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Abstract We present a robust and real-time stabilized

active camera tracking system (ACTS), which consists of

three algorithmic modules: visual tracking, pan-tilt control,

and digital video stabilization. We propose an efficient

correlation-based framework for visual tracking module

that is designed to handle the problems which severely

deteriorate the performance of a traditional tracker. The

problems that it handles are template drift, noise, object

fading (obscuration), background clutter, intermittent

occlusion, varying illumination in the scene, high compu-

tational complexity, and varying shape, scale, and velocity

of the manoeuvring object during its motion. The pan-tilt

control module is a predictive open-loop car-following

control strategy, which moves the camera efficiently and

smoothly so that the target being tracked is always at the

center of the video frame. Video stabilization module is

required to eliminate the vibration in the video, when the

system is mounted on a vibratory platform such as truck,

helicopter, ship, etc. We present a very efficient video

stabilization method that adds no extra computational

overhead to the overall system. It exploits the coordinates

of the target, computed by the tracker module, to sense the

amount of vibration and then filters it out of the video. The

proposed system works at full frame rate (30 fps), and has

been successfully used in uncontrolled real-world envi-

ronment. Experimental results show the efficiency, preci-

sion, and robustness of the proposed stabilized ACTS.

Keywords Machine vision � Edge-enhancement �
Correlation tracking � Car-following control �
Video stabilization

1 Introduction

An active camera tracking system (ACTS) tracks an object

of interest automatically with a moving video camera. The

system, in its simplest form, is illustrated as a section of a

block diagram shown in Fig. 1. It consists of a video

camera, a visual tracking algorithm, a pan-tilt control

algorithm, and a pan-tilt unit (PTU). Every frame acquired

from the video camera is analyzed by the visual tracking

algorithm, which localizes the object of interest inside the

image in pixel coordinates. The coordinates are then sent to

a pan-tilt control algorithm which rotates a PTU according

to the motion of the object. Since the camera is attached to

the PTU, it also rotates in sync with the PTU. Thus, the

tracked object (target) is always projected at the center of

the video frames, regardless of whether the object is

moving or stationary.

An ACTS has been proposed in Ref. [1], but there are

some limitations in it. Firstly, it is not a general-purpose

target tracker; it is designed to track only a human target.

Secondly, it requires the camera to be stationary while

selecting the target to be tracked. Thirdly, its pan-tilt

control algorithm tries to move the PTU so that the target

can be inside a large central region instead of the central

pixel in the frame. There is also another ACTS proposed in

Ref. [2], but it does not work when the target changes its
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appearance abruptly because it updates its model after

every 30 video frames.

If the ACTS is mounted on a vibratory platform such as

truck, helicopter, ship, etc., we are required to stabilize the

video without affecting the efficiency of the system. The

purpose of the video stabilization is to filter out the

annoying vibration from the video to reduce the unneces-

sary strain on the eyes of the viewer.

A simplified block diagram of a complete stabilized

ACTS is shown in Fig. 1. We provide an introduction to

the individual algorithmic components of the system as

follows.

1.1 Visual tracking

Visual tracking, in general, can be defined as localizing the

object of interest in the consecutive frames of a video.

Efficient tracking of the object in complex environments is

a challenging task for the computer vision community.

Some widely known applications of real-time visual

tracking are surveillance and monitoring [3], perceptual

user interfaces [4], smart rooms [5, 6], enabling an

unmanned ground vehicle (UGV) to handle a road inter-

section [7], and video compression [8]. The computational

complexity of the tracker is critical for most of the appli-

cations. Only a small percentage of the system resources

can be allocated for tracking while the rest is assigned to

pre-processing stages or high-level tasks such as recogni-

tion, trajectory interpretation, and reasoning [9].

Several techniques have been proposed by the

researchers for target tracking in the consecutive video

frames. Most of these are either limited to tracking a spe-

cific class of objects [10, 11, 12, 13], or assume that the

camera is stationary (and exploit background subtraction)

[5, 14]. The trackers based on the particle filter or con-

densation [15, 16] and active contours [17, 18] do not

assume constant background. They are reported to track the

whole object instead of only the centroid or a portion of

the object [17]. However, they are computationally too

expensive to be deployed on a moderate computing

machine for a practical real-time tracking application.

Real-time vision-based tracking proposed in Ref. [19]

requires 3D information about the target scene. Real-time

zoom tracking has been reported in Ref. [20], but it works

only for digital static cameras. The mean-shift tracker [21,

22] has gained a significant influence in the computer

vision community in the recent years, because it is fast,

general-purpose, and does not assume static background.

Mean shift is a non-parametric density gradient estimator

to find the image window that is most similar to the

object’s color histogram in the current frame. It iteratively

carries out a kernel-based search starting at the previous

location of the object [23]. There are variants, e.g. [24], to

improve its localization using additional modalities, but the

original method requires the object kernels in the consec-

utive frames to have a certain overlap. The success of the

mean-shift tracker highly depends on the discriminating

power of the histograms that are considered as the object’s

probability density function [23]. Another issue in the

mean-shift tracker is inherent in its use of histogram, which

does not carry the spatial information of the pixels [25].

The integral histogram-based tracker [26] matches the

color histogram of the target with every possible region in

the whole frame; therefore, it can track even a very fast-

moving object. It works slower than the mean-shift tracker,

because the mean-shift tracker searches for the target in

only a small neighbourhood of the previous target position.

On a P4 3.2 GHz machine, this tracker works with the

speed of about 18 fps (frames per second), and the mean-

shift tracker works with the speed of about 66 fps [26].

Since the histogram does not contain the spatial informa-

tion, and there is a risk of picking up a wrong target having

similar histogram (especially when the search is carried out

in the whole image), this tracker is not adequately robust.

More recently, in the covariance tracking [23], the object is

modeled as the covariance matrix of its features, and the

region (in the search image) which has minimum covari-

ance distance with the model is considered to be the next

Visual Tracking
Algorithm

Pan-Tilt Control
Algorithm

Video Frame

(x, y)
Target Position

Pan-Tilt
Unit

Video
Camera

Pan-Tilt Control Signals

Digital Video
Stabilization

Monitor

Angle of View

Active Camera Tracking SystemFig. 1 Simplified block

diagram of the proposed

stabilized active camera

tracking system
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target position. The covariance matching process is carried

out on a half-resolution grid in the search image, so the

accuracy of the target coordinates found by the algorithm is

reduced. The reported results are quite robust, but the

computational efficiency of the algorithm is not adequate

for a real-time tracking application, because its maximum

throughput (as reported in Ref. [23]) is only 7 fps on a P4,

3.2 GHz PC. There is also a widely used tracker based on

correlation process [27, 28], in which a template of the

object to be tracked is matched with every candidate region

in the search image and the best-match region is found by

locating the highest peak in the whole correlation surface.

The matching can be performed using standard correlation

(SC) [27, 28], phase correlation (PC) [29, 30], normalized

correlation (NC) [31], or normalized correlation coefficient

(NCC) [27, 28, 32]. The NCC is generally considered the

most robust of them for matching two grey-level images

[32, 33]. Nevertheless, the NCC alone cannot handle

template drift, noise, object fading (obscuration), back-

ground clutter, intermittent occlusion, high computational

complexity, varying illumination in the scene, and varying

shape, scale, and velocity of the manoeuvring object.

Therefore, we propose a robust and real-time correlation-

based visual tracking algorithm that can handle all these

problems while working at full frame rate of 30 fps. The

template matching in the framework is performed by ‘‘NC

on edge-enhanced images’’, because this approach out-

performs even the ‘‘NCC on actual grey-level images’’, as

discussed in Ref. [33].

1.2 Pan-tilt control

The camera in the stabilized ACTS is mounted on top of a

PTU, so it moves in sync with the PTU. The PTU motion is

controlled by a control algorithm. If the control is not

smooth and precise, the object in the video will oscillate to-

and-fro from the center of the frame, and in the worst case

the object may get out of the field of view (FOV). One

approach is to use a classic proportional-integral-derivative

(PID) controller [34]. However, its design requires a

mathematical model of the system. Besides, it necessitates

a sensitive and rigorous tuning of its three gain parameters

(i.e., proportional, differential, and integral) for use with all

the zoom levels of the camera. An alternative approach is

to use a fuzzy controller [11], [35] that does not require the

system model, but choosing a set of right membership

functions and fuzzy rules calibrated for every zoom level of

the camera is practically very cumbersome. Another

alternative is to implement a neural network controller

[36], but it is heavily dependent on the quality and the

variety of the examples in the training dataset, which can

accurately represent the complete behaviour of the con-

troller in all possible scenarios, including the varying zoom

levels of the camera. Furthermore, the traditional control

algorithms, e.g. [37], are generally implemented based on

the difference between the center of the frame and the

current target position in the frame. These algorithms do

not account for the target velocity. As a result, there will be

oscillations (if the object is moving slow), a lag (if it is

moving with a mediocre speed), and loss of the object from

the frame (if it is moving faster than the maximum pan-tilt

velocity generated by the control algorithm). Keeping in

view the above-mentioned limitations of the various con-

trol algorithms, we use a predictive open-loop car-follow-

ing control (POL-CFC) algorithm [33]. Its basic idea is

borrowed from the car-following control (CFC) strategy

[38]. The CFC assumes that the actual velocity of the PTU

is observable through a velocity sensor. However, the POL-

CFC does not make this assumption and simply considers

that the current PTU velocity is the previous velocity

command sent to the PTU. Then, it computes the velocity

of the target relative to the PTU velocity from the predicted

target positions provided by the Kalman filter in the current

and the next frame. Finally, it generates precise velocity

commands for the PTU to move the camera towards the

target accurately in real-time. Thus, the proposed control

strategy is very useful for controlling a system, which does

not feedback its current velocity, such as stepper-motor

PTU. Its performance is tested on real-world scenarios and

has proven to be adequately smooth, fast and accurate. The

POL-CFC algorithm in the proposed stabilized ACTS

offers 0 % overshoot, 0 steady-state tracking error, and

1.7 s rise-time at least for 1–69 zoom levels of the camera.

1.3 Video stabilization

Video stabilization is the process of removing vibration

from the video. It has very wide application spectrum

ranging from consumer devices (e.g., handy-cams, mobile

phone with video camera, etc.) to state-of-the-art military

and defence systems, e.g., the payloads for unmanned

aerial vehicle (UAV) and unmanned ground vehicle

(UGV) [39], etc. There are many hardware as well as

software solutions available for video stabilization with

their own merits and demerits depending upon their

applications. There are two types of motion when camera is

mounted on a PTU. One is valid or required motion that

comes due to the motion of the object to be tracked. The

other one is the annoying or unwanted motion that may

come due to the mechanical vibration transmitted from

vibratory vehicle (on which the PTU is mounted) or

environmental factor (such as wind). The aim of video

stabilization is to filter out the latter motion [40, 41].

The ideal approach for video stabilization is the hard-

ware solution. Use of mechanical tools to physically avoid

camera vibration is one of the hardware solutions. Another

J Real-Time Image Proc
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solution may be to exploit optical or electronic devices to

influence how the camera sensor receives the input light

[42, 43]. These are expensive solutions or need some addi-

tional information about camera motion. Therefore, image

processing-based video stabilization (also called digital video

stabilization) is the approach of common choice [43].

Optical flow based method is opted by Chand et al. [44]

for digital video stabilization. However, it has inherent

aperture problem [45]. Fuzzy logic modeling is used in

Ref. [43] for video stabilization, but, it is time consuming

to select the membership functions and tune their param-

eters to achieve the satisfactory results. Image based ren-

dering technique is used in Ref. [46]. However, it works

well only in case of slow camera-motion. Techniques in

Refs. [47, 48, 49] emphasise on block-matching methods.

These algorithms do not track blocks in consecutive

frames, so they may be misled by large moving objects

[43]. In order to handle these problems, we propose a

stabilization algorithm which estimates the vibratory

motion between the frames by taking inputs from our

visual tracking module. Thus, it does not add any extra

computational overhead to the system for estimating the

instantaneous vibration. The vibratory motion in the video

is then filtered using a simple low-pass filter. Thus, the

stabilization algorithm works at the full frame rate of a

standard video (i.e., 30 fps).

The rest of the paper is organized as follows. Section 2

discusses the proposed visual tracking framework, Sect. 3

describes the proposed pan-tilt control strategy, Sect. 4

explains the proposed digital video stabilization technique,

and Sect. 5 presents the experimental results of individual

modules as well as the complete system. Finally, Sect. 6

concludes the paper.

2 Proposed visual tracking algorithm

We use Sony FCB-EX 780BP analog camera, and acquire

video frames each of size 320 9 240 pixels at the rate of

30 fps using Dazzle DVC-90 video digitizer. Once the

object of interest appears in the video, we initialize the

template of the object from its current (x, y) position in the

video frame. Thus, we have the template as a matrix, t, of

size K 9 L, with K and L being odd integers to have a

proper center. The complete flow chart of the proposed

algorithm is shown in Fig. 2 and the different steps

involved in the algorithm are explained as follows.

2.1 Dynamic search window

Since we know the exact position of the target in the initial

frame, we do not search for it. However, from the second

frame onward, we look for the target in a small search

window (where the probability of finding the target is high)

instead of the whole frame, so that the false alarm rate due

to the background clutter may be reduced and the tracking

algorithm may be computationally efficient. If the search

window is of constant size throughout the tracking session

as in Refs. [50, 51], the fast manoeuvring object may get

out of the window (if the window is inadequately small), or

the computation complexity of the normalized correlation

Fig. 2 Flow chart of the proposed visual tracking algorithm
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process between the search window and the template may

be increased (if the window is redundantly large). There-

fore, we create a dynamic search window of an appropriate

size automatically, as described in Eq. (1), where (xtl, ytl)

and (xbr, ybr), respectively, are the coordinates of the top-

left and bottom-right vertices of the search window in the

frame, and x�nþ1jn; y�nþ1jn

� �
are the next target-coordinates

predicted by Kalman filter [52]. It may be noted that we use

a three-state 2D Kalman filter and ‘‘constant acceleration

with random walk model’’ for the target motion.

xtl ¼ x�nþ1jn �
L� 1

2
þ jþ atx exj j

� �

ytl ¼ y�nþ1jn �
K � 1

2
þ jþ aty ey

�� ��
� �

xbr ¼ x�nþ1jn þ
L� 1

2
þ jþ abx exj j

� �

ybr ¼ y�nþ1jn þ
K � 1

2
þ jþ aby ey

�� ��
� �

ð1Þ

The three states of the filter are position, velocity, and

acceleration of the target in the image in both axes. The

first three terms in case of every coordinate in Eq. (1) make

a minimum-size search window of size (K ? 2j) 9

(L ? 2j), where j is the minimum width of the border

around K 9 L area, centered at the predicted position.

Experimentally, j = 19 provides us with the desired

results even in complex object-motion scenarios.

Furthermore, ex and ey are the prediction errors, defined

as ex ¼ xn � x�njn�1 and ey ¼ yn � y�njn�1; where (xn, yn) are

the current target coordinates and ðx�njn�1; y
�
njn�1Þ are the

target coordinates predicted by the Kalman filter in the

previous iteration. The atx, aty, abx, and aby parameters in

Eq. (1) are the scaling factors, which compensate for the

possible prediction errors in case of a sudden manoeuvring

of the object. If any of the scaling factors is positive, the

minimum-size search window will be expanded further in

the direction of the object motion proportional to the

corresponding prediction error. On the other hand, if it is

negative, the minimum-size search window will be

contracted from opposite direction of the object motion

proportional to the corresponding prediction error. We set

the values of these scaling factors as:

atx; abxð Þ ¼ ða1; a2Þ if ex� 0

ða2; a1Þ otherwise

�
ð2Þ

and

aty; aby

� 	
¼ ða1; a2Þ if ey� 0

ða2; a1Þ otherwise

�
ð3Þ

where we have a1 = -0.25 and a2 = ?1.25 after a few

experiments and they are fixed for all scenarios. Let the

resulting search window be a matrix, s, of size M 9 N for

easy reference. Figure 3 compares the results of the tradi-

tional fixed-size search window and the proposed dynamic

search window on the video sequence_fast.avi obtained

from [53]. The search window is shown in blue and the

best-match rectangle in yellow. When a (60 ? K) 9

(60 ? L) fixed-size search window centered at the pre-

dicted position is used, the fast to-and-fro motion of the

target (i.e., face) causes it to get out of the search window

as shown in Frame 21. When the proposed dynamic search

window is used, the target is always inside the search

window. Furthermore, it is also important to mention that

the mean-shift [21, 22] and the condensation [16, 54, 55]

trackers could not track the fast-moving face (see Fig. 6 in

Ref. [15]).

2.2 Handling long-term neighbouring clutter

The search window handles the background clutter,

which is far from the object. However, it does not handle

the neighbouring clutter which is present immediately

around the object. There are two kinds of neighbouring

clutter: short-term and long-term. The effect of the short-

term neighbouring clutter is efficiently diminished by a

smoothing temporal filter described in Sect. 2.5 . How-

ever, we decrease the effect of the long-term neigh-

bouring clutter by assuming that the object is at the

center of the template (due to a best-match rectangle

adjustment algorithm described in Sect. 2.6) and apply-

ing a weight on every pixel in the template. The farther

the pixel from the center of the template, the lower the

weight it gets. Specifically, we use a template-size 2D

Gaussian weighting function with its two means (which

are basically the xy-coordinates of the center of the

template) and two standard deviation parameters (rw)

computed as [56]:

rw ¼ 0:3
w

2
� 1

� �
þ 0:8 ð4Þ

where w represents a dimension (i.e., width or height) of

the template.

Fig. 3 Comparison of the traditional fixed-size search window

(upper row) and the proposed dynamic search window (lower row)
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2.3 Scale handling

The moving object in the video can get larger (or smaller)

with time when the distance between the object and the

camera is varied or the zoom level of the camera is

changed. If the template size is kept constant throughout

the tracking session, it may create two problems: (1) when

the object gets smaller, the background pixels will invade

into the template and the template will become a repre-

sentative of the background instead of the object, and (2)

when the object gets larger, the fixed template will be

representing only a very small part of the object, and it will

not contain adequate number of pixels of the object to

make it distinct from the background clutter. Due to these

problems, the template can match with clutter more than it

does with the actual object. As a result, the false alarm rate

will be high, resulting in the failure of the tracking session.

In order to handle the varying scale of the object, we

exploit a fact about the peak value in the correlation

response. The correlation peak is high, if the scale of the

object in the template is same as the scale of the object in

the search window; otherwise, it is low. Thus, we handle

the varying size of the object by cross-correlating the

search window with three sizes of the template: 110, 100,

and 90 %. The 100 % size of the template is the original

one which comes from the previous iteration. As a result,

we get three correlation surfaces with the corresponding

three peaks. We select the best-match corresponding to the

template size which produces the highest of the three

peaks, i.e., cmax. Thus, the template for the next iteration is

scaled according to the current scale of the object.

2.4 Template matching

As far as the template matching process is concerned, we

perform it using the edge-enhanced back-propagation

neural network (BPNN)-controlled fast normalized corre-

lation (EE-BCFNC) technique [33], which makes the

images edge-enhanced before they are correlated. It is

faster and more robust to varying illumination conditions,

neighbouring clutter, and intermittent object fading than

NCC. In this approach, the edge-enhancement stage con-

sists of Gaussian smoothing, fast gradient magnitude,

normalization, and thresholding [33]. The NC in the spatial

domain is computed as:

cðm;nÞ¼
PK�1

i¼0

PL�1
j¼0 sðmþ i;nþ jÞtði;jÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPK�1

i¼0

PL�1
j¼0 s2ðmþ i;nþ jÞ

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPK�1
i¼0

PL�1
j¼0 t2ði;jÞ

q

ð5Þ

where c(m, n) is the element of the correlation surface (i.e.,

matrix) at row m and column n, where m = 0, 1, 2,…,M –

K, and n = 0, 1, 2,…,N – L. The BPNN in the EE-BCFNC

technique controls whether the correlation is computed

directly using Eq. (5) or fast Fourier transform–summed-

area table (FFT-SAT) method to get the desired efficiency.

In FFT-SAT method, the numerator of NC is computed using

FFT and its denominator is efficiently computed using the

concept of summed-area-table (or integral image), as dis-

cussed in Refs. [32, 33, 57]. At the end of the template

matching process, we have the best-match rectangle (BMR)

with its center at (mc, nc) in the search window and (x, y) in the

frame, and a normalized confidence level (global peak in the

correlation surface) in the range [0.0, 1.0].

2.5 Handling varying object appearance

The shape and orientation of the object may change during

its motion in the video. Therefore, a constant template

cannot work for a long and good tracking session. It must

be adapted with time according to the change in the

appearance of the object. If the current template is replaced

with the current best-match region to generate the new

template, it causes template drift problem and the tracker

loses the target when the object is faded intermittently. If

the template is updated with traditional a-tracker updating

method [50], the robustness of the method mainly depends

on the value of a. If it is set to a higher value, there will be

more template drift, and less robustness to object fading.

On the other hand, if it is set to a very low value, the

template will not be updated adequately in case of fast

manoeuvring object [31]. Therefore, we use a temporal IIR

filter with adaptive coefficients, given as:

t k þ 1½ � ¼ bb k½ � þ 1� bð Þt k½ � if cmax [ st

t k½ � otherwise

�
ð6Þ

where b = 0.2cmax, b[k] is the best-match region in the

edge-enhanced search image in the current iteration, t[k] and

t[k ? 1] are the current and the updated template, respec-

tively, and st is a threshold, such that 0 \ st \ 1. Typically,

we get satisfactory results by setting st = 0.84 in all test

scenarios. It may be noted that, due to adaptive coefficients,

the amount of change to be introduced in the updated tem-

plate is determined by the quality of the correlated object. A

stronger match is a good candidate for being the next tem-

plate, so it introduces a larger weight to the best-match when

the peak correlation value, cmax, is large.

2.6 Best-match rectangle (BMR) adjustment

There are two main concerns that should be addressed

properly for precise correlation-based tracking. Firstly, the

human operator is usually unable to initialize (or extract) a

good template of the object of interest while the object is
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moving and manoeuvring in the video. As a result, the

extracted template is usually larger or smaller than the

object, or the object captured inside it is significantly

deviated from the center of the template. Secondly, the

object drifts away from the center of the template slowly

with time in a typical correlation tracking session, espe-

cially when the object is rotating in the video. The proposed

template-updating method discussed above reduces the

template drift significantly, but the technique does not

completely eliminate the problem. The incorrect template

initialization and the template drift problems severely

deteriorate the performance of the correlation tracker in two

ways. Firstly, they make the background pixels invade into

the template and the tracker starts assuming that it has to

track the background clutter instead of the desired object,

resulting in a total failure of the tracking session. Secondly,

the object remains deviated from the center of the frames in

the resulting video, even when the pan-tilt control algorithm

itself is very efficient and precise. In order to solve the two

problems, we use BMR-adjustment algorithm. The algo-

rithm analyzes the content of the temporally filtered (i.e.,

updated) template and resizes and/or relocates the BMR so

that it can have more of the object and less of the back-

ground inside it. As a result, the object remains always at

the center of the template as well as the frame (if the camera

is tracking the object as in our case). The detail and math-

ematical formulation of BMR adjustment is given in detail

in Ref. [58]. The adjusted BMR is then exploited to generate

a good template for the next iteration of the tracker.

2.7 Occlusion handling

A target is said to be (partially or completely) occluded

when it is (partially or completely) hidden due to the

appearance of another object between the camera and the

target. Before handling the occlusion, we need to know

exactly when an occlusion has occurred. We exploit the

fact that when the object being tracked is suddenly occlu-

ded by another object, the peak correlation value is dropped

below the threshold (st) (it may be noted that this threshold

is the same as the one in Eq. (6)). When it happens, we:

1. Assume that the target coordinates provided by the

correlation process are not correct and that the target is

at the coordinates predicted by the Kalman filter in the

previous iteration.

2. Update the Kalman filter in the current iteration with

its own prediction made in the previous iteration.

3. Stop updating the template, because we do not want

our template to be distorted due to the shape of the

other object which has occluded our target. Thus,

during the occlusion, we use the template which we

had before the occlusion.

4. Reduce the threshold iteratively at nth iteration, as:

st½n� ¼ st½n� 1� � 0:0005 ð7Þ

if st[n] C stmin, where stmin = 0.65 in our case. We

reduce the threshold as described, because if the object

is again visible after some frames, it may look a little

different from how it looked before the occlusion;

thus, the correlation peak obtained after the occlusion

will not necessarily come out to be above the initial

threshold value.

5. Make the dynamic search window larger and larger

with time by iteratively varying the value of the border

parameter j in Eq. (1), as:

j½n� ¼ j½n� 1� þ 2 ð8Þ

We do so in order to compensate for the uncertainty in

the speed and direction of the object during occlusion.

This approach, effectively, increases the search win-

dow by four rows and four columns in every iteration n

during the occlusion.

6. After some frames, if the correlation peak reaches

above the current threshold value, we assume that the

object has come out of the occlusion, and that the

coordinates provided by the correlation process are

now correct. Thus, we re-initialize the values of st and

j to their initial default values, i.e., 0.84 and 19,

respectively, for normal correlation tracking.

3 Proposed pan-tilt control algorithm

The pixel coordinates of the object obtained from the visual

tracking algorithm discussed in the previous section are

sent to the pan-tilt control algorithm which rotates the PTU

according to the motion of the object. Since the camera is

attached to the PTU, it also rotates in sync with the PTU, so

that the object (target) can be projected always at the center

of the video frame, regardless of whether the object is

moving or stationary.

Our pan-tilt control algorithm has been derived from the

basic CFC law [38]. The CFC law can be used only for

closed-loop system in which the current velocity of the PTU

is fed back to the control algorithm. We have modified the

CFC law so that it can be used for an open-loop system. We

call the modified control algorithm POL-CFC strategy. The

algorithm generates the pan-tilt velocity commands in

accordance with the Kalman predicted [33] target velocity

components in the video frames. The use of predicted

velocity (instead of the current velocity) is helpful in

compensating for the inertia of the pan-tilt mechanism and

hence following the target without any lag or inaccuracy.

The POL-CFC strategy is described mathematically as:
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vp½nþ 1� ¼ vp½n� þ g Ke�x ½nþ 1jn� � v�rp½nþ 1jn�
� �

vt½nþ 1� ¼ vt½n� þ g v�rt½nþ 1jn� � Ke�y ½nþ 1jn�
� � ð9Þ

where vp[n] and vt[n] are the current pan and tilt velocities of

the PTU (which were generated by Eq. (9) in the previous

iteration), g is a small positive constant in the range [0.0, 1.0]

which controls the amount of the velocity added to the

previous velocity, K is the proportional gain parameter

(which is the only parameter to be tuned for every zoom level

of the camera), e�x ½nþ 1jn� and e�y ½nþ 1jn� are the predicted

errors in both the axes defined as:

e�x ½nþ 1jn� ¼ rx � x�½nþ 1jn�
e�y ½nþ 1jn� ¼ ry � y�½nþ 1jn� ð10Þ

Furthermore, the v�rp½nþ 1jn� and v�rt½nþ 1jn� in Eq. (9)

are the predicted relative velocities of the target in terms of

pan-tilt degrees per second, defined as:

v�rp½nþ 1jn� ¼ Cdpp

x�½nþ 1jn� � x�½njn� 1�
T

� �

v�rt½nþ 1jn� ¼ Cdpp

y�½nþ 1jn� � y�½njn� 1�
T

� � ð11Þ

where Cdpp is a conversion ratio in degrees per pixel

determined by a simple camera calibration procedure for

all the zoom levels of the camera, T is the sampling time

(which is inverse of the video frame rate), and x�½nþð
1jn�; y�½nþ 1jn�Þ and x�½njn� 1�; y�½njn� 1�ð Þ are the

target coordinates in the video frame predicted by Kalman

filter in the current and the previous iterations, respectively.

In order to evaluate the performance of the POL-CFC

algorithm, a stationary object was selected from the top-

left section of the live video from the camera and the

algorithm was let to generate the appropriate pan-tilt

velocities to move the camera to centralize the object in

the video frames. Figure 4 shows the instantaneous posi-

tion of the object in the video frame, the instantaneous
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Fig. 4 Target trajectory, generated velocity, and tracking error

curves in both axes, when a stationary object was being centralized

in the video frames by the proposed tracking system. a Target

trajectory in the video frames. b Velocity generated by the POL-CFC.

c Tracking error with respect to center of the frame
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control action (velocity) generated by the proposed con-

troller and the instantaneous positional error in both the

axes, while the object was being centralized. The curves

illustrate that initially the controller generates a constant

velocity to start the motors from rest. When the controller

senses that the positional error is not reduced adequately,

it starts increasing the speed after about 0.4 s. As a result,

the object starts coming closer and closer to the center of

the frame, i.e., (160, 120), efficiently, within the time span

between 0.5 and 1.5 s, as shown in Fig. 4a. When the

error is reduced significantly and the current PTU velocity

is greater than necessary for the current position of the

object, the control algorithm reduces the velocity

smoothly until the object approaches the center of the

video frame. It can be observed that there is 0 % over-

shoot, 1.7 s rise-time, and 0 steady-state error. The defi-

nitions of these terms related to control systems can be

found in Ref. [34].

The same experimental setup was also used for various

moving objects such as helicopters, airplanes, vehicles,

walking and running persons, etc. in real-world scenarios to

test the performance of the system. The target trajectory in

x-axis, the pan velocity, and the tracking error in x-axis for

the case of a flying helicopter are shown in Fig. 5. In this

scenario, the helicopter was captured from the position (x,

y) = (192, 118) in the frame as shown by the initial point

in the trajectory curve. Since the helicopter was moving

fast towards right and the camera was initially stationary,

the helicopter in the video moved further towards right.

This is shown by the initial upward bulge above x = 192 in

the trajectory curve. The PTU motion catches up with the

helicopter motion after about 0.4 s. Then, the control

algorithm starts centralizing the helicopter very efficiently.

It can be seen in the curves that the helicopter is finally

centralized by about 1.4 s and it remains at the center of the

frames afterwards with the maximum steady-state error of

only ±1 pixel. This experiment was performed, when the

camera was operating at 59 zoom level, and some frames

from the resulting video are shown in Fig. 6. After doing

such rigorous experimentation on different moving objects,

we have found that the proposed POL-CFC have achieved

0 % overshoot, 1.47 s rise-time, and maximum steady-sate

error of only ±4 pixels at 259 zoom level. Table 1 shows

the maximum steady-state error of the proposed tracking

system at different zoom levels.
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Fig. 5 Target trajectory, velocity and tracking error curves for pan motion, when a flying helicopter was being tracked

Fig. 6 A helicopter is being tracked persistently and precisely with

the proposed tracking system even when the user has initialized the

template inaccurately, and the size, the appearance, and the velocity

of the helicopter is continuously varying
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4 Proposed video stabilization algorithm

Our video stabilization algorithm takes two inputs: the

current video frame and the current image coordinates (x, y)

of the target (estimated by the tracker described in Sect. 2).

The algorithm outputs the stabilized video frame, which

can be seen on a monitor, as illustrated in the block diagram

shown in Fig. 1. Software approach for video stabilization

(which is also called digital video stabilization) requires a

foreground object with respect to which the stabilization

process is performed. In our algorithm, the target is taken as

foreground object. The inter-frame motion is estimated

with the help of the image coordinates (x, y) of the target.

This motion contains low-frequency components (i.e., valid

motion) as well as high-frequency components (i.e.,

vibration). In order to filter out the latter components, a

simple low-pass filter is used both in x and y axes given as:

x̂n

ŷn

" #
¼ a ð1� aÞ 0 0

0 0 a ð1� aÞ

� � xn

x̂n�1

yn

ŷn�1

2
6664

3
7775 ð12Þ

where xn and yn are the xy-coordinates of the target in the un-

stabilized current frame estimated by the tracking module,

x̂n and ŷn are the filtered xy-coordinates of the target in the

current frame, x̂n�1 and ŷn�1 are the filtered xy-coordinates

of the target in the previous frame, and a is the coefficient of

the filter having value from the range 0 \ a\ 1 to meet the

filter stability criterion. The lower the value of a, the lower

the cut-off frequency of the low-pass filter (as illustrated in

Fig. 7). Thus, we can set the value of a according to the

vibration frequency involved in the application at hand. For

example, the frequency response of the filter, when a is set

to 0.11, is shown in Fig. 8. This figure also shows that the

cut-off frequency of the filter is 0.5 Hz (at the magnitude of

0.707). It may be observed that the frequency response

around cut-off frequency (i.e., roll-off) is not perfectly steep

because the filter is real (not ideal) and of first order (i.e.,

single pole). We use this filter because it is easy to tune its

single parameter a in run-time while observing its effects on

the stabilized video. However, if one is sure about the

optimal cut-off frequency for a specific application, a

higher-order filter can be designed and implemented to have

as small transition region as possible around the cut-off

frequency in its frequency response.

Once the stabilized xy-coordinates of the target in the

current frame are obtained, the vibratory motion estimation

vector is calculated as below:

Mxn

Myn

" #
¼

x̂n

ŷn

" #
�

xn

yn

" #
ð13Þ

where Mxn
and Myn

are the xy-components of the vibratory

motion estimation vector for the current frame. The

estimated vibratory motion is then compensated by

translating every frame-pixel at (i, j) in the opposite

direction of the vibratory motion such that the new

coordinates of the pixel become (i0, j0), calculated as:

i0

j0

" #
¼

i�Mxn

j�Myn

" #
ð14Þ

It may be noted that i and j are the horizontal and

vertical coordinates of the pixel, respectively. If the new

position of the pixel is obtained outside the frame

boundaries, the corresponding pixel is discarded. As a

result, we get the stabilized video frame with respect to the

target at the cost of some undefined or vacant regions at the

boundaries from where the pixels were translated. There

are two widely used strategies to fill these regions. One

approach is to fill the vacant regions with black pixels, but

it creates unpleasant impact on the viewer because the

number of black pixels is continuously changing according

to the varying instantaneous magnitude of oscillations due

to vibration. Other approach is to fill the vacant regions by

the same regions as that of the previous frame, but it

creates unpleasant artefacts at the boundaries of the video

Fig. 7 Relationship between a and cut-off frequency of the low-pass

filter

Table 1 Maximum steady-state

error of the tracker
Zoom Maximum

steady-state

error (pixels)

1–69 ±1

7–159 ±2

16–199 ±3

20–259 ±4
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frame. Therefore, we use a black boundary of a fixed width

greater than the anticipated vibration amplitude.

5 Results and discussion

In this section, we present the results of: (a) the proposed

visual tracking algorithm tested off-line on some chal-

lenging real-world videos, (b) the video stabilization algo-

rithm, (c) the ACTS, and finally (d) the stabilized ACTS.

5.1 Performance of visual tracking algorithm

First, we compare the proposed correlation tracker (PCT)

with a traditional correlation tracker (TCT) on two chal-

lenging image sequences: S1 and S2. The TCT uses

NCC for template matching, a-tracker template-updating

scheme with a = cmax [31] and a search window of size

3K 9 3L centered at the previous target position. In both

the trackers, the initial template of size 19 9 25 is selected

from the same position in the initial frame, and the

threshold for the correlation peak st is set to 0.84. The

image sequence S1 contains 300 frames and was recorded

by us with a handy-cam. During its recording, we contin-

uously and randomly moved the camera very fast to create

random and fast motion of the object (helicopter) in the

video frames. Since the zoom level of the camera was high

at the time of recording, the object was suddenly faded for

a short time period as usually happens with almost all the

cameras. The image sequence S2 (available at Ref. [59])

contains 390 frames, in which an aircraft is taking-off,

during which its size is varying and the background is

cluttered with trees and small buildings. In order to eval-

uate the tracking accuracy of the algorithms, the ground

truth containing true target-coordinates was generated

manually for every frame in both the sequences. Figure 9

shows the results of TCT and PCT for S1 sequence, in

which it is visible that TCT is not able to handle the

template drift and object fading problems (see frame 274),

but PCT tracks the target successfully even in the presence

of these problems. The complete trajectory of the S1

sequence provided by TCT is compared with the true tra-

jectory in Fig. 10, which illustrates the failure of the

algorithm starting at the Frame 274. Figure 11 shows the

robustness of the PCT that keeps a very good track of

the target in the same video. It can be observed, that there

is no template drift or track-loss even during the severe and

sudden fading of the object in the presence of fast and

random object motion in the low contrast imagery. Fig-

ure 12 shows the results of both the trackers for S2 image

sequence. It can be observed that TCT is distracted due to

the clutter (e.g., white roof of a building) at Frame 93, but

the PCT is not. The complete trajectory of the airplane

provided by TCT is compared with the true trajectory in

Fig. 13, which illustrates the failure of the algorithm

starting from Frame 93. However, Fig. 14 shows the

robustness of the PCT that keeps a good track of the air-

plane with negligible template drift even during the sudden

appearance of the white roof of the building, the sur-

rounding clutter, drastic change in the intensity of the

background, and varying scale. Table 2 shows the post

regression analysis for comparing the accuracy of TCT and

PCT. It provides R-value (the correlation coefficient

between the true and the calculated coordinates), and the

best-fit linear equation between them consisting of a slope

(m) and intercept (C). If the trajectory provided by the

tracker and the ground truth trajectory are exactly similar,

then R = 100 %, m = 1.0, and C = 0. The data in the

table illustrates that PCT outperforms TCT in accuracy for

the two real-world and complex test sequences.

Next, we present the results of PCT for other real-world

image sequences. Figure 15 shows some frames from an

image sequence in AV-16.3 dataset [60]. We can see that

our tracker is tracking the head of a person robustly even in

the presence of similar multiple objects, clutter, and most

importantly occlusion. However, when we tested TCT on

this video, it could not survive the occlusion. We do not

show its results due to space constraint. Figure 16 depicts

the result of PCT for an image sequence of a road-traffic.

The PCT is tracking a car (of which size is continuously

reducing) by adapting the size of the template to the size of

the car (the current template is overlaid at the top-right

corner of each frame for demonstration). On the contrary,

when we tested TCT on this sequence, it got stuck with the

background (at frame 50) which had invaded inside its

fixed-size template. Again, we do not show the results of

TCT due to the space constraint. Figure 17 presents some

Fig. 8 Magnitude of frequency response of the low-pass filter at

a = 0.11

J Real-Time Image Proc

123



frames from a video in the PETS dataset [61] showing a car

being successfully tracked by PCT in the presence of

background clutter and variation in the scale as well as the

shape of the car. Figure 18 presents some frames from

seq_mb.avi video (available at Ref. [53]). PCT tracks the

face of the girl even during occlusion by a man. However,

the mean-shift [21, 22] and the condensation [15, 54, 55]

trackers could not survive the occlusion in this sequence

(see Fig. 7 in Ref. [15]). Similarly, these two algorithms

fail to track fast and to-and-fro moving head of the person

Fig. 10 Target trajectory (row and column coordinates) produced by

TCT for S1 sequence showing the failure from frame 274 through the

last frame of the image sequence

Fig. 11 Target trajectory (row and column coordinates) for S1

sequence produced by our algorithm. Note that the computed

trajectory is perfectly matching the ground truth trajectory for almost

all the frames

Fig. 9 Results of TCT and PCT for S1 image sequence. Left column
TCT does not handle template drift and object fading. Right column
PCT handles the template drift and object fading
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in the video sequence seq_fast.avi (available at Ref. [53])

as reported by Fig. 6 in Ref. [15]. Our proposed scheme

successfully tracks it as shown in Fig. 3 (lower row).

Table 3 shows these results in numerical form. Finally,

Fig. 19 shows some frames of a video clip in CAVIAR

dataset [62], depicting the robustness of our tracker to the

presence of multiple similar objects, varying scene illu-

mination, clutter, object scaling, and partial occlusion.

5.2 Performance of stabilization algorithm

Figure 20 shows original vibratory aerial video frames (left

side) versus stabilized video frames (right side) using the

proposed algorithm. The un-stabilized video was recorded

from a flying helicopter while tracking the truck using the

proposed tracking algorithm and it contains jitters due to

the helicopter vibration creating unpleasant effect on the

eyes of the viewer. The large yellow crosshair in the video

frames is overlaid to easily perceive the vibration in the

Fig. 13 Target trajectory (row and column coordinates) produced by

TCT for S2 sequence, showing its failure starting from frame 93

Fig. 14 Target trajectory provided by PCT for S2 sequence. It

accurately follows the ground truth trajectory in almost all the frames

Fig. 12 Results of TCT and PCT for S2 image sequence. Left column
TCT is distracted due to the clutter (e.g., white roof of a building).

Right column PCT is not distracted due to the clutter
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un-stabilized frames and its effective attenuation in the

stabilized frames. In order to visualize the effects of sta-

bilization on the whole image sequence, we logged the

xy-coordinates of the left truck in the original and the

stabilized video frames, because the vibratory motion of

the truck can be considered as the vibratory motion of the

whole scene. The coordinates are shown in Figs. 21 and 22,

where it may be noted that the coordinates of the truck in

the stabilized frames are smoother than those in the original

vibratory video frames. Another example to show the

efficacy of the stabilization algorithm is illustrated in

Fig. 23.

5.3 Performance of active camera tracking system

In this section, we present some experimental results of our

ACTS to show its robust and accurate performance.

Fig. 15 The PCT is handling occlusion and clutter while tracking a

person’s face in a long video. The red rectangle indicates there is no

occlusion and the algorithm is in normal tracking mode. When the

algorithm detects and handles the occlusion, the rectangle color is

changed to pink for demonstration

Table 2 Post-regression analysis for comparing accuracy of TCT and PCT

S1 sequence (300 frames) S2 sequence (360 frames)

x y Tracked frames x y Tracked frames

R (%) m C R (%) m C R (%) m C R (%) m C

TCT 94.8 1 -1.3 94.5 1 7.6 273 34.6 0.6 -0.8 -0.16 -0.4 258 92

PCT 99.8 1 -0.2 99.7 1 0.4 300 97.4 0.95 8.9 99.3 1 0.4 360

Fig. 16 A car is being tracked successfully by PCT, even when the

scale (size) of the car is being reduced. The yellow rectangle
represents BMR, and the blue rectangle shows the dynamic search

window

Fig. 17 A car being tracked by PCT in the presence of background

clutter and variation in the scale as well as the shape of the car
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Figure 6 shows some frames of a tracking session in

which a helicopter is being tracked by our system. The

BMR is represented by a white rectangle, and the frame

center (i.e., optical axis of the camera) is represented by a

white dot. The updated edge-enhanced template is overlaid

at the bottom-right of every frame. The overlaid text at the

top of the frames consists of the correlation peak value, the

center coordinates of the BMR in the frame, zoom level of

the camera, and finally the pan-tilt velocities of the camera

mounted on a PTU in degrees/second. The pan velocity is

positive, if the camera is rotating towards left. The tilt

velocity is positive, if the camera is rotating downwards.

We can see that the helicopter is automatically centralized

very efficiently and smoothly in the video by increasing the

pan velocity within the first 40 frames (i.e., 1.2 s), which is

less than even the rise-time of our pan-tilt control system as

Fig. 20 Original (left side) versus stabilized (right side) frames of a

video recorded from a vibratory flying helicopter

Fig. 21 Original versus stabilized x-coordinates of the left truck

shown in Fig. 18

Fig. 19 The proposed tracker is tracking a person in the presence of

multiple similar objects, varying scene illumination, clutter, object

scaling, and partial occlusion

Fig. 18 The PCT tracks the face of the girl even during occlusion

Table 3 Comparison of the proposed algorithm with mean shift and

condensation trackers

seq_fast.avi video [53]

(90 frames)

seq_mb.avi video [53]

(105 frames)

Mean-shift

tracker

Successful until frame 8 Successful until frame

53

Condensation

tracker

Successful until frame

20

Successful until frame

74

Proposed

tracker

Successful till the last

frame

Successful till the last

frame
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mentioned in Sect. 3. After the initial automatic target

centralization, the helicopter remains at the center of the

frames throughout the tracking session, and it can be ver-

ified by the target coordinates shown at the overlaid text

keeping in view that the frame size is 320 9 240. It may be

noted that the helicopter is being tracked persistently and

precisely with the proposed active camera tracking system

even when: (1) the user had initialized the template inac-

curately due to the motion of the helicopter in the video,

and (2) the size, the appearance, and the velocity of the

helicopter is continuously varying. The BMR-adjustment

algorithm solves the incorrect initialization problem by

resizing/relocating the BMR so that it tightly encloses the

target very efficiently within the first 20 frames. Later on,

the BMR is further dynamically resizing/relocating itself

according to the current size of the helicopter by both the

scale-handling method (Sect. 2.3) and the BMR-adjustment

algorithm (Sect. 2.6).

Figure 24 illustrates how efficiently the proposed system

tracks the face of a person, who is walking in a room with

all the lights turned off. The only light, that was available

in the room, was coming from the blinds shown in the

frames. This natural light created a severe illumination

variation in the video, since the camera was operating in its

auto mode. Specifically, when the camera was looking in

the direction of the bright window, the other things (per-

sons, wall, etc.) became very dark (see frames 271 to 512),

and when there was no bright window in the video frames,

the whole scene became a little clearer. It may also be

noted that there is noise and no detail in the whole video

due to low light conditions. The target person and the

occluding person are both walking in the same direction

making the scenario even more complex. It can be further

observed in frame 495, that the occlusion of the tracked

person by the other person happens partly in the bright

region and partly in the dark region of the video frame.

Moreover, the track of the target person after the occlusion

is resumed in very much dark, as shown in frame 512.

Since the persons were very near to the camera, even a

small movement of the persons was reflecting a large

movement in the video frames. Thus, it was a challenging

experiment for the pan-tilt control algorithm as well. All

the problems (i.e., severe illumination variation, noise, low

detail, full occlusion, and fast motion) are handled very

efficiently and robustly by the proposed ACTS in real-time,

and the face of the person of interest is always at (or near)

the center of the video frames.

5.4 Performance of stabilized active camera tracking

system

In this section, we demonstrate the results of our complete

stabilized ACTS.

Figure 25 shows some of the frames of a long active

camera tracking and stabilization session of a very distant

airplane at 259 (highest) zoom level of the camera. We

Fig. 22 Original versus stabilized y-coordinates of the left truck

shown in Fig. 18

Fig. 23 Original (left side) versus stabilized (right side) frames of a

video recorded from a vibratory hovering helicopter
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recorded the un-stabilized as well as the stabilized video

frames in real-time for demonstration purpose. Left col-

umn depicts the resulting tracking video frames without

stabilization, while right column shows the resulting

tracking video frames with stabilization. Periodic vibra-

tory force at the rate of 1 Hz was used to induce vibration

on the PTU and thus on the real-time video. In the un-

stabilized video fames, visual tracking and control algo-

rithms always try to keep the target at the center of the

image plane, but due to vibration the airplane is oscil-

lating about the frame center. Video frames at the right

column shows that the stabilization module of our system

has successfully diminished the vibration in the target

being tracked.

In Fig. 26, a pedestrian is being tracked in a cluttered

environment at 119 zoom level. The vibratory source in

this case is a Toyota 2400 cc Hilux engine working at

500 rpm. The synchronized tracking video frames without

and with stabilization are again shown in the left and the

right columns, respectively. Images in the left highlight the

to-and-fro motion of the scene, because the ACTS is

mounted on a vibratory vehicle. Images in the right column

show that the tracked person and the varying background

scene are stable and the vibration is significantly

attenuated.

6 Conclusions

We have proposed a robust stabilized ACTS, consisting of

a visual tracking module, a pan-tilt control module, and a

video stabilization module. The visual tracking module can

handle template drift, noise, object fading (obscuration),

clutter, intermittent occlusion, varying illumination in the

scene, high computational complexity, and varying shape,

scale, and velocity of the manoeuvring target during its

Fig. 24 Tracking the face of a person during severe illumination

variation, noise, low detail, and occlusion. All the lights in the room

were turned off in this experiment to create a challenging scenario.

The dark yellow rectangle in frame 495 indicates that the tracker is

currently working in its occlusion handling mode
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motion. The proposed pan-tilt control module is a POL-

CFC, which moves the camera efficiently and smoothly so

that the object being tracked is always at the center of the

video frame. The control algorithm offers 0 % overshoot,

negligible steady-state error, and 1.47 s rise-time. The

video stabilization module handles the annoying vibratory

motion in the image frame during tracking while the sys-

tem is mounted on a vibratory platform (e.g., vehicle,

helicopter, etc.). The complete proposed system has been

successfully used for more than 2 years in indoor as well as

out door scenarios, and it works in real-time at the full

frame rate of 30 fps.

Fig. 26 Results of un-stabilized (left column) versus stabilized active

camera tracking (right column) of a pedestrian

Fig. 25 Results of un-stabilized (left column) versus stabilized active

camera tracking (right column) of a distant airplane
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