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Abstract. This paper presents a multi-view tracker, meant to operate
in smart rooms that are equipped with multiple cameras. The cameras
are assumed to be calibrated3. In particular, we demonstrate a virtual
classroom application, where the system automatically selects the camera
with the ’best’ view on the face of a person moving in the room. Real-
time object tracking, which is needed to achieve this, is implemented
by means of color-based particle filtering. The use of multiple model
histograms for the target (human head) results robust tracking, even
when the view on the target changes considerably like from the front
to the back. Information is shared between the cameras, which adds
robustness to the system. Once one camera has lost the target, it can
be reinitialized with the help of the epipolar constraints suggested by
the others. Experiments in our research environment corroborate the
effectiveness of the approach.

1 Introduction

Intelligent environments like ’smart rooms’ pose several research challenges, such
as object/people tracking, face/gesture recognition, and speech analysis. There
is a rich variety of applications at stake, like surveillance, human-computer in-
terfacing, video conferencing, industrial monitoring, and tele-training.

In this paper we focus on the autonomous processing of visual information
based on a network of calibrated cameras. Each camera system comprises a
recognition and tracking module which locates the target in the observed scene.
Both modules operate on color distributions, where the target model includes a
description of the changes of its colors with viewpoint. To document interesting
events on-line, an automated virtual editor is included in the central server,
which produces a single video stream out of the different camera outputs by
systematically selecting the one with the ’best’ view. Figure 1 illustrates the
system architecture of our multi-camera setup.

For the integration of the multiple cameras, the ViRoom (Visual Room)
system by Doubek et al. [4] is used. The modular architecture is constructed

3 The full calibration is used, but the mutual epipolar geometry would be sufficient.



from low-cost digital cameras and standard computers running under Linux. It
also supports consistent, synchronized image acquisition. The ViRoom has fixed
cameras, whereas our smart room has cameras which are mounted on pan-tilt
heads. Therefore, we have extended the ViRoom software with automatic camera
control in order to keep the target in the center of view.

Currently, the research area of multi-camera systems is very active [2, 7, 8, 12].
For instance, a flexible multi-camera system for low bandwidth communication
is presented by Comaniciu et al. [2]. Based on color tracking the target on the
current image can be transmitted in real-time with high resolution. Khan et

al. [7] describe an interesting approach to track people with multiple cameras
that are uncalibrated. When a person enters the field of view of one camera,
the system searches for a corresponding target in all other cameras by using
previously compiled field of view lines. Krumm et al. [8] describe an approach for
tracking in an intelligent environment, using two calibrated stereo cameras that
provide both depth and color information. Each measurement from a camera is
transformed into a common world coordinate system and submitted to a central
tracking module.

The work most closely related to ours is that of Trivedi et al. [12], where
an overall system specification for an intelligent room is given. The 3D tracking
module operates with multiple cameras and maintains a Kalman filter for each
object in the scene. In comparison, we use a more general representation of
the probability distribution of the object state which allows to initialize this
distribution along the epipolar lines when an object enters the field of view of a
camera. In our system the best view is selected according to the quality of the
tracking results for the individual cameras while Trivedi et al. utilize the motion
of the tracked target. We also introduce the use of multiple target histogram
based on color distributions in tracking.

The outline of this paper is as follows. Section 2 presents a short review of
the color-based tracking technique. In Section 3 the multiple target models used
for the tracking are explained. Section 4 presents the exchange of information in
the camera network while Section 5 explains the selection of the optimal camera
view. In Section 6 some experimental results are presented and finally, Section 7
concludes the paper.

2 Tracking

Robust real-time tracking of non-rigid objects is a challenging task. Color his-
tograms provide an efficient feature for this kind of tracking problems as they are
robust to partial occlusion, are rotation and scale invariant and computationally
efficient. The fusion of such color distributions with particle filters provides an
efficient and robust tracker in case of clutter and occlusion. Particle filters [5]
can namely represent non-linear problems and non-Gaussian densities by prop-
agating multiple hypotheses simultaneously.

The color-based particle filter [9, 10] approximates the posterior density by

a set of weighted random samples {(s
(n)
t , π

(n)
t )}N

n=1 conditioned on the past ob-
servations. Each sample s represents one hypothetical state of the object, with
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Fig. 1. The sketch of the system architecture with multiple cameras.

a corresponding discrete sampling probability π, where
∑N

n=1 π(n) = 1. The
tracked object state is specified by an elliptical region

s = {x, y, ẋ, ẏ, Hx, Hy, Ḣ} (1)

where x, y represent the location of the ellipse, ẋ, ẏ the motion, Hx, Hy the length

of the half axes and Ḣ the corresponding scale change.
In order to compare the histogram of such a hypothesized region p

s
(n) with

the target histogram q from an initial model, a similarity measure based on the
Bhattacharyya coefficient [1, 3, 6]

ρ[p
s
(n)
t

, q] =

m
∑

u=1

√

p
(u)

s
(n)
t

q(u) (2)

is used, where m represents the number of bins for the histograms.

3 Multiple Target Models

To support multiple cameras, a color adjustment (that was already part of the
ViRoom software [4]) is applied during the calibration. Another consideration
when working with multiple cameras, is using more than one histogram for the
target model. For example, when a person walks around in the smart room,
camera may at one time have the face in its field of view, and later the back of
the head. The color distributions will probably be quite different in these cases,
and this correspondence can be established with the multiple cameras.
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Fig. 2. Top row: The three main views and histogram regions for the target model
(frames 1, 15 and 21). Bottom row: The plotted Bhattacharyya values from a 360 ◦

turning head sequence, using the different target models (facial, side and back view)
and comparing them to the facial region (frame 1).

Three characteristic head images, one from the front, one from the side and
one from the back are selected as initial target models and the correspond-
ing histograms q = {qf , qs, qb} are stored. During the tracking, the similarity
measures to these three histograms are included in the object state. By using
a linear stochastic model for the propagation, the Bhattacharyya coefficients
for the next frames can be estimated. Rapid changes of these coefficients are
therefore avoided. Fig. 2 shows the evolution of the Bhattacharyya coefficients
with respect to the three characteristic views shown in the top row as the head
gradually turns around. As can be seen, the Bhattacharyya coefficients change
smoothly with the viewing angle.

The initial samples of the particle filter for each camera are spread over the
whole image or are strategically placed at positions where the target is expected
to appear in case such knowledge is available. A target is recognized on the basis
of the three Bhattacharyya coefficients, where the best matching model is taken
as the target model. By calculating the mean value µ and the standard deviation
σ of the Bhattacharyya coefficient for elliptic regions over all the positions of the
background in the initialization step, we define the appearance condition as

ρ[p
s
(n)
t

, q] > µ + 2σ. (3)

This indicates a 95% confidence that a sample does not belong to the background.
If a fraction b·N of the samples shows a high enough correspondence to one of the



target histograms the object is considered to be found and the tracking process
is started. The parameter b = 0.1 has been proven sufficient in our experiments
and is called the ‘kick-off fraction‘. During tracking, the target model of each
camera is adapted as described in our earlier work [9].

4 Exchanging Information across Cameras

Exchanging information across the cameras is important to increase the robust-
ness of the tracking. Such information exchange can take different forms. For
instance, cameras could come to a consensus about which (different) side of a
face they also see and ensure that these sides are consistent. We are currently
implementing this aspect. Here we describe another type of collaboration, that
has to do with the area where the targets are expected in the different views, i.e.
with the (re)initialization of the individual trackers. In case one or a few cameras
have lost the target, the other cameras can provide strong indications where to
look based on their epipolar geometry. Epipolar geometry is used in two different
ways: 1) During initialization when one of the target models matches an object,
2) When the object is temporally lost due to clutter, occlusions or other difficult
tracking conditions.

Initialization: When an object is detected in one camera, we try to initialize
it in the other cameras. For this purpose, the epipolar lines are calculated that
correspond to the estimated target location. Samples are then placed stochasti-
cally around these lines and the velocity components are chosen from Gaussian
distributions. If the object is already visible in more than one camera, the sam-
ples are distributed around the intersection of the corresponding epipolar lines.

Reinitialization: If less than b · N of the samples fulfill the appearance
condition which is explained in Eq. 3, we consider the object to be lost. In this
case, we use the epipolar lines and their intersections to reinitialize an object
during tracking. A fraction of the samples are then spread around the epipolar
lines of the other cameras while the remaining samples are propagated normally.

5 Best View Selection

Faces of people are among the most important targets to be tracked in smart
rooms. For applications, where images are transmitted to another location, it
will also be important to make an appropriate selection among the views that
are available. Accordingly, we have developed an automated virtual editor which
creates a video stream by switching to the best view on the face of a person who
is freely walking around. Camera hand-over is controlled on the basis of the
tracking results by evaluating the Bhattacharyya coefficient (see Eq. 2) of the
mean state of each tracker

ρ[pE[S], qf ] =
m

∑

u=1

√

p
(u)
E[S]q

(u)
f (4)

E[S] =

N
∑

n=1

π(n)
s
(n). (5)



Fig. 3. The best view selection according to the Bhattacharyya coefficients of the in-
dividual trackers is shown. The small images at the bottom show the tracking results
of the individual camera trackers as white ellipses. The numbers represent the corre-
sponding Bhattacharyya coefficients. In the top row the used target model and the
output of the virtual editor are displayed.

As the Bhattacharyya coefficient represents a similarity measure with respect
to the target histogram, the virtual editor always chooses the camera view which
provides the highest Bhattacharyya coefficient for the face histogram (the char-
acteristic frontal view). Figure 3 illustrates the best view selection on the basis
of the individual Bhattacharyya coefficients.

6 Results

In this section the experimental results demonstrate the capabilities and lim-
itations of our distributed tracking system. All images are captured from live
video streams and have a size of 160 × 120 pixels. The application runs at 5-8
frames per seconds — without any special optimization — on Pentium III PCs
at 1GHz under Linux where each of the three cameras are attached to their own
computer. The capability of the virtual editor is illustrated in Figure 4. It can
be seen that the camera hand-over automatically chooses the best front view of
the tracked face even if it is partly occluded.

The initialization plays an important role in the multi-camera tracker. When
there are several potential targets in the neighborhood of the epipolar lines, a
wrong object can be selected. Such a scene is shown in Figure 5. In the top row,
the situation is still handled correctly as the target is occluded in the middle
camera and not initialized. In the second row, the target is not localized correctly
whereas in the third row a wrong target is selected. In both cases, the target
is occluded in two cameras, so that the samples are spread along an epipolar
line and not around an intersection point. Robustness can certainly be increased
with more cameras. On the other hand, applications with crowds in the fields of
view will also then pose critical problems.



Fig. 4. The virtual editor automatically chooses the best front view of the tracked face.

Fig. 5. The initialization step can cause problems in tracking, if there are several
equally good candidates in the vicinity of the epipolar lines.

7 Conclusion

As cameras get cheaper, PCs more powerful, and information traffic more con-
gested, the interest in technology that better supports virtual meetings increases.
This paper proposed a multi-camera setup that actively tracks a person. As
cameras may see different parts of the head at different times, these changes are
supported for through a target model that contains a choice of different color
histograms, each corresponding to an interval of viewing angles. The tracker of
each camera dynamically chooses the model that matches best. These choices
are fed into a ‘virtual editor’, that selects the camera yielding the best view of
the face.

Information exchange between the individual trackers is currently only used
for the (re)initialization process by applying epipolar geometry. We will push this
integration further by implementing a multi-view tracker that combines the geo-



metric and photometric information coming from all cameras in order to process
a single, 3D state rather than individual image-by-image states. Furthermore,
we will enhance the virtual editor. The camera selection should generate a video
stream that is maximally informative and pleasant to watch, avoiding too many
short cuts. In addition, the Bhattacharyya coefficient will be combined with al-
ternative decision rules. We also plan to interpolate between available views, in
order to create a virtual camera. A meeting setup with multiple people is another
interesting extension. The virtual editor should be able to locate the person who
is the center of attention at any given time.
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