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Abstract

We present a system for the robust real-time tracking of
human faces. The system utilizes multiple cameras and is
built with low-cost standard equipment. A 3D tracking mod-
ule that uses the information from the multiple cameras is
the core of the presented approach. Endowed with a vir-
tual zooming utility, the system provides a close-up view of
a face regardless of the person’s position and orientation.
This best matching front view is found by comparison of
color histograms using the Bhattacharyya coefficient. The
tracking initialization and learning of the target histograms
are done automatically from training data. Results on im-
age sequences of multiple persons demonstrate the versa-
tility of the approach. Telepresence, teleteaching or face
recognition systems are examples of possible applications.
The system is scalable in terms of the number of computers
and cameras, but one computer/laptop with three low-cost
FireWire cameras is already sufficient.

1 Introduction

Decreasing prices of powerful computers and cameras made
multi-camera setups affordable for a larger group of users.
Such systems are suitable for telepresence applications like
teleteaching or videoconferencing as they can cover the en-
tire scene. People can move freely, while one of the cam-
eras provides a good view of their face the audience all the
time. Exchange of information between cameras increases
the system capabilities and robustness. Occlusion or clutter
can be resolved by taking another viewpoint of the tracked
object.

This paper presents a multi-camera system capable of
showing a close-up of face(s) of human(s) moving in a
smart room. The Aviary project [14] already presented re-
sults for such task, but it relies on special equipment like
pan-tilt-zoom units, omnidirectional cameras and micro-
phone arrays. The system and is not portable. Comaniciu
et al. [3] detect faces in multiple views of active cameras
using color histograms which have to be initialized from a

database. The resolution of the resulting video stream de-
creases with an increasing distance from the head position
which results in a lower amount of data to be transmitted.
The information from multiple views is not used to calcu-
late the 3D position which makes it more complicated to
establish face correspondences between views.

The M2Tracker [9] tracks robustly multiple persons, but
has no real-time capability and tracks the whole bodies so
that people have to keep their distance to all the cameras.
Cai and Aggarwal [2] track humans with a calibrated multi-
camera setup by fitting a coarse 2D body model to the seg-
mented image. The camera is switched when a person is
about to leave the view. However, only one subject can be
tracked at a time. Khanet al. [8] perform tracking and view
switching with an uncalibrated multi-camera setup which is
initialized by one person walking through the room to find
the boundaries of the fields of view of the cameras.

We built our system [4] as a modular and portable system
using low-cost consumer hardware. It can be quickly cali-
brated using the method described in [12]. We decided to
employ 3D head tracking and color histogram comparison
to track faces of people moving in the room. The track-
ing is based on detection of heads in images, establishing
head correspondences across views and reconstructing the
3D position of the heads. The color histogram of a tracked
head is compared to previously acquired target histograms
to decide whether the particular camera sees a face or not.
There are several advantages to combining the tracking with
a histogram comparison:

• tracking multiple people – heads can be put into cor-
respondence using 3D information, so that occlusions
can be resolved

• initialization – it is difficult to detect the head position
in the image initially or when it is lost if only its his-
togram is known; a projected 3D position supplied by
the less unfortunate cameras gives a good initial loca-
tion

• color histogram learning – we present a simple method
for automatic learning of target color histograms based
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on the 3D head positions

• face orientation – 3D positions of a head can be used
to calculate the corresponding velocities, but more is
needed to determine its facing direction – compari-
son of the tracked head with the target color histogram
yields this information

• RGB histograms are computationally efficient, scale
and rotation invariant and robust against partial occlu-
sion.

The following steps are taken for each frame, see Fig. 1:

1. capture images from all cameras

2. local image processing servers segment the back-
ground, find connected components, calculate silhou-
ettes around them and use this information to locate
the heads

3. then they decide whether it is the face or the back of
the head and send this decision together with the head
position and its size to the central computer

4. process on the central computer adds heads to the ex-
isting 3D objects, creates new objects if necessary and
removes old ones

5. the best camera for viewing the face is selected as well
as a zoom-in area around the head, finally a request for
this area is sent to the image processing server.

The steps 2-5 are described in this paper. Details of
the synchronous image acquisition in step 1 can be found
in [13].

2 2D Head Detection

First, foreground objects are segmented from the current
image using a background model previously learned on an
empty scene [5] i.e. the scene without people in it. The inte-
gration of an adaptive background modeling process based
on [7], which does not require the scene to be empty for
learning, is ongoing. Connected foreground components
are then found together with silhouettes around them, see
Fig. 2. Connected components can be optionally joined
in the case of an oversegmentation which occurs mainly in
badly illuminated scenes.

Each connected component is evaluated by using some
natural assumptions about the typical human appearance:
the quality of the component is decreased if it is wider than
tall and components touching the top border of the image
are penalized because it is likely that the head is not com-
pletely visible. The components are sorted by their likeli-
hoods and those with a probability lower than one tenth of

capture image

segment background

find silhouettes

detect heads

face or not?

capture
image

capture
image

add heads to existing objects,
create new, remove old

calculate 3D positon and prediction

select best camera and zoom area

send heads, image

processes on central computer

Figure 1: The diagram shows the sequence of operations
performed for each frame.

the maximal value are discarded. When the maximal num-
ber of people moving in the room is known to ben, all but
the n best components are discarded. For example, only
one person is allowed in the room when learning the target
histograms (described in Sec. 4).

For each of the human candidates the related silhouette
is found and the top of the head is selected among the
silhouette extremas. The vertical size of the head ellipse is
calculated as one fifth of the whole connected component
height. This size is a rough approximation and is only
used when no near predicted head exists. See Sec. 3 for a
description how the prediction is obtained. A fixed aspect
ratiohorizontal axis : vertical axis = 0.75 for the head
worked well in our experiments.

Finally, heads detected in each view are sent to the cen-
tral computer for 3D calculations.
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Figure 2: Each incoming image is processed to find con-
nected components in a segmented image to determine the
silhouettes around them and to detect heads (white ellipse)
at the top of the silhouettes. The rectangle is a bounding
box around the segmented component.

3 3D Head Tracking

The system manages a set of 3D objects that are being
tracked. In each image, we compare all detected heads with
the projected 3D objects. The head is assigned to the closest
objecto∗ by calculating

o∗ = arg max
o∈objects

2− d(head, projection(o))
l

, (1)

wherel = vertical projectedsize(o) and d is the Euclidean
distance. The head remains unmatched if the maximal value
found in (1) is negative. This means that the 2D head is
assigned to the closest 3D object if its distance from the
projection of the 3D object is less then two times the size of
the projected object.

New 3D positions of all objects are determined using
N-view linear reconstruction [6]. The reconstruction is at-
tempted for all pairs of heads not assigned to any object so
far. A new object is created when the reprojection error of
the reconstructed point is below a certain threshold.

Finally, the paths of all pairs of 3D objects are compared
to decide if the objects are identical and thus should be
joined. Objects which could not be reconstructed for sev-
eral frames are removed.

The next 3D position of the head is predicted from pre-
vious positions using Kalman filtering. The head size is not
predicted, a fixed size of the head based on the real human
head size is used instead. The prediction of 2D heads in the
next frame can be calculated by projecting the predicted 3D
object into the cameras.

Figure 3: N-view reconstruction. This sketch shows a top
view on the scene. Three heads in 3 different cameras are
matched against the object (circle). The dotted lines show
3D rays through the 2D image position. They do not in-
tersect exactly in one point due to detection and calibration
errors. The 3D position is found by algebraic error mini-
mization. Previous positions are stored and drawn as line.
The velocity vector is shown as an arrow attached to the
target position.

These head predictions are sent back to the local image
processing servers to facilitate the retrieval of the head po-
sition and size in the next frame.

4 Face or not?

Although it is possible to calculate the heading direction
from subsequent 3D head positions, the facing cannot be
determined the same way, because the person may stand
still or the head can turn independently of the body move-
ment. Color histograms are employed to decide whether the
face or the back of the head is seen in a particular view. Two
target histograms – one for the face and one for the back –
are therefore needed for each camera view, see Fig. 4. Each
camera needs its own set of histograms. Camera parame-
ters are adjusted by an automatic procedure to align color
characteristics of the cameras [10]. Nevertheless, the color
alignment is not powerful enough to compensate for all the
lighting variations. Some cameras may see windows and
some may not which induces strong contrast/brightness dif-
ferences between images.

The similarity between the current head ellipse in the
image and the target histogram is measured by the Bhat-
tacharyya coefficient [1] which is implemented as proposed
in [11]. Both the detected and the nearest predicted head
are compared with the face and back target histograms af-
ter head detection described in Sec. 2. The most likely of
these four combinations is chosen and the selected head el-
lipse is sent together with the “face/back” information and
the related Bhattacharyya coefficient to the central server.
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Figure 4: Learning histograms. The top row contains the
image area from which the face color histogram of the target
for each camera was initialized. The areas in the bottom
row served for initialization of the histogram for the back
for the head. The selection of head ellipses is an automated
process which results in some errors – the misdetection of
the head orientation is most significant in the first image.
Therefore, the histogram is calculated as an average from
several suitable heads. Notice the differences in contrast
between cameras – they are caused by different illumination
and camera parameters. The images of heads are resampled
to the same resolution for better visibility.

Initializing the target histograms manually for multiple
cameras would be unpractical. Therefore, we designed a
method for semi-automatic initialization. A person walks
towards the cameras without turning his/her head so that
the heading direction is equal to the facing direction. The
target face histogram is initialized from a head ellipse if the
person is moving towards the camera with sufficient speed,
see Fig. 5.

An average histogram is calculated if the situation de-
scribed above occurs in multiple frames. Low speed usu-
ally means that the person is turning and the estimation of
the heading vector is unreliable. The target histogram of the
back of the head is calculated in the same way.

A symmetry test is employed to increase the robustness
of the histogram learning. The color distribution of both the
face and the back of the head should be symmetric over the
vertical axis, as shown in Fig. 6. Therefore, the head ellipse
is divided into the left and the right half-ellipse, a histogram
for each part is calculated separately and the halves are com-
pared using the Bhattacharyya coefficient. Heads without
sufficient symmetry are discarded because it is likely that
the side of the head was detected or, only a part of the head
is inside the ellipse and the rest is background.

5 View Selection and Zooming

The knowledge of the head position and the face orientation
allows the system to select the camera where the face is best
visible. It also allows the system to perform a virtual zoom

Figure 5: A snapshot of the learning procedure. The tracked
person is moving towards the camera 20 which learns the
target histogram in this frame. The camera 40 is learning
the histogram for the back of the head. If histograms of
the side of the head are enabled the camera 11 will learn it,
in contrast to camera 30 where the distance to the tracked
person is too big. The remaining cameras do not see the
head or the angle is not suitable for learning.

Figure 6: A test on the color symmetry of the head can
reveal misdetections. The first face is detected correctly and
the color distribution in its left and right half is almost the
same. The same holds for the correctly detected back of
the head in the third ellipse. Only half of the face is seen
in the second ellipse and a side of the head is detected in
the last ellipse instead of the back. In both cases the color
distributions of the left part differ from the distributions of
the right part.

on the head and the area around it. A virtual zoom has the
disadvantage of producing images with a lower quality, but
an optical zoom would only make sense when paired with a
pan-tilt unit. The cost of a sufficiently agile version of such
a complex camera is comparable to the cost of our whole
system including computers. Furthermore, an advantage of
the virtual zoom is that information from the whole field of
view of the camera is still available even when it is “zoom-
ing”.

At each frame, the 2D heads belonging to each of the
tracked 3D objects are compared and the one which is a
face and has the highest Bhattacharyya coefficient is cho-
sen, see Fig. 7. This decision is propagated back to the rel-
evant image server which is requested to “zoom in” on the
face and send the corresponding image cutout to the central
computer. This decision-request-send loop causes a delay
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Figure 7: Color histograms of detected heads are compared to the target histograms and a “face/back” decision is made. The
view with the most confident face decision is selected.

of one frame and, hence thepredictedposition is used to
compensate it. A free space is added around the predicted
head, see Fig. 8, which is proportional to the head size and is
larger in the direction of movement as people prefer seeing
a person walking towards the center over a person walking
away from it.

Figure 8: The selection of a zoom area is based on the pre-
diction of the next head position (black ellipse). A certain
minimal size of the area is required to maintain an accept-
able resolution. Some free space is added around the pre-
dicted head, the margins are larger in the direction of move-
ment (arrow). When adding top and bottom margins bot-
tom is slightly preferred to show the shoulders rather than
an empty space above the head.

To prevent disturbing rapid switching between the cam-
eras, we multiply the Bhattacharyya coefficient of the head

in the previously selected camera by a certain “switching
resistance coefficient” (the value of1.05 is currently used)
before selecting the head with the highest coefficient.

When multiple objects are tracked, we maintain the op-
timal view for each of them separately.

6 Experiments

A multi-camera setup with seven cameras attached to four
desktop computers was used for our experiments. The cam-
eras are placed around the working area in one room, see
Fig. 9 for the spatial arrangement. We used a capturing fre-
quency of 5 frames per second. The system may operate at
a higher frequency but is currently slowed down by saving
all images to disk.

Two experiments are shown, the first one features a sin-
gle person walking in the room and turning the head inde-
pendently of his body movement. It demonstrates the ability
to track the head based on the segmentation and to select the
view using color histograms, see Fig. 10.

The second experiment tested multiple object tracking
in a sequence with two persons walking in the room. See
Fig. 11 for the selected close-ups of faces. The correspond-
ing paths are drawn on the floor-plane. The current algo-
rithm is limited in the number of people as the silhouettes
start to merge more often in densely populated scenes. The
robustness is better when the segmented persons are sep-
arated in most of the views. If too many silhouettes are
connected, then the tracking fails.
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(a) (b) (c)

Figure 10: Keeping face visible regardless of the motion direction. The top row displays the images from cameras 10 (a), 41
(b) and 20 (c) selected in in frames 263, 268 and 291 of our “head turning sequence”, see Fig. 9 for the camera positions. The
bottom row shows the zoom-in areas. The face view is maintained even though the face orientation deviates from the motion
direction.

7 Conclusion

We built a mobile multi-camera system using standard
low-cost consumer hardware and performed real-time face
tracking experiments on it. We combined a 3D tracking
based on a segmentation with color histogram comparison
to overcome the problems with the learning, the initializa-
tion and the constraint on a single tracked object that many
trackers have.

In the future we want to employ a probabilistic reason-
ing to process the information that is already available with
better results. Improvements are planned also for the target
histogram learning phase. We would like to be able to learn
new faces on-the-fly without any special learning sequence.
We also want to introduce face and pedestrian detectors in
order to increase the system selectivity. Also, we plan to
look into the problem of handling more crowded scenes.
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(a) (b) (c)

Figure 11: The columns represent frames 287 (a), 365 (b) and 435 (c) in the two person sequence. First row shows an overall
view captured by the camera 30. The second row shows the top-view sketch with the current positions of the objects and
their paths with predicted displacement. Dashed line links the person with the selected camera. Two bottom rows contain
close-ups of both persons selected by the system.
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