseris thenpromptedto confirmwhetheror not thesebinocularreconstructionsarecorrect.

As soonas all markers are found in the first frame, the user is asked to associateeachmarker to a joint. For each
highlightedmarker, theusermustselecta bodypartandcorrespondingjoint. Any marker not associatedto a bodypart
is discardedduring the fitting process.Oncetheseassociationshave beenmanuallycreated,we canproceedwith 2–D
and3–D trackingof themarkersover theentiresequence.2–D trackingis carriedout at thesametime as3–D tracking
because2–D sequencesareboundto provide morecontinuity thanreconstructed3–D sequences.We thereforeuse2–D
trackingin orderto accelerate3–D reconstruction:For eachreliably reconstructedmarker in frame[f], we considerthe
two setsof 2–D coordinatesthatwereusedto computeits 3–D coordinates.After 2–D tracking,thesetwo setsof 2–D
coordinateswill most likely have links to two setsof 2–D coordinatesin [f+1], the next frame. If so, we canthenuse
themin [f+1] to constructthe corresponding3–D marker. To determinethe related2–D positionsin the othercamera
views, we reprojectthe 3–D coordinates,as in the stereomatchingprocessdescribedabove. 3–D trackingpropagates
theinformationattachedto eachmarker in thefirst framethroughouttheentiregym motion,sothatasmany markersas
possibleareidentifiedin all frames. A broken link in the tracked trajectoryof a marker implies the lossof its identity
andtheusermustthenbeprompted.In Section3.2,we will seehow we usetheskeletonto overcomethatproblemin an
automatedfashion.

To computethetrajectoryof amarkerfromframe[f] into frame[f+1], bothin 2–Dand3–D,welook atthedisplacementof
themarker over a four-framesliding window (Malik et al., 1993).Thebasicassumptionis thatdisplacementis minimal
from oneframe into the next, and the idea is to predictandconfirm the positionof a marker in the next frame. The
displacementof a marker from [f-1] into [f] predictsthepositionin [f+1]. Theactualpositionin [f+1] andtheprojection
of themovementinto [f+2] shouldconfirmthepreviously-madehypothesisby eliminatingambiguities.

At theendof themarker reconstructionprocessand2–D/3–Dtrackingsteps,we have thegym motion reconstructedin
3–D, thetrajectoriesof themarkersthroughoutthesequence,aswell asthe identificationof themarkerswith respectto
theskeletonmodel.

3.1.2 Initial Joint Localization Let us considera referentialboundto a bonerepresentedasa segment. Underthe
assumptionthat the distancebetweenmarkersand joints remainsconstant,the markers that are attachedon adjacent
segmentsmove on a spherecenteredon the joint that links the two segments. The position of a segmentin spaceis
completelydefinedby threepoints. Thus, if we have a minimum of threemarkerson a segment,we can definethe
positionandorientationof that segmentin space.Afterwards,we computethe movementof the markerson adjacent
segmentsin thereferentialestablishedby thesemarkersandweestimatetheir centersof rotation(Silaghiet al., 1998).

To take advantageof this observation, we partition the markers into setsthat appearto move rigidly andestimatethe
3–D locationof thecenterof rotationbetweenadjacentsubsets,which correspondsto the joint location. This yields the
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approximate3–D locationof thirteenmajor joints, namelythe joints of thearmsandlegs,aswell asthe locationof the
pelvic joint, at thebaseof thespine.

3.1.3 SkeletonInitialization Giventhesethirteenjoint locationsin all frames,we take themediandistancesbetween
themto beestimatesof thelengthof theperformer’s limbs. We thenuseanthropometrictablesto infer thelengthof the
otherskeletonsegments.This givesusa skeletonmodelscaledto thesizeof theactor. This model,however, is a static
one.It hastheappropriatedimensionsbut doesnot yet capturetheposturesfor thegym sequenceor therelativeposition
of markersandjoints.

To estimatethosedistances,we first needto roughly positionthe skeletonin eachframeby minimizing the distanceof
thethirteenkey joints to thecorrespondingcentersof rotation. This is doneby minimizing anobjective function that is
thesumof squaredistancesfrom thecentersof rotationto thejoint it is attachedto. Giventhefactthatweuseasampling
rateof 100Hertzandthat thegym motion is slow, thedisplacementfrom oneframeto anotheris very small. Fitting is
performedoneframeat a time,andtheinitial parametervaluesfor frame[f] aretheoptimizedparametersobtainedfrom
thefitting in thepreviousframe[f-1]. As weonly havethirteenobservationsfor eachframe,wedonotattemptto estimate
all of theskeleton’s degreesof freedom.Only tenjoints (shoulders,elbows,hips,knees,pelvic joint andthefourth spine
vertebra)areactive while all theothersremainfrozen. This yields theposturesof theskeletonin all framesof thegym
motion. In otherwords,we now have valuesof theglobalpositioningvectorsanddegreesof freedomin eachframe,as
well asabetterapproximationto thelimb lengthsof theskeleton.

3.1.4 Global Fitting We now have a skeletonmodelthat is scaledto thesizeof theperformingactor, but we arestill
missingacompletemarkermodel,thatis onethatspecifieswherethemarkersarepositionedon theactor’sbodyandtheir
distanceto the joints to which they areattached.This is computedby performinga secondleast-squaresminimization
wheretheactual3–Dmarker locationsbecomethedatato whichwe intendto fit theskeleton.

Markersarenot locatedexactly on thejoints andthemarker-to-joint distancesmustbeestimated.To this end,we super-
imposethemarkers’ 3–D coordinateswith thepreviously computedskeletonpostures.In eachframe,we thencompute
the distancefrom the marker to the joint andwe take the medianvalueof thesedistancesto be our initial estimateof
themarker-to-joint distance.Taking themarker modelto be thedistancefrom marker to joint meansthat themarker is
expectedto alwaysbelocatedonaspherecenteredatthejoint. Wenow haveall theinformationrequiredto fit theskeleton
modelto theobservationdata.Theinitial stateis givenby thepreviouslyobtainedskeletonpostures.As weneedto check
thatall markersarepresentandidentifiedbeforefitting, wedo it oneframeat a time.

For eachframeandfor eachmarker, oncethefitting is complete,thedistancebetweenmarker andjoint is stored.At the
endof thegym motionsequence,we have asmany suchdistancespermarker asthereareframes.Themedianvalueof
thesedistancesis animprovedapproximationof themarker-to-joint distanceandbecomesthefinal markermodel.

3.2 Capturing ComplexMotions

Theresultingskeleton-and-markermodelcannow beappliedto motionsthatweactuallywishto capture.Theprocedureis
verysimilarto theoneusedin theglobalfitting stepof theprevioussection.However, wearenow dealingwith potentially
complex motions.Consequently, eventhough2–Dand3–Dtrackingensuretheidentificationof alargenumberof markers
from oneframeto another, ambiguities,suddenaccelerationor occlusionswill oftencausebreaksin thetrackinglinks or
erroneousreconstructions.For this reason,it hasprovedto benecessaryto increaseour procedure’s robustnessby using
theskeletonto drive thereconstructionprocess,asdiscussedbelow.

Theuseris onceagainrequiredto identify themarkersin thefirst frame.However, hewill no longerbeassociating3–D
markersto joints,but directly to 3–Dmarkerslocatedon thebodymodelascomputedduringthecalibrationphase.

3.2.1 SkeletonBasedTracking In orderto improvetheresultsof stereomatching,weusetheskeletonfor applyinga
visibility andocclusiontestto eachpairof 2–Dmarkersusedto constructa3–Dmarker, thusverifying thevalidity of the
reconstruction.

Visibility Check A marker is expectedto be visible in a given view if it is seenmoreor lessfaceon asopposedto
edgeon, that is if the surfacenormalat the marker’s locationandthe line of sight form an acuteangle. Supposethat
we have reconstructeda certain3–D marker usingthe2–D pair (marker i1, view j1) and(marker i2, view j2); we check
that thesetwo markersi1 andi2 areindeedvisible in views j1 andj2 respectively. Still assumingthat displacementis
minimal from one frameto the next, we usethe skeleton’s posturein the previous frameandcalculatethe normalat
the 3–D marker’s locationwith respectto its underlyingbody part segment. We draw the line joining the 3–D marker
coordinatesto the position in spaceof the cameraandif the anglebetweenthe normalandthe line is acute,thenthe
marker is visible. If this testshows thatwehaveusedthewrong2–Dcoordinatesfor reconstruction,wemustselectother
candidate2–D coordinates:As discussedin Section3.1.1,each3–D marker is associatedto two setsof 2–D coordinates
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Figure4: Threedifferentframesfrom thekaratemotion(set30 framesapart),seenfrom variousviewpoints.

Figure5: Virtual actorperformingoneof therecoveredmotions.

determinedby stereocorrespondence,which we thenusefor reconstructingthe 3–D marker. To this 3–D marker, we
thenalsoassociatethe2–D coordinatesfrom theremainingcameraviews ontowhich the3–D coordinatesof themarker
projectedcorrectly. Giventhatthevisibility testhasdetectedanerroneous3–Dreconstruction,wechooseoneof the2–D
coordinatescomputedvia 3–D to 2–D projection,andcalculatenew 3–D coordinates.We thenperforma new visibility
test,andif this fails,we repeattheentireprocedure.

Occlusioncheck Oncea3–Dmarkerhaspassedthevisibility test,it needsto undergotheocclusioncheck:We wantto
ensurethat the3–D marker is not occludedfrom somecameraviews by anotherbodypart. 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
correspondingboneandtheradiusis theaveragejoint-to-markerdistanceof themarkersassociatedto this bodypart. In
thecaseof thesphere,thecenteris themid-pointof thesegment.For each3–D marker, a line is tracedfrom themarker
to the positionof the camera,andtestedfor intersectionwith all body part solids. In caseof intersectionwith a solid,
the marker is most likely occludedfrom this cameraview. Therefore,we concludethat we have usederroneous2–D
coordinatesfor reconstruction.As before,wechooseother2–D coordinatesandrepeattheprocess.

3.2.2 Mark er inventory Whenall themarkershavebeenreconstructedandtested,we canproceedwith trackingand
fitting. More specifically, for eachframe,we perform 3–D reconstruction,tracking from the previous frame into the
presentone, identificationof all markers,andfinally, fitting of the skeleton-and-marker model to the observations. In
orderfor thefitting to work correctly, all markersmustbepresentin every frame. To ensurethis, we carryout a marker
inventoryafter3–D reconstructionandbeforefitting. Saywe have just performed3–D reconstructionusingthe2–Ddata
of frame[f], andwe havethusobtaineda setof markers.We thenproceedwith thefollowing checks:

1. If thenumberof markersreconstructedusingtrinocularstereois smallerthantheactualnumberof markersworn by
theactor, we performbinocularreconstructionandaddthenewly calculatedcoordinatesto thealreadyexisting list
of markers.
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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 markersthatarestill anonymous.We find all the
skeleton’s joints that aremissingoneor moremarkers. Assumingthat displacementis minimal from oneframe
to another, we retrieve the coordinatesof thesejoints in the previous frame,andcalculatethe distancefrom these
joints to eachremainingunidentified3–D marker; the distanceclosestto the marker-to-joint distancespecifiedby
themarkermodelyieldsanassociationof the3–Dmarker to thatjoint.

4. If thedistancefrom marker to joint is largerthanthedistancespecifiedby themarkermodel,we ”bind” thecoordi-
natesof the3–D marker to thejoint: We changeits 3–D coordinatessothat themarker moveswithin anacceptable
distanceof thejoint. We however leaveall reliably reconstructed3–D markersuntouched.

5. In theworst-casescenario,theremaystill bejoints thataremissingmarkers.We retrieve thesemarkersin thethree
previousframe[f-3], [f-2] and[f-1], andcalculatetheacceleration;weapplythisaccelerationto thepositionin [f-1],
thusobtaininganestimatedpositionof themarker in thecurrentframe[f]. As before,wecalculatethedistancefrom
this inferredpositionto its associatedjoint. If it is out of range,we”bind” thecoordinates.

3.3 Fitting Results

Figure6: Percentageof markersidentifiedby simpletracking,for thekaratemotionof Figurefig:SkeletonResults.Without
skeleton-basedtracking,mostof themarequickly lost.

Figures4 and5 show the resultsobtainedfor a difficult karatemotion that involvescomplex movementsandsudden
accelerations.Using the skeletonhasenabledus to improve every stepof the process,from 3–D reconstruction,to
trackingandidentificationof themarkers.It is robustwith respectto noisydata:Out-of-boundandnon-identifiedmarkers
arerejectedandoccludedmarkersareproperlyhandled. The effectivenessof skeleton-basedtracking is illustratedby
Figure6: For thekaratemotionof Figure4, our systemdoesnot looseany marker whereas,if we wereto useonly the
simpletrackingdescribedabove,we wouldquickly loosemostof them.

4 VIDEO-B ASED MODELING

As videocamerasbecomeincreasinglyprevalent,for exampleasattachmentto mostcomputers,video-basedapproaches
becomeincreasinglyattractivemeansof deriving modelsof peoplesuchasclonesfor video-conferencingpurposes.Such
approachesalsoallow theexploitationof ordinarymoviesto reconstructthefacesandbodiesof actorsor famouspeople
that cannoteasilybe scannedusingactive techniques,for examplebecausethey areunavailableor long dead. In the
remainderof this section,wefirst discussourapproachto faceandthenbodymodeling.

4.1 FaceModeling

Givena setof potentiallyuncalibratedimagesor a videosequence,our goal is to fit theanimationmaskof Figure1(a).
Our challenge,here,is to solve thestructurefrom motionproblemin a casewhere
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Figure7: FaceReconstructionProcedure:(a) Flow chart. Themanuallyandsemi-automaticallyentereddataappearson the right.
Thelocationof 5 2-D pointsmustbesupplied,therestis optional.(b) Regularsamplingof thefaceusedto performbundle
adjustment.(c) Controltriangulationusedto deformtheface.

• Correspondencesarehardto establishandcanbeexpectedto beneitherprecisenor reliabledueto lackof texture.

• A Euclideanor Quasi-Euclidean(Beardsley etal., 1997)reconstructionis requiredfor realism.

• Themotionis far from beingoptimalfor mostof theauto-calibrationtechniquesthathave beendevelopedin recent
years(Sturm,1997,Zissermanet al., 1998).

To overcomethesedifficulties,we have developedanapproachbasedon bundle-adjustmentthat takesadvantageof our
rough knowledgeof the face’s shape,in the form of the genericfacemodel of Section2 to introduceregularization
constraints.Thishasallowedusto robustlyestimatetherelativeheadmotion.Theresultingimageregistrationis accurate
enoughto useasimplecorrelation-basedstereoalgorithmto derive3–Dinformationfrom thedataandto fit theanimation
modelto it.

Bundle-adjustmentis, of course,well establishedtechniquein thephotogrammetriccommunity(GruenandBeyer, 1992).
However, it is typically usedin a context, mappingor close-rangephotogrammetry, wherereliableandprecisecorre-
spondencescanbeestablished.In addition,becauseit involvesnonlinearoptimization,it requiresgoodinitialization for
properconvergence.Lately, it hasbeenincreasinglyusedin thecomputervision communityto refinetheoutputof auto-
calibrationtechniques.Thereagain,however, most resultshave beendemonstratedin man-madeenvironmentswhere
featurepointscanbe reliably extractedandmatchedacrossimages. Onecannotassumethat thoseresultscarry over
directly in thecaseof ill-texturedobjectssuchasfacesandlow qualitycorrespondences.

Successfulapproachesto automatingthe fitting processhave involved the useof optical flow (DeCarloandMetaxas,
1998) or appearancebasedtechniques(Kang, 1997) to overcomethe fact that faceshave little texture and that, as a
result,automaticallyandreliably establishingcorrespondencesis difficult. This lattertechniqueis closelyrelatedto ours
becauseheadshapeandcameramotion arerecoveredsimultaneously. However, the optical flow approachavoids the
“correspondenceproblem”at thecostof makingassumptionsaboutconstantilluminationof thefacethatmaybeviolated
as the headmoves. This tendsto limit the rangeof imagesthat canbe used,especiallyif the lighting is not diffuse.
More recently, anotherextremelyimpressive appearance-basedapproachthatusesa sophisticatedstatisticalheadmodel
hasbeenproposed(BlanzandVetter, 1999). This modelhasbeenlearnedfrom a largedatabaseof humanheadsandits
parameterscanbeadjustedso that it cansynthesizeimagesthatcloselyresemblethe input imageor images.While the
resultareoutstandingevenwhenonly oneimageis used,the recoveredshapecannotbeguaranteedto becorrectunless
morethanoneis used.Becausethemodelis Euclidean,initial cameraparametersmustbe suppliedwhendealingwith
uncalibratedimagery. Therefore,thetechniqueproposedherecouldbeusedto initialize theBlanz& Vettersystemin an
automatedfashion.In otherwords,if we hadhadtheir model,we couldhave usedit to developthetechniquedescribed
here.

Our proceduretakesthestepsdepictedby theflowchartof Figure7 anddescribedin moredetailbelow. Theonly manual
intervention that is mandatoryis supplyingthe approximate2–D location on one single imageof five featurepoints:
Cornersof theeyesandmouthandtip of thenose.
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4.1.1 Relative Motion Recovery First, we estimatetherelative motionof thefacewith respectto thecamera.Given
sequencesin which the subjectskeepa fairly neutralfacial expression,we treatthe headasa rigid object. We assume
that the intrinsic cameraparametersremainconstantthroughoutthe sequence.In theory, givenhigh precisionmatches,
bundle-adjustmentcanrecover both intrinsic parametersandcameramotion (GruenandBeyer, 1992). The sameholds
true for recentauto-calibrationtechniquesbut, typical sequencesof headimagesarecloseto exhibiting degeneratemo-
tions(Sturm,1997,Zissermanet al., 1998).Again,extremelyprecisematcheswouldberequired.

In practice,however, faceimagesexhibit little textureandwe mustbepreparedto dealwith thepotentiallypoorquality
of the point matches. Therefore,we have chosento roughly estimatethe intrinsic parametersand to concentrateon
computingtheextrinsiconesusingbundle-adjustment:We useanapproximatevaluefor thefocal lengthandassumethat
theprincipalpoint remainsin thecenterof theimage.By sodoing,we generate3–D modelsthataredeformedversions
of the real heads.Whenthe motion betweenthe cameraviewpointsis a puretranslation,this deformationis an affine
transform(LuongandViéville, 1996).In practice,thedeformationis still adequatelymodeledby anaffinetransformeven
if themotionis not a puretranslation(Fua,2000).Theclosertheapproximatevalueof thefocal lengthto its truevalue,
thecloserthataffine transformis to beinga simplerotation,translationandscaling.

Initialization A well known limitation of bundleadjustmentalgorithmsis the fact that, to ensureconvergence,one
must provide initial adequateinitialization. To fulfil this requirement,we begin by retriangulatingthe surfaceof the
genericfacemodelintroducedin Section2 to producetheregularmeshshown in Figure7(b). We will refer to it asthe
bundle-adjustmenttriangulation.

(a) (b)

Figure8: Inputvideosequence:For eachperson,3 of a sequenceof 9 consecutive images.

(a) (b) (c) (d) (e) (f) (g)

Figure9: Regularizedbundle-adjustment:(a) Thefive manuallysuppliedkeypointsusedto computetheorientationof thefirst cam-
era.(b) Theprojectionsof thebundle-adjustmenttriangulationverticesof Figure7(b) into thecentralimageof Figure8(a).
(c,d) Matchingpoint in the imagesimmediatelyfollowing andimmediatelyprecedingthecentralimageof Figure8(a) in
thesequence.(e,f) Shadedrepresentationof thebundle-adjustmenttriangulation.(g) Recoveredrelative camerapositions.

To initialize theprocessfor a videosequencesuchastheonesshown in Figure8, we manuallysupplytheapproximate
positionof thefivefeaturepointsdepictedby Figure9(a)in one,andonly one,referenceimage.Wecomputetheposition
andorientationof thereferencecamerathatbringsthefiveprojectionsof thecorrespondingkeypointsascloseaspossible
to thosepositions.Wethenestimatethepositionsandorientationsfor thetwo imagesoneithersideof thereferenceimage
asfollows.

Generic Bundle Adjustment As shown in Figure9(b), our initial orientationguaranteesthat the bundle-adjustment
triangulationvertices’ projectionsfall roughly on the face. We match theseprojectionsinto the other imagesusing
a simple correlation-basedalgorithm. Figure 9(c,d) depictsthe results. For eachof vertex (xi, yi, zi) of the bundle-
adjustmenttriangulationandeachprojection(uj

i ,vj
i ) of this vertex in imagej, we write two observationequations:

Prj
u(xi + dxi, yi + dyi, zi + dzi) = uj

i + εuj
i

(1)

Prj
v(xi + dxi, yi + dyi, zi + dzi) = vj

i + εvj
i
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wherePrj
u(x, y, z) andPrj

v(x, y, z) denotethe two imagecoordinatesof the projectionof point (x, y, z) in imagej
usingthecurrentestimateof thecameramodels;(dxi, dyi, dzi) representsthe3–D displacementof vertex i to conform
to theactualfaceshape;and,εuj

i
, εvj

i
aretheprojectionerrorsto beminimized. Thecamerapositionparameterscanbe

recoveredby minimizing the sumof the squaresof the εuj
i

andεvj
i
. with respectto the six externalparametersof each

cameraandthe (dxi, dyi, dzi) displacementvectors.Thesolutioncanonly be foundup to a global rotation,translation
andscaling. To remove this ambiguity, we fix thepositionof the first cameraandoneadditionalparametersuchasthe
distanceof onevertex in thetriangulation.

Robust Bundle Adjustment If the correspondenceswereperfect,the above procedurewould suffice. However, the
pointcorrespondencescanbeexpectedto benoisyandto includemismatches.To increasetheprocedure’srobustness,we
introducethetwo following techniques.

Iterati vereweightedleastsquares. Wefirst runthebundleadjustmentalgorithmwith all theobservationsof Equation1
having the sameweight. We thenrecomputetheseweightsso that they are inverselyproportionalto the final residual
errors.We minimizeourcriterionagainusingthesenew weightsanditeratethewholeprocessuntil theweightsstabilize.

Regularization. Wepreventexcessivedeformationof thebundle-adjustmenttriangulationby treatingthebundle-adjustment
triangulation’sfacetsasC0 finite elementsandaddingaquadraticregularizationtermto thesumof thesquaresof theεuj

i

andεvj
i

of Equation1.

For the imagetriplet formed by the central imageof the video sequenceof Figure 8(a) and the imagesimmediately
precedingandfollowing it, the procedureyields the bundle-adjustmenttriangulation’s shapedepictedby Figure9(e,f).
By repeatingthis computationoverall overlappingtripletsof imagesin thevideosequenceswe cancomputethecamera
positionsdepictedby Figure9(g).

4.1.2 Model Fitting Giventhecameramodelscomputedabove,wecannow recoveradditionalinformationaboutthe
surfaceby usingasimplecorrelation-basedalgorithm(Fua,1993)to computeadisparitymapfor eachpairof consecutive
imagesin the video sequencesandby turning eachvalid disparityvalueinto a 3–D point. Because,these3–D points
typically form an extremelynoisy and irregular samplingof the underlyingglobal 3–D surface,we begin by robustly
fitting surfacepatchesto theraw 3–Dpoints.Thisfirst stepeliminatessomeof theoutliersandgeneratesmeaningfullocal
surfaceinformationfor arbitrarysurfaceorientationandtopology(Fua,1997).

Our goal, then, is to deformthe genericmaskso that it conformsto the cloud of points, that is to treateachpatchas
an attractorand to minimize its distanceto the final mask. In our implementation,this is achieved by computingthe
orthogonaldistanceda

i of eachattractorto theclosestfacetasa functionof thex,y, andz coordinatesof its verticesand
minimizing theobjective function:

E =
∑

i

(da
i )2 . (2)

Control Triangulation In theorywe couldoptimizewith respectto thestatevectorP of all x, y, andz coordinatesof
thesurfacetriangulation.However, becausethe imagedatais very noisy, we would have to imposea very strongregu-
larizationconstraint.Instead,we introducecontrol triangulationssuchastheoneshown in Figure7(c). Theverticesof
thesurfacetriangulationare”attached”to thecontroltriangulationandtherangeof allowabledeformationsof thesurface
triangulationis definedin termsof weightedaveragesof displacementsof the verticesof the control triangulation(Fua
andMiccio, 1998).

Becausetheremaybegapsin theimagedata,it is necessaryto adda smallstiffnessterminto theoptimizationto ensure
thatthedisplacementsof thecontrolverticesareconsistentwith theirneighborswherethereis little or nodata.As before,
we treatthecontrol triangulation’s facetsasC0 finite elementsandadda quadraticstiffnesstermtheobjective function
of Equation2.

Becausethereis no guaranteethat the imagedatacoversequallybothsidesof thehead,we alsoadda small numberof
symmetryobservationsbetweencontrolverticeson bothsidesof the face.They serve thesamepurposeasthestiffness
term: Wherethereis no data,the shapeis derived by symmetry. An alternative would have beento usea completely
symmetricmodelwith half of thedegreesof freedomof theonewe use.We chosenot to do sobecause,in reality, faces
aresomewhatasymmetric.Becausethe control triangulationhasfewer verticesthat aremoreregularly spacedthanthe
surfacetriangulation,the least-squaresoptimizationhasbetterconvergenceproperties.Of course,the finer the control
triangulation,the lesssmoothingit provides. By usinga precomputedsetof increasinglyrefinedcontrol triangulations,
we implementa hierarchicalfitting schemethathasprovedvery usefulwhendealingwith noisydataWe recomputethe
facetclosestto eachattractorateachstageof ourhierarchicalfitting scheme,thatis eachtimeweintroduceanew control
triangulation.To discountoutliers,wealsorecomputetheweightassociatedwith eachattractorandtake it to beinversely
proportionalto theinitial distanceof thedatapoint to thesurfacetriangulation.



ISPRS,Vol. XXXIII, Amsterdam,2000

(a)

(b)

(c)

(d)

Figure10: Reconstructionandanimation.(a) For thesubjectof Figure8(a): Themanuallysupplied2–D featurespoints;two shaded
views of thecompleteheadmodel;thecylindrical texturemap;and,texturedmodel.(b) For thesubjectof Figure8(b), the
manuallysupplied2–D featurespoints;two shadedandtwo texturedviews of theheadmodel. (c) Man with a beard:two
texture-mappedviews of thecorrespondingheadmodel;andtwo syntheticexpressions,openingof themouthandclosing
of theeyes.(d) Man with a mustache:Oneshadedandthreetexture-mappedviews of thecorrespondinghead.

Shapeand Texture Figure 10 depictsthe output of our modelingprocedure. In all cases,the headmodelscanbe
animated. To ensurethat someof the key elementsof the face—cornersof the eyes,mouth andhairline—projectat
the right places,we have manuallysuppliedthe locationof the projectionin oneimageof a few featurepointssuchas
the onesshown in the first columnof Figure10: We addto the objective function of Equation2 a term that forcesthe
projectionof the genericmask’s correspondingverticesto be closeto them(FuaandMiccio, 1998). Note that the five
manuallysuppliedpointsusedto initialize thebundle-adjustmentprocedureof Section4.1.1form asubsetof thesefeature
points. To producethesefacemodels,themanualinterventionrequiredthereforereducesto supplyingthesefew points
by clicking on their approximatelocationsin onesingleimage,which canbedonequickly.

Becausestereotendsto fail in thehair regions,theshapeof thetop of theheadhasbeenrecoveredby semi-automatically
delineatingin eachimageof the video sequencethe boundarybetweenthe hair andthebackgroundandtreatingit asa
silhouettethatconstrainstheshape(FuaandMiccio, 1998).Giventhefinal headmodel,thealgorithmcreatesacylindrical
texturemap,suchastheoneshown in thetop row of Figure10.

For a quantitative evaluationof theseresults,we have acquired3–D modelsof the facesof both subjectsof Figure8
usinga Minoltatm scanner. Thetheoreticalprecisionof thelaseris approximately0.3millimetersandit canthereforebe
consideredasa reasonableapproximationof groundtruth. In practice,eventhe laserexhibits a few artifacts.However,
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sincethe two reconstructionmethodsare independent,placesof agreementarevery likely to be correctfor both. As
discussedin Section4.1.1,wemodelthedeformationinducedby ourarbitrarychoiceof internalcameraparametersasan
affine transform:Wehavethereforecomputedtheaffine transformthatbringsthebundle-adjustmenttriangulationclosest
to thelaser-scannermodel. In bothcases,themediandistancebetweentheaffine-transformedfacemodelsandthe laser
outputis approximately1 millimeter which, given the camerageometry, correspondsto a shift in disparityof lessthan
1/5 a pixel. Theprecisionof thecorrelationbasedalgorithmwe useis in theorderof half a pixel, outliersexcluded(Fua,
1993).We thereforeconcludethatour motionrecoveryalgorithmperformsaneffectiveandrobustaveragingof theinput
data.

4.2 Body Modeling

If the facecanbe assumedto be relatively rigid asa long asthe subjectdoesnot changehis expression,whendealing
with thebody, onemusttake into accountits articulatednature.Here,weusetwo or threevideosequencesacquiredusing
synchronizedcameras.Thebodymodelandtheimagedataareusedthroughoutthefitting process.

Recently, a numberof techniqueshave beenproposed(KakadiarisandMetaxas,1996,Gavrila andDavis, 1996,Lerasle
et al., 1996,Bregler andMalik, 1998)to track humanmotionsfrom video sequences.They arefairly effective but use
very simplifiedmodelsof thehumanbody, suchasellipsoidsor cylinders,thatdo not preciselymodelthehumanshape
andwouldnot besufficient for a truly realisticsimulation.By contrast,we usethefull bodymodelof Figure1.

Thealgorithmgoesthroughfour stepsthatwesummarizebelow. For amorecompletedescription,werefertheinterested
readerto our earlierpublications(D’Apuzzoet al., 1999,Plänkersetal., 1999).

Data Acquisition Cloudsof 3–D pointsarederivedfrom theinput imagesusingcorrelation-basedstereo(Fua,1993).
Alternatively, wecanuseleast-squaresmatchingto derive theseclouds(D’Apuzzoetal., 2000).Silhouetteedgesmaybe
delineatedin severalkey-framesor automaticallygeneratedfor thewholesequence.

Initialization: Wefirst initialize themodelinteractively in oneframeof thesequence.Theuserhasto entertheapprox-
imatepositionof somekey joints, like shoulders,elbows, hands,hips,kneesandfeet. Here,it wasdoneby clicking on
thesefeaturesin two imagesandtriangulatingthecorrespondingpoints.This initialization givesusa roughshape,i.e. a
scalingof theskeleton,andanapproximatepostureof themodel.

Tracking: At agiventimestepthetrackingprocessadjuststhemodel’sjoint anglesbyminimizinganobjectivefunction.
This modifiedpostureis savedfor thecurrentframeandservesasinitialization for thenext one. Thecomputingpower
of today’sPCsallows for interactivity. If, for somereason,thealgorithmlosestracktheusersimply pausestheprogram,
adjuststhepostureinteractively andhandsthecontrolbackto thealgorithmfor furtherprocessing.

Fitting: Theresultsfrom the trackingstepserveasinitialization for a fitting step.Its goalis to refinetheposturesin all
framesandto adjusttheskeletonand/ormetaballparametersto make themodelcorrespondmorecloselyto theperson.
Thefitting optimizesover all framessimultaneously, by minimizing the sameobjective functionasbefore. This allows
usto find a singlesetof parametersthatdescribea modelthat is consistentwith the imagesof thewholesequence.The
resultsarefurtherimprovedby introducinginter-frameconstraintssuchassmoothnessor limits on velocity/acceleration.

In practice,themodelandtheconstraintsit imposesareusedto overcometheinherentnoisinessof thedata.Werecover
bothmotionandbodyshapefrom stereovideosequences.Thecorrespondingparameterscanbeusedto recreaterealistic
3–D animations.

4.2.1 Least SquaresFramework Our systemmustdealwith heterogeneoussourcesof information—3–Ddataand
2–Doutlines—whosecontributionsmaynotbecommensurate.To this end,wehavedevelopedthefollowing framework.

In standardleast-squaresfashion,we usetheimagedatato write nobs observationequationsof theform

fi(S) = obsi − εi , 1 ≤ i ≤ nobs , (3)

whereS is thestatevectorthatdefinestheshapeandpositionof thebodymodelandεi is thedeviation from themodel.
We will thenminimize

vT Pv ⇒ Min , (4)

wherev is thevectorof residualsandP is a weightmatrix associatedwith theobservations.P is usuallyintroducedas
diagonal.

Our systemmustbe ableto dealwith observationscomingfrom differentsourcesthat may not be commensuratewith
eachother. Formally, wecanrewrite theobservationequationsof Equation3 as

f type
i (S) = obstype

i − εi , 1 ≤ i ≤ nobs , (5)
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with weightptype
i , wheretype is oneof thepossibletypesof observationswe use.In this paper, type canbeobjectspace

coordinatesor silhouetterays. However, otherinformationcuescaneasilybe integrated.The individual weightsof the
differenttypesof observationshaveto behomogenizedbeforeestimationaccordingto:

pk
i

pl
j

=

(
σl

j

)2(
σk

i

)2 , (6)

whereσl
j , σk

i are the a priori standarddeviations of the observationsobsi, obsj of type k, l. Applying least-squares
estimationimpliesthejoint minimum

nt∑
type=1

vtypePtypev
type ⇒ Min , (7)

with nt thenumberof observationtypes,which thenleadsto thewell-known normalequationswhich needto besolved
usingstandardtechniques.

In practice,however, it is very difficult to estimatethe standarddeviations of Eq. 6. We thereforeusethe following
heuristics,which hasproved to be very effective. To ensurethat the minimizationproceedssmoothlywe multiply the
weightptype

i of thentype individualobservationsof a giventypeby a globalcoefficientwtype computedasfollows:

Gtype =

√∑
1≤i≤nobs,j=type ptype

i ‖∇f j
i (S)‖2

ntype

wtype =
λtype

Gtype
(8)

whereλtype is a usersuppliedcoefficient between0 and1 that dictatesthe relative importanceof the variouskinds of
observations.This guaranteesthat, initially at least,themagnitudesof thegradienttermsfor thevarioustypeshave the
appropriaterelativevalues.

Sinceour overall problemis non-linear, the resultsareobtainedthroughan iterationprocess.We usea sparse-matrix
implementationof theLevenberg-Marquardt algorithm(Pressetal.,1986)thatcanhandlethelargenumberof parameters
andobservationswemustdealwith.

4.2.2 Skeleton Fitting and Motion Modeling The imagesof Figure11 show somebodywalking in front of a hori-
zontallyalignedstereocamerapair. Thebackgroundandlighting wereuncontrolled(standardofficeheadlights) andthe
camerapair wasabout5m from theperson.Thedistancebetweenthetwo cameraswas75cm.Theimagesareinterlaced
andtheprocessedhalf-framehasaneffective resolutionof 768 × 288. Thedisparitiesresultin about20003–D points,
including reconstructedpartsof the background.The top row of Figure11 shows threeframesout of 50 from this se-
quence.Theresultfrom theinitial trackingprocessis depictedby themiddlerow of theFigure. Thebottomrow shows
the outputof the subsequentfitting step. Here,the dimensionsof the skeletonandthe sizeof the metaballshave been
adjusted,resultingin slightly morerealisticpostures.

The sequenceof Figure 12 exhibits complex motionsof a naked upperbody, taken with a cameraset up in front of
thesubject.Threecamerasin anL configurationtook interlacedimagesat 20 frames/secwith aneffective resolutionof
432×288 perhalf-frame.Ourstereoalgorithm(Fua,1993)producedverydensepointcloudswith about40003–Dpoints
on thesurfaceof thesubject,evenwithout texturedclothes.To increasetheframerateand,thus,reducethedifferencein
posturebetweenframeswe usedbothhalvesof theinterlacedimagesandadjustedthecameracalibrationaccordingly.

Althoughthis motioninvolvessevereocclusions,thesystemfaithfully tracksthearmsandyieldsbothbodyposturesand
anadaptedskeleton.Thetechniqueof Section4.1wasusedto derive themodel’sheadfrom onevideo-sequence.

5 CONCLUSION

We have presenteda setof techniquethatallow usto fit complex facialandbodyanimationmodelsto potentiallynoisy
datawith minimalmanualintervention.Consequently, usingeitheropticalmotioncapturedataor video-sequences,these
modelscanbeinstantiatedrobustlyandquickly. Althoughthemodelswereprimarily designedfor animationratherthan
fitting purposes,wehavedesigneda framework thatallowsusto exploit themto resolveambiguitiesin theimagedata.
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(a)

Figure11: Frames0, 5 and10 of a walking sequence.Top row: Original sequence.Middle row: Trackingresultsusing
thesimplemodel,overlaidwith the3–D points’ projections.BottomRow: Final fitting resultsusingthedetailedmodel.

In future work, we intendto extendour approachto capturingfacial dynamicsin additionto body dynamics.We will
usethis motion capturedatato characterizeactionsand derive animationandbiometric modelsfor specificmotions,
suchasrunning,andspecificfacial expressions.Sucha capabilitywill improve our ability to visualize,analyze,edit
andsynthesizehumanmotion. This will have applicationsrangingfrom movie makingto sportsmedicineandathletic
training.

ACKNOWLEDGEMENTS

We wish to thankProf. DanielThalmann,Prof. NadiaMagnenatThalmann,andProf. PremKalra for having madetheir
animationmodelsavailableto us. We arealsoindebtedto Prof. Grün for sharingwith ushis insightsaboutleast-squares
technology.

Thework reportedherewasfundedin partby theSwissNationalScienceFoundationandin partunderEuropeanEsprit
projectMotion Capture(MOCA).



ISPRS,Vol. XXXIII, Amsterdam,2000

(a)

(b)

(c)

Figure12: Upperbody results. (a) Original sequence.(b, c) The final resultsafter onetrackingrun to roughly adjust
thepostureanda fitting run to refinetheskeletonandmetaballproportionsandtheposture.Thecenterrow (b) depictsa
discreetvisualizationof themetaballsandthebottomrow (c) shows thesmoothlyrenderedimplicit surface.
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