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Abstract—In this paper, an online human body tracking
method by an IP PTZ camera based on fuzzy-feature scoringe is
proposed. Because the surveillance system uses a built-in web
server, the camera control entails camera response time and
network delays. Thus, the frame rate is irregular and in general
low (3-7 fps). Our method has been designed specifically to
perform in such conditions. At every frame, candidate targets
are detected by extracting moving target using optical flow,
a sampling, and appearance. The target is determined among
samples using a fuzzy classifier. Results show that our system
has a good target detection precision (> 88%), and the target is
almost always localized within 1/4th of the image diagonal from
the image center.

I. INTRODUCTION

One problem in video surveillance is how to identify and
recognize events. Moving object detection and tracking is
one of the key technologies for intelligent video monitoring
systems. Furthermore, people detection and tracking are im-
portant capabilities for applications that require natural human-
machine interactions. We propose to track objects using an
IP PTZ camera (a network-based camera that pans, tilts and
zooms). An IP PTZ camera responds to command via its
integrated web server after some delays. Tracking with such
camera implies: 1) irregular response time to control com-
mand, 2) low irregular frame rate because of network delays
(the time between two frames is not necessarily constant), 3)
changing field of view (FOV) and object scaling resulting from
panning, tilting and zooming.

The proposed method detects in every frame candidate
targets by extracting moving target using optical flow, a sam-
pling method, and appearance. The target is detected among
samples using a fuzzy classifier. Then, a movement command
is sent to the camera using position and speed of the target.
Our upper body tracking system has a good target detection
precision (> 88% ), and low track fragmentation. Although
one application is to track human upper body, our proposed
methodology is general in the sense that it models the camera
system as a servo control loop, and it accounts for response
time and networks delays proper to such camera. It can be
extended to other features or targets. In addition, results show
that our method can cope with occlusion and large motion of
the target.

The paper is structured as follows. Section II gives an
overview of the state-of-the-art. Section III describes the servo
system architecture. Section IV presents our proposed upper

body tracking algorithm, and section V gives some results.
Section VI concludes the paper.

II. RELATED WORKS

Much works on face and upper body tracking have been
reported. Comaniciu et al. [1] applied the mean-shift algorithm
on an elliptical region which is modeled by histogram for
face tracking. To adapt to fast scale changes, they also take
advantage of the gradient perpendicular to the border of the
hypothesized face region. Background subtraction is also used.
This method is not designed to cope with large motion, as the
target in the current frame needs to be near the previous posi-
tion. The algorithm in Ido et al. [2] works by maximizing the
PDF of the target’s bitmap, which is formulated by the color
and location of pixel at each frame. This information allows
color and motion to be treated separately. Severe occlusions
are not handled, and this algorithm is not very fast. Roha et
al. [3] proposed a contour-based object tracking method using
optical flow. It has been tested by selecting tracked object
boundary edges in a video stream with a changing background
and a moving camera. The face region needs to be large and
it is computationally expensive. In the work of Elder et al.
[4] two cameras are used, one is a stationary, preattentive,
low-resolution wide FOV camera, and the other is a mobile,
attentive, high-resolution narrow FOV camera. They used skin
detection, motion detection, and foreground extraction for face
tracking. The advantage of this work is a wide FOV, but it
relies on a communication feedback between two cameras.

In several papers, contour-based people tracking is proposed
[5], [6]. It is assumed that the background motion between
two consecutive images could be approximated by an affine
transformation. Their methods are limited to small motion and
a time consuming for IP camera. In addition they can track
only continuously moving edges and cannot track temporarily
stopping objects [7]. In [8], a camera based position tracking
system (PCTS) for person tracking is used. The centroid
of human is calculated from the centroid of the detected
foreground. It is only based on motion detection. There is
no other feature comparison. Their method fails in different
tracking conditions with more than one moving object in a
scene. Indeed there is no object segmentation.

Funahasahi et al. [9] developed a system for human head
and facial parts tracking by a hierarchical tracking method
using a stationary camera and a PTZ camera. At first, irises



are recognized from motion images. Then, detected irises are
used as feature for face detection. The face needs to be large
enough to detect the irises. In the method of Bernardin et
al. [10], the upper body histogram information, KLT feature
tracker, and active camera calibration are combined to track the
person. It is used for 3D localization. In the algorithm of Li et
al. [11] each observer should be learned from different ranges
of samples, with various subsets of features. Their method
needs a learning step that is based on model complexity
and increases computation time. The method has limitations
in distinguishing between different targets, and has model
overupdating problems. Kang et al. [12] used a geometric
transform-based mosaicing method for person tracking by a
PTZ camera. For each consecutive frame, it finds the good
features for the correspondence and then tries to shift the
moved image and update the changed background. They are
using a high cost background modeling using a calibration
scheme, which is not suitable for tracking by internet-based
PTZ cameras.

III. SYSTEM ARCHITECTURE

The servo controlling and tracking system is modeled by a
closed-loop control which has a negative feedback as shown in
Fig. 1. Servo system consists of three main blocks which are
image capture, visual processing, and camera control. Tracking
is affected by two delays which are the delay τ1 from image
capture and the delay τ2 in the feedback loop from executing
camera motion commands. The delay for visual processing is
much smaller than the two other delays, thus it is neglected.
The input of the system is the current pan and tilt angles
of the camera. The output will be the determined pan and tilt
angles by the fuzzy classifier. The delays imply that the current
position of the target cannot be used for centering the camera.
To compensate for motion of the target during the delays, a
position predictor block is added. The algorithms which are
used for the servo system control are explained in Section IV.

IV. METHODOLOGY

Our method is based on comparing elliptic samples with
the target model and evaluating their likelihood to estimate
the location of the target. We have made the following
assumptions: 1) persons walk at a normal pace or fast, but
do not run, and 2) the FOV is wide (approximately 48 ◦) and
3) scenes are not crowded (max 2-3 persons).

A. Visual processing

1) Target modeling: A target is represented by an elliptical
image region. It is modeled by two features: 1) quantized HSV
color histogram with 162 bins (i.e. 18×3×3), and 2) the mean
of R, G and B color components of RGB color space of all
the pixels inside of the elliptical region. Initialization is done
manually by selecting the top part of the body (head and torso)
of the person. We fit an ellipse inside the bounding box of the
selected region (Fig. 2 (a) and (e)) because it approximates
adequately the shape of the head and torso. Then the initial
target M is modeled by the two discussed features.

2) Target candidate detection: For tracking, we sample
with ellipses the image around regions of interest and model
them. There are two regions of interest: 1) areas with motion,
2) the center of the image.

• Motion-based samples: The first type of samples is de-
tected by estimating the motion of the target from two
consecutive images I1 and I2, using pyramidal Lucas
Kanade optical flow [13]. In optical flow [14], strong
corners in the image which have big eigenvalues are
detected for comparison. To solve pixel correspondence
problem for a given pixel in I1, we look for nearby pixels
of the same color in I2. We use 4 pyramid levels with 10
iterations. The threshold is 0.3.
As found experimentally, the detected motion vector
results are noisy. In addition, the camera motion vectors
have effect on object motion vectors. Thus, to remove this
effect, camera motion vectors are extracted. To calculate
the camera motion vectors, a radial histogram of motion
vectors is calculated. In a radial histogram, each bin is
based on the quantized length (r) and angle (θ) of the
motion vector. Our radial histogram, h(r, θ) has 36180
bins. r has 200 values and is varied based on the image
size between 1 and image diameter. θ has 180 values and
is varied between 0 ◦ and 360 ◦. The r and θ of the bin
that has the maximum number of vectors is assigned to be
the camera motion vector length and angle. The detected
motion vectors which have this length and angle are
removed and then the camera motion vector is subtracted
from the rest of the motion vectors.
Motion-based samples are extracted around object motion
vectors. Sample size is large or small. The largest samples
are used for zooming or for object approaching the
camera. Their area is 1/3 of the image area. The small
samples are used for targets far from the camera and close
to the center in different positions. The sizes of these
elliptic samples are obtained experimentally according to
the minimum face size, which is in our algorithm 5x5
pixels from frontal and lateral views. We consider F
small samples located uniformly and one large sample
for each motion vector group (typically F = 16).

• Fixed samples: According to our goal, the object should
be always near the image center. To have robust tracking
even when there is no motion from the target, we consider
G additional fixed samples in the image (typically G =
10).

The ellipses are then modeled as explained previously.
3) Sample likelihood using a fuzzy classifier: To localize

the target, features of each sample Si are compared with the
initial model M , and a score (ScoreSi), or sample likelihood
is given to each Si using a fuzzy rule. The score is obtained
by multiplying four fuzzy membership functions which will
be explained in the following.

ScoreSi = µEC .µEP .µEH .µH . (1)

The target is the sample with the highest score. We are using
four membership functions, each with fuzzy outputs between



Fig. 1. The system architecture and servo control model. (θ0,φ0):initial pan-tilt angles,(∆θ12,∆φ12) means (θ1-θ2,φ1-φ2)

0 and 1:
1) The membership function µEC is used for Euclidean

distance between mean RGB of Si (Rsi, Gsi, Bsi) and
mean RGB of M (Rm,Gm, Bm). It is defined as

µEC =

1−
√

(Rsi −Rm)2 + (Gsi −Gm)2 + (Ssi − Sm)2

255
√

3
.

(2)

2) The membership function µEP is used for Euclidean
distance of Bi centroid from the image center. Indeed,
normally the person should be near the image center. It
is defined as

µEP = exp(−
(
√

(xsi − xim)2 + (ysi − yim)2)2

2σ2
).

(3)

where (xsi, ysi) and (xim, yim) are respectively the
coordinate vector of the centroid of Si and of the image
center. σ2 is equal to a quarter of the image area around
the image center.

3) The membership function (µEH ) is applied for Eu-
clidean distance between quantized HSV color his-
togram [15] of Si and the histogram of M . It is
computed as

µEH = 1−
√∑

n(Hsi[n]−Hm[n])2

2
. (4)

where Hsi and Hmdenote the normalized histograms
of Si and M respectively and n is the histogram bin
number.

4) Finally, the membership function of µH is used for
calculating the similarity [16] of quantized HSV color
histogram vector of Bi with histogram of M . It is
the normalized correlation coefficient of two histogram
vectors and it is defined as

µH =
1
2

+∑
n((Hsi[n]− H̄si)(Hm[n]− H̄m))

2×
√∑

n (Hsi[n]− H̄si)2
√∑

n (Hm[n]− H̄m)2
.

(5)

where H̄si and H̄m denote the average of normalized
histograms of Si and M .

B. Target position prediction and camera control

As discussed in Section III, a position predictor based on the
two last motion vectors has been designed to compensate for
motion of the target during the delays. This motion predictor
considers the angle between two consecutive motion vectors.
If the angle difference is smaller than 25 ◦, it is assumed that
the target is moving in the same direction. Thus, the system
will put the camera center on the predicted position which is
:

xP = xE + τ̄2 ×
∆x1 + ∆x2

τ1
1 + τ2

1

. (6)

where ∆x1 and ∆x2 are the two target displacement vectors
(i.e. target motion vector). τ1

1 , τ2
1 are delay τ1 between the two

last captured images. xP is the predicted target coordinate and
xE is the extracted target coordinate from the fuzzy classifier.
τ̄2 is the average delay time τ2 obtained from previous camera
movements.

To follow the target, the PTZ motors are commanded based
on xP . Camera is controlled by computing the pan and tilt
angles from a workstation and sending HTTP POST request
using the CGI scripts of the camera [17].

V. EXPERIMENTS AND ANALYSIS

A. Data acquisition and ground-truth

We used two Sony IP PTZ cameras (SNC-RZ50N and SNC-
RZ25N) for our tests. When the cameras are not moving,
a frame rate of 30 fps is achievable. For validation, we
tested the complete system in online upper body tracking
experiments. No dataset is available for testing the complete
tracking system, because of its dynamic nature. The tracking
algorithm has been tested over events such as entering or
leaving the FOV of the camera and occlusion with other
people in the scene. We recorded all the experiments to extract
their ground-truth manually for performance evaluation. The
general scenario of the experiments is the following. An actor
from the frontal view is selected for initial modeling. The
actor starts to walk around in the room. Two or three actors
can walk at the same time in different directions, crossing and
occluding with the target. The target actor makes some pauses
while walking to verify the performance for stationary target.



The target actor also moves parallel, toward or away from the
camera. Fig. 2 shows the initial model selection and some
frames obtained during tracking.

To evaluate our method, four metrics are used as ex-
plained in Table I. We have done twenty experiments with
the two IP cameras. The experiments are reported in Table
II. Experiments are classified into four classes based on the
camera model, initial model position from camera, and image
resolution.

B. Results

We first present the results. Discussion follows in the next
section. Fig.3 shows the dgp and dgc values for E8 and E14.
These distances allow us to verify if the tracker has lost the
target, and if the target is near the ground-truth. If dgc is more
than 1, target is lost (outside of FOV). For distances smaller
than 0.6, the object is in the FOV, but for the range of (0.6 <
dgc < 1), it depends if the centroid coordinates of the target
are inside the image.

For E8, the target is always in the FOV. For E14, the target is
lost several times between frame 59-80. For both experiments,
dgp is small except when the target is lost. Table II shows
the results of the five metrics with the system frame rate for
all experiments. The algorithm is implemented on an Intel
Xeon(R) 5150 in C++ using OpenCV. For dgc and dgp, we
show the mean and variance of all experiments. For class 1
and 3, because of the lower system frame rate, the method
has lost the target several times, but eventually recovers. For
experiments of class 1, the system frame rate is a little higher.
Thus, there is fewer target lost (e.g. TF is smaller), less
distance error (µdgc

and µdgp
) and the results of precision

are better (P is larger). Because of dEP and camera control,
the error on µdgc

has effect on µdgp
and vice versa. For class

2 and 4, the system frame rate is increased because of smaller
image size. TF for class 2 and 4 are smaller than class 1 and
3. A faster system frame rate improves the results of TF , µdgc

,
µdgp

and P . ∆xmin and ∆xmax in Table II are the minimum
and maximum length of target motion vector in number of
pixels.

In comparison of two Sony IP PTZ cameras, results from
SNC-RZ50N (class 1 and class 2) are better than the results
of SNC-RZ25N (class 3 and class 4).It is because of camera
model, the SNC-RZ50N moves faster than SNC-RZ25N [19],
[20].

C. Discussion

Results show that our algorithm can handle and overcome
large motion (i.e. high values of ∆xmax) because of using
a repetitive target detection scheme and a motion prediction
technique that do not rely on spatial proximity. It will lose a
target only if the target changes its motion direction suddenly
and walks very fast in the opposite predicted position (e.g.
experiments with TF 6= 0). By using a repetitive detection
scheme and combining it with a motion predictor, we can
handle random motion between frames, as long as the target
position is well predicted, and its appearance does not change

significantly. The motion predictor is used to compensate
the two delays τ1 and τ2 discussed in Section III, which
may cause the target to exit the FOV. Small values of σ2

dgp

result from utilizing pyramidal Lucas Kanade optical flow
for the motion extraction and combining it with a sampling
method. This process of motion extraction with combination
of fuzzy classifier which uses color features to generate sample
likelihood allow us to detect and track any moving objects.

Generally, according to the mean of distances, the location
of the target is near to the ground-truth. The target is usually
localized within 1/4th of the image diagonal from the image
center. With faster system frame rate the results of tracking
have been improved significantly. In that case, we will have
more frames to process. When localization fails, it is because
of similarity or closeness of the color histogram of the target
with other samples. The image resolution has effect on the
system frame rate and thus on tracking error.

In all experiments, there are scale changes to verify tracking
against scaling. Our algorithm can overcome scaling variations
even in images with minimum 5×5 face size(e.g. Fig.2(e) and
(d)). It is because of using normalized color histogram and
average color features. These two features are independent of
the size of the target.

Our method can also recover the tracking if it loses the
object ( e.g. experiments with TF 6= 0), because of the repet-
itive detection scheme. Of course, it is conditional to the object
being in the FOV of the camera. Occlusions are handled in
the same way. However, when the object is occluded, another
similar object will be tracked (the most likely sample) until the
occlusion ends. This may cause the real target to become out
of the FOV of the camera. Fig. 2 shows an example of short-
term occlusion handling. The proposed method can handle it
in this case. In the reported experiments, occlusion did not
cause difficulties. The duration of the experiments are short
because the goal the algorithm will be zooming on target face
and capturing it for identification purpose.

VI. CONCLUSION

In this paper, an object tracking method is proposed and
applied to human upper body tracking by IP PTZ camera
in online application. Human body tracking determines the
location and size of each human body for each input image
of a video sequence. It can be used to get images of the
face of a human target in different poses. It detects in every
frame, candidate targets by extracting moving objects using
optical flow, and sampling around the image center. The target
is detected among candidate target samples using a fuzzy
classifier. Then, a movement command is sent to the camera
using the target position and speed. Results show that our
algorithm can handle and overcome large motion between two
consecutive frames with low track fragmentation. Future work
will be adding camera zooming and enhancing robustness of
the motion prediction to prevent the target from being out of
the camera FOV.
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Fig. 2. Examples of tracking frames for Exp9 (a) to (d) and Exp12 (e) to (h). Exp9 (a) initial model selection, (b) short-term occlusion, (c) after occlusion,
(d) scale variation; Exp12 (e) initial model selection, (f) short-term occlusion, (g) after occlusion, (h) scale variation

TABLE I
EVALUATION METRICS.

Metric Description

P = TP
TP+FP

to calculate the target localization accuracy

dgc =

√
(xc−xg)2+(yc−yg)2

a
to evaluate the dynamic performance of the tracking system; It is the spatial latency of the tracking system, as
ideally, the target should be at the image center.

dgp =

√
(xp−xg)2+(yp−yg)2

2a
to evaluate the error of the tracking algorithm. Ideally, dgp should be zero.

TF = TOUT
NF

to indicate the lack of continuity of the tracking system for a single target track [18]

TP : number of frames with target located correctly, FP :number of frames with target not located correctly, a: radius of circle which circumscribes the
image, (xg ,yg): ground-truth target coordinates, (xc,yc): image center, (xp,yp): tracked object coordinates, TOUT : number of frames with target out of FOV,
NF : total number of frames.
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