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ABSTRACT

We develop a framework for 3–D shape and motion recovery of articulated deformable objects. We propose a
formalism that incorporates the use of implicit surfaces into earlier robotics approaches that were designed to
handle articulated structures. We demonstrate its effectiveness for human body modeling from video sequences.
Our method is both robust and generic. It could easily be applied to other shape and motion recovery problems.

1 INTRODUCTION

Recently, many approaches to tracking and modeling
articulated 3–D objects have been proposed. They have
been used to capture people’s motion in video sequences
with potential applications to animation, surveillance,
medicine, and man-machine interaction. See [Aggar-
wal and Cai, 1999, Gavrila, 1999, Moeslund and Granum,
2001] for recent reviews.

Such systems are promising. However, they typically
use oversimplified models, such as cylinders or ellip-
soids attached to articulated skeletons. Such models
are too crude for precise recovery of both shape and
motion. In our work, we have proposed a framework
that retains the articulated skeleton but replaces the
simple geometric primitives by soft objects. Each prim-
itive defines a field function and the skin is taken to be
a level set of the sum of these fields. This implicit sur-
face formulation has the following advantages:

� Effective use of stereo and silhouette data: Defin-
ing surfaces implicitly allows us to define a dis-
tance function of data points to models that is both
differentiable and computable without search.

� Accurate shape description by a small number
of parameters: Varying a few dimensions yields
models that can match different body shapes and
allow both shape and motion recovery.

� Explicit modeling of 3–D geometry: Geome-
try can be taken into account to predict the ex-
pected location of image features and occluded
areas, thereby making the extraction algorithm more
robust.�
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Our approach, like many others, relies on optimization
to deform the generic model so that it conforms to the
data. This involves computing first and second order
derivatives of the distance function of the model to the
data points. This turns out to be prohibitively com-
plex and slow if done in a brute-force fashion. The
main contribution of this approach is a mathematical
formalism that greatly simplifies these computations
and allows a fast and robust implementation of artic-
ulated soft objects. It extends the traditional robotics
approach that was designed to handle articulated bod-
ies [Craig, 1989] and allows the use of implicit sur-
faces. For additional details, we refer the interested
reader to our earlier publications [Plänkers and Fua,
2001, Plänkers and Fua, 2002].

We have integrated our formalism into a complete frame-
work for tracking and modeling and demonstrate its
robustness using video sequences of complex 3–D mo-
tions. To validate it, we focus on using stereo and sil-
houette data because they are complementary sources
of information, as illustrated by Figure 1. Stereo works
well on both textured clothes and bare skin for surfaces
facing the camera but fails where the view direction
and the surface normal is close to being orthogonal,
which is exactly where silhouettes provide informa-
tion. To increase the performance of our system, we
have also developed an improved approach to extract-
ing stereo-data using least-squares tracking methods.

In the remainder of this paper we first introduce our
models. We then discuss our approach to extracting 3–
D information from the video sequences and, finally,
to fitting the 3–D body models to it.

2 ARTICULATED MODEL AND SURFACES

The human body model we use in this work [Thal-
mann et al., 1996] is depicted by Figures 1(a,b). It
incorporates a highly effective multi-layered approach
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Figure 1: Models and silhouettes. (a) Metaballs attached to an articulated skeleton. (b) Skin surface computed by ray

casting. (c) One image of a stereo pair used to estimate the parameters of the model in (b). (d) Corresponding
disparity map. (e) The real body outlines overlaid on the skin surface. In this case the model was fitted
using stereo only. As a result, it ends up too far from the actual data points and the system compensates
by incorrectly enlarging the primitives. (f) Using the silhouettes during the fitting process provides stricter
constraints that yield a better result.

for constructing and animating realistic human bodies.
The first layer is a skeleton that is a connected set of
segments, corresponding to limbs and joints. A joint
is the intersection of two segments, which means it is
a skeleton point around which the limb linked to that
point may move.

Smooth implicit surfaces, also known as metaballs or
soft objects, form the second layer [Blinn, 1982]. They
are used to simulate the gross behavior of bone, mus-
cle, and fat tissue. The metaballs are attached to the
skeleton and arranged in an anatomically-based approx-
imation. The head, hands and feet are explicit surfaces
that are attached to the body. For display purposes a
third layer, a polygonal skin surface, is constructed by
ray casting [Thalmann et al., 1996].

The body shape and position are controlled by a state
vector

�
, which is a set of parameters controlling joint

locations and limb sizes. In this section, we first de-
scribe this state vector in more detail and, then, our
implicit surface formulation.

2.1 State Vector

Our goal is to use video-sequences to estimate our model’s
shape and derive its position in each frame. Let us
therefore assume that we are given � consecutive video
frames and introduce position parameters for each frame.

Let � be the number of body parts in our model. We
assign to each body part a variable length and width

coefficient. These dimensions change from person to
person but we take them to be constant within a par-
ticular sequence. This constraint could be relaxed, for
example to model muscular contraction.

The model’s shape and position are then described by
the combined state vector���
	�����������������������

(1)

where
�

is broken into sub-vectors that control the fol-
lowing model components:

� Shape

– � � ��	�� ���� � ��!#"$" %&� , the width of body
parts.

– � � �
	�� �� ��� ��!#"$" %&� , the length of body parts.

� Motion

– � � �
	�� �')( * �,+ �-!#"$" ./�102�-!#"$" 34� , the rotational
degree of freedom of joint 5 of the articu-
lated skeleton for all frames 6

– � � �7	�� �* � 08�9!#"$" 3:� , the six parameters of
global position and orientation of the model
in the world frame for all frames 6

The size and position of the metaballs is relative to
the segment they are attached to. A length parameter



not only specifies the length of a skeleton segment but
also the shape of the attached metaballs in the direc-
tion of the segment. Width parameters only influence
the metaballs’ shape in the other directions.
2.2 Metaballs

Metaballs [Blinn, 1982] are generalized algebraic sur-
faces that are defined by a summation over ; 3-dimensional
Gaussian density distributions, each called a primitive.
The final surface < is found where the density function=

equals a threshold > , taken to be 0.5 in this work:
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where hji represents the algebraic ellipsoidal distance
described below. For simplicity’s sake, in the remain-
der of the paper, we will omit the k index for specific
metaball sources wherever the context is unambiguous.

2.3 3–D Quadratic Distance Function

We use ellipsoidal primitives because they are simple
and, at the same time, allow accurate modeling of hu-
man limbs with relatively few primitives because meta-
balls result in a smooth surface, thus keeping the num-
ber of parameters low. To express simply the trans-
formations of these implicit surfaces that is caused by
their attachment to an articulated skeleton, we write
the ellipsoidal distance function h of Eq. 4 in matrix
notation as follows. For a specific metaball and a state
vector

�
, we define the lXm�l matrixn2o ��p orqTs tTu)vQoTqrs t "

(5)

where w and x are radii and position of the primitive
respectively. The skeleton induced transformation y�z
is introduced as the rotation-translation matrix from
the world frame to the frame to which the metaball is
attached. These matrices will be formally defined in
the appendix.

Given the { z and y z matrices, we combine the quadric
and the articulated skeleton transformations by writing
the distance function of Eq. 3 as:

g/P}| �~��RT� | I u)� I o�u n I o�u n2o u)� o u | " (6)

This formulation will prove key to effectively comput-
ing the Jacobians required to implement the optimiza-
tion scheme of Section 4.

We can now compute the global field function
=

of
Eq. 3 by plugging Eq. 6 into the individual field func-
tions of Eq. 4 and adding up these fields for all prim-
itives. In other words, the field function from which
the model surface is derived can be expressed in terms
of the { z and y z matrices, and so can its derivatives
as will be shown in the appendix. These matrices will
therefore constitute the basic building blocks of our op-
timization scheme’s implementation.

3 DATA ACQUISITION

From the video sequences, two kinds of 3–D informa-
tion are extracted: A three dimensional surface mea-
surement of the visible parts of the human body for
each time step and 3–D trajectories of points on the
body. The process consists of the following three steps:

� Data Acquisition and Calibration: The used im-
age acquisition system consists of three synchro-
nized progressive scan CCD cameras arranged in
a triangle form in front of the subject. The cam-
eras are connected to a frame grabber which digi-
tizes the images at the resolution of 640x480 pix-
els with 8 bits quantization.

The system is precalibrated using a 3–D reference
frame with signalized points and then finely cal-
ibrated using thorough bundle adjustment tech-
niques. The results of the calibration process are
the exterior orientation of the cameras, the param-
eters of the interior orientation, the parameters for
the symmetric radial and decentering distortion of
the lenses and two additional parameters model-
ing differential scaling and shearing effects. A
thorough determination of these parameters is re-
quired to achieve high accuracy in the measure-
ment.� Matching Process and 3–D Point Cloud: Our
approach for the matching process [D’Apuzzo, 2002]
is based on the adaptive least squares method with
the additional geometrical constraint of the matched
point to lie on the epipolar line. Starting from
few seed points, the matcher produces a dense set
of corresponding points relatively fast, e.g. on
a Pentium III 600 MHz machine, about 20,000
points are matched in approximately 10 minutes.

The seed points are generated automatically ap-
plying the Foerstner interest operator on the tem-
plate image to determine points where the match-
ing process may perform robustly; the correspond-
ing points in the other two images are then es-



tablished automatically by searching for the best
matching results along the epipolar line.

The template image is then divided into polygo-
nal regions according to which of the seed points
is closest (Voronoi tessellation). Starting from the
seed points, the set of corresponding points grows
automatically by sequential horizontal and verti-
cal shifts, until the entire polygonal region is cov-
ered. If the quality of the match is not satisfac-
tory, the algorithm works adaptively by changing
parameters (e.g. smaller shift, bigger size of the
patch). The process is repeated for each polygo-
nal region until the whole image is covered. The
result is a dense set of corresponding points in
the three images. The 3–D coordinates of the
matched points are computed by forward ray in-
tersection using the orientation and calibration data
of the cameras. The mean achieved accuracy of
the 3-D points is about 2 mm.� Surface Tracking: The tracking process [D’Apuzzo
et al., 2000] is also based on least squares match-
ing techniques. Its basic idea is to track triplets of
corresponding points in the three images through
the sequence and compute their 3–D trajectories.
The spatial correspondences between the three im-
ages at the same time and the temporal correspon-
dences between subsequent frames are determined
with a least squares matching algorithm. The re-
sults of the tracking process are the coordinates of
a point in the three images through the sequence,
thus the 3–D trajectory is determined by comput-
ing the 3-D coordinates of the point at each time
step by forward ray intersection. Velocities and
accelerations are also computed.

The tracking process is applied to all the points
matched in the region of interest, resulting in a
vector field of trajectories (position, velocity and
acceleration), that can be checked for consistency
and local uniformity of the movement. Key points
can be defined and tracked in the vector field, pro-
ducing 3–D information that can be used to estab-
lish the approximative posture of the body, e.g.
position of joints.

Figure 2 depicts the output of this tracking process on
one of the image triplets we work with.

4 MODEL FITTING

We use the body model of Section 2 both to track the
human figure and to recover shape parameters. Our

system is intended to run in batch mode, which means
that we expect the two or more video sequences we use
have been acquired before running our system. It goes
through the following steps:

� Initialization: We initialize the model interac-
tively in one frame of the sequence. The user
has to enter the approximate position of some key
joints, such as shoulders, elbows, hands, hips, knees
and feet. Here, it was done by clicking on these
features in two images and triangulating the cor-
responding points. This initialization gives us a
rough shape, this is a scaling of the skeleton, and
an approximate model pose. Techniques such as
those proposed by [Barron and Kakadiaris, 2000,
Taylor, 2000] could eliminate most of the cur-
rently necessary interaction.

� Data Acquisition: We use either clouds of 3–
D points derived from the input stereo-pairs or
triplets using either a simple correlation-based al-
gorithm [Fua, 1993] or the higher quality data
derived using the techniques introduced in Sec-
tion 3. In the first case, the 3–D points form a
noisy and irregular sampling of the underlying body
surface. To reduce the size of the cloud and begin
eliminating outliers, we robustly fit local surface
patches to the raw 3–D points [Fua, 1997] and use
the center of those patches as input to our system.

� Frame-to-frame tracking: At a given time step
the tracking process adjusts the model’s joint an-
gles by minimizing, with respect to the joint an-
gle values that relate to that frame, the distance of
the model to the 3–D point clouds. This modified
posture is saved for the current frame and serves
as initialization for the next one. Optionally The
system may use the model’s projection into the
images to derive initial silhouette estimates, opti-
mize these using image gradients and derive from
the results silhouette observations that it uses to
constrain the minimization [Plänkers and Fua, 2002].

� Global fitting: The results from the tracking in
all frames serve as initialization for global fitting.
Its goal is to refine the postures in all frames and
to adjust the skeleton and/or metaball parameters
to make the model correspond more closely to the
person. To this end, it optimizes over all frames
simultaneously, again by minimizing the sane dis-
tance as before but, this time, with respect to the
full state vector including the parameters that con-
trol the length and width of body parts.



Figure 2: Top row: An image triplet. Bottom row: Measured 3–D point cloud.

1 21 31 51 71

Figure 3: Tracking results in frames 1, 21, 31, 51, and 71 of a 300-frame sequence exhibiting a complex fully 3–
Dimensional motion. Top row: Frames from one of three synchronized video sequences. Bottom row:
Shaded represenation of the recovered model.

The final fitting step is required to correctly model the
proportions of the skeleton and derive the exact posi-
tion of the articulations inside the skin surface. This
must be done over many frames and allows us find a
configuration that conforms to every posture. To sta-
bilize the optimization, we add to our objective func-
tion additional observations that favor constant angular
speeds. Their weight is taken to be small so that they
do not degrade the quality of the fit but, nevertheless,
help avoid local minima in isolated frames and yield
smoother and more realistic motions. Figure 3 depicts
the results on a difficult fully 3–Dimensional motion.

5 CONCLUSION

In this work, we use a flexible framework for video-
based modeling using articulated 3–D soft objects. The
volumetric models we use are sophisticated enough to
recover shape and simple enough to track motion using
potentially noisy image data. This has allowed us to

validate our approach using complex video-sequences
featuring fully 3–Dimensional motions without engi-
neering the environment or adding markers.

The implicit surface approach to modeling we advo-
cate extends earlier robotics approaches designed to
handle articulated bodies. It has a number of advan-
tages for our purposes. First, it allows us to define
a distance function from data points to models that
is both differentiable and computable without search.
Second, it lets us describe accurately both shape and
motion using a fairly small number of parameters. Last,
the explicit modeling of 3–D geometry lets us predict
the expected location of image features such as silhou-
ettes and occluded areas, thereby increasing the relia-
bility of image-based algorithms.

Our approach relies on optimization to deform the ge-
neric model so that it conforms to the image data. This
involves computing first and second derivatives of the
distance function from model to data points. The main



contribution of this paper is a mathematical formalism
that greatly simplifies these computations and allows a
fast and robust implementation. This is in many ways
orthogonal to recent approaches to human body track-
ing as we address the question of how to best repre-
sent the human body for tracking and fitting purposes.
The specific optimization scheme we use could eas-
ily be replaced by a more sophisticated one that in-
corporates statistics and can handle multiple hypothe-
ses [Deutscher et al., 2000, Davison et al., 2001, Choo
and Fleet, 2001]. Another natural extension of this
work would be to develop better body and motion mod-
els: The current model constrains the shape and im-
poses joint angle limits. This is not quite enough un-
der difficult circumstances: A complete model ought
to also include more bio-mechanical constraints that
dictate how body parts can move with respect to each
other, for example in terms of dependencies between
joint angles.

In our current work, we rely on cheap and easily in-
stalled video cameras to provide data. This, we hope,
will lead to practical applications in the fields of medicine,
athletics and entertainment. It would also be interest-
ing to test our approach using high quality data com-
ing from a new breed of image or laser-based dynamic
3–D scanners [Saito and Kanade, 1999, Davis et al.,
1999]. Our technique will provide the relative posi-
tion of the skeleton inside the data and a standard joint
angle based description of the subject’s motion. Hav-
ing high-resolution front and back data coverage of the
subject should allow us to recover very high-quality
animatable body models.
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