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Abstract

Intelligent surveillance is very important for security-sensitive
fields. Generally, surveillance can be defined as the observation of
changing information, activities or behaviors for some purpose. The
framework of visual surveillance systems includes environment
modeling, motion detection, object classification, tracking as well
as behavior understanding and description. Environment modeling
is the module responsible for creating and updating dynamic
models for the environment. Motion detection is the module
responsible for segmenting moving objects from static or irrelevant
background. This module is the base for any subsequent processing;
thus it must be accurate, robust and fast. A surveillance scenario
may contain different types of moving objects, therefore the system
must classify the detected objects. The tracking module tracks the
classified moving objects from one frame to another and then the
behavior of the tracked objects is analyzed and a description of
actions/activities is provided.

The first contribution of this thesis is mainly concerned with the
problem of motion detection. Two innovative spatio-temporal
wavelet-based motion detection techniques are proposed,
combining the advantages of wavelets, multi-resolution analysis
and data fusion to enhance the performance without raising the
complexity. The first proposed technique is based on 3D Stationary
Wavelet Transform (SWT), which combines spatial and temporal
analysis into a single 3D transform by applying 1D analysis in the

X-, y- and t- domains. The second proposed technique is
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implementing the 3D transform as two separate spatio-temporal
analyses. Both of the proposed techniques are compared to the
recent techniques using a benchmark dataset. In addition, the
proposed 3D technique is compared to another 3D wavelet-based
technique using a traffic monitoring dataset. Both of the proposed
techniques outperform traditional techniques, especially in the cases
of low contrast scenes and those having non-uniform illumination
and they succeeded to detect moving objects in bad and time-

varying illumination conditions.

The second contribution is in the field of human action
classification. A new method is proposed by using the 3D
Stationary Wavelet Transform (SWT) and combining it with a
Local Binary Pattern (LBP) histogram to represent and describe the
human actions in video sequences. The directional and multi-scale
information encoded in the wavelet coefficients is utilized to obtain
robust global and local descriptions in a unified feature vector. This
unified vector is used to train standard classifiers. The performance
of the new method was examined in two different ways. One way is
by fusing the global and local features, generated from directional
sub-bands, in one feature vector and using the fused feature vector
for training the classifiers. The second way uses the features of
different directional bands separately to train multiple classifiers
with a voting scheme to vote for the best match. The performance
of the proposed descriptors is verified using two standard datasets.
The proposed method achieved high accuracy in comparison with

the existing methods.
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1 Introduction

1.1 Problem Definition

Intelligent surveillance [1]is crucial for security sensitive fields
such as airports, parking lots andbanks. Generally, surveillance may
be defined as the observation of changing information, activities or
behaviors for some purpose. Perception of changing information
and activities in surveillance systems usually relies on cameras
which capture various details about objects in the scene. A general
framework of visual surveillance systems includes environment
modeling, motion segmentation, object classification, tracking as
well as behavior understanding and description [2]. Environment
modeling is the module responsible for creating and updating
dynamic models for the environment. Motion detection is the
module of segmenting moving objects from static or irrelevant
backgrounds. This module is the base for any subsequent

processing; thus it must be accurate, robust and fast.

A surveillance scenario may contain different types of moving
objects such as; humans[3] and vehicles [4] and therefore the
system must classify the detected objects. The tracking module
tracks the classified moving objects from one frame to another and
then the behavior of the tracked objects is analyzed and a
description of actions/activities is provided. If the system is
equipped with multiple cameras[5], a data fusion module is needed
to fuse data captured by the different cameras. The data fusion

module may also fuse spatial, temporal and color information to

13



solve some problems like occlusions.For the aforesaid framework,
it is interesting to point out that the motion detection module
concerns with classification, tracking and behavior understanding

and considering the efficiency of these processes.

A huge amount of surveillance applicationsneed human action
and activity recognition [6, 7, 8] as a basic module. Intelligent
Surveillance applications [9, 10, 11] include systems that are used
to detect abnormal behavior [12, 13] in security sensitive areas [7],
crowd behavior surveillance [14, 15], group activity recognition
[16] and human identification using behavioral biometrics [17, 18].
This makes the area of human action and activity recognition still
an open research area despite being relatively old. Another reason is
the existence of various challenges that face the task of action and
activity recognition. Challenges include variations in the
environment, dynamic backgrounds, variations in the performer
posture and clothes, variation of the performance of the actions or
variations in the rate of execution of the action [19, 20, 21, 22].
More complex activity and behavior understanding, encounter some
other challenges including, the number of modalities to be used,
how to fuse these modalities, how much of the context affects the
process of learning and recognition among others [23]. These
challenges cannot be completely avoided and thus the need for

robust action representation and description increases.

1.2 Objectives

The main objective of this thesis is to propose a framework for

joint detection and recognition of human actions in a surveillance

14



