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Abstract

The human vision system (HVS) collects a huge amount of information
and performs a variety of biological mechanisms to select relevant infor-
mation. Computational models based on these biological mechanisms are
used in machine vision to select interesting or salient regions in the images
for application in scene analysis, object detection and object tracking.

Different object tracking techniques have been proposed often using
complex processing methods. On the other hand, attention-based compu-
tational models have shown significant performance advantages in var-
ious applications. We hypothesise the integration of a visual attention
model with object tracking can be effective in increasing the performance
by reducing the detection complexity in challenging environments such as
illumination change, occlusion, and camera moving.

The overall objective of this thesis is to develop a visual saliency based
object tracker that alternates between targets using a measure of current
uncertainty derived from a Kalman filter. This thesis presents the results
by showing the effectiveness of the tracker using the mean square error
when compared to a tracker without the uncertainty mechanism.

Specific colour spaces can contribute to the identification of salient re-
gions. The investigation is done between the non-uniform red, green and
blue (RGB) derived opponencies with the hue, saturation and value (HSV)
colour space using video information. The main motivation for this par-
ticular comparison is to improve the quality of saliency detection in chal-
lenging situations such as lighting changes. Precision-Recall curves are
used to compare the colour spaces using pyramidal and non-pyramidal
saliency models.



This thesis proposes a motion saliency model where various static and
motion features are integrated with the object tracking system to track
multiple moving objects. Different features are integrated using pyrami-
dal and non-pyramidal approach and compared by using RGB derived
opponencies and the HSV colour space. This provides a new direction
in shifting of attention while tracking multiple moving objects. The pro-
posed method is tested with different scenarios and shows that it performs
effectively while shifting attention between moving objects.
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Chapter 1

Introduction

1.1 Domain Overview

Attention allows an agent to select and focus on a part of incoming infor-
mation for further processing [1]. The human vision system (HVS) has a
remarkable capability to use this process for motion perception and scene
understanding [2]. The human brain can predict the trajectory of moving
objects, like oncoming balls, in one-tenth of a second and split attention
across multiple moving objects in the environment [3].

The desire to replicate these basic human vision capabilities in ma-
chines is motivated by many applications in scene understanding, traffic
flow monitoring, video compression, virtual augmented reality, human-
computer interaction like hand gesture recognition, and object tracking
[4].

Object tracking is a nontrivial task in which the tracker, along with the
estimation of an object’s motion has to deal with various issues such as
occlusion, object shape deformation, data association and real-time pro-
cessing requirements [5]. Different approaches have been developed that
have used a variety of assumptions to simplify these problems [6, 7, 8, 9].
Examples of such assumptions include assuming smooth object motion
with targets having constant velocity or constant acceleration, knowledge

1



2 CHAPTER 1. INTRODUCTION

of number and appearance of the objects, and ignoring occlusion [5].
A moving object is a distinct entity having a continuous closed area in

an image which needs to be identified by the tracker. Object detection is
the process in which an object is localized in the image. On the other hand,
object tracking is localizing the object in multiple consecutive frames of a
video or image sequences and thereby estimating the path of the mov-
ing object. The path of the tracked object (its trajectory) might optionally
contain size and appearance information. Each trajectory is unique to a
tracked object in a scene [4].

A complete object tracking system is a combination of three impor-
tant components [5]. The first component is based on detecting the objects
present in the video. The second component is the tracker itself which es-
timates the correct path of the detected objects. The third component is
the data association that is used for associating the inter-frame correspon-
dence between multiple objects in the scene.

Different techniques have been previously developed to build trackers,
which can be grouped into two general categories [5].

1. Independent Techniques: These techniques are suitable in cases
having no object interaction or occlusion and all the moving ob-
jects, are independent of each other, e.g., trains always uses different
tracks to run on and never cross each other.

2. Dependent Techniques: These techniques are suitable when the tar-
get is affected by other objects or environment. These are used to
implement the challenging situations, i.e., self-occlusion, object-to-
object occlusion or occlusion with background, e.g., soccer players
on a ground, ants in the soil and body cell movements [10].

There are two types of tracking approaches which are as follows [4].

1. Single Object Tracking: Several algorithms have been developed
to track a single object. These approaches require the design of ap-
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pearance models like pose variations or certain motion model, out of
plane motion or illumination challenges.

2. Multiple Object Tracking: In this tracking category there can be
multiple objects in the environment to be tracked. Example of dif-
ferent scenarios to deal with include as a flock of animals like birds
or pedestrians on a path. Several issues associated with multiple
object tracking make it a challenging research area. For example, oc-
clusions, track initialization or terminations or dealing with objects
having a similar appearance such as soccer player wearing the same
coloured uniform.

Object tracking can be combined with a visual computational model to
replicate the human brain’s capability to shift the attention among multi-
ple salient or interesting objects in the environment. These objects have
unique attributes that distinguish them from the rest of the image, such as
a red ball on the grass.

The attentional shift is a mechanism that increases the information pro-
cessing about the selected object by inhibiting processing of unnecessary
details. This thesis explores this attentional shift mechanism driven by
object location uncertainty to propose an active attention-based, object-
tracking method.

1.2 Problem Statement

An enormous amount of research has been done to find the optimal se-
quential location of the moving object by locating its position and corre-
spondence in every frame of the video [5, 11, 12, 9, 13].

With the growth of data volume, the information overload problem is
one of the biggest challenge faced by these tracking techniques [11]. Cur-
rent computing techniques cannot process all information received from
the environment using a camera. The data volume increases further when
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multiple cameras are involved in tackling real-time problem. Object detec-
tion methods have been integrated with visual computational models to
limit the intake of information form the images or video. This integration
is named as saliency detection.

Different trackers, e.g, region, active contour, feature and model-based
have been investigated to simulate the human vision system using com-
putational visual attention models to detect salient objects [5, 11, 12, 9, 13].
Informally, a salient object can be considered an interesting object which
gets attention due to the uniqueness of some feature relative to its sur-
round. For example, one pink flower among the several white flowers is
salient, though it may not be salient if it is among other pink flowers.

The Itti et al. model [14] is one of the prominent saliency-based bio-
logically inspired models that seeks to explain the human visual search by
introducing the idea of the shift of attention. This model can be used with
a tracker to identify the salient object in each frame of the video. How-
ever, if this object disappears or is occluded in any frame, then it can affect
the tracking performance. In such situations, an attentional performance
mechanism can be useful to gain information about the lost object [15].

Object tracking using attentional shift mechanism is an active research
area to tackle the issues that can arise during the integration of the visual
attention computational model with the tracking system. The data associ-
ation in each frame is one of the main challenges that require the labelling
of the detected object while tracking. Occulsion is a second issue that must
to be tackled for accurate tracking. [7, 16].

This thesis presents an effective object tracking method that use an at-
tentional shift process to detect and track salient objects in a scenario.

1.3 Research Objectives

The overall research objective of this thesis is to develop a multiple object
tracker that can shift attention from one target to another while tracking



1.3. RESEARCH OBJECTIVES 5

in a complex environment. The following three research objectives will be
answered in the development of visual attention-based object tracker:

1. To design an effective and efficient visual attention based, multiple objects
tracking model.

Problem: Many multiple object tracking models have been pro-
posed in the past [4, 5, 9, 17, 18, 19]. These techniques usually use
heavy pre-segmentation and complex processing approaches, which
makes them inefficient. On the other hand, attention based active vi-
sion techniques have shown significant performance boost over con-
ventional models in various static image applications such as object
recognition [20, 21], image compression [22, 23, 24] and salient object
detection [25, 26]. Some attention-based tracking systems exist that
uses fixation of gaze mechanism, to shift attention from one salient
object to another [?, 27, 28, 12, 13].

Main task: The main goal of this research objective is to combine a
tracker with salient object detection to improve efficiency by shifting
attention from one object to another while tracking multiple salient
objects. The proposed system will be able to drive attention using
its internal uncertainty about the targets’ trajectories.

Sub-tasks:

• Different simple test scenarios will be developed that simulate
the movement of multiple objects using constant velocity or
constant acceleration motion models. There will be some sce-
narios that will include occlusion challenges.

• The visual attention computational model will be combined
with a tracking algorithm that can track multiple objects by us-
ing saliency information. The mean square error between the
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estimated and true values will be used to quantify the overall
effectiveness of the system.

• Comparison with a non-attentional (alternating) model will be
performed to analyse the performance of the system. The
means square error rates between the estimated and true values
of both models will be compared to examine the performance.

• Challenging scenarios, i.e., occlusion handling will be used to
test saliency detection and performance of estimation of the
location of an occluded target. It be analyse using the mean
square error between the estimated and true locations for the
occluded object.

2. To investigate the colour spaces that can help in providing perceivable in-
formation for extracting interesting regions form an image.

The second objective will provide a detailed colour space analysis
by defining the overall image content in term of the different colour
spaces such as red, green and blue (RGB) derived opponencies or the
HSV colour space.

Problem: The main challenge while computing the object saliency
is to decide which colour space can give perceivable information
that can help in extracting interesting areas from an image. Dif-
ferent approaches have combined tracking algorithm with saliency,
but have not identified a specific colour space that can contribute
to the identification of salient regions effectively [4, 5, 9]. The Itti
et al. model [14] has used RGB colour space model for saliency de-
tection, but this is unlikely to be ideal in video data because RGB is
not robust colourspace for object detection in the presence of lighting
changes. There is a high correlation between the components of this
colourspace that mixed the illumination information. It is compu-
tationally inefficient to process all components to analyze the same
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information three times[29]. Hence, there is a need to investigate
colour spaces that can help in determining saliency in a scenario.

Main task: Experiments will be carried out on different datasets
to measure the tracking performance while using different colour
spaces.

3. To develop and integrate a motion saliency method with the tracking com-
ponent of the system.

The third objective is to develop a motion saliency method based
on visual features and temporal analysis of motion that can be in-
cooperated with the tracking component of the system. This enables
the final system to shift attention from one moving object to another
based on motion saliency.

Problem:

The main challenge while developing the object tracking using the
visual attention computation model is to determine the relevant fea-
tures to acquire new targets [4, 5, 9, 14]. Previous techniques based
on parametric motion estimation or block-based matching are com-
putationally intensive [30, 5].

Some current approaches which are based on pre-segmentation tech-
niques have combined the static multi-features like colour, intensity
and orientation with motion features [9]. Only some methods have
considered object tracking without segmentation, but it costs addi-
tional computation overhead as static multi-features are combined
with motion feature [13, 11].

Hence, there is a need for appropriate selection of static and motion
features to combine with the detection process to decrease the overall
tracking estimation overhead.

Main task: The main task is to select relevant static features that
can be combined with motion features such as colour, temporal dif-
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ferencing, Optical flow and background subtraction, for tracking.
Hence, a dynamic feature selection method can be used to select rel-
evant features to increase the efficiency of motion saliency mecha-
nism.

There are three major contributions corresponding to the three goals
that are as follows:

1.4 Major Contributions

1. This thesis has shown the integration of object tracking using the
Kalman filter and visual computation model that alternates attention
from one target to another using a measure of current uncertainty.
We present results showing the effectiveness of the tracker in reduc-
ing the mean square tracking error. By taking measurements of the
location, the tracker using the Kalman filter drives the uncertainty to
a low level when it pays attention to an object. The uncertainty of
the object grows to a higher level when the tracker shifts attention
to another object having high uncertainty from the previous frame.
Our proposed tracking approach is tested with different scenarios
and shows effective performance in shifting attention to the region
that represents a scene.

The proposed method is able to handle occlusion and predict the lo-
cation of an occluded target. The results show that the mean square
error is high between the estimated and the true locations for the oc-
cluded object as the tracker is not paying attention. In future work,
the different types of long-term and short-term occlusion will be han-
dled.

This work has been published in: A. Ajmal and C. Hollitt and M.
Frean, “Active shift attention based object tracking system”. in Pro-
ceedings of the International Conference on Image and Vision Computing
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New Zealand, IEEE, 2017, pp. 1-5.

2. In this thesis, a comparison is shown between nonuniform RGB de-
rived opponencies with the HSV colour space. The primary moti-
vation about this particular comparison is to improve the quality of
saliency detection in challenging situations such as lighting change.
Here, Precision-Recall curves are used to compare the colour spaces
using bottom-up pyramidal and top-down non-pyramidal saliency
models. Our study concludes that if we combine the Saturation-
Value or Hue-Value channels, then this improves the detection of
salient objects and gives a higher Precision-Recall curve. We have
also shown in this thesis that the RGB colour space gives a low preci-
sion score as it detects the object using the colour information present
in an image.

This work has been published in: A. Ajmal and C. Hollitt and M.
Frean and H. Al-Sahaf, “A Comparison of RGB and HSV colour
spaces for visual attention models.” in Proceedings of the International
Conference on Image and Vision Computing New Zealand, IEEE, 2018,
pp. 1-6.

3. This thesis has shown the integration of motion saliency using differ-
ent features, e.g., to detect salient moving objects from video. Several
sub-features such as colour, colour change between different frames,
optical flow estimation and background subtraction are explored.
We have created different challenging scenarios with multiple ob-
jects for experimentation. Here, the precision-recall curve is used to
compare various features and presenting the effective ones.

1.5 Organization of Thesis

The remainder of this thesis is organised as follows. Chapter 2 presents
the background and literature review on the different object tracking and
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detection techniques. In Chapter 3, the preliminary tracking system is
presented, and the results are discussed. The colour analysis and motion
saliency results is given in Chapter 4. Conclusions and future works are
presented in Chapter 5.



Chapter 2

Literature Review

This chapter reviews the fundamental concepts of active vision based ob-
ject detection and tracking. It introduces related background and high-
lights the important issues of this research area. An important operation
called feature extraction that can help identify specific objects from video
is discussed later in this chapter. This chapter then reviews previous work
that is directly related to the research objectives of this thesis.

2.1 Background

Computer vision is an active research area, and it aims at replicating as-
pects of the Human Visual Attention (HVA) system. Its application can be
seen in different technologies such as surveillance, virtual reality, naviga-
tion, traffic control, medical assistance, motion based recognition, video
communication and robotics [5]. Different computer vision techniques
such as object detection, classification and tracking are used to implement
these technologies.

One of the important domain of computer vision is object tracking in
a sequence of images. The structure of a simple object tracking system is
shown in Figure 2.1. Here, object detection is performed independently
for each frame of the video. Different sources of noise can affect detection

11
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Figure 2.1: A general object tracking system.

results by masking the true location of the object. Tracking is performed
after labelling the objects to associate each target with the corresponding
target from the previous frames.

Object tracking can be viewed as a state estimation task. A state is
a discrete set of value at each time step that contains information about
location, target, velocity or acceleration and sometimes additional infor-
mation such as appearance. The main goal of a state estimator is to select
the best estimate of object state from inaccurate, noisy and uncertain mea-
surements. Here, the estimated path that is followed by the moving object
is identified as a trajectory.

A straight forward tracking system as in Figure 2.1 does not affect
where/how future detection takes place. Trackers can be supplemented
by higher-level sensor management modules. One possibility would be
to mimic the HVA system using visual computation. Using this computa-
tion, interesting called salient region can be extracted from the images (as
described in Section 2.6). This extraction of salient information is called
saliency [14].

2.2 Recursive Bayesian Estimation

Optimal filtering is a term used for minimizing the error generated from
inaccurate measurements while estimating the desired value or state in a
time-varying system.
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In a dynamic system, there can be uncertainties in the system known
as a process noise. Different methods such as smoothing can be used to re-
move the state inaccuracies by combining the current and previous states
of the bayesian estimator [31].

In a nonlinear moving object scenario, the state, xt, depends on
t?1, 2, 3, . . .. The dynamic equation for the state change is:

xt = f(xt−1, t) +wt, (2.1)

Wherewt depends on t?1, 2, 3, . . . denotes the white noise. The white noise
is an independent noise that has uncorrelated samples. The measurement
equation is given as follows:

zt = h(xt, t) + vt, (2.2)

The zt is a measurement of the target’s position, which could be used to
estimate the full state. Here, vt is the independent white noise. During
tracking, the state xt is estimated from the measurements. The state’s con-
struction is described by the probability density function p(xt|z(1,...,t)).

The tracking problem can be solved in two steps by any Bayesian filter.
The first step is the prediction step that includes dynamic equation and
PDF of the state at time t − 1 is used to compute the prior probability
density function PDF of the current state, i.e., p(xt|z(1,...,t)). The second
step is the correction that uses the likelihood function p(zt|xt) of current
measurements to calculate the posterior PDF p(xt|z(1,...,t)).

The solution that involves the above steps is called a recursive solution
as the previous output of the system is used in the update.

2.3 Kalman Filter

The Kalman filter is a common implementation of a recursive Bayesian
filter that assumes a linear model, and requires some statistical assump-
tions to initialize. These assumptions include the description of the motion
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Figure 2.2: Kalman Filter cycle

model, initial location information, initial error covariance of the system,
process noise and measurement noise.

The motion model typically depicts linear smooth movement of the
target objects in a scene using constant velocity or constant acceleration
where velocity and acceleration, remain constant over the time period re-
spectively.

The Kalman Filter provides the optimal estimate of the system using
two groups of equations known as the time update equations and mea-
surement update [32]. These equations work together to form a Kalman
filter cycle, as shown in Figure 2.2 given in [33]. This cycle is explained as
follows:

1. Time update equation: The first step of the Kalman filter is the pre-
diction. It is used to obtain the prior estimates for the state at time
t+1 by projecting the error covariance and the current state forward
in time. The time update equation also known as the predictor or
process equation defined by linearising the equation 2.1 is as follows:

x̂t = Âxt−1 +But +wt (2.3)

where x̂t is the prior estimate, A is a state transition matrix that is
used on the previous state xt−1, ut is a known control input, and
w ∼ N(0, Q) is a a Gussaian white noise with zero mean and a
known covarianceQ that captures the deviation from the object mo-
tion model in x and y directions. The error covariance matrix P is
defined by linearising equation 2.2 is given as follows:

P t = AP t−1A
T +Q (2.4)
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Figure 2.3: Object tracking component using prediction and correction
steps of a Kalman Filter. The Kalman Filter’s internal state and error co-
variance are updated by prediction and correction steps.

The error covariance matrix P represent the state estimate covari-
ance that is adjusted over time by the Kalman filter. If this matrix
is set too high, then it shows the high uncertainty about the initial
measurements. In practice, the process noise covariance Q can be
challenging to find empirically.

2. Measurement update equation: The correction is the second step
that uses the measurement update or corrector equation to correct
the estimate by an actual observation at time t.

The update process begins with the calculation of the Kalman gain
Kt+1 using:

Kt+1 = P tC
T (CP tC

T +R)−1 (2.5)

Here, Kt+1 is the optimal Kalman gain that minimises the posterior
error covariance, C is a measurement matrix, and R is the measure-
ment noise covariance matrix that models the disturbance in the sen-
sors and is a Gaussian white noise sequence with a known covari-
anceR and a zero mean. The measurement noiseR is defined as:

R =

[
σ2
x σxy

σyx σ2
y

]
(2.6)
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Here, σxy is the covariance between state variables. We have as-
sumed that x and y are independent of each other as there is no cor-
relation when covariance is zero.

x̂t+1 = x̂t +Kt(zt −Cx̂t) (2.7)

In this equation x̂t+1 is called as posterior estimate at time t. It is
a combination of prior estimate x̂t and using new measurement zt
values. The following equations updates the error covariance.

P t+1 = (1−KtC)P t (2.8)

The measurment equation is as follows:

z = (Cx+ v) (2.9)

where z is the measurement at time t andC is a measurement matrix
and v is the measurement noise with the known covariance.

2.4 Motion Models

The Kalman Filter requires a dynamic model so that it can make predic-
tions. Common assumptions are that the targets move with constant ve-
locity or acceleration. The initial motion models that used to describe the
linear smooth movement of the objects are as follows:

2.4.1 Constant velocity motion model

:
The constant velocity motion model depicts the object motion having

constant velocity over a time period of tracking. It requires the use of
following state vector:

xt =
[
x ẋ y ẏ

]T
(2.10)
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where x, ẋ, y, ẏ represent the position and velocity in x and y directions,
respectively.

The kinematic equation for constant velocity model are as follow:

xt+1 = xt + ẋtdt (2.11)

ẋt+1 = ẋt +w1 (2.12)

yt+1 = yt + ẏtdt (2.13)

ẏt+1 = ẏt +w2 (2.14)

with

w1,w2 ∼ N(0, σ2
w) (2.15)

The w1 and w2 represent the random velocity noise with mean zero
and covariance σ2

w in x and y direction respectively. The above equa-
tions determines the motion of the object moving with the constant ve-
locity where x, y, ẋ and ẏ represent the postion and velocity information
respectively. w1 and w2 are assumed independent, so σ2

w1,w2 = 0.
The following state transition matrixA can be formed using the above

kinematic equations:

A =


1 dt 0 0

0 1 0 0

0 0 1 dt

0 0 0 1

 (2.16)

Where dt is the sampling time for the system.
It can be assumed that dt =1 as a default value. In the constant velocity

model, the control parameterB and u will be zero if there is no known
external input given to the system.

The elements in the process noise covariance Q matrix are correlated
and specify the amount of uncertainty added to the system due to the
effect by random noise. This matrix contains the process noise information
of the variances and covariances for the state variables the model. It can
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be mapped into the following form:

Q = Gσw
2GT (2.17)

where G is a matrix selected according to the motion model and σ2
w is

the variance of random velocity noise in both directions. For the constant
velocity model theG is as follows:

G =

[
dt2

2

dt

]
(2.18)

The process noise matrix Q is random velocity noise with variance σw2 in
both directions is as follows:

Q =

[
Gσw

2GT 0

0 Gσw
2GT

]
=


[
dt2

2

dt

]
σ2
w

[
dt2

2
dt
]

0

0

[
dt2

2

dt

]
σ2
w

[
dt2

2
dt
]


(2.19)

Q = σ2
w


dt4

4
dt3

2
0 0

dt3

2
dt2 0 0

0 0 dt4

4
dt3

2

0 0 dt3

2
dt2

 (2.20)

where σ2
w is the variance of the random velocity noise. The measure-

ment matrix C is needed to mapped the state into measurement. Our
measurement system measures only the target location, z = (x̂, ŷ), where
x̂ and ŷ are the estimates. We get the following measurement matrix:

C =

[
1 0 0 0

0 0 1 0

]
(2.21)

The initial error covariance matrix P determines the initial uncertainty in
the system. It must be set from the context of a particular experiment.
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2.4.2 Constant acceleration motion model:

The model required for tracking object moving with constant acceleration
over the time period requires the following state matrix:

xt =
[
x ẋ ẍ y ẏ ÿ

]T
(2.22)

where x, ẋ, ẍ represent the position, velocity and acceleration in the x
direction respectively. The same is true for y. In projectile motion, ẍ will
be zero, but the acceleration ÿ will be −9.8m/s2.

The kinematic equations for constant acceleration motion model are as
follow:

xt+1 = xt + ẋtdt+
1

2
ẍtdt

2 (2.23)

ẋt+1 = ẋt + ẍtdt (2.24)

ẍt+1 = ẍt +w1 (2.25)

yt+1 = yt + ẏtdt+
1

2
ÿtdt

2 (2.26)

ẏt+1 = ẏt + ÿtdt (2.27)

ÿt+1 = ÿt +w2 (2.28)

with

w1,w2 ∼ N(0, σ2
w) (2.29)

The above equations determines the motion of the object under the
constant acceleration where x, y, ẋ, ẏ, ẍ and ÿ represent the postion, ve-
locity and acceleration information respectively. Thew1 andw2 represent
the random acceleration noise with mean zero and covariance σ2

w in both
the x and y directions. The following state transition is formed from the
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above equation:

A =



1 dt dt2

2
0 0 0

0 1 1 0 0 0

0 0 1 0 0 0

0 0 0 1 dt dt2

2

0 0 0 1 1 0

0 0 0 0 0 1


(2.30)

The process noise covariance matrixQ contains the information of the dis-
turbance in the state variables as described in Section 2.4.1. For the con-
stant acceleration modelQ also shows the effect of the uncertainty caused
by unmodelled noise on the acceleration. The G matrix for the constant
acceleration model is as follows:

G =


dt2

2

dt

1

 (2.31)

The process noise matrixQ is random acceleration noise with variance σ2
w

in both directions is as follows:

Q =

[
Gσ2GT 0

0 Gσ2GT

]
=




dt2

2

dt

1

σ2
w

[
dt2

2
dt 1

]
0

0


dt2

2

dt

1

σ2
w

[
dt2

2
dt 1

]


(2.32)

Q = σ2



dt4

4
dt3

2
dt2

2
0 0 0

dt3

2
dt2 dt 0 0 0

dt2

2
dt 1 0 0 0

0 0 0 dt4

4
dt3

2
dt2

2

0 0 0 dt3

2
dt2 dt

0 0 0 dt2

2
dt 1


(2.33)
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The measurement matrix C for the constant acceleration motion is as
follows:

C =

[
1 0 0 0 0 0

0 0 0 1 0 0

]
(2.34)

Again we have assumed measurement of only the target’s x and y lo-
cations.

Due to its recursive and optimal nature, the Kalman filter has found ap-
plication in many different tracking tasks. In one approachs, the Kalman
filter is used to track points in images containing noise [34]. A Kalman fil-
ter is also used to predict an object’s position and speed in x-z dimensions
based on stereo camera-based object tracking [35]. Another approach has
used the Kalman filter to compute the priori estimates of vehicle location
and velocity after using the scale-invariant feature transform (SIFT) algo-
rithm to extract key points of the objects from video [36].

The demand for accurate tracking of multiple moving objects has made
object tracking field an active research field of computer vision [5, 4]. Some
of the work in object tracking area has been done using the visual attention
computational model to accurately detect the interesting objects from the
video and track accordingly [13, 28, 12, 11, 9].

Object tracking using a single camera is computationally difficult as
the whole scene cannot be captured at once without shifting camera an-
gles. Different active vision techniques are used for object tracking to im-
prove the computational efficiency of the system by using active control
of the camera [13, 15, 37]. These techniques resolved issues such as oc-
clusion and limited camera view. A visual attention computational model
can be used with active camera control to search target in a top-down man-
ner [11]. Some visual attention computational models do not require pre-
knowledge about the target and salient object can be tracked using the
bottom-up approach [38].
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2.5 Visual Attention System

Humans have a remarkable capability to perform complex visual tasks
such as scene analysis, object detection and object recognition with preci-
sion. Human Visual Attention (HVA) is a sophisticated system that splits
attention between multiple information observed from the real world. It
can perform motion perception, object recognition and scene understand-
ing simultaneously and can quickly detect a red apple on a tree, a white
boat in the sea or a green traffic signal [39]. HVA handles the complexity
of the real-world environment by deciding on the action that is required
[39].

Selective attention is a mechanism that allows humans to shift the gaze
towards the interesting data perceived through the visual input. Motion
plays an vital role to attract a viewer’s attention as moving objects exhibit
more salience due to different feature contrasts such as colour, orientation
and intensity. HVA requires minimum processing power to extract these
feature contrasts of moving objects and shift attention to salient locations
[40].

Developing a computer implementation of the HVA using the primi-
tive selective attention mechanism has been an essential area of research.
A visual attention computational model is a partial replication of the HVA
system that mimics the functionality of human vision using a mathemati-
cal approach. The extraction of interesting information from the incoming
sequence of images is called saliency. This computation requires an object
detection process which extracts the salient region from the image. The
intensity of each pixel in the salient region defines the probability of the
saliency in that region [41].

Various visual computational models have developed the notion of a
saliency map by integrating different features to select the local saliency
in the input [1, 14, 6]. This type of salient object detection which solves the
complex tasks is currently an active computer vision research area having
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applications in object detection and recognition [26], image compression
[22] and object tracking [9, 13, 11].

The two main saliency detection approaches are as follows:

1. Bottom-up saliency:

A bottom-up saliency approach has an HVA based structure that is
fast and efficient. It helps in shifting the computer’s attention to
a region that differs from neighbouring pixels. These regions may
have different attributes, i.e., colour, orientation or intensity. Differ-
ent computational methods are proposed to define the bottom-up
saliency mathematically [1, 14]. Itti et al. [14] have identified the
most widely used bottom-up saliency computational model for vi-
sual saliency.

This approach detects salient regions that are independent of context
information of the scene. [42]. Although bottom-up saliency is a fast
and efficient mechanism, it is not suitable for some task-driven ap-
plications, such as object recognition and classification, as not every
salient region is an area of interest. It detects and tracks the target
object in a video efficiently and effectively provided that the target
object remains salient throughout the scene.

2. Top-down saliency:

The top-down saliency or voluntary attention approach is suitable
for task-driven applications that direct the attention towards the ob-
ject of interest [43]. If a person is looking for a blue paper on a table,
then blue shaded areas should catch the attention more the other ar-
eas [11]. Only a few models have fully investigated the top-down
approach. Wolfe has developed a model that discussed the human
visual search [44]. Itti et al. [14] have done some investigation on
top-down saliency by capturing the gist of the scene.
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Using a combination of top-down and bottom-up models helps pro-
vide the best features to define the salient region [45]. This provides a
complete framework for the scenario where it requires to detect the salient
locations as well as to locate the object using its contextual information.
This type of approach ensures that the viewer will be informed about the
area of interest while performing the goal-driven search in the scenario
[42]. The VOCUS model [46, 6] uses global saliency formed from a combi-
nation of bottom-up and top-down approaches. Different cues from data-
driven bottom-up saliency collected along with top-down goal-directed
features. The bottom-up part of the system is inspired by the Itti et al.
model but has been modified to give better performance by including the
weighting of bottom-up features that are learned from the target examples
[14].

The top-down saliency is a target-specific mechanism in which target-
specific weights used to update the saliency results. VOCUS is one the ro-
bust method and first fast system which has utilised a top-down approach,
but it requires the knowledge of the target-specific features [46, 6].

2.6 Saliency-based Visual Attention Models

Different saliency-based biologically inspired models have been proposed
to introduce the idea of the shift of attention from one salient location to
another. The Itti et al. model [14] is one of the prominent works in the field
of computational visual attention and is an implementation of saliency
and Winner-Take-All network (WTA). The proposed model is based on
the architecture of Koch and Ullman [47] and other models. It attempts
to explain the human visual search using the bottom-up approach. As
shown in Figure 2.4 [14], three channels are used for extracting features,
i.e., colour, intensity and orientation. Two features, i.e., red or green and
blue or yellow, are used for computing the colour opponency feature. One
feature is used for intensity. The orientation is calculated at different an-
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Figure 2.4: Itti’s model based on visual attention.

gles 0◦,45◦,90◦ and 135◦ using Gabor filters. The cross-scale difference of
Gaussian operation performed a centre-surround mechanism for feature
extraction.

Feature maps are used for constructing the conspicuity maps which
identify the most salient region. A scalar value is used to represent the
saliency during the visual search. The interesting location in the visual
area is defined by the help of the spatial distribution of saliency.

The saliency map then followed by the Winner-Take-All network
(WTA) and Inhibition of Return (IOR) mechanisms that are used for fixa-
tion and gaze shift, respectively. Gaze shift is a process that shifts attention
from one object to another. The results from the saliency map are feeds in
the WTA mechanism based on a neural network model. The salient re-
gions compete for the highest activation values. The Focus of Attention
(FOA) shifts to the location of the winning region. IOR helps the WTA
by suppressing the previous salient position and allowing the next most
notable location to become the winner subsequently. It prevents FOA for
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Figure 2.5: Attention based system VOCUS [11] (a) Feature vector are de-
fined by computing the salient region with the user-defined the search
area, and (b) Location of a target is determined by computing the top-
down saliency map.

immediately jumping to a previously attended site [14].

Although Itti et al. model [14] is an effective implementation of the bi-
ological model, different approaches have also proposed to provide more
efficient implementations [38, 48, 49, 50]. In one of the approach [49], au-
thors generated the centre-surround effect using Laplacian pyramids and
overlapping local patches. These biologically inspired models are benefi-
cial in the implementation of complex processes such as object recognition
that can be helpful in the object tracking task by guiding the attention to
the salient target.

In [51], the authors developed a tracking method by combining the
particle filter and visual saliency mechanism that can handle occlusion
and illumination variations by using the colour and saliency distributions.
The Bahattacharyya distance is used to measure the similarity between the
saliency and colour distributions.

In [6, 11], visual attention computational system VOCUS is developed
for tracking object on a mobile platform. Different types of objects ap-
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pearance are learned online in real-time. In this system, the user defines
a region of interest surrounding it with a drawn a rectangle, as shown in
Figure 2.5(a).

There are two different components of their system; one is initialization
with three stages. The three phases include the computation of the region
of interest using the bottom-up saliency. Then the most salient region is
computed using the user-defined area and in last stage describe the feature
vector of that region. The best features are extracted using this kind of
attention system based on colours, intensity and orientation.

The second component is a object search stage used the top-down ap-
proach to perform the visual search to define the most salient region, as
shown in Figure 2.5(b). This system does not require a static background
while tracking or any particular illumination condition which enables it to
work in real-time. The author indicated that the system needs improve-
ment when a target is similar to the background or is close to other ob-
jects. Extra features are then required at the expense of additional compu-
tational cost.

In another approach, the authors discussed how human’s acquired in-
formation by focusing selectively when processing a scene while combin-
ing information from different fixations over time. This reduces the visual
search complexity while focusing on the object of interest and ignoring
irrelevant information. The authors used a recurrent neural network to
combine the information from different locations to build up the represen-
tation of the scene. Instead of processing the whole visual scene, the model
selects the locations to attend, thus controlling the amount of computation
required.

In [52], authors studied the Kalman filter based on the weighted region
matching algorithm, multi-features fusion model and saliency detection.
They have concluded that visual saliency computation has shown higher
performance than the traditional segmentation, which relies on colour and
appearance. The Kalman filter is used to estimate the salient region that
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reduces the computational cost.

2.7 Motion Saliency-based Visual Attention

Model

A recent interest is seen in the research of the motion saliency to track
moving objects from video. Example applications of motion saliency can
be considered in the prediction of interesting motion pattern in crowded
scenes [53], to track salient object or anomaly detection [54]. Different mo-
tion saliency approaches are proposed to identify moving salient objects.
For example, a red ball rolling on the floor will have a relative motion
difference to the other stationary objects in the scene. Motion saliency de-
termines the state of a moving object using different techniques such as
background subtraction, temporal differencing, optical flow and statisti-
cal approaches [55, 56, 57, 58].

Temporal information such as motion is one of the essential high-level
features that can be incorporated with a visual saliency computational
model. HVA shifts more attention to salient moving regions than the
salient static region as motion information support different visual tasks
such as object recognition, object tracking and scene understanding.

In Itti et al. [59] temporal information is used to proposed motion
saliency model based on his previous work [14]. A neurobiological model
of visual attention is proposed that has the application to the realistic
generation of eye/head movement when watching visual input such as
videos. The absolute difference is computed between the luminance of
the current and previous frames to incorporate the flicker or temporal
variability to the main feature sets. The motion feature is obtained us-
ing spatially-shifted differences between Gabor pyramids from the current
and previous frames that used the same four local Gabor orientation chan-
nels. A diagram of the model is shown in Figure 2.6, where the location
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Figure 2.6: Itti et al.’s neurobiological model [59] including motion gener-
ated saliency.

with the maximum value gets the attention. The final feature maps yield
unique saliency maps in that the maximum location points the salient lo-
cation. The realistic facial animation is shifted to the resulted covert atten-
tion.

There are some limitations of this approach that include the inaccurate
detection and labelling the edge of the slow-moving objects as salient, and
high computational cost as it cannot be simulated in real-time on a single
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CPU. It requires offline motion detection or a computer cluster for real-
time processing.

In [9], the motion saliency map is obtained by combining the static
multi-feature and motion feature. The saliency detected is done by using
seed points for rough segmentation. Then a normalized colour histogram
is used for sub-image matching that solves the tracking problem. It is done
by describing the salient segmented region to reduce computational cost.
The author indicated that this method is invariant to geometric transfor-
mations, e.g., and intensity change. The main limitation of this work is the
pre-segmentation step that makes it less robust when compared to other
algorithms.

Similarly, in [28], the authors developed a mechanism that detects the
region of interest according to the motion saliency. Motion saliency maps
are generated by exploring the motion consistency using the rank defi-
ciency of 3D greyscale gradient tensors. In addition, the region-based
tracking task is done by multiple spatial features of targets that are up-
dated using adaptive templates in each of the frames. The authors indi-
cated that the results of different experiments have shown the proposed
method performs object tracking efficiently in the presence of irregular
target and camera motion.

In [12], a discriminant centre-surround saliency mechanism is pro-
posed based on a biologically inspired framework in which descriptors
for the targets are defined. Using maximum marginal diversity, a subset of
features is selected that represents the location of the target in a top-down
manner. A motion saliency feature is included in the system by using a
simple framework based on a bottom-up approach. Experiments are done
to provide three different solutions based on target initialization, feature
selection and target detection. The authors indicate that the proposed sys-
tem is an efficient tracking system when compared to other state-of-the-art
trackers.
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2.8 Feature extraction and Object tracking

Feature extraction is a significant operation that identifies the essential set
of variables to represent a large set of data. During tracking, correct fea-
ture extraction plays an essential role in determining the specific object or
targets. The operation of feature extraction plays a vital role to discrimi-
nate targets depending on the task. Therefore, feature selection should be
discriminative and computationally inexpensive.

Different features are used to describe the object in an image. The
colour is one of the features that can discriminate objects while tracking
because of its low computational complexity and robustness. This feature
is successfully implemented to different approaches such as image classi-
fication, detection and recognition [37, 60, 30].

Other features such as edge-based are important that describe the im-
age intensities on the boundary using edge pixel differencing. This type
of features is insensitive to illumination change and helpful in tracking
non-rigid objects [61, 62].

Texture feature can be used to segment and classify regions of inter-
est while tracking object. It provides information about the spatial ar-
rangement of colours or intensity in a frame. Different texture descriptors
have been developed, i.e., Grey-Level Co-occurrences Matrix (GLCM’s)
gives the co-occurrences of intensities in a specific region [63]. Another
approach has been proposed in [37] in which colour, texture and motion
features are used together to track multiple targets.

There are many other features which are useful in giving cues about the
moving objects. Different descriptor like region covariance matrix com-
putes covariance of the region of interest. This can be helpful for object
detection and texture classification [64]. These descriptors are also use-
ful in assisting occlusion handling by requiring the occluded features [65].
Depth and gait are some other features that are used to create essential
cues while tracking [4].
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Figure 2.7: The HSV and RGB-based colour spaces are used for segmen-
tation and histogram generation. (a) Comparsion between the HSV and
RGB based results, and (b) Precision-Recall curves based on the HSV and
RGB histogram [72].

2.9 Colour

The colour is an important feature to detect salient region for image under-
standing and analysis. Different work has been done to analyse different
colour space representations that can yield good object detection results
[66, 67, 68, 69, 70]. In most of the detection work, the RGB colour space
is mainly used, but there are few drawbacks of using this colour space
for object detection applications. In particular RGB it is a non-uniform
colour space. The Euclidian distance between colours in the RGB space
does not correspond to the colour differences perceived by humans [70].
In addition, the components of the RGB colour space are highly correlated
because the change in these components depends on the intensity change.
If the intensity change in an image, then all three components will change
accordingly [71]. The HSV colour space consists of Hue, Saturation and
Value components and is closer to human perception. Hue represents the
actual colour, and Saturation describes the purity of the colour and Value
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represents the amount of light in colour. The desired hue for a target ob-
ject can be selected and modified using the specific values of its Saturation
and Value. Use of colour space separates the luminance component from
the colour information that is helpful in the various object detection appli-
cations [69, 73, 5].

In [72], the RGB-based feature fails to determine the variations in
colour and intensity and cannot differentiate between two visually sep-
arable colours when brightness changes. This led to poor performance as
RGB-based clustering is not able to detect object boundaries as high in-
tensities cannot be recognised as shown in Figure 2.7. On the other hand,
an HSV-based approach can differentiate the variations between intensity
and shade near the boundary of an object. It can retain the colour informa-
tion of each pixel. Thus they concluded that the HSV-based features are
useful in computing segmentation algorithm.

Different approaches have used RGB colour space to detect saliency
from the images or video datasets [74, 14, 75, 76, 77, 78]. A few have anal-
ysed other colour spaces to detect saliency from static images or video
sequences. The different approach shows that the HSV colour space gives
high performance in term of visual consistency than the RGB colour space.

One of the work [79], explored different colour representation and
proposed a high-dimensional colour transforms. This transformation
map uses several representative colour spaces such as RGB, CIE L*a*b*
(CIELAB), HSV to combine into a high-dimensional vector. This tech-
nique finds the optimal linear combination of colour coefficients in the
high-dimensional colour space and linearly separates the salient regions
from the background. The performance of this technique degrades of sim-
ilar colour appears in the foreground and background. The initial colour
seed estimation also affects the result and require more feature to be incor-
porated.

In [80], saliency detection is performed by integrating the local esti-
mation and global search. They have proposed use of a 72-dimensional
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feature vector that is computed using RGB, Lab and HSV colour spaces.
Another method has used HSV colour space to extract the region of in-
terest from a colour image based on visual saliency [81]. They have com-
bined the colour saliency obtained by using the HSV colour space and
Discrete Moment Transform (DMT)-based saliency to get the region of in-
terest. Zhong et al. [82], has proposed a simple method to locate the area
of interest from images using the HSV colour space. They found that the
saliency map computed using the Value and Saturation components of
the HSV colour space get more saliency in the region of interest then back-
ground.

2.10 Temporal differencing

Temporal differencing is a simple method to detect moving objects by sub-
tracting the current frame t with the previous frames t− 1 [83]. The tech-
nique involving moving camera usually fails to recognise the whole region
of the moving objects or identifies ghost regions (trailing regions) [83]. The
trailing areas are detected when the object is moving quickly.

In [84], thresholding is used to select a pixel as a foreground’s pixel us-
ing a two-frame differencing method. They have combined temporal dif-
ferencing and image template matching to track and classify targets into
human or vehicles. They have concluded that temporal differencing com-
bined with correlation matching allows tracking of the objects in challeng-
ing situations such as occlusion without using any predictive temporal
filter such as a Kalman filter.

Different approaches have used three frames differencing method to
overcome the problems of consecutive frame differencing [85]. One of the
issues that two frames differencing method usually creates is ghost re-
gions (trailing areas) instead of detecting the whole moving region when
subtracting two consecutive frames.

Another approach [86] segments moving regions using an adaptive
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Figure 2.8: Tracking system based on temporal differencing and template
matching. Moving objects are detected and classified using temporal dif-
ferencing and classification metric. Targets are tracked using the motion
information and correlation matching. [84].

background subtraction by combining it with three frames differencing
method. Here, a three-frame differencing operation determines regions
having motion in combination with an adaptive background that detects
entire moving region. They discussed the shortcomings of using only an
adaptive background without combining it with frame differencing. If the
stationary object starts moving, then adaptive background methods leave
holes. Frame differencing is not useful in locating the entire shape of a
moving object as there is the chance of ghost region (trailing region) detec-
tion.

In [59], Itti’s motion saliency model is analysed, and linearly, a novel
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motion saliency method is proposed using multi-reference frames. These
frames are enhanced by spatial saliency information. They discussed that
Itti motion saliency model becomes inaccurate when the objects move
slowly and in this case objects grouped into the background, and spatially
shifted differences makes edge salient instead of the entire object during
the computation of feature maps. They proposed a method to overcome
this problem by using multi-reference frames and graph-based activation
method. Here, graph-based activation method help in differentiating ob-
jects from the background using a Markov chain. The proposed method
obtains more salient objects and shows higher performance than the Itti
motion saliency model.

2.11 Optical flow

Optical flow is a popular method in computer vision to estimate flow
of pixel intensity within image sequences. One of the popular methods
for determining an optical flow is Horn and Schunck [87] that estimate a
motion vector (u, v), where u is the horizontal optical flow and v is the
vertical optical flow at every point (x, y) between two consecutive frames
I1 and I2 at any given time. In this method, it is assumed that images
are samples of both space and time such that I1(x, y) = I(x, y, t) and
I2(x, y) = I(x, y, t+ 1), where t is time. They have proposed a brightness
constancy constraint that states that a scenario will have the same bright-
ness or no change in the illumination with preserved frame intensities over
time such that:

I(x+ u, y + v, t+ 1) = I(x, y, t) (2.35)

To solve the two unknowns u, v, Horn and Schunch combined the bright-
ness constancy constraint with global smoothness. Global smoothness
constraint defines that is the neighbouring pixel should have smooth opti-
cal flow vectors. The energy function needs to be minimised over the flow
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fields u(x, y) and v(x, y):

EHS(u, v) = Edata(u, v) + λEsmoothness(u, v) (2.36)

where λ is a regularisation parameter that defines the smoothness of the
optical flow.

Horn and Schunck algorithm is a global method that solves optical
flow estimation based on the global differential methods. Often global
differential method results in a dense flow field, but these methods are
computationally expensive as many iterations are required to solve opti-
cal flow estimation between any images [88].

Another computationally easier method is the Lucas-Kanade method
[89]. The Lucas-Kanade method is based on the concept of Least Square
method in which the constraint errors are minimised by using a window
function w(x, y) that is centred at x, y. It divides the original image into
smaller sections and assumes that pixels are moving with constant velocity
in that section. Optical flow estimation is performed using a weighted
least-square fit for all the pixels in a neighbourhood by considering the
constant flow in a local neighbourhood of a pixel under consideration.
The energy function equation for Lucas-Kanade optical flow estimation is
given as follows:

ELK(u, v) =
∑
x,y

w(u, v)(I(x+ u, y + v, t+ 1)− I(x, y, t))2 (2.37)

where w is a window function with the assumption of the constraints cen-
tred at the centre of the section.

There is another method in which layer-based optical flow estimation
is proposed [57, 90] using the Horn and Schunck and Lucas-Kanade al-
gorithms [87, 89, 58] as the baseline method. The layer-wise method of
estimating optical flow is by creating a mask indicating the visibility of
each layer. The pixel that is located in this mask is used for the matching
process. For the layer-based optical flow, three terms are combined such
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that data, smoothness and symmetry terms that are as follows:

Edata1 =

∫
gM 1(x, y)|(I1(x+ u1, y + v1)−M 2I2(x, y))|, (2.38)

where M 1 and M 2 are the visible mask of a layer at, respectively, frame
I1 and I2, u1, v1 is a flow from I1 to I2, and u2, v2 is a flow from I2 to I1
and The data term matches the two images that are visible in the layer
mask. The Gaussian filter is defined as g. The smoothness term is defined
as follows:

Esmoothness1 =

∫
|∇u12|+∇v12|

η
, (2.39)

where∇ is the gradient operator and η varies is chosen between 0.5 and 1.
The symmetry matching equation is given as follows:

Esym1 =

∫
|u1(x, y) + u2(x+ u1, y + v1)|+ |v1(x, y) + v2(x+ u1, y + v1)|.

(2.40)

The objective function is obtained by combining the three terms as defined
above. It is based on coarse to fine scheme on a dense Gaussian pyramid
with image warping. The objective function is given as follows:

E(u1, v1, u2, v2) =
2∑
i=1

Ei
data1

+ αEi
smoothness1

+ βEi
sym1

. (2.41)

To optimise this objective function, iterative reweighted least-squares
(IRLS) method proposed in [58] is combined with coarse to fine search and
image wrapping. For more detail of the layer-based optical flow method,
please check [90].

In [91], authors presented a colour based optical flow method and it is
compared with the traditional greyscale methods to estimate flow. They
have found that linear optical flow methods run faster than greyscale,
nonlinear methods. They suggested that the HSV-based optical flow es-
timation that contains the Value component only, rely on the brightness



2.12. BACKGROUND SUBTRACTION 39

information. Whereas the methods based on the Hue and Saturation com-
ponents of HSV is purely based on colour conservation.

In [53], a saliency detection method was proposed that uses optical
flow estimation and performs spectral analysis of image spectra. This
method adapted motion spectrum for global motion saliency detection.
This detection is considered as interesting regions. The main application
of this work is to detect crowd flow.

2.12 Background subtraction

Background subtraction is another method to detect the moving object by
subtracting the background image (reference image) from the video se-
quences. The reference image or the background image can be selected
manually or updated using a background model [83]. The reference im-
age should represent the scene with no moving objects.

A common assumption these techniques share is a static background
(reference image) with which object of interest is observed. With this as-
sumption, a simple background technique uses a predefined threshold to
mark a pixel at location (x, y) as foreground if it satisfied the following:

|It(x, y)−Bt(x, y)|>θ (2.42)

where It is current image,Bt is a background image and θ is a predefined
threshold.

Different methods are categorised in the manner of modeling the Back-
ground Bt. A simple motion detection technique using background sub-
traction is to capture or estimate the reference image of a scenario without
any moving objects. The estimated reference image can be updated using:

Bt+1 = αIt + (1− α)Bt (2.43)

where α is a constant in the range [o, 1]. If α is 0, then it yields simple back-
ground subtraction whereas the value 1 yields frame differencing. An-
other simple technique used the previous frame It−1 as a reference image
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Figure 2.9: Center and surround windows are used for every location l

with a collection of spatio-temporal patches extracted from each window.
Background points are having lowest centre-surround saliency. All loca-
tions that are below to a threshold level a assigned to the background [56].

which reduces to the temporal differencing method. This can be robust
to illumination changes, but can detect false regions along with moving
objects.

In [56], background subtraction is used to deploy visual attention.
They have considered optimal discrimination between the centre and sur-
round stimuli at each location of a visual field as shown in Figure 2.9.
Here, background subtraction is incorporated to remove the non-salient
locations from the final saliency map. There is no need to update or have a
global model for a background. The background is created by considering
those locations in a saliency map that are below some threshold by for-
mulating the background subtraction as the complement of the saliency
map.

Modelling a background is a challenging task as it requires different
situations, i.e., illumination, shadow removal and occlusion, to be con-
sidered. Different approaches have investigated background subtraction
algorithms to cope with these challenges [55, 92].



Chapter 3

Attention Based Object Tracking

3.1 Introduction

Object tracking is a nontrivial task in which the tracker must estimate the
location and motion of a target while dealing with various issues like oc-
clusion, object shape deformation, data association and real-time process-
ing requirements [5].

Different approaches [4] have been developed that rely on a variety
of assumptions to simplify the problem. Examples of such assumptions
include assuming smooth target object motion such as, constant velocity or
constant acceleration motion, knowledge of the number and appearance
of the objects, and ignoring occlusion.

Several multiple object trackers have been investigated that simulates
human vision system using computational visual attention models. These
computational models are often based on the notion of saliency where a
salient object is described as a unique entity that should receive increased
attention [5, 11, 13, 28, 12]. This salient object must have some outstand-
ing features relative to its surround. For example, while one pink flower
among several white flowers is salient, it may not be salient if it is among
other pink flowers.

Most of these techniques have addressed the tracking of salient objects

41
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in each frame of the video and assume that the object to be tracked will
always remain salient. The effectiveness of these techniques is influenced
by whether target loss or occlusion in any frame. In other words, these
methods were not developed to tackle tracking of a target in challenging
situations such as when lighting might change, or occlusion occurs [5].
Therefore, there is a need to include information about the moving object’s
state (such as uncertainty) that can be used to drive the shift of attention
among different targets.

3.1.1 Chapter Goals

Motivated by the remarkable capability of human vision of motion percep-
tion and scene understanding, a new method is proposed in this chapter
that integrates a visual saliency computational model with an object track-
ing algorithm. The proposed method can shift attention from one moving
object to another. To achieve this main goal, the following objectives are
addressed in this chapter.

• Generation of Saliency Map

Detecting a salient object is an essential part of determining the inter-
esting objects in a frame. Here, moving salient objects are identified
using the pyramidal computational approach of Itti et al. [14]. In-
stead of using all Itti’s features, initially, a colour feature is used to
detect specific coloured targets for demonstration purposes. In fu-
ture, can be used with a broader set of features that can have a direct
impact for detecting motion from the scenarios.

• Integration of saliency and tracker

The second objective of this chapter is the integration of saliency de-
tection with a tracker. The information of the interesting region val-
ues is considered as salient location consisting of targets. To achieve
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this objective, the centroidal information of any detected salient ob-
jects is computed and used as an input to the tracking system to es-
timate the future location of the objects.

• Maintenance of the tracks during tracking

Associating the information of the detection with tracking in each
consecutive frame is another crucial task during object tracking.
Here, Mahalanobis distance [93] has been used to measure the con-
sistency of object detection with expected target locations. The de-
tection in each fame is linked with tracking information using this
distance.

• To construct the attention shift based tracker

A new attention shift based tracker is proposed that uses the saliency
map and object’s state uncertainty information to direct attention
from one object to another. This kind of tracker has a direct im-
pact on tackling complicated situation such as occlusion, illumina-
tion changes and a moving camera.

3.2 The Proposed Model

This section explains the proposed system in which the visual attention
computational model is integrated with the tracking algorithm to track
and shift attention to salient targets. The proposed model, referred to as
attention shift tracking (AST) is shown in Figure 3.1. The system has four
modules, detection, association, tracking and attention shifting. These
modules each contribute to the estimation of the trajectory of the moving
objects across a scenario.

The following steps briefly describe how the tracker shifts attention
when integrated with saliency information in the proposed model.
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Figure 3.1: The proposed attention shift tracking (AST) model.

1. Extract the frames from the video using a simple frame grabber.

2. Compute the saliency map using the colour feature of the Itti et al.
[14] computation model (more details in section 3.2.1).

3. Detect salient objects and compute centroidal information.

4. Feed centroidal information into the tracking algorithm to create the
track of the detected objects (refer to section 3.2.3 for details).

5. Associate the estimated tracks with detection to maintain the track-
ing information (as discussed in section 3.2.2).

6. Drive the attention of the tracker from one object to another using
the object’s state uncertainty information (refer to section 3.2.4 for
details).
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3.2.1 Module 1: Object detection

In the first module, labelled as ‘Object detection’ in Figure 3.1, the com-
putation of saliency takes place. In the proposed model, saliency deter-
mination has been completed using a visual attention computation model
based on Itti et al. [14] (refer to Section 2.6 on page 24 for details). The
traditional Itti model uses low-level features such as colour, intensity and
orientation.

We have used colour as the main feature to extract saliency, as shown in
Figure 3.2. The Gaussian filter is applied to this feature to generate Feature
Maps using center-surround mechanism. The conspicuity map is com-
puted by promoting the maps with the strong peaks. The final saliency
map is generated on the basis on this conspicuity map.

In this work, the saliency map is followed by the Otsu’s threshold-
ing method to enhance the contrast of the saliency maps. This method
chooses the threshold based on the observed distribution of pixels values
[94]. First, the image binarized, and then blob analysis is performed to
find the centroid locations of the connected regions of the salient objects
in each frame.

In [14], a Winner-Take-All (WTA) mechanism is used to select the most
salient location in the frame for fixation. The WTA mechanism is not used
in the proposed model in this chapter as multiple objects can be present
in a scenario which requires a technique to detect multiple centroids for
tracking. Itti’s Inhibition of return mechanism is also not needed as fix-
ation of gaze is tied by the uncertainty of the location of the object, as
explained in Section 3.2.4.

3.2.2 Module 2: Data Association

Data association is a necessary component that links detections from in-
put images and the known target during tracking. Different approaches
can be used to solve the correspondence problem between different data.
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Input Image

Linear filtering

Colour

Center-surround differences and normalization

Feature maps

Across-scale combination and normalization

Conspicuity maps

Saliency maps

Figure 3.2: Itti’s model based on visual attention using only colour feature
(redness) [14].

One prominent method is the Hungarian algorithm [95] that provides the
solution to the data association problem by minimizing the cummulative
cost between detected and estimated positions. In the preliminary system,
Mahalanobis distance has been used to measure the distance between the
predicted and the detected location of the object. The advantage of using
the Mahalanobis distance is that it considers uncertainty. The Mahalanobis
distance is computed as.

DM = (x− x̂)TP−1(x− x̂) (3.1)

where x is the detected location, x̂ is the predicted location and P is the
error covariance matrix.

The Hungarian algorithm is used if there are multiple target detections
from a single frame. It uses the sum of the Mahalanobis distance for each
track as the cost and assigns the detected objects to minimize the overall
cost.



3.2. THE PROPOSED MODEL 47

Figure 3.3: Track maintenance (a) Tracks remain the same in each time step
for every detection. (b) Tracks changes for the detections during tracking.

In this model, when there are new detections, then new targets are de-
fined as shown in Figure 3.3. The new targets are represented by a unique
number called track or detection ID. In Figure 3.3(a), the number of detec-
tions in a scene is shown that corresponds to the respective tracks at times
t− 1 and t. If there is an occlusion among different objects then tracks IDs
are assigned again to each detection for the track maintenance as shown
in Figure 3.3(b). The detection 1 corresponds to track 2, detection 2 corre-
sponds to track 1 and detection 3 corresponds to track 3 at time t− 1. At
time t the tracks corresponding to the detections are updated and main-
tained the detection and tracked information of the same object over the
time.

3.2.3 Module 3: Object Tracking

The purpose of this module is to estimate the trajectory of the moving
objects. Here, the predict-update framework of the Kalman Filter used
as the underlying tracking algorithm. The following sections describe the
configuration of the Kalman Filter’s used to develop the tracking system.
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3.2.3.1 Initial error covariance matrix

The initial error covariance matrix P determines the initial uncertainty in
the system when a new target is detected. We do not have any idea about
the initial state, and there is no correlation between the values. Hence, we
have low confidence that the initial state is close to correct values so. The
simulated frame size is 500 × 500 pixels. Here, following the initial error
covariance matrix is assumed for the constant velocity motion model:

P =


2002 0 0 0

0 2002 0 0

0 0 2002 0

0 0 0 2002

 (3.2)

Here, 200 is variance computed using the size of the input data in pixels.
The initial error covariance matrix used for constant acceleration motion
model is:

P =



2002 0 0 0 0 0

0 2002 0 0 0 0

0 0 2002 0 0 0

0 0 0 2002 0 0

0 0 0 0 2002 0

0 0 0 0 0 2002


(3.3)

3.2.3.2 Measurement Noise Matrix R

The measurement noise covariance matrixRmodels the uncertainty in the
sensors as defined in Section 2.3 on page 13. This R matrix format is used
for both of the constant velocity and constant acceleration motion model.
We have assumed that motion in the x and y directions are independent,
so the off diagonal covariance will be zero.

For calculating the measurement noise of the system, a simulated
dataset is used with circular object with radius 25. The saliency of this
object is calculated then centroid is found out by thresholding. The error



3.2. THE PROPOSED MODEL 49

covariance matrix R is calculated by subtracting these centroids from the
ground truth and summing the result. Finally, the Gaussian is fitted to
calculate the variance, that is the error distribution of the measurement, as
shown in Figure 3.4. The computed error covariance matric as follows:

R =

[
0.3790 0

0 0.3840

]
.

3.2.4 Module 4: Attention Shifting

In the proposed method, shifting attention is based on the relative state
uncertainty of each object. When there are multiple objects in a scene, at-
tention shifts to the object that is most uncertain. The uncertainty is char-
acterised as the area of the uncertainty ellipsoid described by P as shown
in Equation (2.4) in Section 2.3 on page 13.

When the tracker is paying attention to an object, it will keep collect-
ing measurements of that object’s location and update its state estimate ac-
cordingly. When it is not paying attention, then the uncertainty of the state
of that object will grow according to the Kalman filter prediction Equation
(2.4). If the tracker is required to keep predicting for a long time, then the
uncertainty in target location might grow so large that the tracker effec-
tively loses the target. When there are multiple objects in a scene, then
the attention will be shifted to the most uncertain object. There are differ-
ent methods to characterise the overall uncertainty in the object’s location.
The first possibility position variances summed together, and the tracker
shifts the attention to the object having higher variance. The second pos-
sibility also gives the same result when the uncertainty is measured by
finding the area of the ellipse associated with the state error covariance
using Equation (2.8) in Section 2.3 (on page 13).

We can use either method to find the area of the ellipse to alternate the
tracker attention because the object with the highest area value will get the
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Figure 3.4: Error distribution of the measurement noise (a) Error distribu-
tion in x direction, and (b) Error distribution in y direction.

attention of the tracker. In contrast, the object having the lowest area value
will get less or no attention.

In the given system, process noise indicates the deviation from the ob-
ject motion model in x and y directions. While shifting attention, process
noise plays an important role. If the process noise is the same for each
of the objects present in the scenario, then we would expect all the ob-
jects get the attention sequentially. When each object has different process
noise, then the object having the highest process noise should get more
attention. As it is hard to make predictions about the location of an ob-
ject with high process noise, so the uncertainty for that object grow more
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quickly. In this situation, Kalman filter should have more confidence in
the measurements.

Table 3.1: Summary of Datasets used in the proposed method. These
datasets are illustrated in Figure 3.5 and generated version is shown in
Figure 3.6

Scenarios Number of Objects Movement Main Challenge

1 1 straight/horizontal none

2 3 straight/horizontal none

3 1 projectile none

4 2 projectile none

5 2 projectile occlusion

6 4 straight/horizontal/in angle none

7 3 straight/in angle occlusion

8 2 in angle occlusion

3.3 Experiment Design

The primary purpose of the proposed tracking system is to update the
uncertainty information of the one target from a saliency map and keep
track of the salient targets. To evaluate the effectiveness of this system,
simulated datasets are used with different scenarios. The detail of these
scenarios is given in the this section.

3.3.1 Simulation Datasets

Different scenarios depict the multiple object movements, as shown in Fig-
ure 3.6 were generated as simulated datasets, as shown in Figure 3.5. This
testing is done with simulated datasets to ensure that the suggested plan
applies to complex real-time situations.

These datasets are summarised in Table 3.1. The frames of 500 × 500
pixels generated where circular shapes with radius 25 are drawn for each
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target. We have used random initial values for the object’s location in the
first frame and then increment the position of this object in the x and y di-
rections throughout the scenario. A constant velocity (or a constant accel-
eration motion model used with zero acceleration) to model these move-
ments.

There are mainly two types of scenarios base on occlusion. In Fig-
ure 3.5, the movement of the objects in each scene is illustrated. It can
be seen that in scenarios 1 and 2 objects move horizontally with constant
velocity without any occlusion. The state vector for the constant velocity
model is defined using the Equation (2.10) in Section 2.4.1 (on page 16):

The process noise Q used for generating the senario model with con-
stant velocity is as follows:

Q = 0.2


dt4/4 dt3/2 0 0

dt3/2 dt2 0 0

0 0 dt4/4 dt3/2

0 0 dt3/2 dt2

 (3.4)

where 0.2 is the variance of the random velocity noise assumed in both
direction.

Projectile movement is shown in scenarios three, four and five. In these
scenarios, the illustrated movement shows that objects are thrown upward
at an angle while moving horizontally with constant speed. After reaching
a height, the object falls following the symmetric path with which it moved
upward. The vertical acceleration with which the object will move in a
projectile is an acceleration of gravity which is −9.8m/s2. The state matrix
for the constant acceleration model used in these scenarios is defined in
Equation (2.22) in Section 2.4.2 on page 19.

The process noise Q used for generating the senario model with con-



3.3. EXPERIMENT DESIGN 53

Obj 1
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Obj 2

Obj 3

Obj 1
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Projectile motion
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Figure 3.5: Different scenarios have been created for simulation purpose.
From left to right and top to bottom, scenario 1 and 2 shows objects mov-
ing horizontally, scenario 3 and 4 show projectile motion of single and
multiple objects, scenario 5 shows the occlusion situation, scenarios 6, 7
and 8 show random movement of the objects.
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Figure 3.6: From top to bottom, frames at time t is shown from the scenar-
ios depicting movements illustrated in Figure 3.5.
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stant acceleration is as follows:

Q = 0.2



dt4/4 dt3/2 dt2/2 0 0 0

dt3/2 dt2 dt 0 0 0

dt2/2 dt 1 0 0 0

0 0 0 dt4/4 dt3/2 dt2/2

0 0 0 dt3/2 dt2 dt

0 0 0 dt2/2 dt 1


(3.5)

where 0.2 is the variance of the random acceleration noise assumed in both
directions.

3.3.2 Challenging Situations

The scenarios 6, 7 and 8 represent some challenging situations in that some
targets come close to each other and occlusion occur. The saliency infor-
mation of occluded targets combined due to which tracking estimation
becomes difficult as shown in Figure 3.6.

In the proposed method, we have used the Kalman filter to predict
the location of the occluded target’s location and solve this issue. The
uncertainty of the occluded targets increases as the tracker is not paying
any attention to these targets.

3.4 Results

The result section includes object detection and tracking result. The re-
sult of the simulated datasets are shown in Figure 3.7 and 3.8. Here, it is
discussed how the saliency result can affect the tracker’s shift of attention.
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3.4.1 Object Detection Results

In the proposed system, object detection is performed using a visual at-
tention computation model, as discussed in Section 2.6 (on page 24). Af-
ter measuring the saliency, thresholding is done for finding the centroids
of the objects. The saliency detection for different situations can be seen
in Figure 3.7. After saliency detection, we have manually annotated the
salient objects in the frame to construct ground truth. In scenario 8 the
saliency of different objects combined such as in frame 35, as shown in Fig-
ure 3.7 and cause the occlusion. Due to occlusion, the saliency information
of one of the object is not detected. This condition of occlusion is solved
by the Kalman filter which is used as a tracking algorithm by predicting
the location of the objects from the previous information when different
saliency measurements are combined or not found in some frames.

3.4.2 Object Tracking Results

The proposed model, as shown in Figure 3.1 is adopted to estimate the mo-
tion of the object by detection, association, attention shifting and tracking
modules. First, object detection is performed to find the saliency informa-
tion on the dataset then estimated response is computed using the Kalman
filter as discussed in Section 3.2.

The main objective of response estimation is to decide which target’s
location needs to be updating. In the proposed method, we update only
one target at a time or in other words, the tracker keeps its attention on
one object entirely. The tracker does not pay attention to the remaining
targets. If there is only one target in a dataset, then the tracker pays atten-
tion to this object only and updates its uncertainty information. If there
are multiple targets in a scenario, then tracker updates the location of the
most uncertain target as discussed in Section 3.2.4 (on page 49).

The estimated response is shown in Figure 3.8 of the tracking compo-
nent which is summarised in Table 3.2. The grey label “prediction” repre-
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Figure 3.7: Saliency detection of the scenarios shown in Figure 3.6.
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Figure 3.8: Estimation response of the scenarios shown in Figure 3.6.
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Table 3.2: Summary of object tracking result as shown in Figure 3.8.

Scenarios Object Estimated response Attention Shift Situation

1 1 correction none none

2 3 correction/prediction yes none

3 1 correction none none

4 2 correction/prediction yes none

5 2 correction/prediction yes none

6 3 correction/prediction yes none

7 3 correction/prediction yes occlusion

8 2 correction/prediction yes occlusion

sents that the tracker predicts the object location in the current frame and
the green label “correction” shows that the tracker has access to measure-
ment in estimating the object location. The detection ID is the rank number
given by the detection component when any object is detected. The track-
ing ID is the rank number provided by the tracker to the corresponding
detection.

3.5 Discussion

The discussion session includes the details about the uncertainty compu-
tation and how it affects the shift of focus between multiple targets. Here,
eight simulated scenarios discussed in Section 3.3.1 are used to explain the
alternation of attention. The tracker updates the most uncertain object and
then shifts focus to the next most uncertain target.

3.5.1 Uncertainty Shift of Attention

The tracker shift of attention is shown in the Figure 3.9. Here, the tracker’s
estimation response is represented by different colours. The red colour
represents the prediction, whereas the blue colour denotes the correction.
The shapes represent the number of targets.
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Figure 3.9: Attention Shift using uncertainty information. The prediction
is represented by the red colour and the correction is represented by blue
colour.
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The initial uncertainty is high due to the high initial error covariance
matrix. Later on, when the tracker updates the uncertainty information
of any target, then the uncertainty becomes low. The uncertainty becomes
high again when the tracker alternates its attention on the other targets.
This shift of focus between multiple targets is based on the uncertainty
computed by the tracker, as discussed in Section 3.2.4 (on page 49).

There is a single target in scenarios 1 and 3, and the uncertainty is low
in each frame as the tracker is paying attention to this target only as there
is no other object present at that time.

In scenarios with multiple targets, the tracker updates the most un-
certain targets first. For example, in frame 20 of scenario 2, the tracker
updates the most uncertain target and the uncertainty of the other target
increases due to this shift of attention. In frame 21, the tracker again shifts
focus to the next most uncertain target.

There is occlusion in frame 31 of scenario 8, as shown in Figure 3.9.
The tracker predicts the location of occluded target in frames 31 to 46 and
updates another available target. The focus of attention is shifted again
to the occluded target in frame 47 when it is detected again with high
uncertainty.

The covariance error ellipse shows the region of the set of observations
drawn by the state estimation error covariance as discussed in Section 3.2.4
on page 49. The red and blue coloured ellipses represent the prediction
and correction step of the tracker, respectively, and the size of these ellipses
depends on the tracker’s uncertainty as shown in Figure 3.10.

The proposed method is evaluated using the mean square error be-
tweem true and estimated state, as shown in Figure 3.11. The estimated
location and true locations are compared by indicating the error rates as
shown in Figure 3.11. The target with the lowest error gets the tracker’s
attentions where other targets having the high error, get no or little atten-
tion.

The occluded object in scenario 8, as shown in Figure 3.11, has a high
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Figure 3.10: State estimation confidence ellipses for the scenarios intro-
duced in Figure 3.6 with the same process noise.
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Figure 3.11: Means square error plots for scenarios shown in Figure 3.6.
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error as the tracker is predicting the location of this object. The error of
this object is minimised when its location is detected and updated by the
tracker.

Figure 3.12 shows that the true value is consistent with the estimated
location by plotting the response of the tracker. The Kalman gain is shown
in Figure 3.13. Initially, due to high error covariance value, the tracker is
confident that the measurement is good enough and update the estimate.
As a result, the Kalman gain arises initially in each plot. In the later frames,
the filter reaches a steady state value.

3.6 Process Noise Effects

The process noise plays an important role in determining when the tracker
shifts attention from one target to another, as discussed in Section 3.2.4 on
page 49. This analysis helps in testing the distribution of attention shift
process and can help in the implementation of a real system. Here, a
constant velocity motion model is used for the first two simulations and
constant acceleration is used for the third simulation as discussed in Sec-
tion 2.4. The process noise matrices for both motion models are shown in
Equations (2.20) and (2.32).

3.6.1 Process noise with the same variances σ2w in x and y

direction.

There is a sequential shift in attention, as shown in Figure 3.9 when there
is same process noise in the system. If the targets in a scenario have dif-
ferent process noise, then the target with the highest process noise gets the
tracker attention as shown in Figure 3.14.

Different process noise is used for each target to analyse the Kalman
filter response using scenario 2, as shown in Table 3.3 with the same vari-
ances σw

2 in the x and y directions. Here, the process noise affects the
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Figure 3.12: Kalman gain output for scenarios shown in Figure 3.6.
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Figure 3.13: Kalman Filter response vs true value of x and y locations are
plotted for scenarios shown in Figure 3.6. Two plots drawn for each sce-
nario, i.e., first plot is for x location and other is for y location.
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error covariance and uncertainty of the targets. The target with high pro-
cess noise has more chance of getting the tracker’s attention than the other
targets.

Table 3.3: Simulation 1: Different variance value is used with process noise

Objects Variance value Ellipse shape

1 σw2 = 10 Circular

2 σw2 = 50 Circular

3 σw2 = 500 Circular

3.6.2 Process noise with the different variances σw2 in x and

y direction

In the second simulation, for two targets, difference variance value in x
and y direction are used for the process noise, as shown in Table 3.4.

As expected, the uncertainty of the target’s state estimates having equal
variance in both directions grows. The tracker pays most of the attention to
this target to minimise its uncertainty. The third target has higher process
noise variance in x direction then a y direction. Due to that it gets the
second most attention from the tracker as shown in Figure 3.15.

3.6.3 Process noise with the different variances σw2 in x and

y direction

In the third simulation, targets follow the constant acceleration motion
model, as shown in Figure 3.16 with different variance values as listed in
Table 3.5.

The response of the Kalman filter of this simulation is the same as pre-
vious simulations. The object with higher process noise gets most of the
attention of the tracker.
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Table 3.4: Simulation 2: Different variance value is used with process noise
in x and y direction.

Object Variance-x direction Variance-y direction Ellipse shape

1 σw2
x = 1 σw2

y = 25 Oval

2 σw2
x = 100 σw2

y = 100 Circular

3 σw2
x = 500 σw2

y = 10 Oval

Table 3.5: Simulation 3: Process noise used for testing Scenario 2 with the
different process noise in x and y direction for each object.

Objects Process noise Ellipse shape

1 σw2 = 0.2 Circular

2 σw2 = 10 Circular

3 σw2 = 50 Circular

3.7 Conclusion

In this chapter, a saliency-based multiple object tracking system was de-
veloped by combining a visual attention computational model and a
Kalman filter. The overall major contribution is to develop an effective
multiple object tracking system that can replicate aspects of the human
vision such as shifting attention from one target to another in a complex
environment.

The proposed method was able to handle occlusion and predict the
location of an occluded target. The results show that the mean square
error is high between the estimated and the true locations for the occluded
object as the tracker is not paying attention.

Experiments with different scenarios, as discussed in this chapter show
that the proposed tracking system effectively shift attention from one tar-
get to another. Currently, we have used the RGB-based saliency method
to detect objects. In the next chapter, we compared two colour spaces that
can be used with saliency method.
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Figure 3.14: Kalman filter output for scenario 2 having three objects with
different process noise as shown in Figure 3.6.
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Figure 3.15: Kalman filter output for scenario 2 having three objects with
different variance value in x and y direction as shown in Figure 3.6.
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Figure 3.16: Kalman filter output for scenario 2 having three objects with
different process noise in x and y direction This scenario is shown in Fig-
ure 3.6.
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Chapter 4

Motion Saliency

The human vision system (HVS) pays more attention to the moving objects
than the static areas. Due to this fact, motion becomes one of the impor-
tant features of the visual attention model. The overall objective of this
chapter is to integrate motion feature to the visual computational model
and incorporated into an object tracking system to detect salient moving
objects from video. To implement this objective, several sub-features such
as colour, colour change between different frames, optical flow estima-
tion and background subtraction are explored, and the appropriate feature
combinations are chosen for further experimentation.

4.1 The Proposed Model: Motion-Based

Saliency Detection (MSD)

This section describes how a visual attention model performs efficient de-
tection of moving objects. The proposed motion-based saliency detection
(MSD) model is shown in Figure 4.1 that contribute towards building the
final object tracking system. As the figure shows, the first step involves the
conversion from the RGB colour space to the HSV colour space. This con-
version can help specify the colours as HSV colour space is non-linear and

73
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represent the human perception. In the second step, several mid-level fea-
tures are extracted to generate the saliency map (SM) using the pyramidal
approach of Itti’s feature model [14].

The reason for using this low-level feature-based model is because it is
computationally more efficient than other models that use high-level fea-
tures for saliency detection. The low-level features of Itti’s original model
include colour, intensity and orientation but no feature that relates to mo-
tion. For motion analysis, we have added new mid-level features to the
basic colour feature of this model. The reason for adding new features is
to generate a quality saliency map and to demonstrate our proposed mo-
tion saliency mechanism. By adding these new features, a framework is
developed for motion-based saliency detection model that can be used for
target feature detection.

The proposed MSD model is divided into three main tasks:

1. Colour Space Conversion
The red (R), green (G), blue (B) channels of each frame are converted
into the equivalent Hue (H), Saturation (S) and Value (V) compo-
nents. Detailed analysis on these colour spaces is done in Section 4.2.

2. Feature Extraction
In this second step, the new motion detection based mid-level fea-
tures is computed along with a modified low-level colour feature
based on Itti’s feature model. The detailed implementation and per-
formance of these features are explained in Section 4.3, but in brief:

(a) The first feature (green box in Figure 4.1) is the modified ver-
sion of the basic colour feature of the Itti’s attention model. We
threshold the components of HSV frames to find the specific
coloured targets. Thresholding is done by selecting the required
coloured values from the Hue channel.

(b) The second feature (grey box in Figure 4.1) includes several sub-
features for motion analysis, namely colour change, optical flow
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Figure 4.1: The proposed MSD model.

and simple background subtraction.
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i. The first motion sub-feature is the colour change feature
based on the temporal differencing (i.e. the current frame is
subtracted from the previous frame to detect the HSV-based
colour difference between the consecutive frames). The re-
sult of this feature extraction are the salient moving regions
from the frames.

ii. Optical flow is the representation of the displacement of
pixels in video sequences. The current and previous HSV
frames of the scenario are used to estimate the flow us-
ing the layer-wise method by creating a mask. The de-
tailed analysis on the optical flow feature is given in the
Section 4.4.2.

iii. A simple background subtraction technique is incorporated
as the third feature to analyse motion. It has been computed
using a reference image either selecting manually or aver-
aging several previous frames. This reference image is sub-
tracted from the current image to detect moving object.

3. Pyramidal processing
The third step is the computation of the motion saliency map. We
have used pyramidal approach of Itti et al. [14] model that uses a
Gaussian filter applied after the computation of the features to pro-
duce the feature map using a center-surround mechanism. Finally, a
saliency map which represents the saliency is generated by the com-
bination of the conspicuity maps.

To achieve the main steps of the proposed system, we have performed
the following sub-tasks:

1. We have created several datasets, each with multiple objects in con-
trolled scenarios with variability in the object’s location. To make
these scenes close to real-world situations, we have included com-
plicating factors such as changes in illumination, object occlusion
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and moving camera. We have recorded manually drawn the ground
truth of these datasets to evaluate the performance of detection.

2. We conducted some preliminary experiments to compare the HSV
and RGB colour spaces when studying the main colour and motion
feature to identify which one is the best to use with the proposed
detection model. As a result, the colour space of the visual attention
computation model in [14] is modified and converted from RGB to
HSV colour space. The detailed analysis of this modification is giv-
ing in Section 4.2.

3. Different features such as colour, colour change, optical flow and
background subtraction are used to detect motion as discussed in
this chapter. The colour feature is thresholded to a specific colour
to detect known coloured targets only. The colour change feature
uses the temporal differencing method that uses consecutive frames
to identify motion. Optical flow is another popular method to esti-
mate flow between consecutive frames caused by the relative motion
of the observer and the scene. Here, we used flow information to de-
tect motion saliency in challenging situations such as camera moving
and illumination changes.

Background subtraction is used as one of the features because it can
adapt changes in background, i.e., illumination changes in the sub-
sequent frames.

4. To demonstrate the computation of the saliency map we have com-
pared two approaches. The first is the Gaussian pyramidal approach
as in the work of Itti et al. [14] while the second is a non-pyramidal
processing approach. The pyramidal approach is sensitive to the
presence a local region that is different from its surrounds, while
the non-pyramidal approach is sensitive to the presence of a fea-
ture itself. In this chapter, each feature is computed using the both
approaches and the results compared with each other to evaluate
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performance. To test the performance of the system without pyra-
midal processing, we created the saliency map directly from the
colour and motion features (essentially, removing the entire low box
in Figure 4.1 except for the feature integration module.). The non-
pyramidal approach saves the extra computation required for find-
ing the salient feature without any fixation mechanism.

5. We integrated the features to analyse the performance of the system.
The integration of the saliency maps from the different features is
performed using arithmetic operations such as addition and multi-
plication.

6. The area under the Precision-Recall curve [96] metric is used to eval-
uate the quality of a motion saliency maps using different threshold
values. Precision is defined as TP/(TP + FP), where TP is true pos-
itive and FP is false positives. Recall is defined as as TP/(TP + FN ),
where FN false negatives. If the curve is higher and having low Re-
call values, then the saliency map is considered as good because it
identifies more salient locations with respect to ground truth. In our
work, the curves of various features are compared with a ground
truth map to evaluate performance.

4.2 Colour Space Analysis

One of the important features for a visual attention model to compute
saliency is colour. Colour space is a specific representation of colour and
has an important role in defining the overall target’s appearance and de-
tect salient regions for image understanding and analysis [97]. Different
methods have been developed that used the colour feature to detect a
salient object from a scenario [97, 41]. For the proposed motion saliency
system, we would like to use the colour space that can generate saliency
maps effectively, regardless of challenging situations. Here, we have given
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Figure 4.2: Sample images (a) MSRA-1000 (b) MSD-82.

a detailed analysis by defining the overall image content in term of the
RGB or the HSV colour spaces to be used with the proposed system.

Experiments were carried out on different datasets to measure the
performance of object detection using HSV colour space instead of RGB
colour space. The effectiveness of these experiments is evaluated using the
Precision-Recall curve, which is used to compare the quality of a saliency
map with ground truth map. A good saliency map is the one that exhibits
the high similarity with the ground truth.

4.2.1 Experimental Evaluation

To evaluate and generate the saliency maps, we have used two datasets.
Examples from each dataset are shown in Figure 4.2 that are explained as
follows:

1. MSRA-1000 Dataset
The first dataset is the MSRA-1000 that we have used to calculate the
Precision-Recall curve over the entire 1000 image saliency dataset.
This dataset is a subset of the MSRA-5000 dataset with the accurate
human-labelled ground truth of saliency regions [98]. This dataset
has various types of contents with different simple backgrounds.

2. MSD-82 Dataset
We have created this dataset having 82 frames in which different
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Figure 4.3: Sample images with the histogram represeting the individual
channels of RGB colour space.

moving or stationary objects of various sizes are present. The main
purpose of creating this scenario to have a very controlled dataset
with variability in the objects. This scenario is recorded indoor with
a simple background. The ground truth is created with all the objects
are marked as salient in this dataset.

4.2.2 RGB colour space analysis

RGB model is a non-uniform colour space in which each colour is de-
scribed by spectral components of red, green and blue. These components
are perceptually non-uniform as the Euclidian distance between colours in
the RGB space does not correspond to colour differences perceived by hu-
mans [70]. High correlation is present among these components because
of the dependence on intensity [71].

Itti et al. [14] used the RGB colour space to extract the Red, Green, Blue
and Yellow colour channels. Further, these extracted colour channels were
normalised to decouple hue from the intensity. The Red-Green and Blue-
Yellow colour opponencies were created for the colour channels. These
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opponencies are created to replicate the human vision as HVS processes
colour information by assuming the Red-Green and Blue-Yellow colour
opponencies. The following equations form the different channels of RGB
colour space using red (r), green (g) and blue (b) components:

R = r − (g + b)

2
(4.1)

G = g − (r + b)

2
(4.2)

B = b− (r + g)

2
(4.3)

Y =
(r + g)

2
− (r − g)

2
− b (4.4)

RG = (R−G) (4.5)

BY = (B − Y ) (4.6)

Here, the r, g and b are the raw pixel pf red, green and blue channel’s data
whereas R, G and B are the calculated normalised colours. The opponent
colours Red/Green and Yellow/Blue are simply defined as the difference
between the red, green, blue or yellow colours. In the visual cortex, the set
of opponent colours represents a “colour double-opponent” system. One
colour (e.g., red) excites the neuron in the centre and the other colour (e.g.,
green) inhibits, whereas the converse is true in the surround [14].

The components of the RGB colour space are highly correlated because
the change in these components depends on the intensity change. If the
intensity changes in an image then all three components will change ac-
cordingly [71].

First, we have generated the normalised histograms of MSRA-1000
dataset as shown in Figure 4.3 to check the tonal distribution of the in-
dividual channels by plotting the number of pixels for each tonal value.

Each histogram describes the tonal distribution of each channel in an
image by plotting number of pixels for each tonal value. The horizontal
axis of the histogram represents the distribution by characterising the left
side as the dark regions, middle represent the grey, and right-hand side of
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Figure 4.4: Sample images from the saliency maps using MSRA-1000
dataset.

the axis represents the white areas in an image. The histogram of the sam-
ple images shows that the components of RGB colour space have similar
distributions.

We have then created saliency maps using the RGB colour space to see
the effect of the individual channels in defining the overall salience of the
image content. We have used the red coloured value on the saliency maps
to generate the Precision-Recall score. The MSRA-1000 dataset, as shown
in Figure 4.4 has shown a good Precision-Recall score mentioned as for
the Red saliency map as compared to the other channels. This is because
this dataset has many red coloured salient objects. Whereas the MSD-82
dataset as shown in Figure 4.5(a), has shown better Precision-Recall score
for the Green component than the Red component. The Red component
performs poorly in defining the saliency for this dataset as some patches of
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Figure 4.5: Sample images with saliency maps (a) MSD-82. (b) Precision-
Recall performance evaluation.

the background are closer to red. With this analysis, we can notice that the
individual channels of RGB colour space perform according to the colour
information present in an image. This can be seen using the Precision-
Recall curve for the RGB individual channels is shown in Figure 4.5(b)
where Red channels perform higher for the MSRA-1000 dataset as com-
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Figure 4.6: Sample images with the histogram representing the individual
channels of HSV colour space.

pared to another dataset where red colour content is not salient.

4.2.3 HSV colour space analysis

A non-linear HSV colour space represents the human perception using
Hue (colour), Saturation (colour depth) and Value (brightness) compo-
nents that can specify colour in an intuitive manner. The desired hue can
be selected and modified using the specific values of the saturation and
value. It separates the luminance component from the colour information
that is helpful in the various object detection applications [69, 5].

In the proposed system, we have used HSV instead of RGB colour
space. Hue represents the colour; Saturation describes the colour depth
and depends on the amount of white light mixed with Hue. Value is the
brightness of the colour. Saturation and Value described in percentages
from 0 to 100%. The equations that are used to convert the RGB colour
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space into the HSV colour space are as follows:

V = max(R,G,B) (4.7)

S = V −min(R,G,B)/V (4.8)

H =
G−B
6S

, if V = R (4.9)

H =
1

3
+
B −R
6S

, if V = G (4.10)

H =
2

3
+
R−G
S

, if V = B (4.11)

First, we have generated normalised histograms to check the tonal distri-
butions of the individual HSV component. As shown in the Figure 4.6, the
information of the colour, shade and brightness are not correlated and can
be separated. The histograms of the Hue and Saturation show the even
distribution and spread over the horizontal axis.

The Value component’s histogram shows the significant rise in the
middle of the axis as it represents brightness in the image. These channels
can be used as the individual component or in combination for detecting
the salient regions from an image. We can detect specific targets by using
the specific colour values of these channel’s histograms. The experiments
on thresholding for detecting specific target is explained later in this chap-
ter for the target feature detection.

Then, we have generated the saliency maps using HSV colour space
using Itti model [14] to analyse the performance of individual component
of the HSV colour space in identifying the saliency from an image. As
shown in Figure 4.7, the Value component of the HSV colour space has
given higher precision recall score by detecting the brighter region more
effectively than the Saturation or Hue components.

The Itti model [14] using the bright salient areas information to shift
the focus of attention after a series of normalisations that promotes feature
maps with a small number of the strong peak while suppresses other maps
in an image. The Hue component performs poorly as it detect irrelevant
colour information from the background.
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Figure 4.7: Sample images with saliency maps (a) MSRA-1000 dataset with
Histograms for each channel (b) MSD-82 Dataset. (c) Precision-Recall per-
formance evaluation

The saliency maps generated using the combination of different
channels of HSV colour space such as Hue-Saturation, Hue-Value and



4.2. COLOUR SPACE ANALYSIS 87

Saturation-Value components have shown better performance compared
to the use of the individual components. As shown in Figure 4.7, the
Saturation-Value combination shows high Precision-Recall score in detect-
ing the brighter shaded salient objects whereas the Hue-Value combina-
tion also achieved high Precision-Recall score while identifying the bright
salient region using the Hue information as shown in Figure 4.8. In both
cases, the Value component played a significant role while detecting the
intensity using the Hue or Saturation information.

We have tested the HSV-based Itti model on MSD-82 dataset as shown
in Figure 4.7. This analysis is necessary to check if we get a similiar
performance by using the HSV colour space for generating the saliency
maps as with the MSRA-1000 dataset. This current dataset has differ-
ent coloured objects. The Value component gives high performance as
shown in Precision-Recall curve as it detects the brighter region from the
frames better than the other components of the colour space. When the
Value component is combined with Hue and Saturation similar good per-
formance can be seen from the same plot.

The Hue and Saturation component, give poor performance when
analysed individually as these elements detect irrelevant colour informa-
tion from the background. From these experiments, we can suggest the
Value component as an essential part in detecting saliency areas in from
the images.

If we combined all channels HSV colour space and RGB opponencies,
we can notice using Figure 4.8 that if HSV colour space is used with all its
channels then it gives a higher Precision-Recall score in detecting saliency
then the highly correlated RGB colour space. This analysis confirms our
intuition that HSV colour space should be more robust to lighting changes
than the RGB colour space. Especially, the Value component and the com-
bination of the Value components with another HSV components can im-
prove the detection of the salient objects from images, when compared
with the RGB alternative.
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Figure 4.8: Sample images from the result of analysis of combination of
RGB and HSV using the MSRA-1000 and MSD-82 datasets.

4.2.4 Non-Pyramidal Processing

In the previous experiments, we have used the pyramidal approach of
Itti et al. [14] to extract the most relevant irregular visual features using
the local contrast by finding then the difference between a region and its
surroundings. Here, Itti used a low-pass filter and sub-sampled the input
image by a factor of 2 at each stage, forming a dyadic Gaussian pyramid
for each feature in this model.

The main advantage of using Gaussian pyramids is the efficient ap-
proximation of center-surround contrasts. This center-surround local con-
trast extracts the salient objects at various scales. Normalisation is used
in the pyramidal approach to suppress the different centre-surround con-
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Figure 4.9: Saliency Map generation using the non-pyramidal approach.

trast maps with different peak responses. In our experiments this tech-
nique extracts unusal colours while suppressing feature maps with many
comparable peak responses and promotes feature maps with few strong
peaks.

In this section, we are interested in testing the performance of the fea-
ture extraction with the top-down non-pyramidal approach to extract any
salient colour. The HSV components are extracted using the original im-
age as shown in the model diagram in Figure 4.9. These components are
normalised using iterative normalisation algorithm as proposed by Itti et
al. [14] to values between 0 and 1 and then iteratively convolved by a large
2D difference of Gaussians (DoG) filter. After each iteration, negative re-
sults are discarded. The DoG based normalisation is highly effective in
supressing unwanted noise and strengthening the strong peaks.

The three normalised HSV colour space features are summed to pro-
duce a final saliency map. Here, we have used simple summation for
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Figure 4.10: Sample images (MSRA-1000 and MSD-82 datasets) by using
non-pyramidal approach (a). Precision-Recall performance evaluation (b)
and (c).
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integration as the three HSV components are highly uncorrelated. This
integration result is further normalised using the same Gaussians (DoG)
filter to suppress any further unwanted noise.

After the final normalisation, a Gaussian filter is used to smooth the
result to reduce noise and enhance the overall image. We have used an
appropriately sized Gaussian filter with a standard deviation of 8 pixels
and kernel size 65×65 pixels by selecting manually.

As shown in Figure 4.10, the results are similar to our previous pyra-
midal approach. The saliency map generated by the RGB non-pyramidal
approach shows lower Precision-Recall curve than the HSV colour space
due to the high correlation between the RGB components as previously
discussed. The saturation and value (SV) combination has also shown
similar high performance using non-pyramidal processing as it extracts
the shades from the image instead of Hue. Whereas, the individual Value
component using non-pyramidal approach has shown a lower perfor-
mance in the absence of the local contrast extraction technique of the pyra-
midal approach. This is because it tries to extract the brighter region from
the image which may or may not be salient.

The overall feature extraction using non-pyramidal performance is bet-
ter than the pyramidal processing. It is due to the fact that Itti attention
model [14] extracts local contrast from the features for fixation. The lo-
cal contrast extraction process is similar to the human perception. In the
non-pyramidal approach, the overall features of the image are considered
and does not fixate on one point but on the whole object. That is why the
non-pyramidal approach is better when detection of the whole object is
required. Whereas the performance of the pyramidal approach depends
on the content of the image. If the object to be detected is small then the
whole object will be considered for fixation. If the object to be detected is
covering most of the image then only some parts of the object will be con-
sidered as salient. In this case, the non-pyramidal approach detects object
better than the pyramidal approach.
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Figure 4.11: The modified version of colour used in the proposed MSD
model. (this is a subset of Figure 4.1).

4.3 Colour feature computation

The previous experiments have demonstrated the effectiveness of the HSV
colour space in detecting general salient features using pyramidal or non-
pyramidal approach. However, in many tracking tasks we are interested
in finding known targets such as those of a particular colour. We, there-
fore, would like to know which colour space is most effective in finding
targets of known colour. We have used the colour feature to measure the
performance of the system to find a particular coloured object. The sub-
set of Figure 4.1 is shown in the model diagram of colour feature in Fig-
ure 4.11. As shown in Figure 4.11, the current frame is converted from RGB
to HSV. After this conversion, the colour feature is extracted using thresh-
olding. Thresholding is a segmentation method to divide the image into
some pre-specified colour values to detect specific targets from a frame.
Here, colour based thresholding is done using the known coloured values
of the targets for creating a binary mask for each of the components of the
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Figure 4.12: Sample images (a) MSD-45 (b) MSD-47.

colour space, as explained in Section 4.3.2. The colour feature extraction
is followed by the Itti pyramidal approach to generate the saliency map
based on the colour feature.

4.3.1 Experimental Evaluation

To evaluate and generate the saliency maps for the colour feature, we have
created two datasets as follows:

1. MSD-45 Dataset
As shown in Figure 4.12, the MSD-45 dataset has 45 frames with
a different number of moving objects. These objects are of various
colour with one red object in each frame. We have used this dataset
to evaluate the colour feature to detect a target. The ground truth
of this dataset is drawn by using a binary mask on the red object
present in each frame.

2. MSD-104 Dataset
The second dataset has an orange object in each frame along with
other coloured moving objects. The ground truth is created by draw-
ing a binary mask on the orange coloured objects present in each
frame. The background is simple having some amount of illumina-
tion in the middle in every frame.
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Figure 4.13: Colour thresholding technique used in our system. (this illus-
trate the working of the feature extraction box of Figure 4.11.)

We have compared the Itti model using the RGB and HSV colourspaces
to detect a particular coloured target, as shown in Figure 4.12. To find the
specific coloured target, we have thresholded the RGB and HSV colour
space separately. The detail of the thresholding process is explained in the
next section.

4.3.2 Colour Thresholding

Colour thresholding is a segmentation technique to partition an image ac-
cording to the predefined colour values. We used the predefined colour
values to specify a mask to segment each component of the colour space
separately. These masks are then combined using the logical AND opera-
tion. The AND operation keeps the common pixels from the foreground
if all three components of the colour space lie within the selected thresh-
old. Figure 4.13 illustrates the working of the feature extraction box as
shown in Figure 4.11. The colour space of the current frame is converted
from RGB to HSV. The components of HSV colour space are then thresh-
olded to extract the target colour. The thresholded HSV components used
to create the Gaussian pyramids using the Itti model.
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Figure 4.14: Colour thresholding technique (RGB colour space) used to
compare Itti model with thresholded HSV colour space as shown in Fig-
ure 4.13.

We have thresholded RGB colour space to compare with the perfor-
mance of the system with thresholded HSV colour space. As shown in
Figure 4.14, RGB components are designated to specific colour values to
extract the target colour. The minimum and maximum threshold levels are
defined using a colour thresholder application of Matlab software. These
levels are used to create the mask for each component. These components
are combined using the AND operations to keep the common pixels to
define the target colour.

4.3.3 Target Detection Results

We have used the MSD-45 and MSD-104 dataset to analyse the perfor-
mance of the colour thresholding method using the RGB and HSV colour
space. The frames from these datasets are thresholded, as explained in the
previous section. For the MSD-45, we have used red colour for threshold-
ing whereas for the MSD-47 orange colour values are used as threshold
level. The RGB and HSV colour space used these threshold level to extract
the target colour.

Some sample results are shown in Figure 4.15. The HSV saliency maps
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Figure 4.15: Result images (MSD-45 and MSD-104 datasets) using the
pyramidal and non-pyramidal approach (a). (b)Precision-Recall perfor-
mance evaluation.

give better performance as compared to RGB in term of detecting coloured
objects from the original images in both of the cases. It is because HSV
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components decouple the Hue from the intensity and can be tuned to iden-
tify specific target feature quickly.

The thresholded Hue-Saturation combination also shows a good per-
formance as this combination considered the Hue and shades to detect the
specific colour from an image. Whereas the thresholded Saturation-Value
combination gives a low performance as here, saturation tends to pop-out
the colour close to the target colour that results in the detection of other
similar shaded objects. So for pure colour segmentation using the HSV
colour space is better than Saturation-Value as Hue gives the information
about target colour values.

The non-pyramidal and pyramidal version has shown similar perfor-
mance while detecting the target with known colour as shown in Fig-
ure 4.15. For MSD-45, both of the approaches show nearly equal perfor-
mance whereas the non-pyramidal approach has shown high Recall val-
ues for the MSD-47 dataset.

4.4 Motion feature Computation

Previously, we have used the colour feature to identify the specific
coloured objects from a scene. The colour feature is computed using a sin-
gle frame separately, which is beneficial when a particular target needs to
be identified. There is no information about the change of colour informa-
tion between two consecutive frames. If this change of colour information
is computed between two frames than motion can be calculated to detect
all the moving object from a scene. The motion feature is an important
feature that can detect changes in the position of an object relative to its
background. The colour feature as discussed in Section 4.2.3 and the mo-
tion feature can be combined to identify a specific coloured target that is
moving from one frame to another. We have implemented the motion fea-
ture using several sub-features such as colour change, optical flow analy-
sis and background subtraction. The detail implementation of the motion
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feature using sub-features is as follows:

4.4.1 Colour Change

The colour change feature plays an important role in identifying mov-
ing objects in a scenario. Here, we have used the temporal differencing
method [83] to identify this colour change between consecutive frames in
a video sequence. Temporal differencing is used to detect moving objects
by taking the difference of consecutive frames t− 1 and t. We computed
this feature using HSV colourmap with pyramidal and non-pyramidal ap-
proaches for motion detection which is as follows:

4.4.1.1 Colour change analysis using the pyramidal approach.

Itti et al. [14] have used a pyramidal approach to detect a salient object
from an image using the local contrast of the difference between a region
and its surroundings, as discussed in Section 4.2.4. To compute the colour
change information between two consecutive frames in a video sequence,
we have compared two approaches using pyramids that are as follows:

1. In the first approach, as shown in Figure 4.16(a), we have computed
the difference between the current and previous video frames using
the temporal differencing method. The resulted frame is then further
process by the pyramidal approach to detect salient objects. Here,
nine spatial scales using Gaussian pyramids are formed consisting
of the low-pass filtered versions of the resulted frame. The resulted
frame is sub-sampled by a factor of 2 at each stage. The input frames
are converted from RGB colour space to HSV space using the same
procedure as described in Section 4.2.

2. In the second approach, the first nine spatial scales using dyadic
Gaussian pyramids are created consist of a low-pass filtered version
of the input image. This version is sub-sampled by a factor of 2
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Figure 4.16: Colour change feature to detect motion (this is a subset of
Figure 4.1) using the pyramidal approach (a) First approach (b) Second
approach.

at each stage and represent the smaller objects. These nine spatial
scales of the current and previous frames are subtracted to compute
the colour change feature between consecutive frames, as shown in
Figure 4.16(b).

When comparing these two temporal differencing methods using the
pyramidal approach, we got the same results as shown in Figure 4.17. It
does not make a difference if we subtract the consecutive frames before or
during the pyramidal processing. Therefore, we can choose either method
of temporal differencing when using pyramidal processing.
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Figure 4.18: Colour change feature using the non-pyramidal approach.

4.4.1.2 Colour change analysis using the non-pyramidal approach.

In the non-pyramidal approach, colour change feature is computed by
subtracting the current and previous frames. Figure 4.18 shows the simple
model in which the RGB colour space is converted to HSV colour space
for each frame. Each channel of the current frame is subtracted from the
corresponding channel of the previous frame. The output image after the
temporal differencing is processed by the non-pyramidal approach as dis-
cussed in Section 4.2.4.

We have used the MSD-45 and MSD-104 datasets as shown in Fig-
ure 4.12, for the analysis of colour change feature using pyramidal or non-
pyramidal processing. The ground truth of these two datasets is drawn
again using the binary mask to mark only the moving objects present in
these datasets.

The sample images and the Precision-Recall curve, as shown in Fig-
ure 4.17 show the performance of the moving object detection using pyra-
midal and non-pyramidal approachs. It can be seen that HSV colour space,
when used with all components, is highly adaptive in detecting salient
moving objects. The Precision-Recall score of the non-pyramidal approach
is higher than for the pyramidal approach. The HSV-based pyramidal pro-
cessing show performance as temporal differencing using the HSV colour
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space detected some of the trailing regions, also called as ghost regions.
These regions become prominent using the centre-surround differencing
at various scales. Whereas in non-pyramidal processing, these ghost re-
gions are blurred using the Gaussian filtering and standard normalisation.
The individual Value and combination of Value component with Satura-
tion component have also performed effectively using the non-pyramidal
approach because the Value component helps to extract the brighter re-
gions while detecting different shades of the moving objects. Overall, the
non-pyramidal approach has shown high performance while using the
temporal differencing method for moving object detection.

4.4.2 Optical Flow

Feature selection is a critical part of any motion saliency system as it de-
fines the uniqueness of a moving object within its surroundings. Optical
flow is one promising estimation technique that determines the displace-
ment of the pixels between frames of a video sequence [58]. This method
can detect dense correspondence fields even from a moving camera and
estimate the flow of the field by minimising the brightness of the corre-
sponding pixels of a scenario [99].

We have incorporated the layer based method as described in [57] and
used optical flow as a saliency detection feature to evaluate the perfor-
mance of our system.

4.4.2.1 Experimental Evaluation

Here, the flow of the object’s motion is estimated between consecutive
frames. Therefore, we conducted experiments on the following datasets,
as shown in Figure 4.19, to examine the optical flow feature using the pyra-
midal and non-pyramidal approachs.

1. MSD-31 Dataset
This dataset is a collection of yellow coloured objects in every frame
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Figure 4.19: Sample images (a) MSD-31 (b) MSD-45-CM.

in which only one is moving. The background is dark and having
the small patch of brightness at one of the corners.

2. MSD-45-CM Dataset
The last dataset is a challenging dataset in which the moving camera
scenario is presented. It consists of all objects that are moving along
with the camera.

The details of the analysis are described as follows:

4.4.2.2 Optical Flow analysis using Pyramidal approach

Here, we would like to investigate whether optical flow can be integrated
with our system using the pyramidal approach. Previously, we analysed
the colour (to detect specifically coloured targets) and colour change (to
detect the moving objects) features. The optical flow is used as the second
motion feature to detect salient moving objects based on the layer-based
method as described in [57] to examine some challenging datasets with
moving the camera or background scenarios. Figure 4.20 shows simple
model diagram of optical flow (the subset of Figure 4.1).

Consecutive frames such as the previous and current frames are used
for the estimation of the optical flow. Then the layer-wise optical flow is
estimated using a mask that indicates the visibility of each layer. An itera-
tive reweighted least squares (IRLS) method [57] is used for optimisation
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Figure 4.20: Optical flow estimation using the pyramidal approach (this is
a subset of Figure 4.1).

that is followed by flow computation at each pyramid level. The layer
mask is updated using the estimated flow.

The parameters defined in the equation as described in Section 2.11 (on
page 2.11) can be adjusted to produce a smoother flow field. These param-
eters include α that is a regularisation weight, the ratio for downsampling
the image, the width of the coarsest level of the pyramid and the num-
ber of outer and inner fixed point iterations for computing IRLS used in
optical flow algorithm as described in [90].

The coarse to fine levels are computed using consecutive frames to
yield the flow field in the x and y directions and the wrapping image. For
the computation of optical flow, the image intensity at pixel location x, y

at time t is denoted by I(x, y, t), where I is a current frame. The associated
flow vector is represented by the velocity magnitude rx,y,t ≥ 0:

rx,y,t =
√
V 2
x + V 2

y (4.12)

Where Vx and Vy are, respectively, the horizontal and vertical optical
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flow components. The salient regions are detected by creating the Gaus-
sian pyramids of the flow vector r represented the directions for each
frame. The final saliency maps are computed by using the local contrast
of the difference between a region and its surroundings, as discussed in
Section 4.2.4.

We have not compared the performance of optical flow feature with
the ground truth of the dataset, as it requires special motion annotated
ground truth for comparison. The creation of such ground truth is time-
consuming. Different work is done for annotating motion for creating
ground truth of real-world videos [57, 100, 101]. For our work, we require
the final motion saliency map after the integration of different features, so
we leave the comparison of optical flow results with the motion annotated
ground truth for future work.

In Figure 4.21, we demonstrate sample images from the analysis of us-
ing optical flow as a saliency feature. It can be seen that the search space
is reduced by locating the region with dense flow between consecutive
frames. Figure 4.21 shows one of the frames from each dataset along with
its ground truth. The ground truth is based on the binary mask of the
actual position of the objects present in the original image.

The pyramidal approach of Itti et al. [14] detects the irregular veloc-
ity magnitude of the moving object. We can visualise this detection by
comparing the flow results of the three datasets as shown in Figure 4.21.
Here, the detection using optical flow is performed in a bottom-up manner
without giving any target information.

The three datasets show different challenging situations. In the first
dataset, MSD-45, some of the object occluded in some of the frames or
come close to each other. This effect can be seen from the sample image
shown in the results where the flow of overall moving objects are con-
sidered and making it difficult to detect the final objects using the optical
flow. In the second dataset MSD-31, there is one moving object present
that is easily detected by the saliency method. Optical flow methods can
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Figure 4.21: Sample images from the Optical Flow feature computation
using the pyramidal approach (a) MSD-45 (b) MSD-31 (c) MSD-45-CM.
Optical flow estimation is done using the RGB and HSV colour space.
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Figure 4.22: Optical flow estimation using the non pyramidal approach
(this is a subset of Figure 4.1).

identify the flow of moving objects in moving camera situations. The last
dataset MSD-45-CM, represents the moving camera situation. The results
of this dataset show that the pyramidal approach can identify the object
by considering the flow between the consecutive frames.

Here, the individual Value component flow is much better than the
RGB and HSV flow in which all channels are considered. It is because Hue
and Saturation tend to detect different shades from the image, whereas
the individual Value component detects the brightness change from one
frame to another. As we have already seen that RGB has a tight correla-
tion among the components, it also identifies the intensity change using
optical flow, but it is illumination dependent. In some of the frames, the
RGB colour space shows low performance while merging different object
flow together, as shown in Figure 4.21(a). While the individual value com-
ponent improves detection by detecting the salient moving object flow.
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4.4.2.3 Optical Flow Feature using the non-pyramidal Approach

Here, the optical flow using the non-pyramidal approach is examined to
detect salient objects. From the previous analysis of optical flow using the
pyramidal approach, we can see that optical flow efficiently estimates the
flow of the motion of the objects. The individual Value components help
to detect the brighter salient moving objects between consecutive frames.
Here, we used the layer-based method to estimate optical flow described
in [57] without local contrast information. The model diagram (a subset of
Figure 4.1) shows the working of the Optical flow, as shown in Figure 4.22.

The consecutive frames, as shown in Figure 4.22 are converted from
RGB to HSV colour space. Optical flow is estimated using the same layer-
based technique as discussed in [57]. After computing the flow between
the consecutive frames, optical flow result is normalised to suppress the
unwanted noise from the estimation. This normalised optical flow result
is followed by the same non-pyramidal procedure as discussed in Sec-
tion 4.2.4.

The sample images from the analysis of the optical flow using the non-
pyramidal processing is shown in Figure 4.23. We have used three datasets
(MSD-45, MSD-31 and MSD-45-CM) to compute the flow between the con-
secutive frames. Here, we have not performed the performance analysis
of the optical flow result with the ground truth of the dataset. As we have
discussed in the previous section that computing the ground truth to anal-
yse optical flow itself is a challenging task. This computation of the motion
annotated ground truth is out of the scope of this work.

Here, we are interested in computing optical flow to integrate it with
other features to produce the final saliency map. The final saliency map
is compared to evaluate the effective of the proposed system later in this
chapter. For this work, the optical flow performance can be visualised by
comparing the irregular velocity magnitudes with the original frames.

From the sample images shown in Figure 4.23, it can be seen that the
non-pyramidal processing has shown low performance by computing the
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Figure 4.23: Sample images from the optical Flow feature computation
using Non-pyramidal approach (a) MSD-45 (b) MSD-31 (c) MSD-45-CM.
Optical flow estimation is done using the RGB and HSV colour space.
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saliency map using the optical flow. In the absence of the center-surround
local contrast, the salient objects were detected from the Optical flow result
using simple normalisation and Gaussian filtering.

Here, the RGB and HSV colour spaces have shown low performance
than the individual Value component of the HSV colour space. This is due
to the fact that the Value component extracts the brighter regions from the
flow result. The RGB colour space shows low performance when datasets
are challenging (MSD-45 and MSD-45-CM). We can see from the first sam-
ple image that the objects are not detected using the RGB colour space
followed by non-pyramidal processing. The third image forms the mov-
ing camera dataset, the non-pyramidal processing is not effective enough
to detect the objects using the RGB colour space. The same is true for HSV
colour space when all channels are used. The optical flow computed us-
ing the HSV colour space is not efficient due to the inclusion of Hue and
Saturation that detect shades from the background along with the objects.

To summarise the results, the overall optical feature extraction using
the pyramidal processing is better than the non-pyramidal processing.
This is due to the fact that feature fixation is performed in Itti et al. [14]
using local contrast as discussed in the previous sections. The individ-
ual Value component is better than the RGB or HSV when all components
are used. We have, therefore, chosen the individual Value components for
computing the optical flow for further analysis that is presented later in
this chapter.

4.4.3 Background Subtraction

Background subtraction is another promising technique to identify mov-
ing objects in a scenario. Moving objects can be detected using a reference
background image of a scenario called Background. This reference back-
ground image can be estimated when there is no moving object in the sce-
nario. Significant deviations from this reference image can be computed
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to detect moving objects in each frame [5]. Modelling a reference image is
a challenging task as it requires different situations to be considered, such
as illumination changes, shadow removal, and occlusion.

Here, we are interested to use a simple background subtraction tech-
nique to remove non-salient locations from the saliency map perhaps
apparently salient background areas as explained in Section 2.12 (on
page 2.12). Here we would like to determine if there is a significant per-
formance increase in the object detection result after adding this feature.

For a simple test, we have considered a simple background image of
a scenario captured during the creation of a dataset. The background im-
age is updated using Equation 2.43. Then a predefined threshold that is
found empirically to mark a pixel at location (x, y) as a foreground using
Equation 2.42 explained in Section 2.12 (on page 2.12).

4.4.3.1 Experimental Evaluation

We have tested background subtraction using the following datasets as
shown in Figure 4.24. The result of this analysis is compared with the
ground truth of the datasets.

1. MSD-11 This dataset is having 11 frames in which moving objects
are shown. We have selected a background image from the same
scenario without any moving objects to perform background sub-
traction.

2. MSD-104 This dataset has 104 frames that are subtracted using the
background frame to extract the background subtraction feature.

3. MSD-82 In this dataset, there are 82 frames with static and moving
objects. Some static objects start moving when other moving objects
occlude with them. We selected this dataset to check if we can de-
tect these objects that start moving after occlusion in the middle of
the scenario. We have manually selected one of the images as the
background image.
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Figure 4.24: Sample frames from the datasets to analyse the Background
Subtraction feature. Background frame of each of the three datasets (MSD-
11, msd-104 and MSD-82) is also shown.

The detailed background subtraction analysis is as follow:

4.4.3.2 Background Subtraction using Pyramidal approach

Here, an adaptive background subtraction technique is used with the
pyramidal approach based on Itti attention model [14]. Here, pyrami-
dal processing identifies the salient regions from the scenario while back-
ground subtraction helps in elimination of the illumination effect and non-
salient regions from the saliency map. The background subtraction feature
model diagram is shown in Figure 4.25. The initial background frame is
selected with no moving objects. The first step is to convert the colour
space of the current frame and the background frame from the RGB to
HSV colour space. The next step to update the HSV based-background
frame iteratively. Here, each component of the HSV is updated individu-
ally using the following equations:
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HBG(t+1) = αHt + (1− α)HBG(t) (4.13)

SBG(t+1) = αSt + (1− α)SBG(t) (4.14)

VBG(t+1) = αVt + (1− α)VBG(t) (4.15)

where α is 0.5 value that is found empirically in this experiment. The
current framesHt, St andVt are used to update the background slightly at
frame t based on the HSV components such asHBG(t), SBG(t) and VBG(t),
depending on the α value. The updated backgrounds HBG(t), SBG(t),
VBG(t) are used for subtraction with the current frame based on HSV com-
ponents using the following equation:

HSub(t) =
(
Ht −HBG(t+1)

)
>HTH (4.16)

SSub(t) =
(
St − SBG(t+1)

)
>STH (4.17)

VSub(t) =
(
Vt − VBG(t+1)

)
>VTH (4.18)

Here, HSub(t), SSub(t) and VSub(t) are the background subtraction re-
sults based the individual HSV components. The HSV-based background
subtraction result is thresholded after taking the difference with the cur-
rent frame. We have selected an empirical threshold level to control the
Hue, Saturation and Value information to select moving pixels of specific
colour from the result. After thresholding, the results from the individual
HSV components are combined using the AND operation. The threshold-
ing process classifies the pixels as the foreground pixels using each compo-
nent’s result. The AND operation then eliminates unwanted pixels from
the thresholded result by taking the common pixels from each component
result.

A median filter is used to reduce noise and preserve the sharp edges
from the detected pixels of the foreground. A different square neighbour-
hood size is found empirically for every dataset. The filtered result is fed
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Figure 4.25: Background subtraction using the pyramidal approach.

into the pyramidal processing to extract local contrast. The complete pro-
cess of process of pyramidal approach is explained in Section 4.2.4.

The sample images from the analysis of the background subtraction
feature using the pyramidal approach are shown in Figure 4.25. The HSV-
based saliency maps using all components of the HSV colour space show
better performance than the individual Value component. It can be seen
from Figure 4.25 frame 3 that all the moving objects are detected using
all the components of the HSV colourspace whereas the individual Value
missed some of the objects because when the brightness of the region is
low then the Value component is not sufficient to detect the moving ob-
jects. When all the components of the HSV colour space are used then
the information of the Hue and Saturation help in detecting the Hue and
Shades even in the dark area of a frame.

The Precision-Recall curve for the pyramidal approach is shown in Fig-
ure 4.27. The HSV-based background subtraction using the pyramidal ap-
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Figure 4.26: Sample images from the analysis of Background feature us-
ing pyramidal and non-pyramidal approaches (a) MSD-11 (b) MSD-104
(c) MSD-31.

proach has shown higher performance than individual Value component
for all three datasets we have used.

4.4.3.3 Background Subtraction using Non-pyramidal approach

Here, we have analysed the background subtraction using non-pyramidal
approach using the non-pyramidal approach as shown in Figure 4.28. It
can be seen that normalisation is performed after combining the results
of the thresholded HSV components. This normalisation process sup-
presses the unwanted noise from the background subtraction result. This
normalised background subtraction result is followed by the same non-
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Figure 4.27: Performance measure of Background analysis using pyrami-
dal and non-pyramidal approach in terms of Precision-recall curve.

pyramidal procedure as discussed in Section 4.2.4.

The performance of the background Subtraction feaute is shown in Fig-
ure 4.26. Here, the HSV-based non-pyramidal approach performed higher
than the individual Value component. The HSV uses the Hue and Satu-
ration components to extract the Hue and Saturation information of the
object without finding the local contrast. The results from the Precision-
Recall curve has shown that the background subtraction is effectively per-
formed using the non-pyramidal processing as shown in Figure 4.27.
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Figure 4.28: Background subtraction using the pyramidal approach.

The overall background subtraction feature extraction using non-
pyramidal approach has various advantages over the pyramidal ap-
proach. Because there is no need to find the local contrast and the vari-
ation in the background and the current frames are automatically detected
when subtracted together. Thus, we concluded that background subtrac-
tion is a promising feature for motion saliency using the HSV-based non-
pyramidal approach that improves the salient object detection.

4.5 Feature integration

In this section, we would like to examine the choice of integrating the
saliency maps using different features to form the final saliency map. Pre-
viously, we have analysed four new features such as colour, colour change,
optical flow and background subtraction individually.

These four features detect moving objects with different level of effi-
ciency. Here, we would like to analyse the combined effect of these fea-
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tures to examine the performance of motion saliency detected. After ex-
amining the performance, we proposed a motion saliency method that will
detect moving object efficiently. This motion saliency will be incorporated
with the object tracking component to estimate the motion of the objects.

The feature integration is shown in the main model diagram Figure 4.1.
From the figure, it can be seen that all the four features are combined after
the pyramidal processing to produce the final saliency map. Integration
is a mathematical operation in which different features are combined to
produce the final saliency maps using element-wise multiplication, simple
summation and logical operation.

In this motion saliency model, we have extracted the features to detect
motion at different scales and combine these features to produce the fea-
ture maps in a centre-surround approach using Itti attention model [14].
These different saliency maps are combined together to generate a master
saliency map. Here, we have examined two different feature combination
methods that include arithmetic operations such as summation and mul-
tiplication. The detailed analysis of the feature integration are as follows:

Experimental Evaluation For the initial experiment, we have used
summation and element-wise multiplication to combine different fea-
tures. We have selected the MSD-82 datasets to evaluate the performance
of feature integration. The results of the feature integration are compared
with the ground truth using the Precision-Recall curve.

4.5.0.1 Feature Integration using the pyramidal approach

In this section, feature integration is explored using the pyramidal ap-
proach using Itti et al. model [14]. Feature extracted that is followed by
the centre-surround mechanism. The centre-surround mechanism is per-
formed using the cross-scale difference of Gaussian operation that gen-
erates feature maps for the four features such as colour, colour change,
optical flow and background subtraction. These feature maps are then in-
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Figure 4.29: Sample images from the result of feature integration (Colour,
Change Colour, Optical flow and Background Subtraction) using pyrami-
dal approach.

tegrated and normalised at different scales to yield the two conspicuity
maps. The final saliency map is then generated when these conspicuity
maps are combined linearly with equal weights. The maximum of the
saliency map defines the most salient image location.

We have used four features to detect motion in the MSD-82 dataset in
which several objects are moving. Here, we have chosen to detect all the
moving objects from this dataset. The colour feature based on the HSV
colour space is thresholded for the values of all moving objects as we tar-
geted different moving object throughout the scenario. The colour change
feature based on the individual Value component detect all moving ob-
jects using the intensity information from the temporal difference. The
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Figure 4.30: Performance measure of Background analysis using in terms
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proach

Optical flow estimates the flow between consecutive frames using the in-
dividual Value as it extracts the brighter regions from the flow result. The
HSV-based background subtraction feature is used for detecting the mov-
ing object using the adaptive background method as we have discussed in
the previous section.

4.5.0.2 Feature Integration using the non-pyramidal approach

For the final analysis, we have used non-pyramidal approach for integra-
tion. The process of non-pyramidal approach is discussed in Section 4.2.4.
We have used the four feature to detect motion and combined the saliency
maps generated by these feature maps using Arithmetic operations such
as multiplication and addition. When all the features are integrated using
multiplication, it gives the performance by preserving the common pix-
els form all saliency maps as we seen in the previous section as shown in
Figure 4.32 and Precision-Recall curve in Figure 4.30(b). The combination
of colour and colour change feature also given high performance as using
the information of the known target and temporal differecing is enough to
detect objects.



4.5. FEATURE INTEGRATION 121

Previous Frame

Colour Image

R BG

H S V

Current Frame Background image

Optical Flow

 Magnitude

N
o

n
-P

y
ra

m
id

a
l 

P
ro

ce
ss

in
g

F
e

a
tu

re
 E

x
tr

a
c

ti
o

n
C

o
lo

u
r 

sp
a

ce
 C

o
n

v
e

rs
io

n

Colour 

Previous Frame Current Frame

Colour change

Background image Current Frame

Background 

subtraction

 

Colour Image

R BG

H S V

Colour Image

R BG

H S V

Motion Feature

Video

Layer-wise Optical Flow

 Estimation

Previous Frame Current Frame

Normalisation

Final Saliency Map

Gaussian Filtering
Feature

Intregration

H S V

Thresholded

Colour Feature

Figure 4.31: The proposed MSD model using the non-pyramidal approach.



122 CHAPTER 4. MOTION SALIENCY

Non-pyramidal Approach

Initial Background

A: 0.7193

A: 0.4737

A: 0.3524

A: 0.6803

Fr
a

m
e

: 7
2

Fr
a

m
e

: 6
0

Fr
a

m
e

: 3
2

Fr
a

m
e

: 1
7

Fr
a

m
e

: 2
8

Fr
a

m
e

: 8
2

Orginal Image Ground Truth

A: 0.6170 

A: 0.3769

A: 0.1608

A: 0.4193

Colour
Saliency Map

A: 0.4654

A: 0.4453

A: 0.1881

A: 0.4803

Colour,
Colour Change
 Saliency Map

Multiplication

A: 0.3116

A: 0.3367

A: 0.0783

A: 0.2761

Colour,
Colour Change,

Optical Flow
Saliency Map

Multiplication

A: 0.4454

A: 0.4453

A: 0.1552

A: 0.4787

Colour,
Colour Change,

Optical Flow,
Background Sub

 Saliency Map

Multiplication

A: 0.4454

A: 0.4453

A: 0.1552

A: 0.4787

Colour,
Colour Change,

Optical Flow,
Value

 Saliency Map

Addition

Figure 4.32: Result images of feature integration using the non-pyramidal
approach.

4.6 Conclusion

In this chapter, a motion saliency detection model is developed by using
different features such as colour, colour change, optical flow and back-
ground subtraction. The overall contribution of this work was to develop
a motion saliency method based on visual features and temporal analysis
of motion that can be incooperated with the tracking component of the
system. The contributions from this research work are as follows:

1. Different challenging scenarios are created in a controlled environ-
ment with variability to the objects that are required to be detected.
Different coloured objects are included with variation in the size. We
constructed the ground truth of these datasets to compare the detec-



4.6. CONCLUSION 123

tion performance of the saliency map results. To make these scenes
close to the real-world situations, we have included complicating
factors such as changes in illumination, object occlusion and moving
camera. We have carefully drawn the ground truth of these datasets
to evaluate the performance of detection.

2. We conducted some preliminary experiments to compare the HSV
and RGB colour spaces when studying the main colour and motion
feature to identify which one is best to use with the proposed detec-
tion model. We have found that a HSV-based pyramidal approach is
much more effective than the RGB-based pyramidal approach. This
is due to the fact the that HSV colour space better replicates human
perception. The detailed analysis on using the HSV-based colour
space is given in Section 4.2.3.

3. Different features such as colour, colour change, optical flow and
background subtraction are used to detect motion as discussed in
this chapter. These features can be used as individually to detect mo-
tion or can be combined to increase the detection performance. We
have presented the detailed analysis of these features in this chap-
ter and explained how they contribute to the increase of the perfor-
mance of the motion saliency system.

4. For the analysis of each feature, we have computed two approaches
such as pyramidal and non-pyramidal approach. The pyramidal ap-
proach detects local contrast that works better than non-pyramidal
for some of the features.

5. Feature integration is performed using the two arithmetic opera-
tions, addition and multiplication. We have found that pixel-wise
multiplication is a better operation to integrate the features. The
colour feature when used as an individual feature gives poor per-
formance while generating saliency maps as it detects extra ahue in-
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formation as shown in Figure 4.32. Whereas the noisy regions are
eliminated when combined with the other features. It can be seen
that the detection performance gets better as more features are added
as shown in Precision-Recall curve in Figure 4.30(b). Overall, fea-
ture integration using a pyramidal approach is better than the non-
pyramidal as it uses local contrast to detect objects. Several cross-
scale combinations also help in the elimination of unwanted noise
from the saliency maps.

Different experiments as discussed in this chapter shows that the pro-
posed motion saliency model perform object detection effectively. The
saliency map quality depends on the individual response of each feature.
If any map is noisy then the final response can be corrupted. Some tech-
nique is required to define the accuracy in detecting the pixels from the
feature maps to produce the final saliency map.



Chapter 5

Conclusions and Future Work

In this research work a saliency based multiple object tracking system was
developed by combining a visual attention computational model and a
Kalman filter. The overall contribution for this research was to create an
effective and efficient multiple object tracking system that can replicate
aspects of the human vision such as shifting attention from one target to
another in a complex environment. This chapter includes detail of the
contributions of this thesis and outlines future work.

5.1 Contributions

The major contributions of this thesis are as follows:

5.1.1 Active Attention Based Object Tracking System

In Chapter 3, an object tracking system is proposed that integrate a vi-
sual attention computational model and a Kalman Filter. We have evalu-
ated the effectiveness of this proposed system by creating some simulated
datasets with different challenging scenarios. This testing ensures this sys-
tem can work in complex real-time situations. The details of these datasets
are discussed in Section 3.3 (on page 51). We have used constant a veloc-

125
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ity motion model in some of these scenarios where one or multiple objects
moving horizontally. A constant acceleration motion model was used for
projectile motion.

A multiple object tracking system was developed using a visual atten-
tion computation model based on Itti et al. [14] and integrated with the
Kalman filter to track multiple objects. The proposed method was able to
estimate the locations of the targets. The results showed that the estimated
response approaches the true values. The Kalman gain also approached
steady-state as the filter gained confidence in its estimates as explained in
Section 3.2.3 (on page 56).

The object detection was driven by saliency that is used by the Kalman
filter to identify the uncertainty in the state of the moving object. This un-
certainty was measured by finding the area of the ellipse that was drawn
by the state error covariance. This uncertainty was used to drive shifts of
attention from one object to another. The simulations showed that tracker
could shift attention from one object to another depending on the process
noise. For instance, the mean square error between the estimated location
and true value became 2.4 pixels when the same process noise was used
for multiple objects. When different process noise is used for each object
then the tracker shifted attention to the object with the high process noise
more frequently, and the state estimates became more uncertain due to the
high process noise. The mean square error when different process noise
was used for multiple objects became 4.3 pixels.

Occlusion handling was tested using a scenario with multiple occluded
objects. The tracker predicted the location of the occluded object, which
increased its uncertainty. In the meanwhile, the attention of the tracker
was shifted on another object and correct its location estimate. The results
showed that the mean square error between the estimated and true loca-
tions for the occluded object was high because the tracker was not paying
attention (refer to Section 3.4.2 on page 56 for details).
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5.1.2 A Comparison of RGB and HSV Colour Spaces

In Chapter 4, we have performed a detailed analysis by defining the over-
all image content in term of the RGB or the HSV colour spaces to be used
with the proposed system.

Here we have created some new datasets to demonstrate real-world en-
vironments including challenging situations such as illumination changes
and camera moving, as discussed in chapter 4. In these datasets, we have
used a different number of objects having various colours. These were
used to measure the performance of object detection using HSV colour
space instead of RGB colour space. The effectiveness of these experiments
was evaluated using the Precision-Recall curve, which was used to com-
pare the quality of the generated saliency map with the ground truth map.

The analysis compared the HSV and RGB colour spaces and identi-
fied that the HSV-based pyramidal approach was more effective than the
RGB-based pyramidal approach. The main reason is that the HSV colour
space replicates human perception as hue does not change with illumina-
tion and the three HSV components (hue, saturation and value) are highly
uncorrelated. We have also found that by combining the Saturation-Value
or Hue-Value channels, then this improves the detection of salient objects
and gives a higher Precision-Recall curve. The RGB colour space gives a
low precision score as it detects the object using the colour information
present in an image.

5.1.3 Motion saliency model

In Chapter 4, we have developed a motion saliency model to detect salient
moving objects from video. Different features such as colour, colour
change between different frames, optical flow estimation and background
subtraction were explored, and the appropriate feature combinations were
chosen for further experimentation. We have also used the basic feature
integration using arithmetic operation such as addition and multiplication
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and found that multiplication is a better operation to integrate the features.
The experiments revealed that the colour features gives low performance
when used individually. When this colour feature integrated with other
features, then performance gets betters as only the moving objects or re-
gions get detected.

Here we have also compared two approaches such as pyramidal and
non-pyramidal approach to analyse these features. When using the pyra-
midal integration using multiplication operation yield high performance
when using all the subfeatures with background, subtraction eliminates
most of the ghost region detection. The non-pyramidal integration of some
of the features such as colour and colour change feature using multiplica-
tion operation showed good performance as object detection depends on
the information of the known target and temporal difference.

Here we can conclude that the pyramidal approach detects local con-
trast that worked better than non-pyramidal for some of the features. The
feature integration using a pyramidal approach was better than the non-
pyramidal as it used local contrast to detect objects.

5.2 Future Work

Experiments with different scenarios, as discussed in the previous chap-
ters show that the proposed tracking system effectively shifts attention
from one object to another. In the future, the proposed model tracking
system can be extended by including different features, e.g., a colour fea-
ture that can detect the different coloured objects and other features that
can quickly identify objects and accurately in a complex environment.

We have integrated different feature using basic arithmetic operations
such as addition and multiplication in the current system. We have ob-
served that multiplication is a better operation to combine different fea-
tures. In future, we can use dynamic feature integration that can change
the number and types of features that are combined according to the sce-
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nario. Some feature weighting technique will be included in the motion
saliency model to increase the final saliency map quality by selecting the
best feature maps.

We would like to work on the attention module of the tracking system
that decides when to distribute attention among multiple objects in the
scenario. There should be some method that let it decide when to search
for new targets and when to pay attention to the objects already present
in the scene. In the current system, we have a sequential attention shift
method that is to shift attention to one of the objects in a frame. However,
if the system is very sure about the objects already present in the scene,
then the system could look for new objects. Here, the saliency information
can be used to calculate the certainty about any object or looking for a new
object.

We would also like to develop a target formation module in the system.
Target formation comprises detecting and acquiring a particular target. It
can include classifying the specific target according to the specific class,
which useful in providing an appropriate motion model for the tracker.
Here, any target can be acquired by manually pointing to the particular
object or by using auto-detection methods.
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