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Abstract

This paper proposes a new method for model-based
tracking of a human body in 3D motion from multi-
ple views. The tracking is performed by estimating the
pose increment of the body parts from multiple image
sequences after establishing of �tting an articulated
model to the human body at the initial frame. The
pose increment can be obtained from solving a system
of linear equations. This calculation does not depend
on the number of view points. Experiments verify that
the proposed method can avoid occlusion and visual
degenerate from a particular view point, and track a
human body in complicated motion.

1 Introduction
The measurement of human motion has played an

important role in various applications in virtual reality
such as performance-driven computer animation and
human-computer interaction. Many systems for cap-
turing motion have been commercially provided. Most
of them needs to attach some equipments on the hu-
man body. Physically and mentally, these equipments
prevent the subjects from acting freely.

The use of image sequence, which are provided from
video camera, makes it easier to capture the human
motion in natural style. In image sequence analysis of
human actions, a use of appropriate 3D model (usually
articulated model) for the body is essential, since the
human body has a complicated structure and action
[2, 3, 8, 11, 12]!

Fitting the 3D model to the body image at each
frame, it is possible to measure the 3D pose of hu-
man body in motion. Even a single camera can realize
this measurement. However, there are a few problems.
These are that (1) an occlusion makes it di�cult to
measure entire body movement, (2) a visual degener-
ate in motion measurement may occur when the body
moves toward or away from the camera, and (3) accu-
rate �tting model to body is di�cult, since the used
model is usually an approximation of real body shape.
To overcome these problems, several researchers have
proposed methods by using multiple camera views.

Rehg and Kanade[10] tracked hand motion using a
stereo camera system. Gavrila and Davis[1] tracked
dancing peoples by four cameras located at four cor-
ners of the room. Kakadiaris and Metaxas[4] used
three cameras placed at front, side and top of the sub-
ject.

These existing methods involve an inherent prob-
lem in the model matching. The model matching
procedure needs a large amount of computation to
search images for the subject to be �tted, since the
model matching is carried out in every view at every
frame. The method[4] of Kakadiaris and Metaxsas se-
lects a view which provides the most information for
computational speed up. Then, the computation for
search reduces into matching the model with the se-
lected view. However, it needs computation for the
view selection.

In this paper, a model matching is carried out only
at the initial frame. The tracking is performed by esti-
mating the pose increment of the body parts between
two successive images. The pose increment can be ob-
tained from solving a system of linear equations. We
need not to solve so many systems of linear equations
as the number of view points. The proposed method,
which extends the case with a single camera, can track
articulated objects (i.e. human body) observed from
multiple views.

The next Section describes the theoretical aspects
of our method. Experiments in Section 3 verify that
the proposed method can avoid occlusion and visual
degenerate from a particular view point, and obtain a
reliable estimation of human action.

2 Motion Estimation from Multiple
Image Sequences

This section presents a method which estimates mo-
tion parameters of human body from image sequences
of multiple views.

2.1 Human Motion Model
We represent a human body by an articulated struc-

ture consisting of 12 rigid parts corresponding to head,
chest, abdomen, waist, upper arms, forearms, thighs
and shines, respectively. Each part of the body is ap-
proximated by a polyhedron which is made by a CAD
modeler [5]. Fig.1 denotes the human body model.
Each part of the body has a local coordinate system
of which origin is located at a joint, and a unique la-
bel to discriminate from each other. The model has a
tree structure as shown in Fig.2. The root of the tree
is a abdomen, and the arrow indicates a relationship
between parents and children.

Rigid motion in each part of the body is a combi-
nation of rotation and translation, denoted by a ma-
trix Qbj and vector Sbj = (Sxj ; Syj ; Szj) , respectively,
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Figure 1: Body model
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Figure 2: Articulated model of human body

where the j identi�es the number of the part. When a
point on the part moves from pj to p0j, both positions
are related by

p0j = Qbjpj + Sbj (1)

Supposing the movement to have small rotation,
the rotational matrix, Qbj , is given by

Qbj
=

 
1 ��zj �yj

�zj 1 ��xj

��yj �xj 1

!
(2)

where the �xj , �yj and �zj are small rotations around
x, y and z axes, respectively.

We de�ne a set of these rotational and translational
quantities of all parts of the body as a vector, �, of
motion parameters:

� = (Sx1 ; Sy1 ; Sz1 ; �x1 ; �y1 ; �z1 ; � � � ;
Sxj ; Syj ; Szj ; �xj ; �yj ; �zj ; � � �)

>

2.2 Camera Model
Let us set each camera coordinate system in

(xi; yi; zi), where the i denotes the camera number.
Supposing a central projection, a point in the space
is mapped onto an image point, (Xi; Yi), on an image

Figure 3: Before (left) and after (right) camera cali-
bration

plane, zi = 1, by the relation8<
:

Xi = fxi
xi
zi

Yi = fyi
yi
zi

(3)

where fxi and fyi are scale factors in the x and y
direction, respectively.

A spatial displacement (�xi; �yi; �zi) and the corre-
sponding image displacement (�Xi; �Yi) can be related
by �

�Xi = (fxi�xi �Xi�zi)=zi
�Yi = (fyi�yi � Yi�zi)=zi

(4)

as far as these displacements could be small.
A point, pci , represented in the camera coordinate

is related to the representation, pw, in the inertia co-
ordinate by

pw = Rcipci + Tci (5)

where Rci and Tci denote the pose of the camera coor-
dinate system with respect to the inertia coordinate.

2.3 Camera Calibration
The intrinsic and extrinsic camera parameters can

be obtained from a camera calibration.
In this paper, we use a camera calibration method

proposed by Lowe[7]. We locate a calibration object,
of which size is known, in the scene, and suppose the
object-oriented coordinate to be an inertia coordinate.
The left of Fig.3 shows the object image and the model
projection on the image based on appropriate camera
parameters. The calibration method iteratively cal-
culates the camera parameters so that a ridge of the
model could be aligned with the corresponding edge
on the image. Fitting the model to the object image
gives the intrinsic parameters, fxi and fyi , and extrin-
sic parameters, Rci and Tci .

2.4 Model Fitting at Initial Frame
At an initial frame to start for tracking, the model

�tting to human body is established by manual man-
ner as follows.

The body model can be projected on the image
plane based on the camera parameters obtained from
camera calibration. We manually adjusted the pose of



Figure 4: The left is a region image where each gray
level denotes a label assigned to a part of the body, and
the right is a depth image where a gray level denotes a
depth from camera. Both images are examples viewed
from camera 1 in Fig.10.

the model whose projection could be �tted to the body
image. A transformation between the j-th object-
oriented coordinate and the inertial coordinate is de-
scribed by

pw = Rbjpbj + Tbj (6)

where pw and pbj indicate the same point represented
by the inertia coordinate and the j-th object-oriented
coordinate, respectively, and also Rbj and Tbj are the
rotational and translational transformations, respec-
tively, of the object-oriented coordinate with respect
to the inertia coordinate.

Fitting the human body model to the human image
gives transformations, Rbj and Tbj . Then, the CAD
modeler calculates a region image (left in Fig.4) and
depth image (right in Fig.4) from a projection of the
model. The region image in which pixel corresponds
to each body part denotes an occlusion and appear-
ance from the camera view. In the case with a single
camera, since the body model is an approximation of
real shape of the body unlike the calibration object,
it is di�cult to determine a 3D pose of the model.
Model �tting from multiple views, however, can result
into measurements of the 3D pose of human body.

2.5 Estimation of Motion Parameters
In this section, an equation will be derived so as to

estimate motion parameters from image sequences of
multiple views.

When the human model �ts to the human image,
coordinates of the point on the human body are given
as coordinates of the corresponding point on the model
by the depth image. Let us a movement of the point
be a function of the motion parameters. Consider the
simple model as shown in Fig.5, there are two bodies
where bodies 1 and 2 are a parent and a child, respec-
tively.

Suppose that a point, pi, on the body 2 moves to a
new location,p0i, where both pi and p

0

i are represented
by a camera coordinates systems. The new location
can be calculated from coordinate transformations and
body motions in following steps.

a. Transform from the camera coordinate into an
inertia one.
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Figure 5: The camera-centered,body,and world coor-
dinates system

b. Transform from the inertia coordinate into an
object-oriented one.

c. Move the point with respect to the object-
oriented coordinate.

d. Transform from the object-oriented coordinate
into the inertia one.

e. Transform from the inertia coordinate into a
parent-oriented one.

f. Move the point with respect to the parent-
oriented coordinate.

g. Transform the parent-oriented coordinate into
the inertia one.

h. Transform from the inertia coordinate into the
camera one.

These steps results into

p0i = Rci

�
Rb1

�
Qb1R

�1

b1

�
Rb2

�
Qb2R

�1

b2

(Rcipi + Tci � Tb2) + Sb2)

+ Tb2 � Tb1) + Sb1) + Tb1 � Tci) (7)

If the body 1 has more parent, repeat steps ( e) ( f)
and ( g) to calculate the e�ect of the parent motion.

The p0i is a function with only motion parameters,
since the camera parameters and the initial pose of
body parts can be given by methods described in pre-
vious Sections.

Expanding p0i about zero values and neglecting sec-
ond and higher order terms, 3-D displacement, �pi =
p0i � pi, is represented by a linear combination of mo-
tion parameters as

�pi = p0i � pi



= (�xi; �yi; �zi)
>

=
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�
= Ji(�)� (8)

where Ji(�) is the Jacobian matrix.
Let E(Xi; Yi; t) be an image sequence from the i-th

camera. The image displacement, (�Xi; �Yi), at point,
(Xi; Yi), after a unit time period is constrained by the
equation

EXi
�Xi + EYi�Yi + Et = 0 (9)

where (EXi,EY i) and Et are spatial and temporal gra-
dients, respectively.

Substituting �xi �yi and �zi of eq.(8) into eq.(4),
and �Xi and �Yi of eq.(4) into eq.(9), a linear equation
with motion parameters, �, as unknowns is derived as
follows.

EpiJi(�)� = Et (10)

where

Epi =

�
�

fxiEXi

zi
;�

fyiEY i

zi
;
XiEXi

+ YiEYi

zi

�

and depth zi is given from the depth image when the
human model aligns with the human body.

2.6 Estimation of Motion Parameters
from Multiple Views

We can determine which part of the body a point
on the image taken by the i-th camera belongs to by
using the region image. We get a system of linear
equations which correspond to these points.

Ai� = Bi (11)

where Ai and Bi are the coe�cient matrix and a con-
stant vector, respectively.

Supposing the number of cameras to be n, we have
the n systems of linear equations which correspond to
cameras. Since the unknown � belongs to the unique
model of the human body, we can get one large system
of linear equations by gathering these n systems.2

664
A1

A2

.

.

.

An

3
775� =

2
664
B1

B2

.

.

.

Bn

3
775 (12)

The motion parameters, �, can be obtained from a
least square solution of eq.(12). The estimation of �
needs not to solve eq.(11) in camera by camera, but
solve eq.(12) only once. Therefore, this computation
does not depend on the number of cameras.

Moving the model based on the estimated motion
parameters, the moved model also �ts to the image of
the human body at the next frame. Repeating this
procedure in frame by frame enables the computer to
track the human body in motion.
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Figure 6: A system for acquisition of multiple image
sequences
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Figure 7: The left �gure is a top view of an arrange-
ment of two cameras, and the right �gure is a CAD
model of the human arm.

3 Experiments on Advantages of Mul-
tiple Views

We will give following some experiments to verify
several advantages brought by using multiple views.

a. Avoiding visual degenerate: Vanishing an am-
biguity of motion estimation in the direction of
the optical axis from a single view.

b. Tracking body in very complicated motion.

3.1 A System to Acquire Multiple Image
Sequences

We show a system to acquire image sequences from
four view points. Fig.6 denotes this system.

All four cameras are driven by the same external
synchronous signal. Four video images, which are
completely synchronized, are transferred to the quad
unit (SONY, YS-Q400). The unit reduces each full-
size image to a quarter-size image, and provides a new
full-size image by gathering the four quarter-size im-
ages. The output image of the quad unit is recorded in
the optical video disc recorder (Panasonic, LQ-4100).

The number of cameras, 4 here, is limited by the
capacity of the quad unit system. The more systems
will be available for more cameras.

3.2 Avoiding Visual Degenerate
When an object moves towards or away from a cam-

era, it is di�cult to estimate the movement with high
reliability, since the apparent movement is generally



Figure 8: Tracking result from a view of Camera 1
alone

Figure 9: Tracking result from multiple views of Cam-
eras 1 and 2

very small. In fact, we can show the di�culty by an
experiment as shown in the left of Fig.7, where the
camera 1 facing to the human body observes that the
subject is lifting his right hand from the bottom to
the front.

With the sake of simplicity, the model is composed
with an upper arm and a forearm, and each part ro-
tates around only one axis such as the right of Fig.7.
The left image of Fig.8 denotes tracking result by only
camera 1. The tracking result can be checked by an-
other camera (camera 2 in the left of Fig.7) which
observes the side view of the subject. The right image
of Fig.8 shows a separation between the model and
image of the arm at one frame during tracking. In
Fig.9, we denotes the tracking result by simultaneous
use of the both cameras. Observations from the both
cameras shows successful tracking result.

Since the camera 2 can avoid the degenerate from
view of camera 1, it may seem that the use of the both
camera views is meaningless. However, it is important
that there is no need to select a camera which can give
the most reliable estimation.

3.3 Very Complicated Motion Tracking
As one example of very complicated motion, we try

to track a pitching motion in the baseball game.
In this experiment, four cameras are located around

the pitcher. The model used here is composed of 12
parts of body as shown in Fig.1, where the pitching
motion is represented by 39 motion parameters, that
is, three degrees of rotational freedom to all parts and
six degrees of freedom to the abdomen.

Fig.10 shows the model �tting at initial frame.
Fig.11 shows a tracking result viewed from the camera
3 at intervals of 2 frames.

In the Fig.10, we can forecast some di�culties in

Camera1 Camera2

Camera3 Camera4

Figure 10: Fitting a model to the body images at
initial frames

tracking by a single camera. In fact, the right arm of
the subject is occluded in the view of camera 1. Also,
the left arm is not appeared in the view of camera
2. Moreover, the camera 3 cannot clearly capture the
left leg's motion along the optical axis. The proposed
method can estimate all motion parameters by solving
a large system of linear equations derived from four
cameras.

4 Conclusion
This paper proposed a model-based method for vi-

sual tracking of human body from multiple views.
This tracking is performed by integrating pose incre-
ments onto the initial pose. The calculation for the
pose increment does not depend on the number of view
points. Experiments verify that the proposed method
can avoid occlusion and visual degenerate from a par-
ticular view point, and track a human body in pitch-
ing.

Since this tracking method can share the human
body model together with computer graphics of creat-
ing human �gures, it is possible to build a compact sys-
tem for performance-driven animation. We will show
an animation based on this system.

The proposed method may fail in the tracking dur-
ing a long sequence of images, since error in tracking is
also accumulated even the small error. Causes for the
error are an inaccuracy of the camera calibration, an
approximation in the gradient-based equation (9), in-
coherent movements at occlusion boundaries and the
geometrically rough model of human body. A length
of successful tracking depends on the speed and com-
plexity of motion and texture patterns on the body
and background. Now, the most successful experiment
has 500 frames.

As for future works, we have to pursue automatic
model �tting at the initial frame. One idea is to com-



Figure 11: Tracking result of pitcher's motion

bine the proposed method with existing model �tting
techniques [1, 4, 9, 10]. Also, this compromise will be
able to correct a separation of model and body image
during tracking in long time by model �tting at ap-
propriate key-frames. An alternative is �tting the 3D
model to 3D coordinates measured by stereo camera
system.
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