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Summary:

The proposed work is a human action recognition system that relies on the amount and
shape of change of different body parts to recognize a given action in a recorded video.
The system can deal with videos recorded using traditional cameras as well as depth-
sensing cameras. Newly proposed features are extracted and encoded to describe the
visual way of change of human body parts. The first step in the technique is skeleton
extraction for the subject person. Then, novel features are extracted from this skeleton
and encoded to obtain a limited short length code that represents the whole video.
Training and testing step were performed using benchmark datasets, namely: KTH,
Weizmann, Berkeley, MSR-action3D.
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ABSTRACT

This thesis presents an integrated automatic human action recognition system that
distinguishes between different actions using a new set of features based on global
variation in the visual appearance of the subject body. The proposed technique utilizes the
changes in human body dimensions, during performing an action, to extract this feature
set. These dimension variations are calculated from the human body skeleton performing
the action to be recognized. The skeleton can be extracted from a video captured using
traditional 2D cameras or depth sensing cameras. Finally, a multi-class linear support
vector machine is employed in the classification stage.

Experiments are conducted on Weizmann, Berkeley MHAD, and MSR-Action3D
datasets. The results show that the proposed technique achieves an accuracy of 98.9% for
Weizmann, 99.63% for Berkeley MHAD, and 94.3% for MSR-Action3D. Moreover, a
cross-dataset experiment is held to ensure the generality of the proposed technique, where
the system is trained using Berkeley MHAD dataset and tested using MSR-Action3D,
achieving accuracy of 88.76%.

The thesis includes as well an experiment that was held to recognize human activities
using local descriptors by extracting a group of interesting points from each frame of the
video. Scale-invariant feature transform (SIFT) algorithm is used to obtain the group of
interesting points. An adapting step is performed to limit the number of interesting points
depending on the degree of details. Then, the well-known approach Bag of Visual Words
(BoVW) is applied with a new proposed normalization technique. The proposed
normalization technique improves the results remarkable. Finally, a multi-class linear
support vector machine is used for classification.

When utilizing local descriptors, experiments were held on the KTH and Weizmann
datasets, achieving an accuracy of 96.66% for Weizmann and 97.89% for KTH.
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CHAPTER 1: INTRODUCTION

1.1. Introduction

Video analysis of human activities is an area with increasingly significant
consequences from security and surveillance to entertainment and personal archiving.
Human motion analysis can be categorized into three groups: human activity recognition,
human motion tracking, and body parts movement analysis.

e Human activity recognition: recognizes the actions of one or more person of a
group of observations on the person's activity and the surrounding environmental
conditions. The aim of this branch is to support different applications (as computer
vision and surveillance applications); also, it is connected to a number of fields of
study such as human-computer interaction, medicine, and sociology.

e Human motion tracking: here the objective is to correlate target objects in
consecutive video frames. The correlation is a difficult task if the objects are
moving fast relative to the frame rate or if there are changes in the object
orientation over time. Two of the standard target representations and localization
algorithms are:

o Kernel-based tracking: an iterative localization process based on
maximizing the similarity measure

o Contour tracking: iteratively evolves an initial contour initialized from each
frame to its position in the successive frame. Here contour tracking directly
evolves the contour by minimizing the contour energy using gradient
descent.

e Motion analysis of body parts: tracks the location and orientation of body parts, it
becomes an investigative and diagnostic tool in some areas as medicine, sports,
video surveillance and kinesiology (the scientific study of human movement).

1.2. Problem Statement

The aim of the presented work is to automatically recognize actions of one or more
persons using observations on the their activities. Human action recognition is an
important branch of computer vision and pattern recognition due to its broad range of
applications such as surveillance video, robot vision, content-based video retrieval,
automatic video indexing and retrieval, and human-computer interaction. Videos can be
recorded by either 2D cameras or 3D cameras.

Recently RGBD cameras such as Microsoft Kinect are used to detect human activity
where they add an extra dimension, which is the depth that the traditional 2D cameras fail
to provide. Sensor information captured through depth cameras can be used to generate
real-time human skeleton model describing different body positions, this model can be
further used to define human activities.



Vision-based human action recognition is the task of labeling videos containing
human motion with action classes to identify a person’s action. The task is challenging due
to variations in motion performance, recording settings and inter-personal differences.
Some methods have been used to achieve vision-based action recognition such as optical
flow, Kalman filtering, Hidden Markov models. In addition, multiple aspects are
considered on this topic as single agent tracking, group tracking, and detecting dropped
objects.

1.3.  Human activity recognition hierarchy

Figure 1.1 presents a hierarchal taxonomy for human action recognition as proposed
by Aggarwal [1]. Action recognition process is mainly divided into two branches single-
layered approaches and hierarchical approaches.

Single-layered approaches includes:
e Space-time approaches
o Space-time volume
o Trajectories
o Space-time features
e Sequential approaches
o Exemplar-based
o State-based

Hierarchical approaches includes:
e Statistical
e Syntactic
e Description-based

It is worth noting that, the above taxonomy is not sharply divided; a technique can
combine more than one approach to perform human action recognition.
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