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Abstract

This paper presents a system for animating customized
virtual humans using motion parameters estimated from
multi-view image sequences. The advantage of our method
is that the subject does not have to wear markers or other
devices. Wk offer a detailed analysis of the singulari-
tiesthat might arise during tracking humans using multiple
cameras and we provide an analysis of the criteria that
allow the ordering of the cameras that provide the most in-
formation for tracking. We demonstrate our system using
image sequences requiring the recovery of complex three-
dimensional motionsinthe presenceof significant occlusion,
and we present a quantitativeanalysisof the accuracy of the
estimated motion parameters.

1. Introduction

On one hand, the capture and automatic generation of
realistic movement is a very important yet open problem
in computer graphics and animation. On the other hand,
computer vision techniques are playing an increasingly im-
portant rolein computer graphics applicationsrequiring en-
hanced redlism [2, 35]. This synergy between computer
vision and computer graphicsisof paramount importancein
virtual reality applicationswherethe use of complex models
such as humans or other articul ated objects and the model -
ing of their motionsis often necessary [3, 7]. In such cases,
even themost skilled model ers and animatorsare not able to
accurately reproduce the respective shapes and motions. If
synthesized motion isto be compelling, we must create ac-
torsfor computer animations and virtual environments that
appear redlistic when they move. The redlistic animation
of virtual humans requires that: 1) the figure must be an-
thropometrically correct and resembles the participant, and
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2) the kinematics and the dynamics of the figure must be
accurate and physically correct.  Other applications, such
as vision-based computer interfaces [24, 30], ergonomics,
anthropometry and human factors design require additional
analysis of the data to facilitate certain tasks or activities.
An example of such an analysis is the performance mea
surement of both athletes as well as patients with psycho-
motor disabilitiesand therapid prototyping of rehabilitation
aids[36].

Recently, we proposed the following approach in order
to capture the motion of an unencumbered subject and to
overcome the problems due to variations among subjects
in the shape of their body. First, automatically acquire a
three-dimensional model of the subject using vision tech-
niques [19]. Then, employ this modd to track the un-
constrained movement of a subject’s body parts by using
multiple cameras and by actively selecting the subset of
the cameras that provide the most informative views [20].
Sincethesystemisnon-invasivethe subject can movefredy
without interference from the system and without markers
annoying him/her.

In this paper, we present in detail the integration of
these vision techniques into a vision-based animation sys-
tem. Our system consists of a human motion analysis and
a human motion playback parts. The analysis part is based
on the spatio-temporal anaysis of the subject’s silhouette
from image sequences acquired simultaneously from mul-
tiple cameras [18]. The motion playback part couples the
estimated motion parameters with a customized physics-
based graphical modd of the participant resulting in human
motion animation. The system is currently passive, that is
the observations drivethe model. Since our motion capture
technique is model-based, the mapping between the states
of the system and theimage features makes registration pos-
sible. However, the state space must be observable. During
the selection phase of the motion estimation part, we de-
rive for each part a subset of the cameras that provide the
most informative views for tracking. This active and time
varying camera selection, which alows for robustness and



speed of processing, is based on the visibility of a part and
the observahility of its predicted motion from acertain cam-
era. We offer a detailed analysis of the singularities that
might arise during tracking humans using multiple cameras
and we provide an analysis of the criteria that alow the
ordering of the cameras that provide the most information
for tracking. We used our system to capture the motion of
the upper-body extremities of severa subjects performing
complex three-dimensional motionsin the presence of sig-
nificant occlusion. We achieved accurate tracking results
and could successfully animate a customized model of the
subject. In addition, we will demonstrate two case studies
of possible applications of vision-based animation, namely
performance measurement of people with disabilities for
rapid prototyping and vision-based tragjectory input for dy-
namic simulators. This new system advances the state of
the art in vision-based animation because: 1) our method
is based on the use of occluding contours and it obviates
the need for markers or specia equipment, 2) the animated
graphical model is anthropometrically correct and resem-
bles the subject, 3) the selection of the subset of cameras
that provide the most informative views is accomplished in
an active and time varying fashion, 4) since we are using
multiple cameras, we can mitigate the difficulties arising
due to occlusion among body parts and body movements
that are ambiguous from one view can be disambiguated
from another view, and 5) the motion capture is based on
the whole apparent contour than just afew points.

This paper is organized as follows: Section 2 presents a
brief survey of the current state of the art in human motion
capture. Section 3 presentstherecipe for the estimation part
of our system along with a detailed analysis of the tracking
singularities. Section 4 presents the motion playback part.
Section 5 details our experiments and the analysis of the
motion capture accuracy. Section 6 discusses the results
and future directions.

2. Related Research

Currently motion tracking is performed using mechani-
cal, electro-magnetic, and image-based techniques. Image-
based systems can be lumped into three broad categories:
techniques that use active markers, techniques that use pas-
sive markers and techniquesthat do not use markers. Since,
placing markers to the subjects is cumbersome and it al-
ters their natura motion, a non-intrusive sensory method
based on vision is preferable. Indeed, there is a need for
accurate measurement of the three-dimensional motion of
moving body parts without interfering with the dynam-
ics of the moving bodies. Due to space limitations in
this paper we review only image based marker-free ap-
proaches. For a comprehensive review of human tracking
methods the reader is referred to [9, 18]. Previous work

on human motion capture can be categorized in bottom-up
methods [17] (where no prior knowledge about the shape
model of the human is employed) and top-down model-
based methods which employ a modd of the human body
or employ assumptions on the kinds of motions they can
analyze [4, 27, 34]. Most of the top-down techniques
use approximate rigid models of the human body (e.g.,
stick figures[8, 22, 14, 4], overlapping spheres [28], cylin-
ders[1, 33], dliptical cylinders [16, 34, 25], right-circular
cones [13], or superquadrics [10, 26, 29]) which cannot
easily adapt to different body sizes. Some approaches per-
form tracking using edges [10, 20, 13, 16, 32], or using
information related to regions [31, 33, 40, 5] or both [37].
Alternatively, 2D kinematic model s have been used to track
end-effectors using color information [39] and leg configu-
rations[23].

3. AnalysisPart

To capture in a non-intrusive, fast, and robust fashion
the geometric and kinematic parameters of humanswe have
constructed an experimental testbed (3D-studio). Theimag-
ing hardware of the 3D-studio consists of three calibrated
grayscal e cameras placed in mutually orthogonal configura-
tion. Inparticular, theinput to theanalysispart isasequence
of grayscale images taken from these cameras. The output
is the three-dimensiona positions and orientations of the
subject’s body parts at each time instant from which the
trgjectories, velocities, and accel erations can be computed.
The first phase of our system is the model building phase,
that is we first extract an accurate shape model of the body
parts of the subject which will allow prediction of the occlu-
sionsamong body parts[19]. For the experiments described
in thispaper, the subject isasked to perform a set of motions
to acquire the anthropometric dimensions of hisher upper
and lower arms.

3.1. Motion Estimation

In this section, we will review in detail the steps of the
estimation process that take place for every frame of the
image sequence.  In the pseudo-code below, startT and
endT" are the starting and ending times respectively, u =
(q7,q")T where q isthe vector of generalized coordinates
that describe the articulated model M of the subject with n
parts. Thedementsof q arethe positionsand orientationsof
the model s of each modeled body part of the subject’s body.
The vector q along with the vector q completely describe
the state of articulated model of the subject. The matrix
P4 represents the uncertainty of the state. The motion
estimation process proceeds as follows:
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Figure 1. (a-c) Starting and (d-f) ending position of the right upper arm and forearm of a graphical

model.

MotionEstimation(startT, endT, M, Ustart, Pstart)
tp — startT,
ﬁ(tk |tk) — Wstart »
P(tk|tk) — Psiart ;
while(tr < endT)
a(tesalte), P(tpsalts)} — Predict(@(ty[te), Ptelte));
SynthesizeAppearance(t (¢ +1/tx));
{BCy,...,BC,} — SdectBestCamera(u(ts+1lts), M);
MatchAndMeasure(t(ty4+1ts), {BC1, ..., BCy });
StateUpdate(ﬁ(tk+1|tk), P(tk|tk), P(tk+1|tk));
tp —tp +1;

The procedure Predict takesinto account statesup totimeiy,
to make a prediction for the state of themodel at time ¢ 1.
The procedure SynthesizeAppearance synthesizes the ap-
pearance of the graphica mode for each camera while the
procedure MatchAndMeasure establishes the discrepancy
between the predicted and the actua appearance. Then,
a new state for the modd is estimated by the procedure
SateUpdate so as to minimize these discrepancies. The
process is repeated again for the following frames in the
image sequence.  Since we are using multiple cameras
one of the questions we are caled upon to answer is how
many views should we employ for tracking. Should we
process the occluding contoursfrom al the cameras or from
only one? Therefore, we have added to the agorithm the
SelectBestCamera procedure that (for each body part) de-
rives the camera that provides the most informative view
for tracking [20]. In sections that follow we will present a
detailed account for choosing the criteria.

Prediction Phase: We incorporate the dynamics of the
subject’s model into a Kalman filter formulation [11, 20].
The Kaman filter formulation is used because: 1) it pro-
videsthe optimal linear estimate for dynamic systems, 2) it
is recursive and therefore computationally efficient, and 3)
itisbased on physical dynamicswhich allowsfor predictive
estimation. Let u(¢2|¢1) denote the minimum mean square
error estimate of 1i(¢2) given the measurements up to ¢;
(t1 < t2) and P(¢2]t1) the associated error covariance ma-
trix. Then, the prediction component of the Kalman Filter

can be described using the foll owing pseudo-code:

Predict(ﬁ(tk|tk), P(tk|tk))
ﬁ(tk+1|tk) — PredictState(ﬁ(tk |tk));
L(tz4+1), Lp(ty4+1) — EvaluateJacobians(t(tyy1|tx));
P(tr41ltr) — PredictCovariance(P(¢x|tr), Q(tr));

The entries of matrix L, (¢5+1) consist of evaluations of
the Jacobian matrix L, at the various locations of the pro-
jected moddl points[20]. Using the above extended Kalman
filter, we can predict at every step the expected location of
themode point positionsin the next image frame, based on
the magnitude of the estimated parameter derivatives q.

Synthesizing the appearance of the model: Based on
the predicted position of the shape moded the agorithm
synthesizes the appearance of the model to the different
cameras. For every model the projection of the vertices of
the model to the image plane of each camera is computed.

Selection Phase: Our god is to track (using the re-
covered shape moded for the subject) the three-dimensional
position and orientation of the subject’sbody parts. Using
portions of the contours from &l the cameras simultane-
oudly to compute forces on a particular part can result into
an incorrect solution dueto incorrect association of contour
pointsto model points. Therefore, at every step of the com-
putation, we decide which cameras to use by employing the
procedure bel ow.

SelectBeﬂCamera(ﬁ(tk+1|tk), M)
for i=1ton
for j=1tok
VI;; — ComputePartVisbility(a(ts+1]tx), M);
for i=1ton
if (i >VZinres)
then
0Z; ; —ComputeProj M otObservability(t(t; 41|t ), M);
dse
for i=1ton
BC; — argmazx; O1; ;,
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Figure 2. (a, e) Intensity maps, and (b, f) iso-contour plots of the variation of the visibility index and
the predicted motion observability index for the right upper arm of the graphical model, respectively.
(c, g) Variation of the indexes for the right upper arm along @ for ¢ = 0. (d, h) Variation of the indexes

for the right upper arm along ¢ for 4 = 0.

The procedure ComputePart\isibility computes thevisi-
bility of a subject’s body part from a particular camera and
the the procedure ComputeProjMotObservability computes
the observability of its motion w.r.t the particular camera.
For a part ¢ and a camera Ci, k € {1,2,3} we define a
visibility index VI ; ; and an observability index OZ; ;.

Part Visibility Criterion: We define as visibility index
VI;; theratio of the area of the visible projection of the
part ¢ to the image plane of camera C;;, to its projected area
when we do not take into account the occlusions.  The
visibility index is a function of the shape and pose of the
object, the pose of the camera and the pose of other objects
in the scene. To motivate the use of this index, we have
performed a simul ation whose purpose was demonstrate the
change to the visibility of an object (due to occlusions) as
a camera moves around it in a unit sphere (the position
of the camera is determined by the spherical coordinates
¢ and #). For example, imagine a sphere enclosing the
object and a camera positioned a any point of this sphere
looking at the object. Using the Transom Jack® software
we have generated synthetic images of an arm at a specific
pose for different positions of camera around it. Figs. 2(a
d) depict the change in visibility index of the upper arm.
In particular, Fig. 2(a) depicts as an intensity vaue, the
value of the visibility index as the camera sweeps the sphere
around the graphica model of the arm. The white areas
correspond to positions of the camera from whichthearmis
not occluded by other objects present in the scene. Fig. 2(c)
depicts the variation of the visibility index as the camera

Predicted occluding contour

Pi
Current occluding contour
Pi+1

Pis2

Figure 3. Notation pertaining to the computa-
tion of the observability index.

moves along the longitude of the sphere (at latitude 0) and
Fig. 2(d) depicts the variation of the visibility index as the
cameramoves a ong thelatitude of the sphere (for longitude
0). It is hardly a surprise that there is a wide variation in
the visibility index. Our motivation isjust to reinforce that
there are zones of high visibility and zones of low visibility.
Therefore, if one has the opportunity to choose a camera
from a set of cameras, it is relevant to chose the cameras
that meet the visihility criteria

Observability Criterion: The second criterion for view
selection refersto the observability of motion. Let’sassume
that we observe the movement of the upper arm and the
forearm of a graphical model using three cameras. The
samemotionin 3D inducesdifferent changeintheoccluding
contours from the three cameras. This change is function
of the shape and pose of the abject, its motion, occlusions,



and the pose of the observer. Our objective is to select
the camera in which the largest change occurs since our
algorithmis based on occluding contour information.

Once a part is considered visible from a particular cam-
era, wefurther check if the camera sviewpointisdegenerate
given the predicted motion (based on the Kalman Filter) of
the part. For every node C; a the current occluding con-
tour of the model, we determine the nearest point P; to the
predicted occluding contour and we compute the area of the
polygon with vertices C;, Ci 41, F;, and P41 (Fig. 3). The
sum of these aress is the observability index and summa-
rizes the changes at the apparent contour of an object for a
given motion [20].

To motivate the use of the observability index we
recorded the predicted motion observability index as the
graphical model moved from the starting to the ending po-
sition (Fig. 1). Fig. 2(e) depicts, as an intensity value, the
value of the observability index as afunction of the camera
position. The white areas correspond to positions of the
camera to which the specific motion for the arm inducesthe
largest change in image coordinates. In addition, this map
reflects the axes of symmetry of the object. It givestheaxes
around which when the object moves its apparent contour
does not change. Fig. 2(g) depicts the variation of the ob-
servability index as the camera moves along the longitude
of a sphere around the arm. Fig. 2(h) depicts the variation
of the observahility index as the camera moves aong the
|atitude of a sphere around the arm.

Matchingand Measurement Phase:  Having selected the
set of cameras that provide the most information, in order
to provide constraints to the estimation of the rotational
and trandational motion of each of the parts we employ
information from the occluding contours.

Specifically, assuming that the initia pose of the parts
is known (we have developed a graphical tool that allows
easy overlay of models onto image sequences for initiaiza
tion purposes), for every occluding contour we employ the
algorithm below:

MatchAndMeasure(t (¢ 4+1tr), {BC1, ..., BCy});
for jin{BCy,...,BC,}
Fit2DDefor mableM odel (j);
MatchPoints(j,a(t;+1(tx);
MeasureDifference(t(tr 41/t );

The procedure Fit2DDeformableModel fits a two-
dimensiona deformable model to the occluding contour in
camera j to obtain a smooth differentiable model of the
curve [26]. The procedure MatchPoints computes the cor-
respondence between nodes on the model and points on
the occluding contour. The procedure MeasureDifference

measures the inconsistencies between the synthesized ap-
pearance of the model and the actual one. In physics-based
tracking terms, it measures the forces that the image points
apply to the model.  After we compute the force assign-
mentswe estimate the new pose parameters of the part based
on the extended Kaman filter [18].

State Update: The estimation of the motion parame-
tersisachieved by numerically integrating through time the
Lagrange equations of motion taking into account the sim-
ulated external forces and the constraint forces.

4. Motion Playback

The above vision-based analysis givesthe ability to pro-
duce a customized version of each individual’s shape and
motion which can be then played-back in any standard hu-
man animation system. For our purposes we have used the
Transom Jack®animation system. The recovered shape of
the parts is used to replace the standard shape of the parts
used in this animation system. Therefore, the animated
graphical model will resemble the subject. In particular,
sincethree views are not sufficient to represent accurately a
human’s head and face, the head is captured using our Cy-
berware scanner and the shape of the animated body parts
is obtained using the method described in [19]. The con-
trolled degrees of freedom that we employ in the experi-
ments section are the following: the neck, and (right and
|eft) shoulder, and the elbow. The captured shape and mo-
tion of each human part isrepresented as arigid body which
rotates and trandates over time. In addition the parts are
connected with point-to-point constraints whose location is
also defined during the vision-based analysis part.

5. Reaults

We carried out several experiments to assess the robust-
ness and accuracy of our tracking scheme. The first exper-
iment illustrates the robustness to occlusions. The process
of tracking the motion of the subject’s arms consists of two
phases. The first phase isthe model building phase. Notice
that since the subject did not flex his wrists, the estimated
models for the forearms include the wrists. In the sec-
ond phase, we asked the subject to move his arms in 3D.
Figs. 4(a-c, d-f) show sample input images from the three
cameras. Figs. 4(g-i, j-1) show the estimated 3D pose of the
subject’s parts of the arm. Fig. 5(&) shows four views for
three frames of an animation. The animation was created
by applying the estimated motion parameters to a graphi-
ca mode of the subject whose shape has been customized
based on the shape of the subject’s body parts (as extracted
from theimage sequences). In addition, using the recovered
parameters of motion we can animate the vision-based ex-
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Figure 4. (a-c, d-f) Sample input images from the three cameras for frames 1 and 16 in the motion
sequence, and (g-i, j-l) tracking results for frames 1 and 16 in the motion sequence.

tracted graphical model of the subject placed at a different
synthetic environment (Fig. 5(b)).

The second experiment demonstrates the performance of
our algorithm. The experimenta protocol was the follow-
ing: a subject was asked to dide the tip of his right hand
along a circular groove 5mm+0.5mm wide, engraved in a
glass plate, thus following a circular trajectory of radius
114.3mm + 0.5mm (Figs. 6 (& &, i, ¢, g, k)). After tracking
(Figs. 6 (b, f, j, d, h, I)) and trgjectory reconstruction, an
error anaysis was performed which is summarized in Fig 6
(p)- Even by taking into account human imprecision while
following the groove, the mean error between the ideal and
the recovered trgjectory of the finger tip is about 1cm for
observation distance of 2.5 m. Thus, the error is 0.4%.
Figs. 6(m-0) depictstherecovered path from severd views.
In Fig. 6(n) al the axes have been drawn at the same scale.
However, in Fig. 6(m) the Z axisis drawn on smaller scale
to depict the variation of the path. Fig. 6(0) depictsthe path
in the transverse plane.

Case Studies: UPGRADE is a research project being
conducted at the GRASP Lab, in collaborationwith the A.l.
duPont Institute. The goal of the project is to merge sev-
erd state-of-the-art technologies for the rapid prototyping
of rehabilitation aids customized for a specific physicaly-
challenged user. The emphasis is placed on providing ac-
curate physical measurements to simulation tools, which in
turn provide relevant customizing parameters to the design
and manufacturing processes for rehabilitation aids.

Wehave chosen toinvestigate how avision-based motion
capture and animation system can be used for theacquisition
of kinematic and geometric data of motion impaired users,
in order to provide measurements to rehabilitation device
designers. We considered as a testbed the device showed
inFig. 6(s), where thethree-dimensional head and neck mo-
tions of a quadriplegic patient can control a feeding utensil
viathe extension and retraction of cables (the cables and the

atachment to the patient’s head are not shown for ssimplic-
ity). Inthis case, our goa isto measure how, and to what
extent, a given patient can perform the motion controlling
the feeding apparatus. The subject is being observed by the
set of three CCD cameras of the 3D studio. A deformable
model of the subject head is automatically fitted to the first
image of the sequence and then tracked. Fig. 6(r) shows
the trajectory followed by a point on the chin of our test
subject. Note that the motion is much more complex than
the ssimple arc one could expect. The kinematic data thus
acquired is used as input to a virtua prototyping module,
where a tentative design for the feeding device can be sim-
ulated and refined. In particular, an optimization procedure
was developed to compute the optimal mechanism dimen-
sionsand the motion coupling required to generate adesired
spoon motion based on the recovered user-specific 3D head
trgjectory (see Fig. 6(q)) [21]. Eventudly, a parameterized
CAD mode of the mechanism can be adjusted to the pa
tient’s specific needs, and manufactured accordingly. It is
crucid to note that our framework is flexible and equally
alows for other type of input motions (e.g., arm, leg, ...)
to be tracked and used for other instances of customized
manufacturing, such as different types of rehabilitation aids
or more generally other man/machine interfaces.

Asasecond case study, we employed theresultsof human
motion analysis as trgjectory input for a dynamic simulator.
Figs. 6(t-w) show apuppet that dynamically a ong thetrajec-
tory (asit was estimated using our motion analysis system)
that thetip of the hand follows.

6. Conclusion

Computer animations and interactive virtual environ-
ments involving humans require the generation of redlistic
human motion. We maintain that probably the best and
most promising approach to this problem is a hybrid ap-



proach. Based on this approach, parts of the virtual actor’s
motion are generated using motion capture data and others
aredriven by simulation and control algorithms[15]. Inthis
paper, we presented in detail the integration of the vision
techniques into a vision-based animation system. We of-
fered adetailed analysis of the singularitiesthat might arise
during tracking humans using multiple cameras and we pro-
vided an anaysis of the criteria that allow the ordering of
the cameras that provide the most information for tracking.
In addition, we presented a detail ed performance anaysis of
the motion capture technique for the case of tracking upper
body extremities. Our experiments have demonstrated that
we can indeed accurately estimate the motion parameters
of a moving subject. In addition, we have demonstrated
the ability to create animation sequences through the vision-
based analysis of the video input. Our method can be used
to make libraries of reusable motion. For example, tech-
niques such as the ones presented in [6, 38, 12] could be
used to adapt previously acquired motionsto new situations
and new characters or serve as databases for the* on-the-fly”
assembly of animation in interactive systems.
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Figure 6. (a-1) Model-based three-dimensional tracking of the subject’s arm. (m-p) The estimated
trajectory of the tip of the right hand of the subject. (g-s) Virtual optimization of an experimental
feeding mechanism. (t-w) The dynamic movement of the puppet.



