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Abstract

We present a novel versatile, fast and simple framework to generatehigh-
quality animations of scannedhuman characters from input motion data.
Our method is purely mesh-basedand, in contrast to skeleton-basedanima-
tion, requiresonly a minimum of manual interaction. The only manual step
that is required to createmoving virtual peopleis the placement of a sparse
set of correspondencesbetween triangles of an input meshand triangles of
the meshto be animated. The proposedalgorithm implicitly generatesre-
alistic body deformations, and can easily transfer motions between human
subjects of completely di�eren t shape and proportions.

Our approach handlesmany di�eren t typesof input data, e.g. other animated
meshesand motion capture �les, in just the sameway. Finally, and most
importantly, it createsanimationsat interactive frame rates. We feature two
working prototype systemsthat demonstratethat our method can generate
lifelike characteranimationsfrom both marker-basedand marker-lessoptical
motion capture data.
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1 In tro duction

In recent years, photo-realistic computer-generatedanimations of humans
have becomethe most important visual e�ect in motion pictures and com-
puter games.In order to obtain an authentic virtual actor, it is of great im-
portance that shemimics as closelyas possiblethe motion of her real-world
counterpart. Even the slightest unnaturalnesswould be instantaneouslyun-
masked by the unforgiving eye of the viewer and the illusion of seeinga real
personwould be compromised.

It is thus no wonder that the number of working hours that animators spend
in order to live up to thesehigh requirements in visual quality is consider-
able. To generatevirtual people, they make use of a well-establishedbut
often in
exible set of tools (seealso Sect. 2) that makes a high amount of
manual interaction unavoidable. First, the geometry of the human body is
hand-crafted in a modeling software or obtained from a laser scanof a real
individual. In a secondstep, a kinematic skeleton model is implanted into
the body by meansof, at best, a semi-automatic procedure. In order to
couple the skeleton with the surfacemesh,an appropriate representation of
pose-dependent skin deformation has to be found. Finally, a description of
body motion in terms of joint parametersof the skeleton is required. It can
either be designedin a computer or learned from a real person by means
of motion capture. Although the interplay of all thesestepsdelivers anima-
tions of stunning naturalness,the whole processis very labor-intensive and
doesnot easily allow for the interchangeof animation descriptionsbetween
di�eren t virtual persons.

In this paper, we present Con
uent Motion, a novel versatile, fast and much
simpler approach to animate virtual characters. Our method makesthe fol-
lowing contributions:

Con
uent Motion is a purely mesh-basedanimation paradigm that doesnot
rely on kinematic skeletons. Nevertheless,it seamlesslyintegrates into an
animator's traditional animation work
o w. It can be used to realistically
animate static meshesof arbitrary humanswith minimal e�ort. To this end,
only a sparseset of �xed correspondencesbetweentriangles of a moving in-
put meshand triangles of the output meshhas to be speci�ed. Sinceonly a
coarseset of correspondencesis required, we can usearbitrarily structured
input meshes,i.e. even segmented or disconnectedgeometry models, that
topologically di�er from the output mesh. This enablesCon
uent Motion to
processdi�eren t typesof inputs, such asanimated meshescreatedby skilled
artists, aswell asraw motion data acquiredwith marker-basedor marker-free
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Figure 1: Con
uent marker-basedanimation: Subsequent frames showing
the female scan authentically performing a soccer kick. Motion data have
been acquired by meansof a marker-basedmotion capture system. Note
the realistic protrusion of the chest when sheblocks the ball, as well as the
original headmotion.

optical motion capture systems,in just the sameway. The presented frame-
work alsoproducesrealistic pose-dependent body deformationsimplicitly by
meansof a harmonic �eld interpolation. Furthermore, it solves the motion
transfer problem, i.e. it enablesthe animator to interchangemotionsbetween
personsof even widely di�eren t body proportions with no additional e�ort.
Lastly, and most importantly, the method computesposesof the target mesh
at interactive frame rates. This way, the animator is given the possibility to
modify animations with instantaneousfeedback. Although we regard Con-

uen t Motion primarily as a tool for human animation, it can be applied in
the sameway to arbitrary moving subjects.

The paper proceedswith a review of closely related work in Sect. 2. An
overview of the approach is given in Sect. 3, and the nuts and bolts of our
shape deformationmethod aredescribed in Sect.4. We demonstratethat we
can realistically animate peopleusing raw motion data from both marker-
based,Sect. 5, and marker-less,Sect. 6, optical motion capture systemsas
inputs. We also show that Con
uent Motion allows for the creation of 3D
videos of humans by animating highly-detailed laser scannedmeshes. We
show the high visual quality of our animations in Sect. 7 and concludein
Sect.8.
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2 Related Work

Con
uent Motion provides a uni�ed solution to many algorithmic subprob-
lemsin traditional human character animation by capitalizing on recent ad-
vanceson mesh deformation techniques presented in the �eld of geometry
processing.

The �rst step in human character animation is the acquisition of a human
body model comprising a surfacemeshand an underlying animation skele-
ton [5]. Surface geometry can either be hand-crafted or scannedfrom a
real person[3]. The skeleton model is either manually designedor inferred
from input motion data [15]. It is also feasibleto jointly createsurfaceand
skeleton models by �tting a template to body scans[25, 4]. Body varia-
tions acrossdi�eren t human individuals can also be encoded in the shape
description [3, 4].

Mesh and skeleton have to be connectedsuch that the surfacedeformsre-
alistically with the body motion. A popular method serving this purpose
is skinning [18]. It represents vertex displacements as weighted set of in
u-
encesfrom adjacent joints. Weights can be hand-crafted or automatically
inferred from examples[26, 32, 21]. Deformation models can also be cre-
ated by interpolation between example scans[2]. Sand et al. [24] infer a
skinning model by combining marker-basedmotion capture with a shape-
from-silhouette method.

The virtual humanis awakenedby specifyingmotion parametersfor the joints
in the skeleton. Commonmethods to generatesuch motion descriptionsare
key-framing [9], physics-basedanimation [11] or optimization-basedcreation
of physically plausiblemovements [12]. The most authentic motion data can
be acquiredthrough optical marker-based[6, 15] or marker-freemotion cap-
ture [20]. Unfortunately, reusingmotion capturedata for subjectsof di�eren t
body proportions is not trivial, and requirescomputationally expensive mo-
tion editing [17, 13] and motion retargetting techniques[14, 31].

By extending ideason mesh-basedsurfacedeformation we have designeda
newversatileand simpleframework that overcomesseveral limitations of the
classicanimation pipeline. As highly detailed 3D triangle meshesbecome
more and more accessible,there has beenan increasinginterest in devising
techniques which can work directly on the thesegeometric representations
without passingthrough intermediate pipelinessuch as the one mentioned
above. In the meshediting context, [1, 27, 33, 34, 16, 19] rely on the notion
of di�eren tial coordinates to deform a meshwhile preserving its geometric
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detail. This notion wasextendedto the volumetric setting in [35]. The main
di�erence between theseschemeslies in the way they propagate the defor-
mation acrossthe mesh. On the animation side [29] proposean approach
that is similar in spirit but aims at a di�eren t goal. Using a full body corre-
spondencebetweendi�eren t synthetic models,their method can transfer the
motion of one to the other. [30] develops a mesh-basedinversekinematics
framework with potential application to meshanimation.

Our systemis most closelyrelated to the SCAPE method [4]. The SCAPE
model learns poseand shape variation acrossindividuals from a database
of body scansand can animate scannedhuman body geometryfrom motion
capture by solving a nonlinear optimization problem. Con
uent Motion ad-
dressesthe animation problem by solving simple linear systems,hencedeliv-
ering animations at interactive rates. By relying on the semantic similarities
betweencharactersit alsosolvesthe retargetting problem on-the-
y .

3 Overview

It is the guiding idea behind the development of Con
uent Motion to pro-
vide animators with a simple and fast framework to directly apply captured
motion to scannedhuman body models, Fig. 2. Thus, the input to our
framework are motion data that have beenmeasuredfrom real individuals
using marker-free or marker-lessoptical motion estimation methods. The
�rst processingstep transforms these sequencesof key body posesinto a
sequenceof postures of a simple triangle mesh model, henceforth termed
templatemesh. We take advantageof existing marker-freemotion estimation
methods that directly output such sequencesof template meshposes,Sect.6.
Marker-basedmotion capturedata canbestraightforwardly transformedinto
a moving template meshrepresentation using standard animation software,
Sect.5. At the heart of our approach is an algorithm to transfer motion from
the moving template meshonto the scannedbody mesh,henceforthtermed
the target mesh. We formulate the motion transfer problem asa deformation
transfer problem, Sect. 4. To this end, a sparseset of triangle correspon-
dencesbetweenthe template and the target meshneedsto be speci�ed and
an automatic deformation interpolation animatesthe target mesh. In Sect.5
we show how Con
uent Motion is applied to generatehigh-quality character
animations from marker-basedmotion capture data. The employment of a
marker-lessmotion estimation method asfront-end to our pipelineis detailed
in Sect.6. We summarizeour results in Sect.7 and concludein Sect.8.
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Male target mesh

Correspondence

MOCAP data
Female target mesh

Actor per forming
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Confluent m arker-less animation

Confluent m arker-based animation

Figure 2: Illustration of the Con
uent Motion pipeline.

4 Mesh Deformation

The algorithmic coreof Con
uent Motion is a meshdeformationmethod that
transfers motion from the template meshonto the target mesh. We regard
motion transfer asa pure deformation interpolation problem, Sect.4.1. This
way, we put asideall di�culties relating to the dissimilarities between the
template and the target, e.g. anatomical disparity (body proportions), and
take advantage of their semantic similarities, e.g. the fact that both mesh
representations have kneesand elbows. For this purpose,the useris asked to
specify a set of correspondence triangles betweenthe two meshes,Sect.4.2.
In practice, this meansthat the usermarks a set of triangles on the template
and assignsto each of them a corresponding triangle on the target. Weresort
to this interactive step sincethere exists no viable automatic approach that
can identify body segments on meshesstanding in generalposes. The �rst
algorithmic challengeis to make the target mesh deform in the sameway
as the template by only consideringthe sparseset of representativ e triangle
correspondences,Sect.4.1. Furthermore, the generallylargesizeof the high-
resolutionscansrequiresthe useof fast numericalmethodsto allow for robust
and e�cien t animation. Lastly, we have to take precautions to not make
singularity problemsof our deformation interpolation schemedeteriorateour
animation results, Sect.4.3.
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4.1 Deformation In terp olation

We formulate the deformation transfer problem as a deformation interpola-
tion problem. The motion of the template meshfrom its referencepose(e.g.
Fig. 3a) into another pose(e.g. Fig. 3c) can be captured by the deformation
applied to a set of marked triangles. A correct interpolation of this deforma-
tion applied over the corresponding triangles of the target meshwould bring
it from its own referencepose(e.g. Fig. 3b) into the template's pose(e.g.
Fig. 3d,e). To this end, both referenceposesare roughly aligned a priori.
In the caseof human animation, this deformation can be characterizedas a
simple rotation for each triangle and a translational degreeof freedom.

If the per-triangle rotations are speci�ed assimple3� 3 cosinematrices, the
interpolation has to cope with 9 � m interpolation points, where m is the
number of triangle correspondences.This givesrise to an intricate problem,
especially when the correlation between the components of each rotation
matrix is taken into account. Nevertheless,there have beensomesuccessful
approaches to propagate the e�ect of changing local frames on the whole
mesh[19, 27]. The quaternion representation, on the other hand, reducesthe
sizeof the rangeto 4� m interpolation points. Most of the existing methods
for interpolating quaternion rotations rely on an intermediatefunction which
guides the interpolation, as it has been shown in the caseof the spherical
or spline basedinterpolation. Such a function can be de�ned as distance
function or heat kernelsas in [33], or asa harmonic scalar�eld asproposed
in [34]. Unfortunately, thesemethods do not apply to the current setting
as they can only interpolate from a single set of starting points to a single
set of ending points. Another breed of methods which allow for multiple
point interpolation can be found in [7, 22]. While thesetechniqueswork well
for locomotion, it is not clear how to extend them to our current general
setup. In fact, it is di�cult to �nd a function which can interpolate all
the quaternion valuesand it is not clear how to assignspeci�c rotations to
all triangles in a mesh. Following an idea proposedin [34], we regard each
component of a quaternion

Q = [w q1 q2 q3] (1)

as a scalar �eld de�ned over the entire mesh. Hence, given the values of
these components at the marked triangles, we interpolate each scalar �eld
independently. In order to guarantee a smooth interpolation we regardthese
scalar�elds asharmonic �elds de�ned over the mesh. The interpolation can
then be performede�cien tly by solving the Laplaceequation

r 2Q = 0 (2)
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over the whole meshwith constraints at the correspondencetriangles. Once
the rotational components arecomputed,weaveragethe quaternionrotations
of the vertices to obtain a quaternion rotation for each triangle. This way
we establisha geometrictransformation for each triangle of the target mesh
M . However, this last step destroys its original connectivity and yields a
new fragmented meshM 0. In order to recover the original geometry of the
meshwhile satisfying the new rotations, we have to solve the problem in a
least squaresense. In the following we sketch a simple way to setup this
optimization problem that easesthe implementation e�ort. The problem
can be rephrasedas �nding a new tight meshhaving the sametopology as
the original target mesh, such that its di�eren tial coordinates encode the
samegeometricdetail as the onesof the fragmented meshM 0. This can be
achieved by satisfying the following equation in terms of the coordinates x
of M and u of M 0:

r 2
M x = r 2

M 0u : (3)

In order to carry out this discretization correctly the topological di�erence
betweenboth meshesshould be addressed.Technically, the di�eren tial co-
ordinates of the fragmented meshare computed by deriving the Laplacian
operator for the fragmented mesh and then applying it to its coordinates.
This, in fact, yields a vector of size3� nT , wherenT is the number of trian-
gles. We sum the components of this vector accordingto the connectivity of
the original meshM . This yields a new vector Ur educed of sizenV , wherenV
is the number of vertices in M , and the discrete form of equation (3) reads
as simple as

LX = Ur educed : (4)

In this linear systemthe matrix L is the discreteLaplaceoperator. In order
to capture the local geometry of the meshwe usethe geometricLaplacian,
e.g. [10, 23], which is more sensitive to the irregularities of the triangulation
in comparisonto the uniform or graph Laplacian. During the processing
of an animation sequence,the di�eren tial operator matrix doesnot change.
Furthermore, sinceit is symmetric positive de�nite we can perform a sparse
Choleskydecomposition aspreprocessingstep and perform only back substi-
tution for each frame.

This enablesus to computenovel posesof the target meshat an interactive
rate of 2 fps for meshesof the order of 30 to 50thousandtriangles. For highly
detailed meshes,e.g264K � for the femaleCyberwareTM model (Fig. 1), the
algorithm performsat 10 s per frame.
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(a) (b) (c) (d) (e)

Figure 3: A template model (a) and a high-resolutionbody scan(b) in their
respectivereferenceposes.- In
uence of the number of markerson the quality
of the deformation: the template in a poseobtained via motion capture (c).
While 22triangle correspondencesalreadysu�ce to transfer this posein good
quality to the scan(d), 180 triangle correspondencesreproduce even subtle
details (e).

4.2 Corresp ondence Placemen t

As our method doesnot require any skeleton retargetting or full meshcorre-
spondence,it is imperative that the choiceof the samplingcapturesasmuch
as possibleof the geometric deformation. Fig. 3d shows the target mesh
mimicking the poseof the template when only as few as22 correspondences
are used. Even though the poseis not reproduced in full detail, the overall
poseis captured. This is why the kneeis not bent in the sameway as in the
template. In Fig. 3ethough, with 180correspondences,the poseis faithfully
reproduced, including the knee (taking into account di�erences in skeleton
dimensions).

For cylindrically shaped body parts we require the user to specify a single
correspondencetriangle and we mark additional triangles automatically by
taking additional directionsin the crosssectionalplaneand intersectingthem
with the mesh. For geometricallymore complexbody parts, such as the lap
or the shoulders,correspondencesare fully speci�ed by the user. Note that
except from the positioning of the markers, the whole Con
uent Motion
approach is fully automatic. The number of triangle correspondencesused
in our animations rangesfrom 140 to 220, half of which is automatically
generated.

Furthermore, the placement of the markersdirectly a�ects the pose-dependent
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Figure 4: In
uence of the markers' placement on the deformation quality:
marking correspondencetriangles (red dots) closeto an (anatomical) joint
createsa sharp bend in the skin (left) while increasingthe distance to the
joint enablessmoother bending (right).

surfacedeformation of the target mesh. So the userdoesnot have to tweak
any weights as in the commonly usedskinning methods. The principle here
is simple: for having a sharp bend in the surfacethe correspondencesshould
beplacedcloseto either sideof the joint, Fig. 4 (left). Increasingthe distance
of the markers from the joint allows for a softer bending, Fig. 4 (right).

4.3 Coping with Singularities

A limitation which is inherent to most systemsbasedon rotation interpo-
lation is the "candy-wrapper" collapsee�ect [21]. Our current approach is
not immune to this problem and may su�er from its e�ects as well. In the
following, we devisetwo simple techniquesto tackle this problem.

In order to prevent the twisting collapsewe need a simple way to predict
when it happens. It occurs when someof the correspondencetriangles un-
dergoa rotation of 180degrees.Conveniently, this can be easilydetectedby
inspecting the �rst component of the quaternion representation. A null or a
very small value indicates that such a situation is likely to occur. The �rst
solution to this problem is a simple workaround which basically consistsof
changing the referenceposeof the template and the scanmodel and using
an intermediate poseas a reference. To this end, a previous frame for the
template and the target can be usedas the referencepose. Another alter-
native would be to create an intermediate posefor the template meshand
deform the target into a similar pose.This intermediate posecan be usedas
the new referencecon�guration.
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The secondsolution would beto construct a shortestpath betweentwo points
along which this problem occursand interpolate the deformation along this
line usingthe sphericalquaternioninterpolation commonlyknown asSLERP.
This way, deformation can be interpolated to the triangles adjacent to the
path. Thesenew triangles will be usedasconstraints for the harmonic inter-
polation, Eq. (2).

5 Con
uen t Mark er-based Animation

By far the most authentic animation descriptionsfor moving virtual actors
are obtained by measuringmotion parametersof real people. The most es-
tablished technique to achieve this purposeis marker-basedoptical motion
capture [6]. Here, the body of a moving individual is equipped with optical
markings at kinematically relevant body locations, e.g. around the joints.
The personnow performs in front of multiple camerasthat reconstruct and
track the 3D positions of the markings. From the 3D marker tra jectories,
a kinematic skeleton model of the personis generated. The motion is con-
veniently parameterizedas rotational and translational parametersof the
joints.

Marker-basedtracking systemsprovide the animator with motion descrip-
tions of unequaledaccuracyand naturalness. Even subtle details in motion
patterns are faithfully captured. Furthermore, the motion data comesin the
correctskeleton-basedparameterizationstraight away, enablingthe animator
to straightforwardly map them onto a virtual character.

The high quality of captured motion data, however, comesat the expense
of many in
exibilities in their application. Firstly, motion parameterscan-
not easily be reusedwith virtual personsthat di�er in skeletal proportions
from the captured individual. To make this possible,computationally ex-
pensive motion retargetting algorithms have to be applied [14]. Secondly,
motion capture systemsonly deliver a description of human motion in terms
of interconnectedrigid bodies. The non-rigid deformationsof the skin and
the soft-tissuesurrounding the boneshave to be manually modeled,e.g. by
meansof vertex skinning [18].

We now demonstratethat the Con
uent Motion paradigm can be straight-
forwardly applied to animate human body scanswith motion capture data.
Paradoxically, despitediscarding the useof a kinematic animation skeleton
it allows us to generatehigh-quality animations and to generateconvincing
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(a) (b) (c)

Figure 5: The set of input markers (a) are usedto generatean intermediate
bipedmodel (b). By applying our deformationtechniquethe acquiredmotion
is realistically transferedto the �nal human body scan(c).

surface deformations with just the samesimple processingsteps. By the
sametoken, the motion retargetting problem is implicitly solved.

The steps that have to be taken to animate a mesh con
uently with the
input data (Fig. 5a) are very simple and can be summarizedin three sen-
tences:First, using any standard animation software like 3D Studio MaxTM ,
the motion capture skeleton is transformed into a surfacemodel in which
the bonesof the biped are represented as triangle meshes(Fig. 5b). Con-
sequently, in a manual step static per-triangle correspondencesbetweenthe
triangulated biped and the scannedmesh are de�ned. Finally, our mesh
deformation approach realistically movesand deformsthe scannedmeshto
accurately mimic the motion of the input model, and brings it to a correct
global position (Fig. 5c).

We have applied our method to con
uently animate a male and a female
high-resolution meshthat have beengeneratedwith a Cyberware full-body
scannerand that the company kindly provides for public use. Input motion
capture data are taken from a databaseof motion �les provided by Eyes,
Japan Co. Ltd. Fig. 1 shows several frames of an animation in which we
madethe femalemodel perform a soccerkick. The input is a motion capture
�le comprising of 90 key body poses. The actressrealistically blocks the
ball, kicks it and scores.Note that the animation nicely displays even subtle
details like the protrusion of the chestduring blocking. The skin deformation
around the kneesand the elbows is also authentically reproduced. Fig. 6
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Figure 6: Male model boxing, renderedwith and without static surfacetex-
tures. Note the realistic skin deformation of the animated scannedmesh.

shows the malemodel performing boxing punches. Note that despitethe fact
that the input motions stem from personswith totally di�eren t anatomical
dimensions,very natural animations free of retargetting artefacts (such as
sliding feet) are generated.Our experiments con�rm that Con
uent Motion
is a highly 
exible and simple approach to create high-quality animations
from arbitrary marker-basedmotion capture data.

6 Con
uen t Mark er-less Animation

In the previoussectionwe have demonstratedthat our approach transforms
motion data capturedwith state-of-theart intrusivemeasurement technology
into high-quality animations. One major disadvantage of this type of input
data is the fact that the acquisition situation hasto be completelyoptimized
for the solepurposeof motion estimation. In consequence,the personcan
hardly perform in a generalenvironment and it is alsoimpossibleto make the
video footageavailable to further processing,e.g. for the purposeof texture
reconstruction. In contrast to marker-basedsystems,marker-lesstracking
methods allow for this [20]. Instead of inferring movement descriptionsfrom
arti�cially placed markings, they estimate motion parameters from image
featuresin the raw video footageshowing a moving personin an unmodi�ed
scene.

Using a marker-lesshuman motion capture systemas front-end to our Con-

uen t Motion pipeline enablesus create two intriguing applications, video-
driven animation and con
uent 3D video.
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6.1 Video-driv en Animation

For non-intrusively estimatinganimation parameters,wemakeuseof the pas-
sive optical motion capture approach proposedin [8]. To this end, we record
a moving personwith eight static video camerasthat are roughly placed in
a circle around the center of the scene.From the frame-synchronized video
streams,the shape and the motion parametersof the human are estimated.
To achieve this purpose,a template model, Fig. 3a,comprisingof a kinematic
skeleton and sixteen separateclosedsurfacesegments is �tted to each time
step of video by meansof silhouette-matching. The output of the method
conveniently represents the captured motion asa sequencein which the tem-
plate model subsequently strikesthe estimatedbody poses.

This output format can be directly usedas input to our Con
uent Motion
pipeline. The animator speci�es triangle correspondencesbetweenthe tem-
plate and the scannedmeshthat shall be animated. Finally, our algorithm
makes the output meshmimic the motion that we have captured in video.
Realistic surfacedeformationsof the output meshare implicitly generated.
Pleasenote that the fact that the moving input template comprisesof in-
dividual triangle meshsegments doesby no meanslimit the applicability of
our method.

In order to demonstratethe performanceof video-driven animation, we ani-
mate our female(264K triangle) and male (294K triangle) Cyberware scans
with two very di�eren t captured motion sequences.The �rst sequencecon-
tains 156 frames and shows a female subject performing a capoeira move.
The secondsequenceis 330 frameslong and shows a dancing male subject.
Fig. 7 shows a comparisonbetweenactual input video framesand two scans
striking similar poses.It illustrates that body posesrecordedon videocanbe
faithfully transfered to 3D models of arbitrary human subjects. Di�erences
in body shape and skeletal proportions can be completely neglected. Our
results illustrate that the Con
uent Motion pipelineprovidesanimatorswith
a tool to conveniently transfer motion extracted from normal video streams
onto high-quality 3D models.

6.2 Con
uen t 3D Video

By means of video-driven animation, Sect. 6.1, we can also generate3D
videos of moving characters. In the traditional model-basedapproach to
3D video a simpli�ed body model is used to carry out a passive optical
motion estimation from multiple video streams [28, 8]. During rendering,
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Figure 7: Video-drivenanimation: Motion parametersareextractedfrom raw
videofootageof humanperformances(top row). By this means,body posesof
a video-taped individual caneasilybe mapped to body scansof other human
subjects (secondand third row). Note that skin deformationsare naturally
modeled (middle column). Scansare faithfully animated regardlessof the
di�erences in body shape and skeletal dimensions.

the samesimpli�ed shape template is displayed in the sequenceof captured
body posesand textured from the input videos. Although these methods
deliver realistic free-viewpoint renditions of virtual actors, we expect that a
moreaccurateunderlying geometryincreasesrealismevenfurther. Con
uent
Motion enablesus to decouplethe model acquisition stagefrom the motion
estimation and the rendering stages. This way, we can use an animated
high-quality scanas the underlying geometrydescription.

To demonstratethe feasibility of this approach in practice, we have acquired
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Figure 8: Con
uent Motion enablescreation of 3D videoswith high-quality
geometrymodels. Due to the accurategeometrythe renderedappearanceof
the actor (left subimages)nicely corresponds to his true appearancein the
real world (right subimages).

full-body surfacescansof several individuals in our studio. To this end, we
merged several partial body scansperformed with our MINOLTA VI-910
which is best suited for scanningsmall objects. Thus the quality of our scans
is far below the quality of scansacquiredusing full-body scanners.For each
scannedindividual, we alsorecordedseveral motion sequenceswith multiple
synchronized video cameras.We usethe method from Sect. 6.1 to animate
the scansfrom the captured motion data. During 3D video display, the
animated scanis projectively textured with the captured video frames.

Fig. 8 shows two free-viewpoint renditions of a dynamically textured ani-
mated scan in comparisonto input imagesof the test subject. The free-
viewpoint renditions re
ect the true appearanceof the actor. Sincewe are
given a better surfacegeometry, texture blending artefacts are hardly ob-
served. Furthermore, we can even reproduce the true shape of the sweater
which would not have been possiblewith a moving template. Remaining
artefacts in the renderingcan be clearly attributed to the non-optimal scan-
ning apparatus we used. We do not seethis as a principal limitation of
our approach, as the results in Sect. 5 and Sect. 6.1 with Cyberware scans
demonstrate.

7 Results and Discussion

To demonstratethe potential of Con
uent Motion, we conductedseveral ex-
periments with both marker-basedand marker-lessmotion acquisition tech-
niques.
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Due to their high resolution, we usedthe Cyberware models provided with
their original surfacecolorsin most of our experiments. In Fig. 1 and Fig. 6
the models faithfully reproduce the acquired performancesof professional
athletes. Marker-lessmotion acquisition enablesus to perform video-driven
animation. Both of our models in Fig. 7 authentically mimic the human
performancescaptured on video. This also allows for producing 3D video,
Fig. 8.

Our method satis�es the deformation constraints in a least-squaresense,
while maintaining the smoothnessand details of the original mesh which
are encoded in the di�eren tial operators. Thus, in order to enforceany con-
straint, it is imperative to increasethe number of correspondencesassociated
with it. We can ensurestable feet placement simply by marking a su�cien t
number of constraints on the feet. Due to di�eren t body proportions between
sourceand target mesh,achieving an exact match betweensourceand tar-
get is impossible.However this is a generalproblem even for skeleton-based
retargetting methods.

The results con�rm that our method is capableof delivering visually con-
vincing virtual character animation at a low interaction cost, but still at
interactive rates. The method is able to processlarge data setsin the order
of 200to 300K� in just seconds.For smallersetsof 30 to 50 K� the results
are generatedat 2 framesper second. All the experiments were conducted
on a single3.2GHznotebook.

We would alsolike to emphasizethat our method can usearbitrary template
meshes,which can be arbitrarily structured. For the vision-basedresults
the fact that the template re
ects the shape of the captured personsis a
requirement of the motion capture method [8] and not of our approach.

As for any novel techniqueour method still hassomelimitations. For extreme
deformation we note that there is generallysomeloss in volume due to the
nature of our interpolation. We believe that using higher order di�eren tial
operators or the volumetric approach proposed in [35] would reduce such
artefacts although this might decreasethe current numerical performance.
We plan to investigatetheseideasas a direction of future work.

We nonethelessdeviseda powerful framework for animating virtual human
characters. Since our method relies only on setting up and solving linear
systems,the implementation and the reproduction of our resultsarestraight-
forward.
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8 Conclusion

Con
uent Motion is a new animation framework aiming at simplifying the
traditional, not so straightforward acquisition-to-animation pipeline. The
only manual interaction required is the selectionof a small number of tri-
anglesto enforcethe semantic correspondencebetweendi�eren t modelsand
guide the animation process. The proposedmethod is thus easyand intu-
itiv e to useand doesnot requireany training. By meansof the samee�cien t
methodologyCon
uent Motion simultaneouslysolvesthe animation, the sur-
facedeformation and the motion retargetting problem.

As a direction for future work, we would like to combine our technique with
an approach to learn per-time-step surfacedeformations from input video
footage. We alsoexpect that out�tting our virtual characterswith simulated
apparel would further increasethe visual realism.
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