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Abstract

In recentyears, the convergenceof ComputerVision and ComputerGraphicshasput forth a new �eld of research that

focuseson the reconstructionof real-world scenesfrom videostreams.To make immersive3D videoreality, not only the

acquisitionbut also thereal-timehigh-qualityrenderingof a recordedscenefroman arbitrary novel viewpointneedsto be

possible.

In this paper, we describelatestadvancementsof our systemto reconstructand renderfree-viewpoint videosof human

actors. We apply a silhouette-basednon-intrusivemotion capture algorithm which employsa 3D humanbody modelto

estimatetheactor'sparametersof motionfrommulti-view videostreams.A renderer playsback theacquiredmotionsequence

in realt-imefromanarbitrary novelperspective. Realisticphysicalappearanceof themovingactor is obtainedbygenerating

time-varyingmulti-view texturesfromvideo.In thiswork it is shownthat themotioncapture sub-systemcanbeenhancedby

incorporating texture informationfromtheinput videostreamsinto thetracking process.3D motion�elds fromoptical �ow

are reconstructedthat are usedin combinationwith silhouettematching to estimateposeparameters. We demonstrate the

highvisualquality that is achievedwith theproposedapproach andvalidatetheenhancementscausedbythethemotion�eld

step.

Keywords: 3D Video,HumanMotion Capture,OpticalFlow, 3D Motion Field,SceneFlow
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1. Intr oduction

Recentdevelopmentsin mediatechnologyshow that thereis a strongintereston the part of the entertainmentindustry

to evolve the classic2D video into an immersive and interactive 3D medium. The ultimategoal is to createa feeling of

immersionby enablingthe viewer to choosean arbitraryviewpoint onto the scenein real-timeandwithout lossof visual

quality. The rangeof applicationsfor this technologywill be manifold andwill allow impressive effectssuchasvirtual

�yaroundsin sportsvideosor actor-dependentviewpoint selectionin interactivemovies.

Humanactorsarethecentralelementsof motionpicturescenesandthehumanvisualsystemis very sensitive to slightest

inaccuraciesin a human's motion and look. In consequence,the synthesisof realistic imagesof humansin motion is a

challengingproblemin ComputerGraphics. Two aspectsof this problemare the creationof naturalhumanmotion and

the accuraterenderingof a person's physical appearance.Combiningthe small scaledetailsof skin, muscle,and cloth

movementwith the largescalemotionsof the body into a realisticimagehasrequiredthedevelopmentof new techniques

which rely on the strengthsof both ComputerVision andComputerGraphics.Many conventionalmethodsfor estimating

motionparametersareintrusive,requiringopticalmarkersor complex mechanicalsetups,andthusrequireaseparationof the

generationof realisticmotionfrom thegenerationof realisticphysicalappearance.However, in the�eld of ComputerVision,

numeroustechniqueshave beendevelopedfor non-intrustive motion parameterestimation. Incorporatingsomeof these

techniquesinto ComputerGraphicsallows us to capturebodyappearanceandmotionat the sametime, vastly simplifying

theproblemof novel imagesynthesis.

We have developeda methodwhich non-intrusively estimatesmotionparametersusingsilhouetteinformation[5]. This

methodemploys theuseof a detailedgeometricbodymodelandfeaturesof latest-generationcommoditygraphicshardware

to estimateposeparameters.Theestimationis performedby optimizing theoverlapbetweenthemodelsilhouetteandthe

silhouettesobtainedfrom multi-view videodata.Dueto its compartmentalizednaturetheestimationalgorithmlendsitself to

aparallelimplementation.

Thereconstructedsceneis renderedat videoframerateandallows theviewer to changeist viewpoint freely andin real-

time. In therendererthebodymodelis texturedwith high-detailtime-varyingtexturesthatarecreatedfrom thevideodata

by meansof image-basedtechniques.

We have previously demonstratedtha a broad rangeof complex and rapid body motion is robustly capturedusing

silhouette-basedtechniques[5]. However, improvementsarepossiblein thoseportionsof thebodywith smallscaledetails

(suchasfeaturesof theface)whosevisualappearanceis deterioratedeventhroughsmallposeinaccuries.To bemaximally
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effective,we furtherdevelopedour original silhouette-basedtrackingalgorithminto a hybrid approachthatmakesuseof all

availableinformation.Weproposeto usetextureinformationto augmentthesilhouette-�ttingprocess.

Optical �o w is a computervision techniquethatemploys texture informationto computea 2D motion�eld in theimage

plane. Making useof optical �o w calculationsfrom multiple input views andana-priori bodymodel,it becomespossible

to constructa 3D motion �eld which estimatesbody motion. We presenta methodfor extractinghierarchialrigid body

transformationsfrom thesemotion �elds andshow that it is bestusedin conjunctionwith, andnot in placeof, silhouette-

basedtracking.

We demonstratethat this new hybrid methodimprovesmotion parameterestimationandconsequentlyhasa signi�cant

impacton thequalityof generatedfree-viewpoint videosequences.

This article proceedswith an overview of relatedwork in Section2, which is followed by a generaloverview of our

free-viewpoint videosystemin Section3. Themain functionalcomponentsandalgorithmicingredientsareoutlinedin the

sectionsthereafter, beginningwith theacquisitionsetupfor multi-view videostreamsin Section4. Theadaptablebodymodel

andmulti-view texturegenerationarepresentedin Section5 andSection7 respectively, andthesilhouette�tting stepin our

motioncapturealgorithmis brie�y describedin Section6. Thetheoreticalfoundationsof optical�o w andthereconstruction

of 3D motion�elds from 2D �o wsarepresentedin Section8. Thenutsandboltsof how to computedifferentialposeupdate

parametersfrom 3D �o w �elds areexplainedin Section9. Graphicalresultsanda validationof visual improvementsby the

motion�eld steparepresentedin Section10,andthepaperconludeswith anoutlookto our futureplansin Section11.

2. RelatedWork

In the scienti�c literaturethe problemsof capturinghumanmotion from video dataandthe realistic renderingof that

motion from novel viewpointshave rarely beentackledin conjunction. In ComputerVision, non-intrusive optical human

motioncapturehasalwaysbeenanactive �eld of research(see[9, 22] for comprehensivereviews). Somemethodswork ona

single2D imageandapply, for example,framedifferencing [16] or imageskeletonization[12] to �t simplebodymodelsto

humanmotion. 3D humanmotioncaptureapproachestypically employ anexplicit humanbodymodelconsistingof a joint

structureandsomeform of surfacerepresentation.Simpleshapeprimitives,suchascylinders[13, 26] or superquadrics[10],

arecommonlyusedto representlimbs. Thebodymodelsare�tted to themotionby aligning their projectionwith features

in the imageplane,suchasimagediscontinuities.Theapplicationof silhouetteimagesfor humanmotioncapturehasalso

beenconsidered.In [7] a force�eld exertedby multiple imagesilhouettesalignsa 3D bodymodel. In [24] a combination
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of stereoandsilhouette�tting is usedto �t a humanbody model,andin [5] a silhouette-basedmotion estimationmethod

is describedthatexploits graphicshardwareto maximizemodelandsilhouetteoverlap. Recently, theapplicationof recon-

structedvolumetricmodels(visualhulls) from silhouettesof a moving personfor motioncapturehasalsobeenconsidered.

Ellipsoidalbodymodels[6] , kinematicskeletons[20], or skeletonmodelswith attachedvolumesamples[31] are�tted to

thevolumedata.

Theintentto lay thefoundationsfor thenext generationof electronicvisualmediahasbroughttogetherresearchersfrom

Vision and Graphicsin the �eld of 3D video. In 3D video, dynamicmodelsof scenesthat were recordedfrom several

cameraperspectivesarereconstructedandrenderedfrom novel viewpoints.Examplesof methodsthatwereusedto approach

that problemare shape-fromsilhouette-like approaches,suchas visual hull [21, 37], stereo-basedapproaches[23] or a

combinationof both [27]. Ray-spacemethodsfrom image-basedrenderingthatapproximatetheplenopticfunction [1] in

a scene,suchasthe light�eld [18] or the lumigraph[11], canalsobe consideredto be part of the sameeffort. However,

their immensememoryrequirementsandthenecessarysamplingdensitymake necessarylargecameraarraysandhugedata

storagesystems,in orderto recorddynamicscenes[36].

Noneof thepreviously mentionedapproachesexplicitly usesoptical �o w or incorporates3D velocity �elds into motion

parameterestimationor scenereconstruction.Theoptical�o w is theobserved2D motion�eld in theimageplaneof a cam-

eraresultingfrom theprojectionof the3D velocity �eld of therecordedmoving scene(see[2] for a comparisonof optical

�o w algorithms).Theapplicationof 2D optical �o w hasbeeninvestigatedin model-basedvideocodingfor deriving facial

animationparametersof agenericheadmodel[8] or for recoveringmotionparametersof abodymodelin a teleconferencing

scenario[17]. Usingoptical�o w in oneor morecameraviews for full bodyhumanmotionestimationis presentedin [4]. In

theirwork, theauthorsuseatwist parameterizationfor rigid bodytransformationsto solvefor thebodyposeparametersfrom

2D informationdirectly by solvinga linearsystem.Thealgorithmcomputesposeupdatesandperformsimagewarpingin

aniterative procedure.Noneof thesemethodsexplicitly reconstructa 3D motion�eld. In [34], analgorithmfor computing

sucha 3D motion �eld from optical �o ws in multiple cameraviews is presented.It hasbeenusedto improve voxel-based

scenereconstruction[35] andto computemodelsof intermediatetime stepsin a sequenceof shape-from-silhouetterepre-

sentations[33]. Unfortunately, the methodsemploying optical �o w exhibit robustnessproblemsif the typical optical �o w

assumptions,suchasbrightnessconstancy overtimeandsmoothnessin aspatialneighborhood,arenotful�lled. Thishappens

veryeasilyif themotionin thesceneis very rapidandeffectssuchasself-shadowing comeinto play.

In ourwork wecombinetechniquesthatwerepreviously investigatedseparatelyinto asingleframework. Wedemonstrate

thatthecombinationof asilhouette-basedhumanmotioncatpurealgorithmandmulti-view texturegenerationformsapower-
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ful tool for acquisitionandrealisicrenderingof 3D videosof humanactors[5]. Furthermore,wedescribeamethodthatuses

a 3D motion �eld reconstructedfrom optical �o w to updateposeparameterscomputedvia a silhouette-basedmodel�tting

procedure[29]. By this means,wecombinethestrengthsof silhouette-based�tting for robustacquisitionof a largerangeof

motionswith thatof motionestimationfrom textureinformationfor robustcomputationof small-scaleposecorrections.Us-

ing textureinformation,poseupdatescanberecoveredon a smallscale.For thesesmallcorrections,a linearapproximation

of themotionof thebodypartsis valid, henceiterationtowardsasolutionis notnecessary.

3. The Big Picture

In Fig.1,anoverview of theproposedfree-viewpointvideosystemis shown. It is functionallyseparatedinto anof�ine and

anonlinecomponent,theformeronecomprisingtheacquisitionandmotioncapturesub-systems,thelatteroneconsistingof

thereal-timefree-viewpoint renderer.

The systemtakessynchronizedmulti-view video streamsas inputsandcomputesthe silhouetteof the persronin each

frameof video via backgroundsubtraction.In an initialization step,the employed body model is adaptedto the physical

shapeof therecordedperson.At everytimestep,thesystemcomputesmulti-view texturesfor thebodymodelfrom thevideo

imagesusingimage-basedtechniques(Sect.7). After initialization, the motion capturealgorithmiteratively estimatesthe

bodyposeparametersfor eachtime stepof video. Thedescribedmotioncapturealgorithmimplementsa two-steppredictor

correctorscheme.Consideringanarbitrarytime stept + 1, themotioncapturealgorithmworksasfollows. Startingwith a

bodyposerecoveredfor time stept, Pt , thesystem�rst computesanestimateof theposeparametersat time t + 1, P 0
sil ;t +1 ,

by optimizing the overlapbetweenthe projectedmodelandthe silhouetteimagesin all cameraviews. In a secondstep,

estimateP 0
sil ;t +1 is augmentedby computinga 3D corrective motion �eld from optical �o ws. Themodelstandingin pose

P0
sil ;t +1 andtexturedwith thevideoimagesfrom time t is renderedinto all cameraviews. Theimagesof theback-projected

modelform a predictionof theperson's apperanceat t + 1. Theoptical �o ws arecomputedfor eachpair of back-projected

modelview andcorrespondingsegmentedvideoframeat time t + 1.

Thereconstructedmotion �eld providesanestimateof wherethe limbs of thebodymodelneedto bemoved in orderto

optimally conformwith theacquiredimagedata.Fromthemotion�eld we computea least-squaresdifferentialposeupdate

, Pdif f ;t +1 , i.e. a setof poseparametersthatareaddedto P 0
sil ;t +1 to form the�nal poseestimatePt +1 for time t + 1. The

�nal poseparameterestimateservesasastartingpoint in thenext iteration.

Oncethe poseparametersfor all time stepsareobtained,they aresaved into a 3D video �le that is playedbackfrom
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arbitraryperspectives in real-time. The renderershows the the body model in the sequenceof recoveredbody posesand

createsa realisticsurfaceapearanceby generatingmulti-view texturesfrom video.

Figure 1. Overview of the functional units of the proposed free­vie wpoint video system. The system
consists of an online (light gray backgr ound) and an of�ine component (darker gray). The elements
of the motion capture sub­system are sho wn in the rounded box.

4. Multi-view VideoAcquisition

Thevideosequencesusedasinputsto our systemarerecordedin our multi-view videostudio[30]. IEEE1394cameras

areplacedin a convergentsetuparoundthecenterof thescene.Thevideosequencesusedfor this paperarerecordedfrom

8 staticviewing positionsarrangedat approximatelyequalanglesanddistancesaroundthecenterof theroom. Thecameras

aresynchronizedvia an external trigger andall the video dataaredirectly streamedto the harddivesof four control PCs,

eachof which is connectedto two cameras.Videoframesarerecordedat a resolutionof 320x240at 15 fps. Theframerate

is fundamentallylimited to 15 fps by the externaltrigger. Using Tsai's algorithm[32] the cameras'intrinsic andextrinsic

parametersaredetermined,calibratingevery camerainto a commonglobalcoordinatesystem.The lighting conditionsare

controlledandtheall camerasarecolor-calibrated.

In eachvideoframe,thepersonin theforegroundis cutoutvia backgroundsubtraction.Thealgorithmusedemploysper-
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Figure 2. XOR of model and image silhouette (l), bod y model with underl ying kinematic skeleton in
reco vered bod y pose (m), textured bod y model (r).

pixel color-statisticsto generatesilhouettes[6]. Shadow regionsthatmight leadto anincorrectclassi�cationof background

pixelsasforegroundareeliminatedvia anadditionalangularthresholdonpixel huevalues.

5. Adaptable Body Model

Thebodymodelusedthroughoutthesystemis agenericmodelconsistingof ahierarchicarrangementof 16bodysegments

(head,upperarm, torso etc.), eachof which is representedby a closedtriangle mesh(seeFig. 2). In total, the surface

geometryconsistsof 21422triangles.Themodel's kinematicsarede�ned via anunderlyingskeletonconsistingof 17 joints

connectingbonesegments.Rigid transformationsat eachof thesejoint locationsde�ne a speci�c bodyposefor themodel.

Thesetransformationsareconstrainedto imitatetheactualmotionsof thebody. Shoulderandhip jointsarerepresentedby 3

degree-of-freedom(DOF)ball jointsandelbow andkneejointsarerepresentedby 1-DOFhingejoints. In total,35parameters

areneedto completelyde�ne abodypose.Assumingtheactorstandsin aspeci�c initializationpose,thegenericbodymodel

shapeis conformedto thatof thepersonthrougha silhouette-based�tting process.Shape-adaptationof thebodymodelis

achievedby adjustingbodyposeparametersandadditionalscalingparametersin aniterative procedurethatconvergeswhen

anoptimalconformanceof themodelshapeandthesilhouetteimagesis reached[5]. Fromthis point on, bonelengthsand

segmentgeometryare�x edandmotionparameterestimationis performedusingacombinationof silhouetteandmotion�eld

information.

6. Silhouette-basedModel Fitting

Foreachnew timestepof videot+ 1 themotioncapturesub-systembeginswith thecomputationof asetof poseparameters

P0
sil ;t +1 thatmaximizestheoverlapbetweentheprojectedmodelandtheinputsilhouettes.Theseposeparametersarefound
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by meansof a hierarchicalnon-linearoptimizationprocedurewhich is initialized with the poseparametersPt that were

foundin theprecedingtime step.Theerror functionthatdrivesmotioncaptureis theper-pixel XOR betweentheprojected

modelsilhouettesandinputsilhouettesin eachcameraview (Fig. 2). It canbeef�ciently computedusingfeaturesof current

consumergraphicshardware.Theposeparametersarefoundby solvinga sequenceof smallerscaleoptimizationproblems.

Following theskeletonhierarchy, theposeparametersof themodel's root joint, locatedin thetorsosegment,arefound�rst.

Thereafter, theposesof arms,legsandheadarederivedand�nally theposesof thefeetandhandsarecomputed.Themethod

is describedin detail in [5].

Recentresultsshow that thesilhouette�tting algorithmcanbesigni�cantly spedup by implementingit asa distributed

client-server system[28]. In this parallelimplementation,four client PCsandoneserver PCareused.Theindependenceof

posesof bodypartson thesamelevel of theskeletonhierarchy, suchasthearms,thelegsandthehead,canbeexploitedin

theparallelimplementation.Insteadof computingtheposeparametersof eacharm,eachleg andtheheadsequentiallyon

a singlemachine,their posescanbefoundon � ve differentmachinesin parallel. Thesamegoesfor thehandsandthefeet.

Following the skeletonhierarchy top to down, the server startsby �nding the root parameters.On the next two hierarchy

levels thework is distributedamongthe � ve GPUSandCPUs.A furtherspeedupin theXOR evaluationis gainedby only

consideringsub-regionsof theimageplaneandby excludingunchangingmodelpartsfrom rendering.Thesilhouette-based

model�tting is relevantto thiswork in thatit is usedasrobustpredictionschemefor poseparameters.

7. Multi-view TextureGeneration

With any body pose,it becomespossibleto generatea texturedbody modelby projectingthe input cameraviews onto

the body modelsurfaceusingprogrammablegraphicshardware. The degreeto which a speci�c input view is visible at a

given surfacelocationis variable. Per-vertex blendingweightsarecomputedbasedon visibilty andthe angulardifference

betweenthevertex normalandtheinputview vector. Ref. [5] addressestexturegenerationfor thepurposeof novel viewpoint

generation.We make useof texturegenerationfor both renderingandmotionparameterestimation.This requiresa slight

modi�cation. Whenrenderingthe texturedmodelfor motion �eld computation,the texturecoordinatesgeneratedfrom the

previoustimestepareused.

8. Fundamentalsof Optical Flow and its 3D Equivalent

Thissectionsbrie�y reviews themathematicalpreliminariesof optical�o w andthereconstructionof 3D motion�elds.
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8.1.2D Optical Flow

Theoptical�o w is theprojectionof the3D velocity�eld of amoving sceneinto the2D imageplaneof arecordingcamera.

Thedeterminationof the2D optical�o w from spatio-temporalintensityvariationsin imageshasbeenanissuein Computer

Vision for many years[2].

A numberof simplifying assumptionsaretypically madeto computethe optical �o w from the pixel intensitiesof two

subsequentimages. First, it is assumedthat the changein imageintensity is due to translationin the imageplaneonly

(intensityconstancy constraint)

I (x; t) = I (x � ot; 0) ; (1)

whereo = (p; q)T is theoptical�o w at imagepointx, I beingtheimageintensityatx at time t. FromtheTaylorexpansion

of Eq. ( 1), theoptical �ow constraint equationis derived

r I (x; t) � o + I t (x; t) = 0 ; (2)

whereI t (x; t) is thetemporalderivative. This is anequationwith two unknownswhich cannotbesolvedat a singleimage

planelocation without additionalassumptions.Henceit is commonpracticeto make additionalassumptionsabout the

smoothnessof optical�o w in a local spatialneighborhoodto make theproblemtractable.

In theoptical�o w approachby LucasandKanade[19], aweightedleast-squares�t to thelocal �rst-order constraints(Eq.

( 2)) is computedby minimizing thefunctional

X

x 2 W

W 2(x)[r I (x; t) � o + I t (x; t)]2 ; (3)

whereW (x) de�nines a Gaussianneighborhoodaroundthe currentpositionx in the imageplane. We decidedto usethis

techniqueaspartof oursystemtoo.

8.2.3D Motion Fields

The optical �o w observed in a camerais only a 2D-projectionof the real world 3D motion �eld. The goal of motion

captureis therecovery of theparametersof three-dimensionalmotion. A reconstructed3D motion �eld from optical �o ws

in multiple cameraviews canbeusedto computetheseparameters.Thereconstructionof the3D motion�eld, alsoknow as
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Figure 3. 3D motion (scene �o w) of a surface point and the corresponding obser ved optical �o ws in
two camera views.

thescene�ow , from the2D optical�o ws is possibleusinga techniquedescribedin Ref. [34].

If correspondencesin the imageplaneareknown, i.e. it is known to which locations3D pointsprojectin eachcamera

view, thescene�o w canbe reconstructedby solvinga linearsystemof equations.In our system,thecorrespondencesare

known for eachvertex becausewe have an explicit body modelandsince,during calibration,the projectionmatricesP i

for eachrecordingcamerai weredetermined.Theprojectionmatricesdescribetherelationshipbetweena 3D positionof a

vertex andits projectioninto theimageplaneof thecamera,u i = (ui ; vi )T .

Thedifferentialrelationshipbetweenthevertex x with coordinates(x; y; z)T andu i is describedby the2 � 3 Jacobian

matrix J i = @u i
@x i

:

du i

dt
= J i

dx
dt

: (4)

In otherwords,theJacobiandescribestherelationshipbetweena smallchangein 3D positionof a vertex, andthechangeof

its projectedimagein camerai . Theterm du i
dt is theoptical�o w observedin camerai , dx

dt is thecorrespondingscene�o w of

thevertex (Fig. 3). Having amathematicalcameramodel,theJacobiancanbecomputedanalytically(see[34]).

If avertex is visible from at leasttwo cameraviews,anequationsystemof theform B dx
dt = U canbeformulatedto solve

for thescene�o w of thisvertex giventheoptical�o ws in all cameraviews,where

B =

2
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andN is the numberof cameraviews. A least-squaressolution to this equationsystemcanbe found via singularvalue

decomposition(SVD) [25].

9. Body PoseUpdateusing3D Motion Fields

Optical �o w operatesunderthe assumptionthat the projectionof the underlyingmotion is purely translational.This is

simply not a reasonableapproximationfor fastor complex motion. We concedethat a purely motion-�eld basedtracking

systemis suitablefor aslow moving subjectonly. However, by combiningoptical�o w andsilhouetteinformation,it becomes

possibleto bypasssomeof thelimitationsof optical �o w andcapturecomplex, fastmotionsof thebody. Whereasa motion

�eld describesthemotionof a scenebetweentwo time instants,our correctivemotion�eld describesthemotionbetweenan

intermediarytexturedmodelgeneratedfrom silhouettebasedtrackingandatimeinstant.Thesemotionsaresmalltranslations

androtationsproperlyaligningtextureinformationandconsequentiallysuitablefor approximationby a linearmodel.

We applythepreviously describedscene�o w reconstructionalgorithmto computea corrective motion�eld at eachtime

step. Let I j ;t be the j -th input cameraview at time t, andPt be themodelposeat time t. Thealgorithmthenproceedsas

follows:

� With Pt asthestartingpoint,usesilhouette�tting to computeP 0
sil ;t +1 , anestimatedposefor time t + 1.

� GenerateI 0
j ;t +1 by renderingmodelfrom cameraj in poseP 0

sil ;t +1 with texturesfrom time t.

� Computation of corrective motion �eld D : For eachmodelvertex

– Determinetheprojectionof thevertex into eachcameraimageplane.

– Determinevertex visibility in all camerasby comparingtheprojectedz-coordinateto theOpenGLz-buffer value.

– If avertex is visible from cameraj , computetheoptical�o w betweenimagesI 0
j ;t +1 andI j ;t +1 .

– If a vertex is visible in at leastthreecameraviews (morerobust reconstructionthanwith minimum numberof

two views),computea leastsquaressolutionto anequationsystemof theform asin Eq. ( 5) by applyinga SVD

asdescribedin Sect. 8.2.

� UpdateP 0
sil ;t +1 to conformwith motion�eld to yield Pt +1 .

Thecomputedcorrective3D motion�eld D describesvertex positionupdatesthatcorrectslight inaccuraciesin theresult

of the silhouettestep. Fig. 6 shows an exampleof a corrective �o w �eld andthe correspondingupdatedbody pose. The

remainderof thesectiondescribesthederivationof thedifferentialposeupdatesfrom P 0
sil ;t +1 to Pt +1 usingD.
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Figure 4. Bod y model with separated hierar chy levels.

9.1 Differ ential PoseUpdate

Thecorrectivemotion�eld D canbeusedto computedifferentialposeparameterupdatesfor eachlimb of thebodymodel.

For theroot which is locatedin thetorsosegment,threedifferentialrotationandthreedifferentialtranslationparametersare

computed.All thejointsapartfrom therootarepurelyrotational.This includes3-DOFrotationsfor theshoulders,hips,and

neck,anda1-DOFrotationfor theelbows andknees.Thewrist andanklejointsarecurrentlynot considered.

By addingeachvectorin D to thecurrent3D positionof its correspondingvertex, asetof goalpositionsis de�nedfor each

modelvertex. Thegoal is to �nd thesetof differentialjoint parametersof thebodymodelthatbestalignstheverticeswith

thesepositions.Theideais to computethedifferentialposeparameterupdatesfor every joint only from thegoalpositionsof

theverticesof theattachedbodysegment,e.g.usingtheupperarmgoalpositionsto �nd theshoulderparameters.

Both our arti�cial bodymodelandtherealhumanbodyarehierarchicalkinematicchains.This implies that transforma-

tionsof joints lower in thehierarchy involve all transformationof precedingjoints too. Taking this into account,we solve

for thedifferentialmodelparametersfor onehierarchy level of themodelat a time, proceedingfrom top to bottom(level 1

beingthehighestlevel, seeFig. 4). After theposeupdatesfor a higherlevel arefound, themodelparameterson this level

areupdated,leaving all lower levelsunchanged.Thealgorithmproceedsto thenext lower level. Throughthis methodit is

assuredthatthecomputeddifferentialupdatecorrespondsonly to a joint transformationon this level.

9.1.1 Registration Method for PoseUpdate

Findingaposeupdatefor ajoint correspondsto �nding acoordinatesystemtransformationbetweentwo pointsets,aproblem

know astheabsoluteorientationproblemin photogrammetry[14]. For eachjoint, onepoint setconsistsof thecurrent3D
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Figure 5. The pictures from left to right sho w the original model pose with 3D motion �eld (little
arrows), the model after correction on the �r st hierar chy level, the second and then the thir d level.
The lengths of the motion �eld vector s are exaggerated.

vertex positionsof theattachedbodysegment.Thesecondpoint setde�nesthegoallocationsfor eachvertex in 3D space.

In [15], Horndescribesaclosedform solutionto theabsoluteorientationproblem,henceforthreferredto astheregistration

method.In his work, Horn usesquaternionsto parameterizerotations.All transformationsarecomputedwith respectto the

centersof gravity of bothpoint sets.Let x1;i andx2;i , i = f 1; : : : ; N g becorrespondingpointsfrom two point sets,thenthe

solutionto theabsoluteorientationproblemin theleast-squaressensearetherotationR andtranslationc thatminimizethe

errorfunction
NX

i

k x2;i � Rx1;i � c k2 : (6)

It is shown in [15] that the optimal translationc is de�ned by the differencebetweenthe centroidof set2 andthe rotated

centroidof set1. To �nd the optimal rotation,the coordinatesof the pointsin both point setsarede�ned relative to their

centerof gravity, respectively. It canbeshown thattheoptimalrotationin thesenseof Eq. ( 6) canbefoundby maximizing

NX

i

x2;i � Rx1;i : (7)

Themaximalsolutionto the Eq. ( 7) canef�ciently be computedin closed-formusinga quaternionparameterizationq of

therotation.A quaternioncanberegardedasa complex numberwith onerealcomponentandthreeimaginarycomponents,

q = q0 + qx i x + qy i y + qz i z , and can be representedby a 4-componentvector. Rotationscan be representedby unit

quaternions.A detaileddescriptionof quaternionsis beyondthescopeof this paper, hencewe refer thereaderto thepaper

by Horn [15].
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Usingquaternions,thesum(7) canbetransformedinto theform

qT N q : (8)

Thematrix N containsentriesthatarepurelymadeup of productsof coordinatesof correspondingpointsin the two point

setsthatneedto beregistered(seeAppendix).Therotationq thatmaximizesthis sumis theeigenvectorthatcorrespondsto

thelargesteigenvalueof thesymmetric4x4-matrixN . Thesolutionq is aunit vectorin thesamedirectionastheeigenvector.

We apply the registrationmethodto computedifferentialposeupdatesasfollows. Theadjustmentstartsat hierarchy level

1 with the root of themodel. To �nd thecorrective modelupdateof the root joint, a differentialrotationandtranslationis

computedusingthe torsosegmentstartanddestinationpositionscomputedfrom D. The rotationcomponentis computed

by applyingthepreviously describedregistrationmethod.Thecorrective translationis simply theoptimal translationof the

registrationmethodtransformedinto theglobalcoordinatesystem.

On thesecondlevel of thehierarchy, only differentialrotationparametersfor 3-DOFshoulder, hip, andheadjoints need

to be computed.The rotationsareto be performedaroundthe centerof eachjoint, not aroundthe centerof gravity of the

vertex positions.However, it is valid to simply usethestartandgoalvertex coordinates,x1;i andx2;i , de�ned with respect

to the local joint coordinatesysteminsteadof relative to thecentersof gravity. Thesamealgorithmfor �nding theoptimal

rotationstill appliesthat is partof theregistrationmethod.Theleast-squaresrotationfor thejoint is foundastherotationR

thatminimizes
NX

i

k x2;i � Rx1;i k2 : (9)

Thisenergy termcanbeexpandedinto

NX

i =1

k x2;i k2 � 2
NX

i =1

x2;i � Rx1;i +
NX

i =1

k x1;i k2 ; (10)

which is minimizedby maximizingthemiddlesum.This sumcanbemaximizedby thesamequaternion-basedeigenvector

decompositionmethodaspreviouslydescribed.

On hierarchy level 3, therearefour 1-DOFjoints (theelbows andtheknees).Thebodymodelis designedin sucha way

that therotationaxisfor eachof thesejoints coincideswith thex-axisof thelocal coordinatesystem.Theoptimalrotations

arefoundusingthesameprocedureason hierarchy level 2. The1-DOFconstraintis incorporatedby simply projectingthe
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startandgoalvertex positionsinto thelocal yz-planes.

In Fig. 5 thedifferentstepsof theposeparameterupdatecomputationareillustratedusinganexaggerated�o w �eld for

bettervisualization.

10.Resultsand Validation

The performanceof our systemwas testedon two multi-view video sequencesthat were recordedwith 8 camerasat

a resolutionof 320x240pixels. The sequencesshow simplegesturesthat exhibit a large amountof headmotion which is

dif�cult to accuratelyrecoverfrom thesilhouettesteponly. All testmachinesusedfeature1.8GHzPentiumTM IV XeonCPUs

with 512MB of mainmemory. All machinesareequippedwith Nvidia GeForce3TMGPUs.For thedifferentsub-components

of themotioncapturealgorithm,weobtainedthefollowing timing results:

For bothsequences,thesilhouette�tting takesbetween3 and5sfor eachtime stepif theimplementationon a singlePC

is used.If theparallelimplementationwith � ve PCsis applied,silhouette�tting timessigni�cantly below onesecondfor a

singletimestepareachieved.

The most time consumingstepin the motion �eld reconstructionis the computationof the optical �o ws in all camera

views. TheLucasKanadeoptical �o w algorithmtakeson average45sfor theprocessingof onesetof 8 input views if four

levels of an imagepyramid anda 20x20Gaussianwindow areused. Thesenumbersapply if the algorithmis con�gured

to computescene�o w vectorsfor eachmodelvertex, andthus8 optical �o w vectorsarecomputedfor eachvertex. The

runtime of the optical �o w computationstrongly dependson the chosenparameters.Speed-upsare gainedby reducing

the numberof imagepyramid levels andthe sizeof the Gaussianneighborhood.For only onelevel in the pyramid anda

10x10-neighborhood,theoptical�o ws in 8 cameraviews canbecomputedin 8s.
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Table 1. Diff erences in PSNR measurements between free­vie wpoint videos that were reconstructed
with and without motion �eld step.

Differencein Avg. Max. Difference

sequence1 0.33dB 0.81dB

sequence2 0.35dB 0.93dB
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A furtheraccelerationis achievedby computingthescene�o wsonly for asubsetof themodelvertices.However, sinceour

focuslies on producingthemaximalpossiblevisualquality we run thescene�o w computationat thehighestlevel of detail.

Our systemis �e xible enoughto incorporateany otheroptical �o w method. The reconstructionof the three-dimensional

motion�eld from the2D optical�o ws, takesonaverage0.34sfor eachtimestep.

The resultsobtainedwith both sequencesshow that the motion �eld updatestepcannoticeablyimprove the quality of

the reconstructedmotion andthusalsothe reconstructed3D video. Two pairsof imagesin Fig. 6 show the texturedand

untexturedbodymodelsideby side.Theleft pairshowstheresultthatis obtainedwith puresilhouette-basedmotioncapture,

theright pairshowstheresultwith theenhancedalgorithm.It is veryobviousthattheimprovedvisualqualityof thetextured

model,notablyin theface,is causedby themoreaccuratebodypose.

In Fig. 6 somemorescreen-shotsof 3D videosthatweregeneratedwith andwithoutmotion�eld correctionaredepicted.

As expectedthemostobviousimprovementsarevisible in thefaceandon thetorso.Thesilhouettestepoftencannotexactly

recover theheadorientation.Theadditionaluseof thetextureinformationcancorrectfor suchsmallerrors.Slight changes

in torsoorientationarealsodiscoveredmorerobustly if themotion�eld correctionstepis applied.

In orderto validatethe visual improvementscausedby the motion �eld stepwe employ a quality measurewidely used

in researchon video encoding. For eachtime stepof video we computethe peaksignal-to-noise-ratio(PSNR)[3] in the

luminancechannelbetweenthe 3D video renderedfrom the input cameraperspectivesandthe segmentedrecordedinput

views. Onbothtestsequences,thePSNRis computedfor the3D videoswith andwithout thecorrective motion�eld step.

Thedifferencein theaveragePSNRbetweenthecorrectedanduncorrectedfree-viewpoint videosaswell asthemaximal

observeddifferencefor onesingletimestepof videoaresummarizedin Table1.

The differencein the averagePSNRover all video framesis a measureof reconstructionquality. A positive difference

characterizesanimprovementof renderingqualitywith respectto theoriginalvideoframes.Weobtainedpositivedifferences

betweenthe averagePSNRsfor both sequences.For onesingle time stepof video the improvementscaneven be more

signi�cant asit is expressedin thevaluesfor themaximalobservedPSNRdifference.

It is interestingto observethat,afteronly smalldifferencesatthebeginning,later, in bothsequences,thePSNRdifferences

arelarger. This con�rms theassumptionthatthecorrectionstepimprovesthemodel�tting over time. Resultmoviescanbe

downloadedfrom http://www.mpi-sb.mpg.de/� theobalt/SceneFlowFitting/index.html.
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Figure 6. First row: Bod y model with corrective motion �eld (green arrows) before (l) and after (r)
pose update . Second row: The left image pair sho ws textured and unte xtured bod y model obtained
with pure silhouette �tting, the right pair sho ws the corresponding result with active motion �eld
step. Thir d and four th row: The top images sho w screen shots of 3D videos reconstructed without
motion �eld step, the bottom images sho w visual impr ovements with active diff erential pose update .
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11.Conclusionsand Futur eWork

In this work, we have presenteda new approachfor acquisitionandrenderingof 3D videosof humanactors.We have

demonstratedthatthata largerangeof complex andrapidbodymotioncanberobustlyacquiredby meansof silhouette-based

marker-lessmotioncapturealgorithm.In combinationwith arendererthatappliesamulti-view texturegenerationmethodto

createa realisticsurfaceappearance,a powerful tool for immersive videoproductionis formed.We have demonstratedthat

thevisualquality of thefree-viewpoint videoscanbefurtherenhancedby incorporatingtextureinformationinto themotion

trackingprocess.Posecorrectionsderived from spatialmotion �elds areusedto correctsmall poseinaccuraciesthat may

leadto visualartifactsin thosepartsof thebodythatexhibit a lot of small-scalesurfacedetail. It wasshown empiricallyand

quantitatively that the incorporationof corrective motion�elds into the�tting processyieldssigni�cant improvements,and

thusis aworthwhileenhancementto theprocessof capturingfree-viewpoint video.

In future,we planto integrateour approachinto a multi-modalsystemthatcanreconstructhumanmotionandtheback-

groundscenesimultaneously. Theconcurrentacquisitionof motionandparametricmodelsof surfaceappearancefor relight-

ing is alsoanissue.
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Appendix

Structur eof Matrix N

Thematrix N neededto computetheoptimalrotationin a joint is de�ned asfollows : Let x 1 andx2 betwo point setsof

sizen, eachpointde�ned via coordinates(x; y; z), then

M =

2

6
6
6
6
6
6
4

Sxx Sxy Sxz

Syx Syy Syz

Szx Szy Szz

3

7
7
7
7
7
7
5

;

where

Sxy =
nX

i =1

x1;i y2;i :
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Theentriesin N arebuilt via arithmeticoperationsonelementsof M.

N =
�

N1 N2 N3 N4

�

N1 =

2

6
6
6
6
6
6
6
6
6
6
4

(Sxx + Syy + Szz )

Syz � Szy

Szx � Sxz

Sxy � Syx

3

7
7
7
7
7
7
7
7
7
7
5

; N2 =

2

6
6
6
6
6
6
6
6
6
6
4

Syz � Szy

(Sxx + Syy + Szz )

Sxy + Syx

Szx + Sxz

3

7
7
7
7
7
7
7
7
7
7
5

;

N3 =

2

6
6
6
6
6
6
6
6
6
6
4

Szx � Sxz

Sxy + Syx

(� Sxx + Syy � Szz )

Syz + Szy

3

7
7
7
7
7
7
7
7
7
7
5

; N4 =

2

6
6
6
6
6
6
6
6
6
6
4

Sxy � Syx

Szx + Sxz

Syz + Szy

(� Sxx � Syy + Szz )

3

7
7
7
7
7
7
7
7
7
7
5
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