
Machine vision and applications manuscript No.
(will be inserted by the editor)

People Tracking Using a Network-based PTZ Camera

Parisa Darvish Zadeh Varcheie ·

Guillaume-Alexandre Bilodeau

Received: date / Accepted: date

Abstract In this paper, we propose a method for online upper body tracking using an IP
PTZ camera. This type of camera uses a built-in web server resulting in variable response
times when sending control commands. Furthermore, communicating with a web server im-
plies network delays. Thus, because the camera is inside a control loop, the effective frame
rate that can be processed by a computer vision method is irregular and in general low (2-
6 fps). Our tracking method has been designed specifically toperform in such conditions.
It detects at every frame, candidate blobs using motion detection, region sampling, and re-
gion color appearance. The target is detected among candidate blobs using a fuzzy classifier.
Then, a movement command is sent to the camera using the target position and speed. The
proposed method can cope with low frame rate and thus with large motion of the target even
in the case of fast walk. Results show that our system has a good target detection precision
(> 88%), low track fragmentation, and the target is almost always localized within 1/6th of
the image diagonal from the image center.

Keywords Fuzzy tracking· Feature-based tracking· People tracking· Low frame rate
tracking· IP PTZ camera

1 Introduction

Object tracking is an active subject and has a lot of applications in the field of computer
vision. Here, object tracking is applied to human upper bodytracking. Upper body tracking
determines the location of the upper body for each input image of a video. It can be used
to get images of the face of a human target entering a perimeter or to follow a speaker in a
classroom or at a conference. We propose to track the human upper body by means of an
IP PTZ camera (a network-based camera that pans, tilts and zooms). An IP PTZ camera re-
sponds to command via its integrated web server. It allows a distributed access from internet
(access from everywhere, but with non-defined delay). Tracking with such camera implies
the following challenges:
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(a) (b) (c)

Fig. 1 Camshift tracking failure. Track with Camshift (red ellipse)and track with our proposed method (pink
cross) for frames ofE7, (a) initial model selection for Camshift (b) and (c) short-term occlusion and camera
panning.

– irregular response time to control command;
– low usable frame rate (while the camera executes the motion command, the frames re-

ceived are mostly useless, as no new command can be sent without delay);
– irregular frame rate because of network delays (the time between two frames is not

necessarily constant);
– changing field of view (FOV) resulting from panning, tiltingand zooming (i.e. the back-

ground is changing);
– various scales of objects.

To illustrate some of the problems we are facing with such a network camera, we applied
the Camshift method for tracking the face of a person [8]. Fig. 1 shows a tracking failure for
two consecutive frames. This failure comes from processinga video with low frame rate.
Most tracking methods implicitly assume that a target is close to its position in the previous
frame. In our case, this is not true as displacements may be large. In Fig. 1, between (b)
and (c), the camera is moved and another person becomes near the previous target position.
In such a case, methods like mean-shift cannot converge toward the target, because it gets
trapped inside a local maximum. Thus, instantaneous large displacement of the target needs
to be accounted for explicitely. This is what we want to show in this paper by proposing an
adapted tracking framework.

Our framework accounts for delays and large motion in its different processing steps.
For each step, different methods may be used if they respect some constraints related to low
frame rate. In this paper, we propose simple and efficient ones. We detect, at every frame,
candidate blobs using motion detection, region sampling, and region color appearance. The
target is detected among candidate blobs using a fuzzy classifier. Then, a movement com-
mand is sent to the camera using the target position and speed. When tracking is done with
high confidence, the camera zooms on the target. Although applied to track human upper
body, our propose methodology for working with an IP PTZ camera is general in the sense
that it models the camera system as a servo control loop, and it accounts for camera re-
sponse time and networks delays proper to such camera. It canbe extended to other features
or targets by adapting the target model and sampling scheme.

Results show that our upper body tracking system has a good target detection precision
(> 88% ), low track fragmentation, and the target is usually localized within 1/6th of the
image diagonal from the image center. In addition, results show that our proposed frame-
work can cope better than the state-of-the-art with large motion of the target by considering
network delays and camera response time.
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Section 2 gives an overview of the state-of-the-art. Section 3 describes the servo system
architecture. Section 4 presents our proposed upper body tracking algorithm, and section 5
gives validating experiments. Section 6 concludes the paper.

2 Related works

Our main problem to solve is object localization under largetarget motion between two
consecutive frames and with backgound motion. Most works ontracking with PTZ camera
do not account for both of these difficulties. There are threefamilies of works: 1) Tracking
with a PTZ camera and a static camera; in this case, the difficulty related to background
motion is handled by the static camera, but at the expense of calibration between cameras, 2)
Tracking with a PTZ camera using background subtraction; inthis case, background motion
is handled by learning the background for all positions of the camera, but at the expense of a
complex setup, and 3) Tracking only with a PTZ camera; this isthe most difficult case, and
in general low frame rate is not accounted for. In fact, most works account for background
motion, but not for low frame rate, and methods that considerlow frame rate, do not account
for background motion. Here, we must account for both.

2.1 Tracking with a PTZ camera and static camera

Several works have been introduced with combination of a PTZcamera with multiple PTZ
or fixed cameras in a master-slave configuration to explore the field of view [5,11,12,24,
28,32]. The important part in the combination of a PTZ camerawith other PTZ cameras or
stationary cameras is finding the geometrical relationshipbetween them. For this purpose,
camera calibration is an appropriate solution which is applied in [5,18,29]. In these typi-
cal works, a system contains distributed static and PTZ cameras that are controlled by visual
tracking algorithms with a central supervisor unit. There is a calibration between the cameras
to know the geometrical relations between them. The moving object detection and tracking
is done by static camera, and the PTZ camera is commanded to follow the target from the
tracking results of the static camera. For example, Krahnstoeveret al. [28] designed a real-
time control system of active cameras for a multiple camera surveillance system. Object
tracking is done by fixed cameras using a shape-based method [27]. The cameras are cali-
brated using a common site-wide metric coordinate system [13,26]. The target coordinates
are transformed to the appropriate pan and tilt values usinggeometrical transformation, and
the camera is moved accordingly. Further, Elderet al. [16] and Funahasahiet al. [19,20]
proposed similar approach using face detection methods.

In these works, since many cameras share the same field of view, the PTZ camera used to
follow the target does not need to predict its position and the background motion problem is
solved by the static camera. The PTZ camera is passive and just moves based on the position
of the target in other camera’s field of view. Thus it is a problem different from what we are
studying, where the PTZ camera must track a target without any other information than the
one it can extract from its own field of view. The advantage of object tracking using only
one PTZ camera is removing the requirement of fixed or stationary cameras to reduce the
cost of the surveillance system, while keeping a large coverage of the scene.
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2.2 Tracking with a PTZ camera using background subtraction

Another approach is to solve the background motion problem by learning the background
for all camera positions and zooms [32,17,25,35]. Background subtraction may then be
applied for object localization. Then, standard static camera approaches may be used like
edge matching and Kalman filtering [17], edge contours matching [36,46,2], or dynamic
memory methods [35,45].

In these methods, the background motion problem is solved atthe expense of a complex
initialisation and background updating computations. If the camera is moved, the learned
backgrounds are not valid. This approach thus lacks flexibility.

2.3 Tracking only with a PTZ camera

In this approach, the tracking method must be chosen to account for non-static background.
To help tracking, it is implicitly assumed that the motion issmall between frames (see Sec-
tion 1). Thus, methods such as edge-based tracking with optical flow [37], mean-shift [43,
14,8], particle filter [22], Viola and Jones face detector [44] combined with Shi-Tomasi
feature point tracker [3,10,39,42], KLT [6], histogram-based tracking [38] and edge and
Kalman filtering [1,40] are used.

In most of these works, a high frame rate is important for feature consistency (small
instantaneous appearance change) and small motion betweenframe (restricted search area).
This is why low frame rate methods have been studied explicitly.

2.4 Tracking under low frame rate

Li et al. [31] developed a cascade particle filter method with discriminative observers of
different life spans for low frame rate videos. Each observer or observation model (such as
two frame template matching tracker) should be learned fromdifferent ranges of samples,
with various subsets of features (for example Viola and Jones face detector). 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 over
updating problems. Recently, Leichteret al. [30] proposed an algorithm for visual track-
ing under general conditions. The algorithm works by maximizing the PDF of the target’s
bitmap, which is formulated by the color and location of pixel at each frame. Tracking is
based on three assumptions: color constancy, spatial motion continuity and spatial color
coherence or similarity of the objects between two consecutive frames.

Our proposed method is related to these methods as our aim is to maximize similarity
of target appearance in consecutive frames without strong consideration on spatial prox-
imity, but in addition, it considers a PTZ camera and thus requires motion prediction and
robustness to background changes. In our work, we want to cope with the problem of large
motion of targets, low usable frame rate, background changes, and tracking with various
scale changes. In addition, the tracking algorithm should handle the camera response time
and zooming.
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Fig. 2 The system architecture and servo control model. (θ0,φ0, ξ0):initial pan-tilt angles and zoom
value,(∆θ12,∆φ12, ∆ξ12) means (θ1-θ2,φ1-φ2,ξ1 − ξ2), and I(θi(t),φi(t),ξi(t)) means image at time
t for angles (θi,φi) and zoom (ξi).

3 System architecture and method overview

We consider our PTZ camera as a servo control system. From thesystem classification point
of view, the system is discrete, stable, time variant, causal, and dynamic. These properties
help us in modeling of the system. Indeed, we can use the characteristics of each category
to represent our system model. For example, the system is causal, and thus it means that
our system response at timet depends only on values occurring now or that occurred in the
past. This causality information helps us to predict the current situation. Also the system
is discrete which means that we do not capture continuously and there is a delay between
each image. This is modeled by a delay blockτ1. The system is stable which means that
for finite input (pan-tilt-zoom values), there is finite output (obtained pan-tilt-zoom values).
The system is obviously time variant and varies according tothe scenario, processing time,
network traffic delay, and other events that are happening. It is a dynamic system that is
constantly changing because its value depends on the present value of input and past values.

The servo control and tracking system is modeled by a closed-loop control which has
a negative feedback as shown in Fig. 2. To design the servo control system, we selected its
components based on background motion and low frame rate assumptions. Thus, in addition
to image capture and camera control, we need a visual processing component that can track
an object having large motion between consecutive frames because of image capture delay
τ1, and a position predictor that moves the camera based on delay τ1 and a delayτ2 (delay
to change the camera position or zoom) to compensate them to keep the target in the field of
view (FOV). τ1 is almost constant and is about 0.05s for640 × 480 image.τ2 varies in the
range of [0.71s, 1.5s] depending on the pan, tilt and zoom values, and network traffic. The
input of the system is the current pan and tilt angles and zoomvalue of the camera and the
output is the determined pan and tilt angles and zoom value bythe visual processing.

For visual processing, the chosen method must not rely on target proximity between
frames for tracking. Thus, we have chosen a method that samples regions in a frame based
on motion and around image center (the likely target positions), and then, the target is lo-
calized using color appearance. Thus, large, but likely parts of the image, are used as search
windows. For position prediction, we just need to estimate the motion of the target during
the delays and position the camera accordingly.

To allow the visual processing component to maintain control of the camera motion,
camera movement and image analysis are performed successively and not simultaneously.
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Because of latency of the network and of the camera response,it is not possible to control
the camera continuously. Camera commands are queued and performed one after the other.
If a new command is sent and the queue is not empty, most probably this command will be
applied too late, and target will be lost. In our servo control system, a new motion command
is issued only if the queue is empty. By this way, good controlof the camera is maintained,
but the target may move during the motion command. Thus, the target motion needs to be
estimated to keep the target inside the FOV of the camera.

4 Methodology

The algorithms that are used for visual processing, position prediction and camera control
are explained in the following. First, we have made the following assumptions for our ap-
plication of human upper body tracking:

– We consider that persons walk at a normal pace or fast, but do not run.
– The target person can walk in any direction, but the face should be always visible par-

tially.
– The target person has distinctive colors.
– We assume an initially wide FOV (approximately48 ◦) and scenes that are not crowded

(max 2-3 persons).

4.1 Visual processing

4.1.1 Target modeling

To represent the target, it is first required to model it by some features, like edges, feature
points, or color. Since we are working in a low frame rate context, under about constant
illumination, but with variability in the background because of camera pan and tilt changes,
with scaling variations, and with large target motion displacements, we need a feature which
is stable enough, scale invariant, and discriminative. Although simple, a color-based model
satisfies these requirements. Other models could be used with our methodology if more pre-
cise details need to be accounted for. However, the model must be robust to instantaneous
large scale and viewpoint change because of low frame rate. This is coherent with the ratio-
nal of the work of [30], which also deals with low frame rate.

For example, methods like Dalalet al. [15] seems appealing to detect a person. In their
algorithm, a dense grid of Histograms of Oriented Gradients(HOG) is calculated over blocks
of 16× 16 pixels used as detection window. A linear SVM classifier isused to classify the
human. This method is robust enough but it can only process images with 320× 240 size
at a low frame rate (1fps). Zhuet al. [48] have speeded up the algorithm of [15] to process
320 × 240 size images at5fps. The problem with both methods is high computational
cost. Also, HOG is sensitive to the viewpoint of the person, arms and legs position. The
model should be learned for all possible viewpoints and poses of the human. In addition, it
is required to process all edges or contours inside the wholeimage in each frame to extract
the body edge.

Therefore, our target is represented by an elliptical imageregion modelled by its color
content. It is modeled by two features: 1) normalized quantized HSV color histogram and
2) average RGB color values. Histogram quantization is usedto reduce computation time
and for an adequate level of precision; we use an 18 x 3 x 3 = 162 bins color histogram. The
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Fig. 3 The relationship of ellipse and the foci.

histogram is normalized. The second feature is the mean of R,G and B color components
of RGB color space of all the pixels inside of the elliptical region.

4.1.2 Track initialization

To track the target, its initial position and size are first determined. Currently, initialization
is done manually. It is performed by selecting the top part ofthe body (head and torso) of
the person to track. It is a part that should always be visible, either when the person is far
away or when it is close to the camera. The torso is 1/3 of the total height of the body as
considered in Bellottoet al. [4]. We fit an ellipse inside the bounding box of the selected
region, and model the resulting elliptical region with the features of the previous section.
This is the initial modelM . Fig. 6 (a) and (e) show elliptical regions (torso and the head).
We use an elliptical region because it fits better the shape ofthe head and torso. To extract
the pixels inside of the elliptical region from the selectedrectangular region, a mathematical
rule is applied [33]. LetC1 andC2 be the two focus points of an ellipse (foci of an ellipse)
anda andb be the lengths of the ellipse major and minor axis respectively, obtained from
the rectangular region. According to Fig. 3, the location offoci is obtained using [34]:

F =
√

a2 − b2, (1)

F is the distance of the foci from ellipse center. A point P is inside of an ellipse if the sum
of its distances from the two focus points is smaller than thelength of major axis:

|P − C1|+ |P − C2| < 2a (2)

The next step is to find candidate elliptical regions to localize the target in the next
image.

4.1.3 Candidate elliptical regions detection

Because of background motion and low frame rate, the target may move over a large distance
in the image plane between two video frames. Thus, the searcharea for target localization
must not solely rely on proximity with the previous position. The target can be at two likely
positions in the image: 1) if the target stops moving, because the camera centers on it, the
target will be around the center of the image, and 2) if the target is moving, its position can
be determined with frame differencing. Thus, to localize the target, we just need to search
around the center of the image and around regions with motion. Localization is done by
sampling with ellipses around the likely target position and then comparing color appearance
with the target model. Candidate blobs are detected as described in the following sections.
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4.1.4 Motion-based candidate elliptical regions

In our application, the PTZ camera may move. Thus, to detect the motion, we do the dif-
ference of two consecutive frames when the camera is still [36,46]. Recall that when the
camera is moving, no processing is performed because the camera response time and net-
work delays do not allow accurate continuous control of the camera. So it is better to wait
that it has stopped moving before moving it again. It is a compromise, but it allows us to
keep control of the camera motion.

Because image difference results are noisy, some morphological operations such as ero-
sion, dilation, filtering and image closing are used to reduce noise. Detected motion pix-
els are grouped into regions using connected components. Because of image differencing,
whenever a moving object in the scene has a color similar to the background or has an over-
lap with its previous frame position, some parts of the moving object are not detected as
foreground regions. This results in detecting smaller blobs that are fragments of a larger
one. Fragments are merged iteratively based on their proximity. The small regions that are
nearby, and whose contours are in intersection, are merged.This process is done until there
is no blob that intersects with others.

For sampling the image at these areas, ellipses are positionned and sized on each blob
based on skin location in the blob. Alternatively to this method for sampling motion blobs,
the motion areas could be sampled using ellipses with randompositions and sizes. In our
application, it was more efficient to use skin information. Thus, we apply Bayesian skin
classification over the candidate blobs to filter outliers and to determine ellipse position and
size. For sizing the ellipse and for their modeling, the torso is assumed to be below the
detected skin region. The torso is two times longer than the height of detected skin region.
Thus, the ellipse width is the same as the skin region width, and its height is three times
longer than the skin region height. This assumption is basedon the human head and torso
location. The ellipse is then modeled as in Section 4.1.1.

We selected a Bayesian skin classifier because of its high true positive rate, simple im-
plementation and minimum cost [23]. The decision rule in Bayesian skin classifier can be
expressed as:

{

if p(x|ω1)
p(x|ω2)

> Ts skin

else nonskin.

wherep(x|ω1) andp(x|ω2) are the class-conditional probability density functions of skin
and non-skin color respectively. They are estimated in an off-line process by a non-parametric
density estimation method. From a large number of labeled skin and non-skin pixels in a
training data set, normalized skin and non-skin histogramsare calculated. These two his-
tograms are used as the class-conditional probability density functions of skin and non-skin
color.Ts represents the adjustable threshold (hereτ = 0).

After training, the classifier is used in the online process.We remove all the skin regions
that contain less than 40 skin pixels (less than the half of the minimum face size). Then, the
candidate blobs that do not contain skin region or that are too small based on the maximum
size of the extracted blobs in the current frame are removed.Then sampling is applied on
the remaining blobs.
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Fig. 4 Sixteen fixed elliptical candidate blobs considered in eachframe.

4.1.5 Fixed (regions elliptiques fixes (fixes dans le sens, toujours la meme position), en
franais) candidate elliptical regions

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 considerF additional fixed candi-
date blobs in the image (typicallyF = 16). Fig. 4 shows the location of these fixed candidate
blobs. The largest ellipse is used for zooming or object approaching the camera. Its area is
1/3 of the image area. The small ellipses are used for a targetfar from the camera and close
to the center in different positions. These fixed candidate blobs are located around the image
center, because the camera should be close to be centered on the target when it stops mov-
ing. The sizes of these ellipses are obtained experimentally according to the minimum face
size, which is in our algorithm 5x5 pixels from frontal and lateral views.

In this case, skin classification is used only to remove the candidate region with less than
40 skin pixels.

4.1.6 Target localization using a fuzzy classifier

At this step, we have many candidate elliptical regions. We must determine which one is
more likely to be the target. Thus, features of candidate elliptical regionsERi are compared
with the initial modelM , and a score (ScoreERi) is given to eachERi using a fuzzy
rule. A fuzzy approach allows us more flexibility for determiningScoreERi. Normalization
of ScoreERi might be done by any function. For example, the camera is always moved
to center on the target. This results in target location probability to be higher around the
image center. Thus, in that case, a Gaussian membership function is an appropriate choice.
Fuzzy membership functions are applied to geometric and appearance features to normalize
them. The target is the candidate elliptical region with thehighest score. In the following,
we describe the fuzzy inputs (e.g. distances) and fuzzy membership functions used in our
classifier. The goal of our fuzzy classifier is to define the most discriminating measures
to compare robustly the target features with candidate elliptical region features. We apply
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different measures on color because each of them addresses different level of accuracy.
We want to balance the precision of measures in general conditions. Our appearance based
measures, used often in many pattern recognition and image processing applications, are
described in the following:

1. Euclidean distance(dEC) of mean RGB ofERi (Reri, Geri, Beri) with the mean RGB
of M (Rm,Gm, Bm). It is defined as

dEC =
√

(Reri −Rm)2 + (Geri −Gm)2 + (Beri −Bm)2. (3)

This distance is between 0 and 255. This distance is a comparison of the average color
content of eachERi with M to verify their similarity. The membership functionµEC

for this distance is a linear function and is defined as

µEC(dEC) = 1− dEC

255
√
3
. (4)

2. Euclidean distance(dEP ) of ERi centroid from the image center. It is defined as

dEP =
√

(xeri − xim)2 + (yeri − yim)2, (5)

where(xeri, yeri) and(xim, yim) are respectively the coordinate vector of the centroid
of ERi and of the image center. The tracker commands the camera to center on the
target. Thus, normally, the person should be near the image center. This distance, a
geometric feature, is an appropriate measure to evaluateERi location according to our
goal (i.e camera center should be always on the target based on the previous camera
motion). To account for this, the membership functionµEP is defined as a normalized
Gaussian function with a peak at the image center.σ2 is equal to a quarter of the image
area around the image center:

µEP (dEP ) = exp(− (dEP )2

2σ2
). (6)

3. Euclidean distance(dEH) of normalized quantized HSV color histogram ofERi with
the histogram ofM . It is computed as [9]

dEH(Heri, Hm) =

√

∑

n

(Heri[n]−Hm[n])2, (7)

whereHeri andHm denote the normalized histograms ofERi andM respectively andn
is the histogram bin number. The color histogram of a region represents the color distri-
bution of that region. Color histogram comparison is another measure used to compare
the appearance closeness ofERi with M by comparing their color distributions. The
membership function (µEH ) that is used for this distance is defined as

µEH(dEH) = 1− dEH√
2
. (8)

4. Similarity (SH) of normalized quantized HSV color histogram ofERi with histogram
of M [7]. It is the normalized correlation coefficient of two histograms and it is defined
as

SH(Heri, Hm) =

∑

n((Heri[n]− H̄eri)(Hm[n]− H̄m))
√
∑

n (Heri[n]− H̄eri)2
√

∑

n (Hm[n]− H̄m)2
, (9)
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whereH̄eri andH̄m denote the average of normalized histograms ofERi andM . (SH)

has a value between -1 and 1. It is used to find the correlation of two color distributions
which is a mathematical representation of appearance similarity. This is our most precise
color measure. For the membership valueµH , it is normalized using

µH(SH) =
1 + SH

2
. (10)

The final score forERi (ScoreERi), is the intersection of all fuzzy sets and it is ob-
tained by multiplying all membership functions. That is

ScoreERi = µEC .µEP .µEH .µH . (11)

In each frame, allERi are scored using the fuzzy classifier. The score is the similarity
likelihood withM . The tracked target is the one with the largest likelihood, that is

Sf = maxi(∀ScoreERi). (12)

4.2 Target position prediction

As discussed in Section 3 and 4.1.4, the delays in the controlloop mean that the system
cannot center the camera on the target correctly using only the determined object position.
To compensate for motion of the target during the delays, a position predictor based on the
two last motion vectors has been designed. This motion predictor will consider the angle
between two consecutive motion vectors. If the angle difference is smaller than25 ◦, it is
assumed the target is moving in the same direction and its average speed can be estimated.
The average speed (V̄ ) of the target for the two last target motion vectors is thus equal to:

V̄ =
∆x1 +∆x2

τ11 + τ21
. (13)

where∆x1 and∆x2 are the two target displacement vectors (i.e. target motionvectors).
Motion vectors are calculated when the camera is not moving.τ11 , τ21 are delayτ1 between
the two last captured images. Thus, the system will put the camera center on the predicted
position which is :

xP = xE + τ̄2 × V̄ . (14)

wherexP is the predicted target coordinate andxE is the extracted target coordinate from
the fuzzy classifier.̄τ2 is the average delay timeτ2 obtained from previous camera move-
ments. Thus the camera is controlled and moved adaptively with the speed of the network
and camera response time, and the displacement vector of thetarget.

4.3 Camera control

Fig. 5 shows the perspective transform from 3D world coordinates to the 2D image plane
coordinates. To obtain which image coordinatexP = (Cx, Cy) corresponding to a world
point,P , the following relations are used:

Cx = Px × Cz

Pz
(15)
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Fig. 5 Perspective transform geometry.

Cy = Py × Cz

Pz
. (16)

In our case, the camera is controlled based on the target motion on the 2D image plane.
That is, we assume that the object is moving on a plane parallel to the image plane (Cz

Pz

is
assumed constant). Because of the low frame rate, this is notexact, but it is an acceptable
approximation for a walking human.

Zooming is done when the system has a good confidence about tracking results to avoid
losing the object from observed camera FOV. Therefore, zooming is done under a criterion
on target score similaritySf . In each frame, the meanµSf and varianceσSf of all Sf

from first frame up to current frame are calculated. A zoom in command is sent only if the
following criterion is met:

Sf > µSf + σSf . (17)

The zoom out command is sent if this inequality holds:

Sf < µSf − σSf . (18)

Each zoom command increase by two or decrease by one-half theFOV size. Thus, to
follow the target, the PTZ motors are commanded based on image coordinate ofxP and
appropriate zoom value. As discussed earlier, in our servo control loop, computingxP and
moving the camera are consecutive (not simultaneous) to keep control over the camera in the
case of variable delays. To control the camera, we have implemented two methods. Angles
can be computed by the camera using the on-boardAreaZoomfunction, or the camera can
be controlled by computing the angles on a workstation and sending computed angles to the
camera using the theRelativePanTiltZoomfunction. Each of these two ways are explained
in the following. Zoom commands are sent independently using the on-boardMultipleZoom
function that zoomsm times.

4.3.1 Using the AreaZoom function

The inputs of this function are the target pixel coordinatesxP in the current frame to which
the camera should center.WidthandHeightare two other inputs that are used for zooming
purpose, but we do not use them. Camera is controlled by sending HTTP POST request
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Table 1 Cameras specifications.

Camera Model max(R) max(fr) P max(PS) T max(TS) OZ
SNC-RZ50N 640× 480 30 fps −170◦ to 170◦ 300◦/s −90◦ to 25◦ 90◦/s 26x
SNC-RZ25N 640× 480 30 fps −170◦ to 170◦ 100◦/s −90◦ to 30◦ 100◦/s 18x

max(R): Maximum Resolution,max(fr): Maximum frame rate,P :Pan range,max(PS): Maximum Pan
Speed,T : Tilt range,max(TS):Maximum Tilt Speed,OZ:Optical Zoom.

using the CGI scripts of the camera [41]. The speed of motion of the camera is determined
automatically based on the required displacement. The larger displacement causes camera
moves faster.

4.3.2 Using the RelativePanTiltZoom function

In this case, the angles required to move the camera are computed by the workstation. The
target pixel coordinatesxP in the current frame is converted in pan-tilt values for centering
the camera. The pan and tilt values are obtained according tothe field of view of the lens and
the range of pan and tilt angles for each camera (i.e. it is dependent on the camera model).
The angles are sent to the camera by sending an HTTP POST request using the CGI scripts
of the camera [41] and theRelativePanTiltZoomfunction. For this function, it is possible
to specify the speed of motion. It is set to the maximum value.The computations are also
faster because they are done by the workstation. Thus, the camera moves faster.

5 Experiments and analysis

5.1 Data acquisition and ground-truth

Our method has been implemented on an Intel XeonR© 5150 in C++ using OpenCV and a
custom library to control the IP PTZ cameras. We used two SonyIP PTZ cameras (SNC-
RZ50N and SNC-RZ25N) for our tests. Table 1 shows the capabilities of both cameras. For
validation, we tested the complete system in online 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. Experiments are done in a roomwith dimension of 6× 4
meters. We recorded all the experiments to extract their ground-truth manually for perfor-
mance evaluation. Only usable frames are recorded (when thecamera is not processing a
movement command) as these frames are the only one that are processed by our algorithm
as explain in section 3 and section 4. Thus, the recorded video frame rate is not 30 fps, but
corresponds to the frame processing rate by the servo control loop.

The general scenario of the experiments is the following. Anactor from the frontal view
is selected for initial modeling. She starts to walk around in a room. Two or three actors can
walk at the same time in different directions, crossing and occluding with the target. The
target 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. 6 shows the initial
model selection and some frames obtained during tracking.
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Fig. 6 Examples of tracking frames forE8 (a) to (d),E2 (e) to (h),E35 (i) to (l), andE38 (m) to (p).E8 (a)
initial model selection, (b) short-term occlusion, (c) after occlusion, (d) scale variation;E2 (e) initial model
selection, (f) short-term occlusion, (g) after occlusion,(h) scale variation;E35 (i) initial model selection, (j)
short-term occlusion, (k) after occlusion, (l) scale variation; E38 (m) initial model selection, (n) short-term
occlusion, (o) after occlusion, (p) scale variation.

5.2 Evaluation metrics

To evaluate our method, five metrics are used:

1. Precision (P ) to calculate the target localization accuracy. It is defined as

P =
TP

TP + FP
, (19)

whereTP andFP are true positive and false positive respectively.TP is the number
of frames in which the target is correctly localized by the camera.FP is the number of
frames where the target is not localized correctly by the camera.

2. Detection precision (DP ) to calculate the target face detection accuracy. It is defined as

DP =
CDF

ToF
, (20)

whereCDF is the number of frames in which the target face is detected correctly and
ToF is total number of frames that contain the target face. We do not consider the false
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positive results. We just count the number of frames in whichthe system could detect
the target face correctly.DP is used for this purpose.

3. Normalized Euclidean distance (dgc) to evaluate the dynamic performance of the track-
ing system. It is defined as:

dgc =

√

(xc − xg)2 + (yc − yg)2

a
, (21)

where (xg,yg) is the ground-truth target coordinate and (xc,yc) is the center of the image.
It is the spatial latency of the tracking system, as ideally,the target should be at the
image center.a is the radius of the circle which circumscribes the image (the maximum
distance).

4. Normalized Euclidean distance (dgp) which shows the error of tracking algorithm. It is
the target position error. It is defined as

dgp =

√

(xp − xg)2 + (yp − yg)2

2a
, (22)

where (xp,yp) is the tracked object coordinate. Ideally,dgp should be zero.
5. Track fragmentation (TF ) indicates the lack of continuity of the tracking system fora

single target track [47].

TF =
TOUT

NF
, (23)

TOUT is the number of frames where the target is out of the FOV andNF is the total
number of frames.

5.3 Comparison with state-of-the-art methods

To evaluate the tracking performance of our proposed method, we have first compared our
method with the Camshift (CSH) tracker implemented in OpenCV [21] and the classical
particle filter (PF) tracker [22]. To remove the camera control effect from tracking perfor-
mance evaluation, CSH and PF are applied separately on the recorded experiments obtained
from our fuzzy tracker (FT) method. Our assumption is that CSH and PF should perform at
least as well as our tracker with the same data. All the experiments are performed first by
applying the fuzzy tracker, and by recording the resulting video sequences to be tested by
CSH and PF tracker methods. We have run these two trackers over the experiments recorded
in Class 2 and Class 4 (see Table 3).

For the Camshift tracker, in the first frame, the target is introduced to the tracker by
selecting an elliptical region of interest over the face andtorso of a person. The tracker can
be adjusted with three parameters:Vmin andSmin, which are used to remove neutral colors
(almost gray and almost black) in histogram computations and Vmax to remove pixels that
are too bright. We found that the best results for this tracker are obtained by using the default
values for these parameters (Vmin = 10, Smin = 30, Vmax = 256).

We have also implemented the PF method. We use a sample generator that generates
250 samples by random translations in x and y around the imagecenter in a circular region
with a radius corresponding to the image height. The number of PF samples are obtained
from average frame processing rate of our method which is 6 fps for Class 2 and 4. We
have obtained that 250 is the maximum number of samples that should be used to have
such a frame rate. The size of these samples (width and heightof the ellipses) is changed
randomly by±5% based on the previous target size. This value is obtained experimentally
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Table 2 Tracking results of Particle Filter (PF), Camshift (CSH), and our tracker (FT) on the experiments of
Class 2 and Class 4.

E P (%) DP (%) TF (%) µdgc σ2

dgc
µdgp σ2

dgp
Tracker

E6

100 100 0 0.1375 0.0105 0.0336 0.0030 FT
81 82 3 0.1854 0.0791 0.0745 0.0561 PF
72 74 10 0.3124 0.1122 0.1241 0.1015 CSH

E7

100 100 0 0.2068 0.0139 0.0353 0.0047 FT
83 85 5 0.1876 0.0864 0.0697 0.0571 PF
74 75 13 0.3745 0.1127 0.1237 0.1063 CSH

E8

100 100 0 0.0951 0.0083 0.0329 0.0018 FT
82 84 4 0.1934 0.0925 0.0723 0.0563 PF
75 76 8 0.3697 0.1169 0.1320 0.1072 CSH

E9

93 95 0.3 0.1113 0.0071 0.0353 0.0021 FT
81 82 6 0.1723 0.0967 0.0724 0.0672 PF
73 75 12 0.3462 0.1094 0.1250 0.0967 CSH

E10

95 95 0.1 0.1339 0.0074 0.0398 0.0027 FT
82 85 7 0.1812 0.0932 0.0642 0.0552 PF
70 72 16 0.3561 0.1148 0.1261 0.0983 CSH

Class 2
97.7 98.08 0.07 0.1369 0.0094 0.0354 0.0029 FT
81.81 83.62 4.96 0.1840 0.0896 0.0706 0.0584 PF
72.84 74.42 11.75 0.3518 0.1132 0.1262 0.1020 CSH

E16

92 93 0.35 0.1498 0.0070 0.0311 0.0021 FT
79 81 3 0.2035 0.0962 0.0809 0.0623 PF
68 70 11 0.3862 0.1325 0.1401 0.1108 CSH

E17

100 100 0 0.1416 0.0055 0.0346 0.0018 FT
82 83 8 0.2067 0.1272 0.0800 0.0657 PF
65 67 17 0.3745 0.1311 0.1325 0.1132 CSH

E18

100 100 0 0.1455 0.0087 0.0221 0.0018 FT
77 80 6 0.2125 0.0988 0.0785 0.0648 PF
71 72 14 0.3632 0.1342 0.1368 0.1172 CSH

E19

91 92 0.5 0.1575 0.0165 0.0332 0.0036 FT
81 83 5 0.1967 0.1341 0.0794 0.0692 PF
74 76 12 0.3741 0.1426 0.1347 0.1165 CSH

E20

100 100 0 0.1457 0.0122 0.0591 0.0037 FT
85 86 4 0.1933 0.1063 0.0806 0.0674 PF
72 74 7 0.3815 0.1408 0.1298 0.1087 CSH

Class 4
96.47 96.88 0.17 0.1480 0.0100 0.0360 0.0026 FT
80.83 82.62 5.23 0.2025 0.1125 0.0799 0.0659 PF
69.96 71.77 12.27 0.3759 0.1362 0.1348 0.1133 CSH

E: Experiments,P :Precision,µdgc : mean ofdgc,µdgp : mean ofdgp, σ2

dgc
: variance ofdgc, σ2

dgp
: variance

of dgp, PF : Particle Filter Tracker [22],CSH: CamShift Tracker [21],FT : Our tracker.

based on the maximum or minimum displacement of the target inthe case where the target
is approaching or moving back from the camera between two consecutive frames. For PF,
the target is modeled and initialized in the same way as in ourfuzzy method.

Table 2 shows the five calculated metric values for CSH and PF trackers method in
comparison with our fuzzy method for experiments of Class 2 and Class 4. Our method
outperforms the CSH and PF trackers. Both PF method and CSH tracker have lower target
tracking precisionP and more track fragmentation. The localization of the target is better
with our method (µdgc

andµdgp
values are smaller). It means the location of the target is

closer to the ground-truth than the CSH tracker results.

For the Camshift tracker, the results are explained by the observation made in introduc-
tion. This type of tracker relies on inter-frame proximity of the target in the image plane.
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When, the camera pans or tilts, or if the frame rate is low, this assumption is no longer valid
and results in poor tracking performances. For the PF, we have chosen a sampling scheme
that does not rely on proximity. We just sample the image everywhere, with a larger con-
centration of samples in the middle of the image. This is why we get results superior to
those of Camshift. However, the number of samples is not large enough to cover correctly
the whole image. Thus, there are tracking failures and largelocalisation errors. Further,
skin information are not used to position more efficiently the samples. Putting samples only
around the predicted position would not solve this problem because the target may not be
near the predicted position. So in fact, samples should be also around areas with motion.
This corresponds to the way we are sampling. This experimentshows that low frame rate
and large displacements in the image plane need to be considered explicitly as proposed by
our methodology.

5.4 Effect of different parameters

To evaluate the performance of our propose method for different parameters, we have done
forty experiments with two IP cameras. The experiments are described in Table 3. Exper-
iments are classified into eight classes based on different parameters such as the camera
model, camera connection mode, initial model position fromcamera, camera control func-
tion, and image resolution. Camera connection mode may be direct or indirect. The direct
mode is when the camera is connected directly to the network adaptor of the workstation.
The indirect mode is when the camera is connected to the workstation through the local
network. The distances of the initial model position from camera are written in Table 3. The
goal is to compare the effect of different parameters such asimage size, camera control func-
tion, and camera connection mode in the system performance results. Thus, in evaluation of
each case, we have optimized the other parameters.

Fig. 7 shows thedgp anddgc values for one experiment of each class of Table 3. These
distances allow us to verify if the tracker has lost the target, and if the target is near the
ground-truth. Ifdgc is more than 1, target is lost (outside of FOV). For distancessmaller
than 0.6, the object is in the FOV. For the range of(0.6 < dgc < 1), it depends if the
centroid coordinates of the target are in the range [0, height-1] and [0, width-1]. ForE8,
E16 andE25 the target is always in the FOV. InE3, the target was lost one time at frame
175. ForE27, the target was lost one time at frame 100. ForE15, the target was lost two
times at frames 52 and 250. InE31, the target was lost several times between frames 47-55
and one time at frame 145. Finally forE37, the target was lost several times between frames
58-75. For all experiments,dgp is small except when the target is lost. It means that the
target is well localized in most images.

Table 4 shows the results of the five metrics with the system frame rate for all experi-
ments with image size of640 × 480 and320 × 240 respectively. Fordgc anddgp, we show
the mean and variance of all experiments. For classes with larger image size, the method has
lost the target several times, but eventually recovers. Forexperiments using a smaller image
resolution, there are fewer target losses (e.g. TF is smaller), smaller distance errors (µdgc

andµdgp
) and the results of precision are better (P is larger). Because ofdEP and camera

control, the error onµdgc
has effect onµdgp

and vice versa. That is, ifµdgc
is large, the

target will have a smaller value fordEP , and in turn, the object might then not be localized
correctly and increaseµdgp

. Indeed, the algorithm tries to find similar object to the target
which is nearest to the image center. Furthermore, if the target moves very fast, to minimize
dgp, dgc will be increased. The best results are obtained for class 2 and 4 for which the
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(a) E3 (b) E8

(c) E15 (d) E16

(e) E25 (f) E27

(g) E31 (h) E37

Fig. 7 dgc anddgp results for (a)E3, (b)E8, (c)E15, (d)E16, (e)E25, (f) E27, (g)E31 and (h)E37
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Table 3 Experiment test cases.

Classes Experiments Camera Model Image Size IMP Connection Mode CCF

Class 1

E1 SNC-RZ50N 640× 480 Near Direct RelativePanTilt
E2 SNC-RZ50N 640× 480 Near Direct RelativePanTilt
E3 SNC-RZ50N 640× 480 Far Direct RelativePanTilt
E4 SNC-RZ50N 640× 480 Far Direct RelativePanTilt
E5 SNC-RZ50N 640× 480 Middle Direct RelativePanTilt

Class 2

E6 SNC-RZ50N 320× 240 Near Direct RelativePanTilt
E7 SNC-RZ50N 320× 240 Near Direct RelativePanTilt
E8 SNC-RZ50N 320× 240 Far Direct RelativePanTilt
E9 SNC-RZ50N 320× 240 Far Direct RelativePanTilt
E10 SNC-RZ50N 320× 240 Middle Direct RelativePanTilt

Class 3

E11 SNC-RZ25N 640× 480 Near Direct RelativePanTilt
E12 SNC-RZ25N 640× 480 Near Direct RelativePanTilt
E13 SNC-RZ25N 640× 480 Far Direct RelativePanTilt
E14 SNC-RZ25N 640× 480 Far Direct RelativePanTilt
E15 SNC-RZ25N 640× 480 Middle Direct RelativePanTilt

Class 4

E16 SNC-RZ25N 320× 240 Near Direct RelativePanTilt
E17 SNC-RZ25N 320× 240 Near Direct RelativePanTilt
E18 SNC-RZ25N 320× 240 Far Direct RelativePanTilt
E19 SNC-RZ25N 320× 240 Far Direct RelativePanTilt
E20 SNC-RZ25N 320× 240 Middle Direct RelativePanTilt

Class 5

E21 SNC-RZ50N 320× 240 Near Direct AreaZoom
E22 SNC-RZ50N 320× 240 Near Direct AreaZoom
E23 SNC-RZ50N 320× 240 Far Direct AreaZoom
E24 SNC-RZ50N 320× 240 Far Direct AreaZoom
E25 SNC-RZ50N 320× 240 Middle Direct AreaZoom

Class 6

E26 SNC-RZ25N 320× 240 Near Direct AreaZoom
E27 SNC-RZ25N 320× 240 Near Direct AreaZoom
E28 SNC-RZ25N 320× 240 Far Direct AreaZoom
E29 SNC-RZ25N 320× 240 Far Direct AreaZoom
E30 SNC-RZ25N 320× 240 Middle Direct AreaZoom

Class 7

E31 SNC-RZ50N 640× 480 Near Indirect RelativePanTilt
E32 SNC-RZ50N 640× 480 Near Indirect RelativePanTilt
E33 SNC-RZ50N 640× 480 Far Indirect RelativePanTilt
E34 SNC-RZ50N 640× 480 Far Indirect RelativePanTilt
E35 SNC-RZ50N 640× 480 Middle Indirect RelativePanTilt

Class 8

E36 SNC-RZ25N 640× 480 Near indirect RelativePanTilt
E37 SNC-RZ25N 640× 480 Near Indirect RelativePanTilt
E38 SNC-RZ25N 640× 480 Far Indirect RelativePanTilt
E39 SNC-RZ25N 640× 480 Far Indirect RelativePanTilt
E40 SNC-RZ25N 640× 480 Middle Indirect RelativePanTilt

IMP: Initial model position from camera, Far: 5 meters, Near: 1 meter, Middle: 3 meters, CCF: Camera
Control Function.

system frame rate is faster.TF for class 2 and 4 are the smallest. A faster system frame rate
improves the results ofTF , µdgc

, µdgp
andP . DP values of the proposed method in all

experiments is higher than the precisionP , because the face may be detected correctly, but
its associated region might not be selected by the fuzzy classifier. The minimum face size
that can be detected by our method is 5 x 5 in smaller image resolution.

By comparing the results of class 2 and 4 with results of class1 and 3, the effect of
image resolution size for both cameras is evaluated. As shown in Table 4, with smaller
resolution, faster frame rate and better tracking performance are obtained. By comparing
the results of class 2 and 4 with the results of class 5 and 6 in Table 4, the effect of camera



20

Table 4 Experimental results of our Fuzzy tracker without zooming.

E P (%) DP (%) TF (%) µdgc σ2

dgc
µdgp σ2

dgp
FR(fps) NF min(∆x) max(∆x)

E1 87 96 1.3 0.1254 0.0346 0.0533 0.0075 2.78 418 15 246
E2 86 95 1.5 0.1576 0.0096 0.0486 0.0032 2.75 404 21 194
E3 88 93 1.8 0.1862 0.0163 0.0503 0.0038 2.85 405 26 306
E4 92 98 1.1 0.1457 0.0142 0.0348 0.0034 2.80 401 2 380
E5 90 96 1.7 0.1552 0.0158 0.0438 0.0024 2.70 392 12 310

Class 1 88.57 95.59 1.4 0.1540 0.0181 0.0462 0.0041 2.78 2020 11 380
E6 100 100 0 0.1375 0.0105 0.0336 0.0030 5.91 774 1 142
E7 100 100 0 0.2068 0.0139 0.0353 0.0047 6.59 811 0 184
E8 100 100 0 0.0951 0.0083 0.0329 0.0018 5.77 801 2 152
E9 93 95 0.3 0.1113 0.0071 0.0353 0.0021 6.28 739 0 154
E10 95 95 0.1 0.1339 0.0074 0.0398 0.0027 5.89 746 2 200

Class 2 97.7 98.08 0.07 0.1369 0.0094 0.0354 0.0029 6.09 3871 0 200
E11 85 89 1.4 0.1578 0.0214 0.0422 0.0013 2.71 405 8 339
E12 93 93 1.6 0.1674 0.0116 0.0561 0.0016 2.67 401 19 207
E13 89 93 2.2 0.1600 0.0170 0.0518 0.0011 2.62 406 17 259
E14 92 95 1.97 0.1385 0.0111 0.0477 0.0015 2.12 404 15 296
E15 86 94 1.86 0.2346 0.0625 0.0372 0.0172 2.61 408 36 343

Class 3 88.98 92.8 1.80 0.1717 0.0247 0.0470 0.0045 2.52 2024 15 343
E16 92 93 0.35 0.1498 0.0070 0.0311 0.0021 5.51 725 1 227
E17 100 100 0 0.1416 0.0055 0.0346 0.0018 6.28 770 2 116
E18 100 100 0 0.1455 0.0087 0.0221 0.0018 5.82 666 0 119
E19 91 92 0.5 0.1575 0.0165 0.0332 0.0036 5.71 778 0 143
E20 100 100 0 0.1457 0.0122 0.0591 0.0037 6.33 690 0 121

Class 4 96.47 96.88 0.17 0.1480 0.0100 0.0360 0.0026 5.92 3629 0 227
E21 85 89 0.4 0.1052 0.0142 0.0436 0.0014 5.9 783 18 147
E22 89 92 0.8 0.2000 0.0053 0.0891 0.0013 5.49 708 24 207
E23 91 93 0.2 0.1733 0.0179 0.0681 0.0047 5.62 774 21 157
E24 93 95 0.9 0.0826 0.0048 0.0324 0.0007 6.18 797 25 186
E25 96 98 0.7 0.2428 0.0215 0.1060 0.0065 5.88 798 14 204

Class 5 90.86 93.45 0.59 0.1608 0.0127 0.0678 0.0029 5.81 3860 14 207
E26 82 93 1 0.2252 0.0231 0.1047 0.0061 5 756 22 166
E27 86 97 0.7 0.2690 0.0254 0.1326 0.0068 5.5 774 32 206
E28 87 93 0.1 0.1397 0.0060 0.0621 0.0007 5.33 777 17 189
E29 91 92 0.2 0.1658 0.0099 0.0760 0.0025 5.53 772 15 196
E30 93 94 0.4 0.1712 0.0104 0.0733 0.0028 5.35 791 16 121

Class 6 87.84 93.80 0.59 0.1942 0.0150 0.0897 0.0038 5.33 3870 15 206
E31 87 90 3.4 0.2025 0.0123 0.0672 0.0019 1.84 309 14 449
E32 89 91 2.6 0.1878 0.0107 0.0578 0.0013 1.85 398 13 342
E33 89 94 2.8 0.1860 0.0209 0.0474 0.0015 1.78 392 17 371
E34 90 95 2.65 0.1188 0.0165 0.0265 0.0021 1.88 388 15 344
E35 88 93 2.23 0.2707 0.0318 0.0601 0.0029 1.67 378 16 271

Class 7 88.67 92.70 2.68 0.1932 0.0184 0.0518 0.0019 1.80 1865 13 449
E36 86 90 3.1 0.2773 0.0131 0.0513 0.0020 1.73 316 19 366
E37 88 95 3.5 0.2866 0.0112 0.0531 0.0010 1.71 406 21 486
E38 89 93 3.2 0.1624 0.0084 0.0689 0.0007 1.73 307 15 379
E39 90 91 2.9 0.2194 0.0110 0.0775 0.0025 1.76 394 14 398
E40 87 90 3.3 0.1819 0.0095 0.0500 0.0004 1.65 387 18 274

Class 8 88.04 91.84 3.2 0.2255 0.0106 0.0602 0.0013 1.71 1810 14 486

E: Experiments,P :Precision,µdgc : mean ofdgc,µdgp : mean ofdgp, σ2

dgc
: variance ofdgc, σ2

dgp
: variance

of dgp, FR: System frame rate andNF :Number of frames,min(∆x): minimum motion vector length,
max(∆x): maximum motion vector length.
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control function for both PTZ cameras is studied. UsingRelativePanTiltcontrol function
instead ofAreaZoomfunction reduces the camera response time, and thus we obtain a faster
system rate and the target is more often in the center of the image. By comparing class 1
and 3 with class 7 and 8 in Table 4, the effect of direct and indirect camera connection is
studied. With direct camera connection to the computer network card, a faster system rate
is obtained because of smaller network delays. By comparingthe results for both cameras,
results of SNC-RZ50 are better than SNC-RZ25 because of the camera characteristics such
as maximum pan and tilt speed, maximum FOV, and etc. The last two columns in Table
4 and Table 2 are the minimum and maximum length of target motion vector in number
of pixels. These values vary according to the image resolution size, frame rate and target
movement.

Results show that our algorithm can handle and overcome large displacement (i.e. high
values ofmax(∆x)) because of using a detect-and-match scheme and motion prediction
technique that does not rely on spatial proximity. It will lose a target only if the target
changes its motion direction suddenly and walks very fast inthe opposite of the predicted
direction (e.g. experiments withTF 6= 0). By using a detect-and-match scheme and com-
bining 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 delaysτ1 andτ2 discussed in Section 3,
which may cause the target to exit the FOV.

Generally, according to the mean of distances, the locationof the target is near the
ground-truth. The target is usually localized within 1/6thof the image diagonal from the
image center. With smaller image resolution, the results oftracking are significantly better.
Indeed, it results to a faster system rate because less data is transferred on the network (for
the same JPEG compression level). In fact, because of largerimage size, the camera sends
only 16fps in640 × 480, while it can send 30fps in320 × 240. If the camera sends only
16fps, delayτ1 increases. This means that a moving target will have larger motion between
two frames than for320 × 240. In turn, because the target have a larger displacement, the
camera needs to move a larger angular distance (activate itsmotor longer), and thus, delay
τ2 also increases. Because delaysτ1 andτ2 both increases (τ2 being the more significant),
larger image results into a significant performance drop. This is confirmed by comparing the
8 classes, where the meandgc, meandgp, P andDP are improved with smaller image.

In experiments with our fuzzy tracker, the target is localized with a good precision and
it is about at constant distance from the image center. This can be explained by the use of
motion and skin information. When localization fails, it isbecause of similarity or closeness
of the color histogram of the target with other blobs with skin-like colors.

In all experiments, there are scale changes to verify tracking against scaling. Our al-
gorithm can overcome scaling variations even in the image with minimum5 × 5 face size
(e.g. Fig.6(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.

The image resolution, camera model, internet network traffic, and camera control func-
tion have effects on the system frame rate and thus on tracking error. Smaller image reso-
lution takes less time to transfer on the network (smallerτ1) and less processing time and
results in faster frame rates. SNC-RZ50N has better performance with higher maximum
pan-tilt speed changes than SNC-RZ25N. Direct camera connection removes the effect of
network traffic delays from our system. Using theRelativePanTiltfunction for camera con-
trol function, the camera is always set at maximum speed which results in less tracking error
and faster frame rate.
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Table 5 Experiment test cases.

Class Z1 Camera Model Image Size IMP Connection Mode CCF

EZ1 SNC-RZ50N 320× 240 Near Direct RelativePanTilt + MultipleZoom
EZ2 SNC-RZ50N 320× 240 Near Direct RelativePanTilt + MultipleZoom
EZ3 SNC-RZ50N 320× 240 Near Direct RelativePanTilt + MultipleZoom
EZ4 SNC-RZ50N 320× 240 Near Direct RelativePanTilt + MultipleZoom
EZ5 SNC-RZ50N 320× 240 Far Direct RelativePanTilt + MultipleZoom
EZ6 SNC-RZ50N 320× 240 Far Direct RelativePanTilt + MultipleZoom
EZ7 SNC-RZ50N 320× 240 Far Direct RelativePanTilt + MultipleZoom
EZ8 SNC-RZ50N 320× 240 Far Direct RelativePanTilt + MultipleZoom
EZ9 SNC-RZ50N 320× 240 Middle Direct RelativePanTilt + MultipleZoom
EZ10 SNC-RZ50N 320× 240 Middle Direct RelativePanTilt + MultipleZoom

IMP: Initial model position from camera, Far: 5 meters, Near: 1 meter, Middle: 3 meters, CCF: Camera
Control Function.

Our method can also recover the tracking if it loses the object ( e.g. experiments with
TF 6= 0), because of the detect-and-match 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 candidate blob)
until the occlusion ends. This could cause the real target tobecome out of the FOV of the
camera. Fig. 6 shows an example of short-term occlusion handling. The proposed method
can handle it in this case. In the reported experiments, occlusions did not cause difficulties
for scene that are not crowded and people with distinctive clothing.

The random motions between frames are handled by the combination of the sampling
scheme and position prediction method, as long as the targetappearance does not change
significantly and it remains in the camera FOV. The delays arecompensated by position
predictor that prevent the target from getting out of the FOV. Occlusions are handled in the
same way. However, when the object is occluded, another similar object will be tracked
(the most likely candidate blob) until the occlusion ends. This may cause the real target to
become out of the FOV of the camera.

5.5 Tracking with camera zooming

In addition, we have studied the effect of zoom control on tracking system performance. We
have done 10 experiments with SNC-RZ50 in320× 240 image resolution. The experiments
are described in Table 5.

Table 6 shows the result of the five metrics, the system frame rate, and the maximum
zoom level that was obtained for all experiments. We have limited the maximum zoom level
of the camera (SNC-RZ50) by a factor of four to avoid target loss. However, this value was
set from our farthest maximum distance, which is 6 meters. Bycomparing the results of
class 2 and 4 of Table 4 with Table 6, there are more target losses (e.g. TF is larger), more
distance errors (largerµdgc

andµdgp
) and the results of precision are worst (P andDP

are smaller). Camera control with both moving and zooming has lower frame rate than just
moving. It is because of lens adjustment that requires additional time than only moving. The
last column in Table 6 shows the maximum zoom level that was achieved in the experiment.
We have been able to achieve maximum zooming only for 4 out of 10 experiments because
at higher zoom level, the target is often lost and we have to zoom out to recover track and
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Table 6 Experimental results of our Fuzzy tracker with zooming.

E P (%) DP (%) TF (%) µdgc σ2

dgc
µdgp σ2

dgp
FR(fps) NF min(∆x) max(∆x) m

EZ1 94 96 1.3 0.2211 0.0912 0.0462 0.0140 4.62 674 2 128 3
EZ2 92 93 2.1 0.2452 0.1056 0.0417 0.0162 3.59 594 6 96 3
EZ3 97 97 0.7 0.1961 0.0875 0.0352 0.0137 4.41 631 3 52 4
EZ4 95 96 1.2 0.2086 0.0762 0.0439 0.0155 4.83 645 5 168 4
EZ5 90 92 2.6 0.2445 0.0945 0.0527 0.0149 3.06 522 1 196 3
EZ6 91 93 1.9 0.2487 0.0863 0.0536 0.0176 3.69 510 7 176 4
EZ7 94 95 0.95 0.2166 0.0922 0.0416 0.0144 4.11 497 4 120 3
EZ8 88 90 2.62 0.2542 0.0974 0.0508 0.0150 3.93 505 6 112 3
EZ9 93 93 1.1 0.2114 0.0944 0.0427 0.0146 3.49 420 10 205 3
EZ10 92 92 1.2 0.2217 0.0893 0.0419 0.0155 3.35 637 2 93 4

Class Z1 92.75 93.85 1.54 0.2268 0.0915 0.0450 0.0151 3.86 5635 1 205 -

E: Experiments,P :Precision,µdgc : mean ofdgc,µdgp : mean ofdgp, σ2

dgc
: variance ofdgc, σ2

dgp
: variance

of dgp, FR: System frame rate andNF :Number of frames,min(∆x): minimum motion vector length,
max(∆x): maximum motion vector length,m: maximum zoom level.

get a wider field of view. This is explained by a low frame rate that imposes a wide field of
view to keep the target inside it between two consecutive frames.

Compared to the case without zooming, a slower frame rate is obtained because of the
addition of a another camera control task (zooming) that takes more time than just camera
panning and tilting (zooming takes between1.6−2.5 times longer than panning and tilting).
In addition, in the zooming case, lower precision, more tracking fragmentation and larger
distance errors are obtained. The reasons for lower precision and more frequent tracking
fragmentation are limited FOV and the delay needed for adjusting the camera zoom. Larger
distance errors are because of larger target size that makesdisplacement seems longer when
the camera is zoomed in. Furthermore, localization fails when other image areas have color
histograms similar to the target. This is amplified in the case of zooming because the FOV
is limited. If occlusion occurs when the camera zooms, and noother similar object is found
the camera will zoom out to get larger FOV.

Fig. 8 (f) to (h), shows an example of short-term occlusion handling during zooming.
The proposed method can handle it in this case. Zoom on the target is done when a good
tracking is obtained (Fig. 8 (a) to (b) and (e) to (h)). The camera zooms out if the quality of
tracking is not appropriate (Fig. 8 (c) to (d)).

5.6 Tracking versus available network bandwidth

We also tested our method over different network traffic loads to see how well it can track
with different network delays. This is not a thorough evaluation as the traffic on the net-
work is not a simulation of real network conditions. However, it gives an idea on how the
algorithm performs when there is other activity on the network. The generated network
traffic is constant and it is set to occupy a certain bandwidth. On a 100Mps network, the
camera uses about 15% of the bandwidth. In our experiment, the total bandwidth used (traf-
fic+camera) has been set to 15% (about only camera), 67% (traffic+camera) and 93% (heavy
traffic+camera). In this experiment camera SNC-RZ50 is used. The camera parameters such
as video compression format, level of image compression, and bandwidth control are set to
the recommended values in [41].
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 8 Examples of tracking and zooming frames forE3. The blue square delimits the area where we wish
the target to be. (a) target tracking before zooming in, (b) target tracking after zooming in, (c) false target
tracking, (d) target tracking after zooming out, (e) tracking before short term occlusion, (f) tracking while
partial occlusion, (g) zooming while partial occlusion, (h)tracking and zooming after occlusion.

Table 7 Experimental results for various network bandwidth usage.

TF (%) µdgc µdgp FR(fps) NF Used NetWork Bandwidth (%)

EL1 2.62 0.21 0.055 1.93 403 15
EL2 2.33 0.19 0.052 2.1 415 13
EL3 2.48 0.18 0.05 1.97 408 14
EL4 2.5 0.23 0.057 1.92 411 16
EL5 2.2 0.22 0.056 1.94 409 15

ClassL1 2.44 0.20 0.054 1.97 2046 14.6
EL6 3.78 0.26 0.071 1.54 361 67
EL7 3.16 0.24 0.067 1.47 303 72
EL8 3.08 0.25 0.66 1.62 314 71
EL9 2.98 0.23 0.064 1.69 312 64
EL10 2.91 0.21 0.062 1.71 306 73

ClassL2 3.26 0.23 0.06 1.59 1596 69.4
EL11 7.49 0.33 0.13 1.06 237 93
EL12 7.1 0.31 0.11 1.05 196 95
EL13 6.8 0.36 0.09 1.08 209 96
EL14 6.33 0.34 0.12 1.04 204 94
EL15 6.27 0.32 0.10 1.1 215 92

ClassL3 6.88 0.33 0.11 1.06 1061 94

µdgc : mean ofdgc, µdgp : mean ofdgp, FR: System frame rate andNF :Number of frames.

Table 7 shows the effect of network utilization on the tracking performance.TF , µdgc

andµdgp
are increased as the network usage traffic is increased. It means that the traffic on

the network has direct effect on the system performance as expected, because frame rate
becomes slower.

6 Conclusion

In this paper, an upper body tracking algorithm for IP PTZ camera in online application
is proposed. The proposed people tracking system detects, at every frame, candidate blobs
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(a) (b) (c) (d)

Fig. 9 Example of a classroom application. The blue square delimits the area where we wish the target to be.
(a) initial model, (b) before occlusion, (c) after occlusion, (d) scale variation.

using motion detection, region sampling, and color appearance. The target is detected among
candidate regions using a fuzzy classifier. Then, a movementcommand is sent to the camera
using the target position and speed.

We show that for successful tracking with a single IP PTZ camera, low frame rate and
large displacements in the image plane must be account for explicitly. This is confirmed
by results comparing our proposed methodology to the Camshift and particle filter method.
Results show that our algorithm can handle and overcome large displacement between two
consecutive frames, because it is based on combination of a detect-and-match approach
and target position prediction at each frame. We will lose a target if the person changes its
motion direction suddenly and walks very fast in the opposite of the predicted direction,
or if areas in the scene have similar colors, including skin-like colors. We can recover the
track if the target moves inside the FOV of the camera again. The proposed method can
handle indirectly the short-term occlusion at the condition that the object stays in the FOV.
We get better results with smaller image because the system delays are reduced. It can also
detect face with small size of 5 x 5. With direct connection camera mode, smaller image
resolution size and RelativePanTilt camera control function, we have better frame rate and
an improvement in system performance.

The proposed method may be applied in various videosurveillance applications, includ-
ing video conferencing and tracking of a speaker during a presentation. Fig. 9 shows an
example of teacher tracking inside a classroom.

Future work will be enhancing robustness of the motion prediction to prevent the target
from being out of the camera FOV. We will also generalize the target model and sampling
scheme to be able to track a broader variety of targets (e.g. cars, buses, animals, etc.).
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