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Abstract— Human tracking is an important function to an
automatic surveillance system using a vision sensor. Human
face is one of the most significant features to detect person(s)
in an image. However, face is not always observed from a single
camera. Therefore, it is difficult to identify a person exactly in
an image due to the variety of poses. This paper describes
a method for automatic human tracking based on the face
detection using Haar-like features and the mean shift tracking
method. Additionally, the method increases its trackability by
using multi-viewpoint images. The validity of the proposed
method is shown through experiment.

(a) Examples of Haar-like features.

I. I NTRODUCTION
In this paper, we propose a multi-viewpoint human tracking system based on the face detection based on Haarlike features and the mean shift tracking method. The main
contribution of the paper is to introduce multiple viewpoints
to the video content indexing method [1] for improving
robustness and accuracy of human tracking.
In recent years, surveillance by using cameras is essential
to the civil life for safety and security. Research and development of automatic surveillance systems are now one of
the most active topics because human resources are limited.
Actually, surveillance camera systems based on computer
vision techniques are widely used owing to the performance
improvement and the cost reduction in computers and image
input devices.
One of the main objectives of automatic surveillance
camera systems is the analysis of human behaviors. For
example, locations of each person can be found by recording
the trajectories of individuals, warnings can be given to
persons who are approaching to dangerous areas by sensing
proximity, and so on. In these cases, human tracking is
essential function to surveillance systems.
Before human tracking is executed, a region extraction that
distinguishes human from other objects must be done at first.
Once human is detected in an image, the detected human is
tracked in an image sequence.
Human face is one of the most significant features to detect
person(s) in the image. Therefore, there are a lot of studies
about human face detection [2]–[6]. Previous studies can be
divided into two approaches; heuristics based methods and
machine learning based methods.
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(b) Face detection.
Fig. 1.

Face detection by using Haar-like features.

Heuristic based approaches utilize characteristics of the
face such as edge, skin color, hair color, alignment of face
parts, and so on. For example, Govindaraju et al. use a
deformable face template [7], and Sun et al. use color and
local symmetry information to detect human faces [8].
The latter approaches solve the face detection problem
as the clustering problem into two classes (face and nonface) by using machine learning algorithms. Viola and Jones
propose a rapid face detection method based on a boosted
cascade of simple feature classifiers [9]. Lienhart and Maydt
develop Viola and Jones method [10]. These methods use
Haar-like features [11] and AdaBoost algorithm [12] to
achieve fast and stable face detection. Haar-like feature
(Fig. 1) is one of the powerful tools of the object detection,
not only for face detection, but also car detection and so on
[13], [14].
Usually, one classifier corresponds to one face orientation.
Therefore, the classifier for erecting frontal faces can not
detect tilted frontal faces and side faces. In other words, it
is difficult to treat the face rotation in plane and the face
rotation out of plane. A face orientation in acquired images
from the surveillance camera is not constant and changes
constantly in contrast to a frontal face in commemorative
photos. In this case, successful rate of face detection declines.
Therefore, it is desirable for stable human tracking to
utilize another approach in addition to the face detection.
For example, mean shift [15] and CONDENSATION [16]
can track objects even when their orientations, shapes, and
sizes changes. These tracking methods works well for the
human tracking [1], [14], [17]–[19]. They are robust against
shape changes of targets or partial occlusions. For example,
Chateau et al. uses Haar-like features to detect faces and

(a) A color histogram is
made as tracking model.

(b) Similarity distribution
is calculated from (a) and
color histogram in image.

Fig. 2.

(c) The position of a
tracking object is
searched by mean-shift.

Mean shift tracker.

CONDENSATION algorithm [16] to track them [14].
Bradski [17] and Comaniciu et al. [18] proposed methods
to track objects using mean shift (Fig. 2). These methods
make color histogram of rectangular region in image. Then,
similarity distribution is calculated from color histogram
of rectangular region and tracking model. They search for
tracking objects from similarity distribution. If color histograms are similar to tracking model, these methods can
track objects. Accordingly, these methods have advantages
that it is robust against the partial occlusions and shape
changes of tracking objects.
For a video content indexing, Jaffre and Joly propose
a method that detect faces in image by using Haar-like
features [10] and then track their costumes by using mean
shift algorithm [1]. This method is for TV talk-shows, and
therefore targets usually face the camera. However, in the
case of the surveillance system, back shots are not rare. These
methods sometimes fail if there is only a back shot image.
On the other hand, there are a lot of studies about multiviewpoint in image recognition technology. The purpose of
multi-viewpoint is improvement of detection accuracy. This
is based on the idea that objects are easy to be detected from
various angles by multi-viewpoint. In real world applications,
a multi-viewpoint approach is realistic and reasonable one
[20]–[22].
II. O UR A PPROACH
The face detection method using Haar-like features and
classifiers made by statistical learning can work well under
the complicated background. Therefore, visual surveillance
systems using this method do not have a large problem in
detection accuracy.
However, if surveillance systems track humans by using
only this method, it is insufficient. In case surveillance
systems detect faces, an appearance of face changes by angle
and direction of tracking object. This method can detect faces
only from limited viewpoint(s). For example, classifiers of
front faces can not detect side faces. In case of surveillance,
surveillance systems must detect faces in arbitrary postures.
Therefore, human tracking systems using only this method
can not work well in several situations. To overcome this
problem, our method uses a mean shift tracker.
The mean shift tracker is the technique to track objects.
This method has an advantage that it is robust against the

change of tracking objects. However, the object model that is
prepared beforehand is necessary for tracking. Therefore, our
method uses color histogram of a face area that is detected
by Haar-like features as object model.
Therefore, we propose a human tracking method based
on face detection using Haar-like features and a mean shift
tracker. However, there is a problem that tracking never starts
until a face is detected initially by using Haar-like features.
It takes time to detect a front face by this method using a
single viewpoint.
Therefore, we introduce multiple viewpoints to solve this
problem. The main contribution of the paper is to introduce
multiple viewpoints to the human detection method [1] for
improving robustness and accuracy of human tracking.
III. O UTLINE OF O UR M ETHOD
The flow of the human tracking process of a single
viewpoint is described as follows (Fig. 3).
Our method tracks human by face detector using Haarlike features and a mean shift tracker. A front face area of
a human is detected by the face detector using Haar-like
features in an input image. If the detected human has not
yet been registered, the detected human is registered newly
as a tracking object. If the detected human has been already
registered, the position and the size of the face area of the
detected human are updated. When the position of the face
area of the detected human exists near the position of tracked
human in past image, the detected human has been already
registered. If the front face area of the tracking human is not
detected, it is tracked by the mean shift tracker. After the
human tracking processing of a single viewpoint finished,
the human tracking processing of multi viewpoint starts.
The flow of the human tracking process of a multiviewpoint is described as follows (Fig. 4).
If a front face is detected by the human tracking process
of a single viewpoint, the information of a position and a
size of a front face area are sent to other viewpoints. When
the information of a position and a size of a front face area
are received from other viewpoints, the area that corresponds
to a front face is searched by the information. In this paper,
the area that corresponds to a front face is the back part of
the head of the same human. Then, the back part of the head
that is detected by the information is registered newly. The
detected area of the back part of the head is tracked from
next image in each viewpoint. Also, after the back part of
the head is detected, the false-correspondence is diminished.
IV. H UMAN T RACKING FROM A S INGLE V IEWPOINT
A. Face Detection
A front face area is detected by the face detection method
using Haar-like features [10] in input image.
Our method detects human faces from almost-totally
frontal direction, left frontal direction, and right frontal
direction by using three face detection classifiers (almosttotally frontal face detector, left frontal face detector, and
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A human tracking process of a single-viewpoint.

right frontal face detector) to improve the detection rate and
robustness1 .
The result of front face detection is shown in Fig. 5(a).
The rectangle area is registered newly as a tracking object
or updated. After a front face is detected, hue histogram
of face area is calculated. When detected human is tracked
by the mean shift tracker, hue histogram is used as color
information of tracking object. Also, because face detection
method using Haar-like features uses gray-scale image, it
detects object that is similar to hue pattern of front face
like Fig. 5(b). Many of hue histogram of false detections
like Fig. 5(d) may not be similar to that of a front face
area like Fig. 5(c). Therefore, when this method detects a
candidate for front face, it examines principal ingredient of
hue histogram of a candidate for front face. In case of hue
histogram of front face, principal ingredient is skin color.
Then, if principal ingredient of hue histogram of a candidate
for front face is not skin color, a candidate for front face is
removed. Therefore, detection accuracy is improved.
B. Mean Shift Tracker
If a face is not detected by face detector using Haarlike features, the position of the detected human is not
updated. Then, the human can not be tracked. In case the
human can not be tracked by face detector using Haar-like
1 Note that henceforce “front” means almost-totally front, left front, and
right front.

(a) Example of a front
face detection

(b) Example of a false detection

(c) Hue histogram of
a front face area

(d) Hue histogram of a
false detection area

Fig. 5.

Face detection.

features, the human is tracked by the mean shift tracker.
The mean shift tracker searches for the area whose color
information is similar to it of tracking objects. Similarity
distribution is calculated from two hue histograms by the
Bhattacharyya coefficient [23], [24]. One histogram is made
from the front face area that is detected by face detection
method using Haar-like features. Other histogram is made
from the rectangle area in present image. The Bhattacharyya
coefficient ρ is defined as:
ρ=

m

√

pu qu ,

(1)

u=1

where pu is a normalized hue histogram of the rectangle
area in present image, qu is a normalized hue histogram of

Extraction region of a hair color
A front face region

(a) Haar-like.

Fig. 7.

Hair color estimation.

(b) Haar-like + mean shift.
Fig. 6.

Human detection and tracking results.

object model, u is the number of ingredient of hue histogram
and m is the total number of ingredient of hue histogram,
respectively.
After similarity distribution is calculated by the abovementioned procedure, our method searches for the area that
is the most similar to color information of tracking objects
by the mean shift tracker. Then, the position of face area is
updated from this result.
Figure 6 shows face detection and tracking results. Figure 6(a) shows the result only with the face detection using
Haar-like feature, and Fig. 6(b) shows the result both with
the face detection and the mean shift tracker, respectively. A
rectangle in image is a detected face area. Human tracking
fails in middle image of (a), while it never fails in (b).
From these results, it is verified that the combination of two
methods can detect and track human robustly.
V. H UMAN T RACKING FROM M ULTIPLE V IEWPOINTS
A. Extraction of Hair and Skin Colors
In the case of multiple viewpoints, a position of the same
human in another camera is limited on an epilolar line by
epipoplar constraints. However, the back part of a head of
the same human can not always be detected by using only
position information of a front face area.
Therefore, the hair color is estimated when the front face
is detected from one viewpoint. Under the assumption that
hair dominates the upper area of the detected face region,
our method estimates hair color (Fig. 7).
Colors in this region are sorted in descending order of
frequency, and mode value of the color is detected as a
principle hair color. The distribution of hair color is decided
by voting color values of each pixel in this region in the
HSV color space.
After that, the back part of the head is detected and then
it is tracked by using its hue histogram (Fig. 8).
In the same way, skin color is estimated by using the
central area of the detected face region in this step.
B. Correspondence Matching from Multiple Viewpoints
In the case of (more than) three-camera system, we can
improve accuracy of tracking to reduce false-correspondence.

(a) Posture of expected
back part of the head

Fig. 8.

(b) Hue histogram of the
back part of the head

Posture of expected back part of the head and its hue histogram.

Even when the back part of a head of the same human is
detected by hair color information and epipolar constraints,
there is possibility that a back part area except hair is
detected. Thereupon, in case the same human is detected
by each camera, the false-correspondence is diminished.
To explain thereafter, we explain the case of three camera
system and attach labels to three cameras. The camera that
detects a front face is represented as camera (A). Then, the
others are represented as camera (B) and camera (C).
At first, three-dimensional (3-D) coordinates are calculated
from camera (A) and camera (B). Similarly, 3-D coordinates
are calculated from camera (A) and camera (C). Then, two
3-D coordinates are compared. If two 3-D coordinates are
the same, the back part of the head of the same human is
detected correctly. If two 3-D coordinates are different, the
uncolored area except hair is detected in camera (B) or/and
camera (C).
If two 3-D coordinates are different, false-correspondence
is found and corrected. Each 3-D coordinate is projected on
the image that is acquired by another camera. Then, when
the back part of the head of the same human exists in a
projected area, projected 3-D coordinate is correct. When
the back part of a head of the same human does not exists
in a projected area, projected 3-D coordinate is incorrect.
False-correspondence is corrected by the area where correct
correspondence is projected.
C. Adaptive Change of Tracker Size
The original camshift algorithm [17] can change tracker
size (size of rectangle in Fig. 6) according to the target size
in the image plane. In addition, our multi-view system can
acquire 3-D positions of tracked persons. Therefore, 3-D
positional information is utilized for changing the tracker

(b) ρ.

(a) Image.
Fig. 10.

(c) λ.

(d) γ.

Share distribution (α = 0.7).

saturation and brightness are low is ignored. Because the
area whose saturation and brightness are low is easy to be
influenced by lighting, they become unstable factors in object
tracking.
In case tracking object is the back part of the head of
detected human whose hair is uncolored, this method can
not track it by the mean shift tracker. Our method uses the
area whose color is detected in upper area of the front face
image. In this way, our method can track the back part of
the head of detected human.
However, the original tracking method [17] sometimes
fails when the ratio of hair occupation area in the detected
rectangular region changes while tracking. Therefore, we
consider the hair occupation rate and redefine the color
distribution defined in Eq. (1).
The hair occupation rate can be calculated by Eq. (3).
pf + ph
,
λ = m
u=1 pu
(a) Without tracker size change.
Fig. 9.

(b) With traker size change.

Adaptive change of tracker size (three viewpoints).

size. 3-D information makes the tracker size more accurate
than only using image information (2-D information).
We can estimate the position of tracked human in time t
by using 3D coordinate values of the target in the past time
(t − 1) and (t − 2).
Then, tracker size can be changed according to the distance between camera(s) and the target human(s).
s(t) =

d(t − 1)
s(t − 1),
d(t)

(2)

where s(t) is the tracker size in time t, and d(t) is the
estimated distance between the camera and the target object
in 3-D world coordinate, respectively2 .
Figure 9(a) shows the tracking result without a tracker size
change. The tracker loses human-1. Figure 9(b) shows the
successful result with our tracker size change method.
D. Adaptive Change of Hair Color Distribution
Our tracking method using hue histogram is based on [17].
When this method tracks faces, the hue of the area whose
2 Initial value of tracker size can be determined from face detection results
using Haar-like features.

(3)

where pu is a normalized hue histogram of the rectangle
area, pf is a normalized hue histogram of skin color in the
rectangle area, ph is that of hair color in the rectangle area,
u is the number of ingredient of hue histogram, f is the
number of ingredient of hue histogram of skin color, and h
is the number of ingredient of hue histogram of hair color,
respectively.
After obtaining the color distribution ρ (Eq. (1)) and
the hair occupation rate λ (Eq. (3)), we define the share
distribution (Fig. 10) as composition of ρ and λ.
γ = αρ + (1 − α)λ,

(4)

where α is a coefficient (0 ≤ α ≤ 1).
We use the share distribution γ in the mean-shift algorithm
for robust tracking.
Figure 11(a) shows the tracking result by using the original
color similarity distribution defined by Eq. (1), and Fig. 11(b)
shows the result by using the new share distribution defined
by Eq. (4), respectively. The tracker using the new share distribution continues to work well when the walking direction
of human changes (Fig. 11(b)), while the tracker using the
original color similarity distribution fails because the hair
occupation rate changes (Fig. 11(a)).
From these results, it is verified that our method can
track human robustly when the ratio of head in the detected
rectangular region changes.

(a) Similarity distribution.
Fig. 11.

(b) Share distribution.

Adaptive change of hair color distribution (three viewpoints).

VI. E XPERIMENT
Web cameras (Logicool Qcam Orbit MP QVR-13) were
used in experiments and the image size was set as
320×160pixels.
The result of human tracking from two viewpoints (two
cameras) is shown in Fig. 12. In this experiment, two cameras
were set are face-to-face. Figure 12(a) is from viewpoint (A),
and Fig. 12(b) is from viewpoint (B), respectively. Rectangles
in image are detected face areas.
At first, the front face area is detected by face detection
method using Haar-like features from viewpoint (A) and
it is labeled human-1. The correspondence between two
cameras is calculated and then human-1 is also detected from
viewpoint (B), although the face of human-1 is not observed
from viewpoint (B).
In the next frame, human-2 is detected and two humans
can be tracked successfully regardless of their positions and
poses.
To verify the effectiveness of our method in the long term,
experiments were done in the same room during any season.
A configuration of three cameras depends on environment.
In this paper, three cameras are placed in triangle and an
optical axis of each camera is turned to center of triangle. In
this situation, the possibility that human can not be detected
from three cameras decreases.
Figure 13(a) shows an example of the human tracking
result from three viewpoints (three cameras) in winter, and
Fig. 14(a) shows that in summer, respectively.
The front face area is detected by face detection method
using Haar-like features in Fig. 13(b-1) and it is labeled
human-1. The humans in Fig. 13(a-1) and Fig. 13(c-1) are

(a) Viewpoint (A).
Fig. 12.

(b) Viewpoint (B).

Experimental result (two viewpoints).

detected by information of human-1 in Fig. 13(b-1). The
detected human in Fig. 13(a-1) corresponds to human-1 in
Fig. 13(b-1) correctly, but the detected human in Fig. 13(c-1)
corresponds to human-1 in Fig. 13(b-1) incorrectly. However,
false-correspondence in Fig. 13(b-1) is corrected in next
image (Fig. 13(c-2)).
Next, the front face area is detected by face detection
method using Haar-like features in Fig. 13(a-3) and it is
labeled human-2. The humans in Fig. 13(b-3) and Fig. 13(c3) are detected by information of human-2 in Fig. 13(a-3).
Also, in case a front face is never detected by face detection
method using Haar-like features in viewpoint (C), a face
is detected by information of the other viewpoints. Then,
detected human is tracked by the mean shift tracker.
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(c-2)
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(a) Tracking result.
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(b) Trajectories of humans.
Fig. 13.

Experimental result in winter (three viewpoints).

Figures 13(b) and 14(b) show trajectories of tracking
humans. A trajectory of human-1 is represented as orange
dots and a trajectory of human-2 is represented as green
dots. Our method can track humans not only in images, but
also in 3-D world coordinates.
Tables I and II show quantitative evaluation results.
Table I shows human detection accuracy of each camera.
The results of data number 2 (camera 2), number 5 (camera
0), and number 8 (camera 2) are not so good. However,
in these cases, other cameras can detect human successfully.
Average detection rate is 97%. Therefore, from these results,
it is verified that our method can detect human robustly.
Table II shows false-detection rate of each camera. The
false detection occurs in data number 2 (camera 2), number
5 (camera 1), and number 6 (camera1). The tracker should
disappear when humans are going outside of field of view.

Viewpoint (B)

(b) Trajectories of humans.
Fig. 14.

Experimental result in summer (three viewpoints).

In these failure cases, the tracker still remained in images.
However, our tracking system works well from the viewpoint
of whole system in all cases.
As to computation time, the face detection using Haarlike features is 15fps, and the mean shift tracker is 20fps,
respectively, when we use a single computer (CPU: Dual
Core 1.6GHz, Memory: 2GB, OS: Windows XP). Computation time of a single viewpoint system is 10fps, and that
of a three viewpoint system is 3fps, respectively. Generally
speaking, our method can work well in real time.
These experimental results show the effectiveness of the
proposed method.
VII. C ONCLUSION
In this paper, we propose a multi-viewpoint human tracking method based on face detection using Haar-like features

TABLE I
H UMAN DETECTION ACCURACY.
Data number
1
2
3
4
5
6
7
8
9

Camera 0
99%
100%
100%
100%
86%
100%
100%
100%
100%

Camera 1
100%
100%
100%
100%
100%
100%
100%
78%
100%

Camera 2
96%
70%
100%
100%
100%
100%
100%
100%
100%

TABLE II
FALSE - DETECTION RATE .
Data number
1
2
3
4
5
6
7
8
9

Camera 0
3%
0%
0%
0%
6%
0%
0%
1%
0%

Camera 1
0%
0%
0%
2%
58%
52%
0%
12%
0%

Camera 2
0%
21%
0%
0%
0%
0%
0%
1%
0%

and mean shift tracker. We confirm the effectiveness of the
proposed method by experimental results.
The main contribution of the paper is to introduce multiple
viewpoints to the human detection method [1] for improving
robustness and accuracy of human tracking. We propose an
automatic human head (hair) detection method, an adaptive
tracking method for human tracking by improving the original mean-shift algorithm, and a reduction method of falsecorrespondence between multiple viewpoints.
As a future work, it is also important to reduce computation time by using multiple computers. This is because the
computation time of our method increases as the number
of humans under tracking increases. Human tracking with
multi-sensor fusion approach is also effective to improve
robustness [25]–[27].
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