
Mark er-lessDeformable MeshTracking for Human Shapeand Motion Capture

EdilsondeAguiar, ChristianTheobalt,CarstenStoll andHans-PeterSeidel
MPI Informatik

Saarbr̈ucken,Germany
f edeaguia,theobalt,stoll,seidel g@mpi-inf.mpg.de

Abstract

We presenta novel algorithmto jointly capture themo-
tion andthedynamicshapeof humansfrommultiplevideo
streamswithout usingoptical markers. Insteadof relying
onkinematicskeletons,astraditionalmotioncapturemeth-
ods,our approach usesa deformablehigh-qualitymeshof
a humanasscenerepresentation.It jointly usesan image-
based3D correspondenceestimationalgorithm and a fast
Laplacian meshdeformationschemeto capture both mo-
tion and surfacedeformationof the actor from the input
video footage. As opposedto manyrelatedmethods,our
algorithm can track peoplewearing wide apparel, it can
straightforwardly beappliedto anytypeof subject,e.g. an-
imals, and it preservesthe connectivityof the meshover
time. We demonstratetheperformanceof our approach us-
ing syntheticandcapturedreal-worldvideosequencesand
validateits accuracybycomparisonto thegroundtruth.

1. Intr oduction

3D videoprocessingis ayoungandchallenging�eld that
aims at reconstructingtime-varying modelsof real-world
scenesfrom multi-view videoin orderto displaythemfrom
syntheticviewpoints.Themostimportantandmostdif�cult
to reconstructpart of thesemodels,in particularif human
actorsare in the centerof the scene,is the representation
of the scene's geometryand its motion. A variety of ap-
proacheshave beenproposedin the literaturethatareable
to partly solve thisproblem.

On one end of the spectrum,there are marker-based
andmarker-lessmotion capturesystemsthat measurehu-
manmotion in termsof a kinematicskeleton[18]. Sincea
kinematicskeletononly enablestrackingof rigid motions,
they have to becombinedwith otherscanningtechnologies
to capturethe time-varying shapeof the humanbody sur-
face[1, 19, 26]. Unfortunately, noneof thesemethodscan
performjoint dynamicshapeandmotionestimationof peo-
ple wearingarbitraryclothing from unmodi�ed raw video
material.

Figure1. Ourmethodrealisticallycapturesthemotionandthedy-
namicshapeof a womanwearinga Japanesekimono from only
eightvideostreams.

Time-varyingscenegeometrycanalsobereconstructed
by meansof shape-from-silhouetteapproaches[9], or com-
binedsilhouette-andstereo-basedmethods[8]. However,
the measuredmodelsoften lack detail if only a handfulof
input cameraviews is availableand it is hard to preserve
topologicalcorrespondencebetweensubsequenttimesteps.

On the otherendof the spectrum,therearemethodsto
track deformablemodels. Physics-basedmodelscan be
applied to track garment[25], tissuein medical scanner
data[16], or simplehumanmotionif akinematicskeletonis
alsoavailable[17]. However, noneof theseapproachescan
trivially be appliedto objectsmadeof a variety of differ-
ent materials,andnoneof themhasyet tracked arbitrarily
dressedhumansusingpassive methods.

Themaincontributionof thispaperis amethodto fully-
automaticallytrack the motion and the time-varying non-
rigid surfacedeformationof peoplefrom ahandfulof multi-
view video streams. The algorithm can handlehumans
wearingarbitrary clothing, including wide t-shirts, skirts
andevenkimonos. It employs a high-qualitylaser-scanof
the trackedsubjectasunderlyingscenerepresentation.By
meansof anoptical �o w-based3D correspondenceestima-
tion, thelaserscanisdeformedovertimesuchthatit follows
themotionof theactorin the input streams.Deformations
arecomputedvia anew fastLaplaciantrackingschemethat
is robust againsterrorsin the 3D �o w. Our methoddoes
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Figure2. Overview of our marker-lessdeformablemeshtracking framework: Given a laser-scanof a personanda multi-view video
sequenceshowing hermotion,themethoddeformsthescanin thesamewayasits real-world counterpartin thevideostreams.

not employ a kinematicskeletonandit candirectly beap-
plied to trackothersubjects,e.g.animals.As anadditional
bene�t, theconnectivity of themodelover time is trivially
preserved.

The remainderof this paper is structuredas follows:
Sect.2 reviews the most relevant relatedwork. Sect. 3
detailsour automaticmarker-lessdeformablemeshtrack-
ing technique. Validation experimentsand results with
both syntheticand capturedreal-world dataare described
in Sect.4, andthepaperconcludesin Sect.5.

2. RelatedWork

In our work we capitalizeon ideasfrom researchon
modeltrackingandscenereconstruction.The following is
by nomeansacompletelist of referencesbut merelyasum-
maryof themostrelatedcategoriesof approaches.

Humanmotion is normally measuredby marker-based
or marker-lessopticalmotioncapturesystems[11, 18] that
parameterizethedatain termsof kinematicskeletons.Un-
fortunately, theseapproachescannotdirectlymeasuretime-
varyingbodyshapeandthey evenfail to trackpeoplewear-
ing looseapparel.To overcomethis limitation, somemeth-
odsusehundredsof opticalmarkings[19] for deformation
capture,combinea motion capturesystemwith a range
scanner[1] or a shape-from-silhouetteapproach[26], or
jointly useabodyandaclothmodelto tracktheperson[24].
Althoughachieving goodresults,mostof thesemethodre-
quire active interferencewith the sceneor requirehand-
craftedmodelsfor eachindividual.

Alternatively, shape-from-silhouettealgorithms [9],
multi-view stereoapproaches[34], or methodscombining
silhouetteand stereoconstraints[7, 8] can be usedto re-
constructdynamicscenegeometry. To obtaingoodquality
results,however, many camerasareneededand it is hard
for thesealgorithmsto generateconnectivity-preservingdy-
namic meshmodels [28], such as our methodproduces
them.

Relatedto our approacharealsoprevious methodsfor
deformablemodel tracking. Somepassive methodsex-
tract 3D correspondencesfrom imagesto track simplede-

formableobjects[6] or cloth [23]. Similar algorithmscan
beusedto track tissuein medicaldata[16]. Passive meth-
odscanalsobeemployedto jointly capturekinematicmo-
tion parametersandsurfacedeformationsof tightly dressed
humans[5, 22]. Noneof thesealgorithms,though,cantrack
arbitrarilydressedpeopleata level of accuracy comparable
to ours. Statisticalmodelshave alsoshown their potential
to trackcon�ned deformablesurfacepatches[30] andmov-
ing hands[10]. Researchershave alsousedphysics-based
shapemodelsto trackgarment[25] or simplearticulatedhu-
mans[17, 21]. Unfortunately, noneof thesemethodsis able
to track arbitrarily dressedpeoplecompletelypassively. It
may also be dif�cult to apply them for tracking a human
wearingdifferentgarments,sincetherethespeci�cationof
materialparametersis non-trivial.

In contrast,weproposeanew methodthatcaptureshigh-
quality deformablehumangeometrycompletelypassively
from only a handful of input video streams. It combines
3D �o w estimationandLaplacianmeshediting [27, 29] to
trackthedeformationof ahigh-qualityapriori shapemodel
which makesit robustagainsterrorsin 3D correspondence
estimation. By relying on differential coordinates,shape
deformationsfor large modelscanbe computedat almost
interactive frame rateswithout having to specify explicit
materialparameters.Our algorithmis highly �e xible, easy
to implementandcapturesbothrigid motionandnon-rigid
surfacedeformationof the trackedsubjects.In addition,it
deliverstrianglemeshgeometrythatmaintainsits connec-
tivity over time. To the bestof our knowledge,this is the
�rst systemof its kind thatcancapturethemotionandnon-
rigid surfacedeformationsof arbitrarysubjectsfrom only a
handfulof cameras.

3. Video-basedTracking of ScannedHumans

An overview of our techniqueis shown in Fig. 2. Thein-
put comprisesof a staticlaser-scannedtrianglemeshM =
(V; E) (V=set of vertices,E=set of edges)of the mov-
ing subject,anda multi-view video (MVV) sequencethat
showsthepersonmoving arbitrarily. After dataacquisition,
we �rst align thelaserscanto theposeof thepersonin the
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Figure3. The work�o ws of trackingstepsA andB arevery similar: Arabic numeralsindicatethe work�o w speci�c to stepA as it is
describedin Sect.3.2, whereasRomannumeralsdenotestepB which is detailedin Sect.3.4.

�rst timestepof video,Sect.3.1. Ourframework comprises
of two differenttrackingprocedures,stepA andstepB, that
aresubsequentlyapplied.In stepA weapplyaniterative3D
�o w-baseddeformationschemeto extractthemotioninfor-
mationof eachvertex over time from theimages,Sect.3.2.
The resultsof stepA quickly deterioratedueto accumula-
tion of correspondenceestimationerrors.Nonetheless,they
give us the possibility to automaticallyidentify N marker
verticesthat can be tracked reliably, Sect.3.3. Tracking
stepB, Sect.3.4, is more robust against �o w errorssince
it implicitly enforcesstructuralintegrity of the underlying
mesh. It usesthe moving marker verticesasdeformation
constraintsto driveaLaplaciandeformationframework that
makesall verticescorrectlyfollow the motion of the actor
in all videoframes.

3.1.Acquisition and Initial Alignment

For eachtest person,we acquirea model and several
MVV sequencesin our studio. The trianglemeshis cap-
turedwith ourVitusSmartTM full bodylaserscanner. After
scanning,thesubjectimmediatelymovesto thenearbyarea
wheresheis recordedwith eight synchronizedvideocam-
erasthatrun at 25 fps andprovide 1004x1004pixelsframe
resolution.Thecalibratedcamerasareplacedin anapproxi-
matelycirculararrangementaroundthecenterof thescene.
After acquiringthe sequence,silhouetteimagesarecalcu-
latedvia color-basedbackgroundsubtraction.

In aninitial alignmentweregisterthescannedmeshwith
theposeof thepersonin the�rst timestepof video.To this
end,sheinitially strikesthesameposethatshewasscanned
in. By meansof an ICP-like registrationthe meshis �rst
coarselyalignedto a shape-from-silhouettereconstruction
of theperson.Thereafter, we run our �o w-basedLaplacian
deformationschemeto correctfor subtleposedifferences.

3.2.StepA: Purely Flow­dri venMeshTracking

After initial alignment,we iteratively deformeachindi-
vidual vertex of the meshbasedon 3D optical �o w �elds
that have beenreconstructedfrom the multi-view images.
Although this simpleapproachis not robust againsterrors
in the3D �o w �eld, it allows usto deducevaluablemotion
informationaboutcertainverticeson thesurfacewhich we
cancapitalizeon in stepB. Using subsequenttime stepst
and t + 1 our purely �o w-driven meshtrackingapproach
consistsof thefollowing steps(seeFig. 3):

1. Projectively texture the model using the images
I 0

t � � � I K � 1
t recordedwith theK camerasat time step

t andblend themaccordingto the weightsdescribed
in [4]. From now on, for all deformationiterations
betweent andt + 1 thetexturecoordinatesare�x ed.

2. GenerateK temporaryimagesT 0
t � � � TK � 1

t by pro-
jecting the textured model back into all K camera
views.

3. CalculateK 2D optical �o w �elds ~ok (T k
t ; I k

t +1 ) be-
tweenimageT k

t andI k
t +1 with k = f 0� � � K � 1g.

4. Given the model, calibratedcamerasand the optical
�o w �elds for all cameraviews, we cancomputethe
3D motion�eld, alsoknown asthescene�o w, by solv-
ing a linear systemfor eachvertex vi that is visible
from at leasttwo cameraviews [31]. The generated
3D �o w �eld ~f (vi ) = (x i ; yi ; zi ) is parameterizedover
themesh'ssurfaceandit describesthedisplacementby
whichvi shouldmove from its currentposition.

5. Filter the 3D motion �eld ~f (� ) to remove noiseand
outliers.During the�ltering process,the3D �o w vec-
torsfor all verticesare�rst classi�edasvalid or invalid
accordingto asilhouette-consistency criterion. ~f (� ) is
valid if the positionof vi after displacementprojects



insidethesilhouetteimagesfor all cameraviewsandit
is invalid otherwise.Thereafter, a Gaussianlow-pass
kernelis appliedover theentire�o w �eld. All invalid
displacements~f (� ) aresetto zero.

6. Using the �ltered versionof ~f (� ), updatethe model
by moving its verticesaccordingto thecomputeddis-
placements.Add the displacements~f (� ) to the accu-
mulateddisplacement�eld ~dACCUM(� ) accordingto the
rule: ~dACCUM(vi ) = ~dACCUM(vi ) + ~f (vi ). ~dACCUM(� )
describesthe completedisplacementof all vertices
from capturedtime stept to the currentintermediate
position.

7. Iteratefromstep2 until theoverlaperrorEov (t+ 1) be-
tweentherenderedmodelsilhouettes(seeFig. 3) and
thevideo-imagesilhouettesat time t + 1 in all camera
views is below TROV . Eov (t + 1) is ef�ciently imple-
mentedon theGPUasapixel-wiseXOR [4].

8. Updatethe completemotion �eld ~d(t; vi ), which de-
scribesthe displacementof eachvertex vi from time
step 0 to t, accordingto ~d(t; vi ) = ~d(t � 1; vi ) +
~dACCUM(vi ).

The meshis tracked over the whole sequenceby applying
the previously describedstepsto all pairs of consequent
time steps.As a result,a completemotion �eld ~d(t; vi ) is
generatedfor eachvertex vi thatdescribesits displacement
over time.

Sinceour schemecalculates3D displacementswithout
taking into accounta priori informationabouttheshapeof
themesh,deformationerrorsaccumulateover time. StepB
solvesthis problemby explicitly enforcingstructuralprop-
ertiesof themeshduringtracking.To thisend,themodelis
deformedbasedonconstraintsderivedfromreliablytracked
marker vertices. Theseverticesareautomaticallyselected
from theresultsof stepA basedon themethoddescribedin
thefollowing section.

3.3.Automatic Mark er Selection

Basedon thedeformationresultsof stepA ourapproach
selectsN markerverticesof themodelthatwereaccurately
trackedover time. To this endwe �rst chooseL candidate
verticesfor markers that areregularly distributedover the
model'ssurface(Fig. 4A). To �nd thesecandidates,weseg-
mentthesurfaceof themeshby meansof acurvature-based
segmentationapproach[32]. Thisalgorithmcreatessurface
patcheswith similar numbersof verticeswhoseboundaries
do not crossimportantshapefeatures. In eachregion the
vertex locatednearestto thecenterof gravity is selectedas
acandidate.

A candidatevi is considereda marker vertex if it has
a low error accordingto the two spatio-temporalselection

criteria tsc(� ) andmov(� ). tsc(� ) penalizesmarker candi-
datesthat do not project into the silhouettesin all camera
views andat all time steps. mov(� ) penalizescandidates
whosemotionsarenot consistentwith the averagemotion
of all verticesin the model. This way, we canprevent the
placementof constraintsin surfaceareasfor which the�o w
estimatesmight be inaccurate.The two functionsarede-
�ned asfollows:

tsc(vi ) =
1

NF � K

N FX

t =0

KX

k=0

(1 � PROJ k
sil (pi + ~d(t; vi ); t))

(1)

mov(vi ) =
1

NF

N FX

t =0

(k~d(t; vi ) �
1

NV

N VX

j =0

~d(t; vj )k) (2)

NF is thenumberof framesin thesequence,NV is thenum-
berof verticesin themodel,andpi is thepositionof vi at
the �rst time step. PROJ k

sil (x; t) is a function thatevalu-
atesto 1 if a3D pointx projectsinsidethesilhouetteimage
of cameraview k attimestept, andit is 0 otherwise.A can-
didatevi is acceptedasa marker vertex if tsc(vi ) < TRTSC

andmov(vi ) < TRMOV . AppropriatethresholdsTRTSC and
TRMOV arefoundthroughexperiments.Theindex i of each
markervi is thenstoredin thesetQ.

3.4.StepB: Flow­dri venLaplacian MeshTracking

In stepB we extract rotationandtranslationconstraints
from themotionof theN marker verticesto drive a Lapla-
cianmeshdeformationapproach.By thismeanswecanex-
tractnovel motion �elds ~d(t; vi ) for eachvertex thatmake
themodelcorrectlymove anddeformlike therecordedin-
dividual. Our Laplacianschemeencodesthe knowledge
aboutstructuraldetailsof the modelM in the mesh's dif-
ferential coordinatesd. They are computedby solving a
linearsystemof the form d = Lv , whereL is thediscrete
Laplaceoperatorbasedon the cotangent-weights[14] and
v is the vectorof vertex coordinates.The individual steps
of theLaplaciantrackingschemearevery similar to stepA
(Fig. 3), but differ in thedetailsof thedeformationmethod.
For two subsequenttimestepst andt + 1 trackingworksas
follows:

I-V areidenticalto steps1-5 in Sect.3.2.

VI From the motion of eachmarker vertex m i =vi , with
i 2 Q, relative to the default position,a setof rota-
tion andtranslationconstraintsis computed.We pro-
posea new approachto automaticallydeterminero-
tation constraints. Local coordinateframesfor each
mi arederived from a graphconnectingthe markers
whosestructureis computedonceduring preprocess-
ing. Eachmarker correspondsto a nodein thegraph.
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Figure4. (A) Segmentedmeshandmarker candidates(Sect.3.3);
(B) Graphconnectingmarker vertices;(C) Rotationfor eachm i

calculatedaccordingto thechangein its local framefrom time 0
to t; (D-E) Model is reconstructedsubjectto constraintsderived
from themotionof themarkers.

Edgesareconstructedby building aminimalspanning
tree betweenthem using geodesicsas distancemea-
sure[13], Fig. 4B. For eachmarkerm i a local rotation
is estimatedfrom thechangeof its localframebetween
its referenceorientationat t = 0 andits currentorien-
tation. This rotationis parameterizedasa quaternion
qm i , Fig. 4C.

VII Therotationsfor all markersm i areinterpolatedover
the model [33]. If eachcomponentof a quaternion
qm i = [w; q1; q2; q3] is consideredto bea scalar�eld
de�ned over the entire mesh,a smoothinterpolation
is guaranteedby regarding thesescalar�elds ashar-
monic �elds. The interpolationcanbeef�ciently cal-
culatedby solving theLaplaceequationLq = 0 over
thewholemeshwith constraintsqm i for all markers.

VIII ThemodelM in its new targetposeis reconstructedby
solvingtheLaplaceequation,subjectto theconstraints
derived from the motion of the m i (Fig. 4D-E). This
can be formulatedas a least-squaresproblemof the
form [29]:

argmin
pR E C

fk LpR E C � (q � d � q)k2 + kApR E C � bk2g:

(3)
whichcanbetransformedinto a linearsystem

(L T L + AT A)pR E C = L T (q � d � q) + AT b: (4)

Here,q � d � q arethedifferentialcoordinatesthathave
beenrotatedaccordingto theinterpolatedrotation�eld

q. b is thevectorof positionalconstraintsof the form
bi = pi + ~d(t � 1; m i ) + ~dACCUM(mi ), and pR E C

is the vector of reconstructedvertex positions. The
�eld ~dACCUM(� ) storesthedisplacementsfor eachver-
tex relative to time t thathave beenaccumulatedup to
now during iterationsof stepsII to IX (seealsopoint
IX). Matrix A is adiagonalmatrixcontainingnon-zero
weightsA i;i = wi only for markersm i .

IX Updatetheaccumulateddisplacement�eld for all ver-
tices ~dACCUM(� ) accordingto the rule: ~dACCUM(vi ) =
pR E C

i � pi � ~d(t � 1; m i ), wherepR E C
i is therecon-

structedvertex positionfor vi .

X Iteratefrom stepII until theoverlaperrorEov (t + 1)
betweenrenderedmodelsilhouettesandvideo-image
silhouettesin all camerasat t + 1 is below a threshold
TROV .

XI Updatethecompletemotion�eld ~d(t; vi ) by ~d(t; vi ) =
~d(t � 1; vi ) + ~dACCUM(vi ).

By applyingthis algorithmto all subsequenttime stepswe
can track the meshover the whole video sequence.Our
Laplacianschemereconstructsthemeshin its new posein
a way that preserves the differential surfacepropertiesof
theoriginal scan.Dueto this implicit shaperegularization,
our trackingapproachin stepB is robustagainstinaccurate
�o w estimatesanddeformsthe meshin accordanceto its
real-world counterpartin thevideostreams.

4. Resultsand Discussion

Wehavetestedourmethodonseveralsyntheticandcap-
turedreal-world datasets(seeSect.3.1).

Syntheticsequencesenableus to compareour results
against the ground truth. They were generatedby an-
imating a textured scan of a woman (26K 4 ) provided
by CyberwareTM (Fig. 2) with publically availablemotion
capture�les showing soccermoves and a simple walk.
Output streamswere renderedinto eight virtual cameras
(1004x1004pixels,25fps) thatwereplacedin acircularar-
rangementlike in ourrealstudio.Imagenoisewaspurpose-
fully addedto mimic thecharacteristicsof ourrealcameras.
We rana seriesof experimentsto evaluatetheperformance
of different algorithmic alternatives and to decideon the
bestoptical�o w estimationschemefor ourpurpose.

Thelatterquestionwasansweredbyour�rst experiment.
To testa representative setof alternative �o w algorithms,
we comparedthe resultsobtainedby using our complete
tracking framework (stepsA and B) in conjunctionwith
the local Lukas Kanademethod[15] (LK), the denseop-
tical �o w methodby Blacketal. [2] (BA), andthewarping-
basedmethodfor denseoptical�o w by Brox etal. [3] (BR).
Theplot in Fig.5 showstheaveragepositionerrorsbetween
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Figure 5. Threedifferent optical �o w methodshave beentested
with our framework. The averagevertex positionerrorsfor each
framerelative to the groundtruth areplotted in this �gure. The
methodby Brox etal. (redline) shows thebestperformance.
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Figure6. Averagetrackingerrorfor all time stepsof thesynthetic
walking sequenceobtainedwith differentmeshtrackingalterna-
tives.Thepipelinewe propose(ST-AB) clearlyproducesthebest
results.

groundtruth andtrackingresultsfor eachframeof a walk-
ing sequence.By using the local Lukas Kanademethod,
weareunableto trackthemeshandtheerrorconstantlyin-
creasesover time. Theerrorplot for BA is muchbetter, but
it is clearlyoutperformedby BR. Thepositionalinaccuracy
obtainedwith BR never exceeds4 cm andeven decreases
after a peakin the middle. Pleasenote that the synthetic
model(Fig. 2) is texturedwith very uniform colorswhich
makesoptical �o w computationextremelyhard. Even on
suchdif�cult data,BR tracksthe meshreliably, and thus
themethodby Brox et al. is our methodof choicefor �o w
estimation.

In a secondexperiment,we comparedthe differentde-
formationalternatives,namelydeformationalongtheun�l-
tered�o w (RAWFL), deformationaccordingto stepA only
(ST-A), and deformationwith our completepipeline (ST-
AB). Fig. 6 plots the averagevertex positionerror against
the framenumber. Using RAWFL, the measurementerror
grows almostexponentially. Trackingwith a �ltered �o w
�eld leadsto signi�cantly betterresults,but theabsolutein-
accuracy is still comparablyhigh. In contrast,ourcomplete

METHOD TIME VOLCHG MQLT ERROR
RAWFL 109s 17.65% 0.46 98.66mm
ST-A 111s 4.97% 0.30 49.39mm
BR / ST-AB 111s 2.79% 0.035 26.45mm
BA 426s 2.77% 0.029 35.28mm
LK 89s 10.73% 1.72 76.24mm

Table1. Differentalgorithmicalternativesarecomparedin terms
of run time, volumechange(VOLCHG), meshquality (MQLT),
andpositionerror(ERROR). Ourproposedpipelinewith thedense
optical �o w methodby Brox et al. (BR/ST-AB) leadsto the best
results.

pipelineleadsto a very low peakpositionerror of 3.5 cm
thatevendecreasesover time.

Table1 summarizesthe resultsthat we obtainedby as-
sessingdifferent combinationsof meshtracking and �o w
computationmethodsaccordingto additionalcriteria. The
column TIME containsthe time neededon a PentiumIV
with 3GHzto computethedeformationfrom onevideotime
stept to the next one t + 1. We also analyzedthe aver-
agevolumechangeover thewholesequence,VOLCHG, in
order to get a numericalindicator for unreasonabledefor-
mations. The preservation of meshquality is analyzedby
looking at theaveragedistortionof thetriangles,MQLT. It
is computedby averagingthe per-triangleFrobeniusnorm
over the meshandover time [20]. This norm is 0 for an
equilateraltriangleandapproachesin�nity with increasing
degeneracy. Finally, the column labeledERROR contains
the averageof the positionerror over all verticesandtime
steps.

The run times of the �rst threealternatives are almost
identicalsince109s have to bespenton thecalculationof
the eight megapixel optical �o w �elds. Even in our com-
pletepipelinethedeformationitself runsat almostinterac-
tive frame ratessincethe involved linear systemscan be
solved quickly. As expected,the trackingerror is highest
if onedeformsthemeshusingtheun�ltered �o w, RAWFL.
Furthermore,themeshdistortionis fairly high andthevol-
umechangerisesto implausiblevalues. The bestoverall
performanceis achievedwhenweuseour full meshmotion
capturepipelineST-AB/BR. Here,thepositionerror is low-
est,thevolumechangeis in the rangeof normalnon-rigid
bodydeformations,andthe trianglesremainin niceshape.
Althoughthealternative BA producesa fairly low triangle
distortion,its run time is four timesslower thanthebestal-
ternative andthe resultingpositionalaccuracy is almost1
cm lower. LK is fastest,but leadsto badresultsaccording
to all othercriteria.Ourteststhuscon�rm thatthecomplete
trackingpipelinein combinationwith a high-qualitydense
�o w methodcanreliably trackhumanmotionfrom raw un-
modi�ed videostreams.Admittedly, we cannottrackpeo-
ple at a onemillimeter accuracy. Nonetheless,given that
a completelypassive measurementsetupwasusedandthat



Figure7. Side-by-sidecomparisonsbetweenaninputvideoframeandtheposeof thelaserscanthatourapproachreconstructed.Theposes
of thepersonsandeventhedeformationsof complex apparel,like thekimono,arefaithfully reproduced.

thepersonstandsseveralmetersaway from thecameras,an
averagetrackingaccuracy of roughly2.6cm is verygood.

For our testswith real datawe capturedvideo footage
andbodymodelsfor differentmaleandfemaletestsubjects
usingthesetupdescribedin Sect.3.1. Thecapturedvideo
sequencesarebetween300and600frameslong andshow
a variety of differentclothing styles,including normalev-
erydayappareland a traditional Japanesekimono. Many
differentmotionshave beencapturedrangingfrom simple
walking to gymnasticmoves.

Fig. 7 shows several side-by-sidecomparisonsbetween
input video framesand recoveredmeshposes. The algo-
rithm reliablyrecoverstheposeandsurfacedeformationfor
themalesubjectwho wearscomparablywide apparel.Our
algorithmcanevencapturethemotionandthecloth defor-
mationfor a womanwearinga kimono, Fig. 1 andFig. 7.
Since the limbs are completelyobscured,this would not
havebeenpossiblewith anormalmotioncaptureapproach.
Pleasenote that spatialconstraintsin our studio limit the
useablerecordingareato roughly1.5x1.5m. Thus,themo-
tions in our test dataare spatially con�ned. Our method
could handlearbitrary large-scalemotion in just the same
way. More resultswith syntheticandreal-world sequence
areshown in theaccompanying video.

The resultsshow that our purely passive mesh-based
trackingapproachcanautomaticallycapturebothposeand
surfacedeformationof humanactors. It illustratesthat a
skeleton-lessalgorithmis capableof trackingevencomplex
deformationsof differentmaterialsby meansof the same
framework. Our tracker neitherrequiresany segmentation
of the model into parts,e.g. clothing andbody, nor does
it expectthespeci�cationof explicit materialparametersas
they are often usedin garmentmotion tracking. Both of
this would be very dif�cult for a humanwearingdifferent
kinds of fabrics. The combinationof an a priori model,a
fastLaplacianmeshdeformationscheme,anda 3D �o w-
basedcorrespondenceestimationmethodenablesusto cap-
turecomplex shapedeformationsfrom only a few cameras.
As an additionalbene�t, our methodpreservesthe mesh's
connectivity which is particularlyimportantwhenit comes
to ourenvisioned3D videoapplicationsanddynamicshape
encoding.

Nonetheless,our algorithm is subjectto a few limita-
tions.Currently, wecannothandlevolumeconstraints[12].
In somesituationssucha constraintmay prevent incorrect
meshdeformationsandthuscompensatetheeffectof incor-
rect �o w estimates.However, for sometypesof apparel,
suchasalongskirt or ourkimono,avolumeconstraintmay
evenpreventcorrecttracking. Fromthis point of view our
implementationis more�e xible.

Anotherproblemarisesif thesubjectin thescenemoves
very quickly. In thesesituations,optical �o w trackingmay
fail. To attackthis problem,onemight useoneof themany
high-speedcameramodelsavailabletodayfor capturingfast
scenes.

Finally, ouralgorithmcannotcapturethetrueshapevari-
ationof low-frequency surfacedetails,suchaswrinkles in
clothing. While they globally deformwith themodel,they
seemto be “baked in” to the surface. In typical 3D video
applications,however, this inaccuracy will notplayamajor
role. Nonetheless,we planto extendour methodin thefu-
tureto capturethesesmalldetailsby meansof amulti-view
stereoalgorithm.

Despitetheselimitationsourmethodis a�e xible,easyto
implementandreliablepurelypassivemethodto capturethe
time-varying shapeof humansfrom video. To our knowl-
edge,this is the�rst systemin theliteraturethatcancapture
arbitrarily deformingmeshesin a connectivity preserving
way for suchcomplex scenes.

5. Conclusion

We have presenteda new algorithm for automatic
marker-less tracking of deformablehumanmodels from
a handful of video streams. The combinationof a 3D
scene�o w-basedcorrespondenceestimationapproachwith
a Laplacianmeshdeformationschemeenablesour method
to make a laserscanof a subjectmove anddeformin the
sameway asits real-world counterpartin video. Our algo-
rithm is easyto implementandcanhandlea largerangeof
humanmotionsandclothing styles. Its robustnessandre-
liability hasbeendemonstratedon both real andsynthetic
inputdata.

As a directionof future work, we plan to integrateour



methodinto a larger approachto reconstructhigh-quality
3D videosof humanswearingarbitraryapparel.
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