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Abstract
Prosthetic devices aim to provide an artificial alternative to missing limbs. The controller 
for such devices is usually driven by the biosignals generated by the human body, partic
ularly Electromyogram (EMG) or Electroencephalogram (EEG) signals. Such a controller 
utilizes a pattern recognition approach to classify the EMG signal recorded from the human 
muscles or the EEG signal from the brain. The aim of this thesis is to improve the EMG 
and EEG pattern classification accuracy. Due to the fact that the success of pattern recog
nition based biosignal driven systems highly depends on the quality of extracted features, 
a number of novel, robust, hybrid and innovative methods are proposed to achieve better 
performance. These methods are developed to effectively tackle many of the limitations of 
existing systems, in particular feature representation and dimensionality reduction. A set 
of knowledge extraction methods that can accurately and rapidly identify the most impor
tant attributes for classifying the arm movements are formulated. This is accomplished 
through the following:

1. Developing a new feature extraction technique that can identify the most impor
tant features from the high-dimensional time-frequency representation of the multi
channel EMG and EEG signals. For this task, an information content estimation 
method using fuzzy entropies and fuzzy mutual information is proposed to identify 
the optimal wravelet packet transform decomposition for classification.

2. Developing a powerful variable (feature or channel) selection paradigm to improve the 
performance of multi-channel EMG and EEG driven systems. This will eventually 
lead to the development of a combined channel and feature selection technique as one 
possible scheme for dimensionality reduction. Two novel feature selection methods 
are developed under this scheme utilizing the ant colony arid differential evolution 
optimization techniques. The differential evolution optimization technique is further 
modified in a novel attempt in employing a float optimizer for the combinatorial task 
of feature selection, proving powerful performance by both methods.

3. Developing two feature projection techniques that extract a small subset of highly 
informative discriminant features, thus acting as an alternative scheme for dimension
ality reduction. The two methods represent novel variations to fuzzy discriminant 
analysis based projection techniques. In addition, an extension to the non-linear dis
criminant analysis is proposed based on a mixture of differential evolution and fuzzy 
discriminant analysis.



The testing and verification process of the proposed methods on different EMG and EEG 
datasets provides very encouraging results.



Chapter

Introduction

The Human-Machine Interfacing (HMI) held plays a very important role in the advance
ment of methods enabling humans to interact with and control a specific machine. In 
general, humans can interact with a machine in many ways, and the interface between hu
mans and machines is crucial to the facilitation of this interaction [302, 162], Specifically, 
HMI refers to the communication layer separating a human controlling a machine from the 
machine itself. The term machine usually refers to a specific device, a computer program, 
or some other complex physical tool. The advances in biosignal processing, as well as HMI 
design, have induced an HMI class referred to as ’biosignal driven HMIs’. In this class, 
the main focus is on the study of biological characteristics of the human body, in order to 
show how bioelectrical signals generated by the human body are applied to physiologically 
controlled interfaces. Such interfaces enable a machine to be utilized as a natural exten
sion to the human body, this is achieved through conveying the commands generated by 
the human brain to a machine after processing with the appropriate techniques. Such an 
interfacing scheme can aid people with disabilities in restoring their capacity to effectively 
interact with the outer world.

This chapter covers a basic background on biosignal driven HMIs and their application 
in developing medical prostheses which provide alternative artificial functioning to missing 
limbs. This background provides the reader with a foundation for further knowledge of 
biosignal driven HMIs and their applications. To this end, two schemes are reviewed which 
provide the required interface for the amputee with the outer world. The review considers 
the merits and deficiencies of these two schemes and their approaches. This provides a 
research basis for investigating approaches by which to enhance the performance of such 
schemes, which ultimately form the research objectives for this thesis. This chapter also 
outlines the thesis structure, in order to simplify the reading and understanding of this 
thesis.
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1.1 Background

There are two possible classification schemes covering the approaches to interfacing the 
human brain with the external world. These schemes are apportioned according to the 
way in which one can acquire the human’s intention to perform a task. In the first scheme, 
the interface is implemented through an indirect-link with the brain by utilizing the hu
man muscle’s activity known as the Electromvogram (EMG) signal [204]. It is generally 
known that the EMG reflects the voluntary intention of the central nervous system. Thus 
interpreting the content of the EMG implies the interpretation of the brain’s intention to 
contract a muscle, or a group of muscles. In the second scheme, the interface is implemented 
through a direct-link between the brain and the external world. In this interface, the ac
tivity of the human brain is represented by means of a multichannel Electroencephalogram 
(EEG) signal [215], and is utilized to provide an advanced HMI known as Brain-Computer 
Interface (BCI). Thus by using muscles and nerves under volitional control, users can di
rect machines’ activities without conventional devices. These computationally intensive 
interfaces recognize and decode human-generated signals to derive the command systems 
hosted in conventional computers.

Biosignal driven HMIs can be classified into two broad classes, according to the method 
by which the signal is acquired. Those are:

• invasive, requiring the direct implantation of electrodes in the user’s brain or mus
cles,

• noninvasive, in which the system captures the brain or muscles’ signals using elec
trodes attached to the skin’s surface.

The direct-link scheme mentioned above is, due to the use of non-invasive scheme for 
the EEG measurement, classified by some practitioners into the indirect-link scheme. For 
the purposes of this review, it is classified as a direct-link, primarily because it directly 
reflects the brain’s intention without using signals such as the EMG.

One approach for utilizing these interfaces employs machine learning algorithms to iden
tify the user’s intention and categorize it into one of the predefined mental tasks. According 
to Knapp [198], machine pattern analysis of biosignal-based interfaces can be divided into 
four broad system components, namely:

• Bioelectric signal acquisition using surface or implanted electrodes, mostly surface 
electrodes,

• Signal conditioning and feature extraction,

• Pattern recognition algorithms to classify the signals,

• Mapping classified patterns to commands that control external devices.
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Modularizing the system components along these lines offers the system’s designer the 
flexibility in the choice of biosignal inputs, analysis techniques, and output modules.

There are a wide range of applications that employ biosignal driven HMIs, the most 
important include their usage in the development of rehabilitation robotics. The field of 
rehabilitation robotics is a special branch of robotics focusing on machines that can be used 
to help people recover from physical disabilities, and provide therapy for persons seeking to 
improve a physical or a cognitive function [69]. It is generally divided into the categories of 
assistive robots, and therapeutic robots [264]. In addition, rehabilitation robotics includes 
aspects of artificial robotic limbs (prosthetics), Functional Neural Stimulation (FNS), and 
technology for the diagnosis and monitoring of people during daily life activities [69].

Prosthetics is a field closely allied with rehabilitation robotics. Prostheses refer to artifi
cial hands, arms, legs, and feet that are worn to replace a user’s missing limbs. Nowadays, 
prostheses increasingly incorporate humanoid robot features. This is carried out mainly 
so that the prostheses are provided with the capability to imitate, within reason, some of 
the physical tasks humans undertake daily. On the other hand, FNS systems seek to rean
imate the limb movements of weak or paralyzed people by electrically stimulating nerves 
and muscle. FNS control systems are analogous to robotic control systems, except the 
actuators being controlled are human muscles.

There is no definitive data in Australia on the cost of fitting artificial limbs to amputees; 
however an approximate figure can be developed by looking at the stroke rates in Australia. 
This is justified by the fact that most stroke survivors require some sort of rehabilitation. 
The Stroke Foundation 1 reported in January 2009 that stroke is the second single greatest 
killer in Australia, following coronary heart disease. It is also a leading cause of disability. 
The Foundation also estimated that in 2009, Australians will suffer around 60,000 new or 
recurrent stroke, or one stroke every ten minutes. Due to the ageing of the population, the 
number of strokes is set to increase each year, with an estimated half a million people to 
suffer stroke in the next ten years. The Foundation also reported that about 88% of stroke 
survivors live at home, most of whom have a disability. Strokes cost Australia an estimated 
2.14 billion a year. As 88% of stroke survivors require rehabilitation, an assessment of cost- 
effective rehabilitation services is beneficial. Similarly, it is worth investigating methods 
for offering effective prosthetics for clinical use, as this can aid in reducing the cost of 
rehabilitation in Australia. Additionally, such methods can also be applied to a system with 
virtual prostheses, whereby the prosthetic device is implemented in a virtual environment. 
Using such a system, the intended movement of a paralyzed arm (as a result of stroke) by 
a user is made possible by the prosthesis controller. To this end, the controller operates 
to identify such intentions and animate the prosthesis on the screen, thereby building an 
alternative rehabilitation machine.

'information acquired from the National Stroke Foundation website, available at 
http://www.strokefoundation.com.au/facts-figures-and-stats
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The biosignal driven HMIs have been found to be very suitable in deriving such prosthetic 
devices, as they convey the human' intentions to the robot in a simple intuitive manner. 
The need for such a class of HMIs is justified by the fact that most robots’ actions require 
some degree of human interaction to accomplish tasks of anything more than medium 
complexity. Specifically, the machine learning based biosignal driven HMIs mentioned 
previously are usually employed to provide a natural and intelligent scheme of control for 
prosthetic devices. The focus of the thesis is on the analysis and classification of input 
biosignals, these being a crucial component of a prosthetic robotic limb system.

The primary goal is to support the amputees who have lost a whole or part of their 
arm (in addition to the rehabilitation application mentioned above) to be able to mentally 
control external devices and other interfaces, thus providing daily assistance to such people. 
In such a case, a robotic prosthetic limb usually acts as an artificial replacement to the 
missing limb, or as a virtual limb to aid in regaining control on an existing paralyzed 
limb. The problem here is the proper control of these artificial limbs to follow the brain’s 
intention in an accurate, fast, and intuitive manner.

1.2 Biosignal-driven Prosthetic Devices

In this section, the aforementioned schemes for designing intelligent EMG and EEG driven 
interfaces are more closely reviewed, each with the associated problems in the currently 
available versions. In the first scheme, the EMG signal from human muscles is employed as 
an input to the machine learning framework mentioned above, to be utilized with prosthetic 
control systems. In the second scheme, an EEG signal acquired from the human scalp is 
utilized, thus providing a direct-link between the brain and the external world. This will 
be utilized with all aforementioned applications. The thesis also considers the inherent 
problems within each scheme.

1.2.1 EMG Driven Prosthetics

When muscles contract in humans, two phenomena are produced. The first is a bioelec
trical signal represented by the EMG signal, also commonly referred to as the Myoelectric 
Signal (MES) [204], This signal is associated with a mechanical force that produces the 
second phenomenon, this being the most apparent. The origin of the EMG signal is the 
depolarization of individual muscle fibre cell membranes during contraction. Measurable 
potential differences in the tissues are produced by the electrical current associated with 
the depolarization and the subsequent repolarization. Electrical potentials, rather than 
the transcellular potentials, are used in control applications. A scheme that employs the 
EMG signal in controlling external devices is known as myoelectric control [257].

The concept of myoelectric control has emerged essentially as a control strategy for
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prosthetic devices for amputees, in which the EMG signal comes from the muscles remnant 
in the amputee’s stump. These still have normal innervations and are thus subject to 
voluntary control. In other words, it allows amputees to use the same mental process to 
control their prosthesis as used in controlling their physiological parts. Recent experiments 
showed that the EMG signal exhibit distinct differences in their temporal structure. Within 
a set of measurements derived from the same contraction, the structure that characterizes 
the patterns is sufficiently consistent to maintain a visual distinction between different 
types of contractions. The EMG signal is essentially a one-dimensional signal and the 
methods and algorithms developed for pattern recognition can be applied to its analysis. 
A block diagram of the EMG driven prosthetic arm is shown in Fig. 1.1 employing a pattern 
recognition approach to EMG categorization. It is important here to mention that the same 
block diagram can be applied to rehabilitation applications by simply changing the final 
module, that is, a prosthetic arm with a virtual reality program or a functional electrical 
stimulator enabling the muscles to contract.

1.2.1.1 Problems with EMG Driven Prosthetics

The concept of myoelectric control has been known for many years, though its successful 
implementation in clinical practice can only be measured through the clinical availability 
of the systems. According to recent literature [166], patients are often frustrated with 
the prosthetic limbs currently available for amputees. It is also reported that the original 
myoelectric prosthetic arm developed before many years ago is not so different from the 
current one, and attempts to provide clinical prosthetic devises have historically had "little 
effect on what most arm amputees actually wear" [166],

The three factors of most importance for the clinical availability of prosthetic devices, 
and for the user’s acceptance, are dependent on the following [228]:

• The type of prosthesis.

• The control strategy.

• The user training.

The significance of the control strategy lies in the low acceptance rates by patients which

Pattern Recognition

Prosthetic Arm

Figure 1.1: Block diagram of the EMG driven prosthetic arm.

5



1 Introduction

accompany the strategy implementation. The lack of acceptance occurs when the user 
perceives an inadequate controllability, which is a lack of intuitive and dexterous control. 
In myoelectrically controlled prosthetic devices, the control limitations include the lack of 
robustness in processing the EMG signal for accurately specifying a robot’s arm movement.

Approaches to pattern recognition based EMG signal classification techniques have re
vealed many problems, all of which are intertwined. These include that:

1. The system classification performance commences to degrade as the problem size 
increases, that is when the number of classes represented by different EMG patterns 
increases. Many of the available knowledge extraction methods employed are not 
accurate enough to handle such problems, which is a major factor contributing to this 
problem. The pioneers in this field are a group of researchers from New Brunswick 
University [ 1181. According to these researchers, there is more extensive research 
required in order to identify, and rectify, the degradation of the system’s performance, 
especially when facing larger problems. In fact, this is a major reason for the difficulty 
in achieving a widespread acceptance of prosthetic devices, in which the control 
functions need to be highly accurate and intuitive.

2. By means of solving the first problem, sophisticated signal processing methods and 
machine learning are utilized. This in turn increases the computational cost of a mul
tifunction myoelectric control system, and may also introduce a time delay hindering 
the development of a continuous control. This field of research requires intelligent 
methods, as these are faster and more efficient in dealing with such problems. In 
other words, this field needs new algorithms to deal with large problems, which are 
simultaneously accurate and suitable for real time implementation.

3. A major challenge in the development of accurate, powerful prostheses controllers is 
finding an optimal feature set that can best discriminate between different problem 
classes. As the EMG signals are recorded using multi channels, the feature vector 
size can consequently become very large. Hence a dimensionality reduction method 
is needed to identify an informative small size feature set. Unfortunately, many of the 
proposed methods are not sufficiently accurate for dealing with huge problems, and 
other methods require substantial computational costs. Therefore, the development 
of powerful and cost effective dimensionality reduction methods is vital to the success 
of the prosthesis control system.

4. The preference is to establish an automatic approach for identifying optimal locations 
to place electrodes on a human forearm. There is currently evidence that by carefully 
selecting physiologically relevant locations on the forearm for EMG recording it is 
possible to get powerful results with simple classification methods [259]. Due to a 
lack of knowledge about the relevant locations for recording the EMG signal (within 
a specific classification task), researchers are required to locate a large number of
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appropriate areas on the forearm for channel coverage. In this scenario, the goal 
is to acquire more information about the EMG activity of different muscles. This 
generally produces the extraction of more information for processing, again leading 
to the problem of higher computational costs. In addition, the classifier performance 
is generally degraded by processing extra information.

Building on the aforementioned issues with currently available myoelectrically controlled 
devices, the next section considers an EEG based scheme as a possible mechanism for 
generating a wide variety of applications including the control of prosthetic devices.

1.2.2 EEG Driven Prosthetics

Electroencephalography is the neurophysiologic measurement of the electrical activity of 
the brain, which is recorded via electrodes placed on the scalp [251]. The resulting brain
waves are referred to as EEG, that have a very small voltage in amplitude. Using simple 
reflections of brain activity, the Brain-Computer Interfaces translate the EEG signal into 
outputs, these communicating the user’s intent. This is achieved without the participa
tion of peripheral nerves and muscles, and generates a new medium that allows humans 
to control devices such as computers, wheelchairs, assistive appliances, and so on. This 
application therefore has many uses for people with impairment, especially those with a 
severe motor disability. This type of interface increases the independence of its users thus 
enhancing their quality of life. To this end, it also reduces the social cost. In a typical BCI 
system, the user generates a "control signal" by consciously changing his or her cognitive 
state to control the device. This signal is classified into one of the pre-defined mental tasks, 
and an action taken according to the classification result.

The three major components of BCIs are [54]:

• Measurement component: A way of measuring neural signals from the human brain,

• Decoding component: A suitable method for decoding brain states/intentions from 
signals,

• Mapping component: A methodology and associated algorithm for mapping the de
coded brain activity to intended behaviour or action.

Several existing brain monitoring technologies have been tested in BCI research for 
acquiring data. The most promising was found to be based on non-invasive multi-channel 
EEG electrodes attached to the patient’s scalp [215]. An example of a non-invasive BCI 
system is shown in Fig. 1.2, in which brain signals are captured via multi-channel EEG 
electrodes, and pre-processed to extract important signal features. They are then classified 
into a predefined mental task. Finally the classifier output is mapped into a suitable form, 
which is fed to the specific application. This application could be a prosthetic arm, or a 
virtual feedback system encouraging the patient to perform a specific task.
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Figure 1.2: Block diagram of the EEG driven prosthetic control system

The overall performance of a BCI relies on two factors: the successful processing of 
the input signal: and the interface used to achieve a goal. There is great potential in the 
domain of the human machine interface to improve the performance of BCI systems. More
over, the BCI and HMI have overlapping goals: to enable more seamless communication 
between a human and a computer. However, BCI researchers disregard other modalities 
such as muscular activity, focusing only on the EEG processing. This largely reflects their 
adherence to the original conceptualization of the BCI, which states that only brain signals 
can be used. Accordingly, the EEG signal has been utilized in many applications including 
the prosthesis control. Below we simply review the problems associated with the EEG sig
nal that may limit the availability of prosthetic devices controlled by multi channel EEG 
signals.

1.2.2.1 Problems with EEG Driven Prosthetics

In themselves, robotic and prosthetic applications do not seemingly represent a unique 
challenge to BCI technology. Investigators using both invasive and non-invasive methods 
achieved a smooth paradigm transition from control cursor movements to those controlling 
the actual mechanical devices [203]. The major problem associated with BCI applications 
is the provision of swift, accurate, and reliable output, i.e., this is most related to the 
correct interpretation of the EEG signal. The most important factors that limit such a 
correct interpretation are:

• The analysis and classification of multi-channel signals could be very challenging, 
as the multi-dimensional aspect needs to be carefully considered. This is due to 
the localization of brain activities. In other words, EEG is not only a function of 
time, but is also reliant on the position of electrodes on the scalp. Accordingly, 
the appropriate number of channels, as well as their specific location on the scalp, 
requires identification. Failing to do so results in degradation of system performance. 
In many cases, there is no clear agreement about the number and location of necessary 
channels to collect the EEG data. Using a small number of channels may cause a 
loss of important information: conversely, including more channels for data collection
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provides redundant information, which could degrade the system performance. In the 
particular ease of EEG analysis, data could be gathered from more than 70 channels. 
However, the system would be more desirable with a smaller number of channels, 
these providing the necessary information about the relevant problem. To this end. 
an automated channel selection method would be highly desirable.

• The most important aspect of a BCI is locating the best subset of features for rep
resenting EEG patterns. However, there is no agreement that a specific feature 
extraction method produces the best results, and consequently, a.11 ensemble of fea
tures has been used to represent EEG patterns. This in turn makes dimensionality 
reduction an important building block in the classification process, as inappropriate 
features can adversely affect the classifier performance, especially when the train
ing set is not sufficiently large. This can also lead to an under-sampled condition, 
in which there are more features describing the patterns, than there are the actual 
number of patterns [192].

In summary, powerful EEG driven systems require accuracy, reliability, high speed, 
autonomous-adaptation capability, and flexibility. Addressing the challenge of EEG signal 
analysis and discrimination requires the deployment of advanced signal-processing, mul
tidimensional data mining, and machine learning tools, along with their associated fast 
algorithms. These will produce an intelligent BCI platform than can accurately classify 
brainwaves within real-time constraints.

1.3 Objectives of Research

After identifying the problems associated with EMG and EEG driven systems, it is obvious 
that there is a set of common problems with both systems. In an effort to provide improved 
performance, the research objectives guiding this thesis are given below. These are in turn 
divided into the main and specific objectives and are given as:

The aim of this thesis: is to improve the accuracy with which the EMG and EEG 
patterns are classified, and to do so in a computationally efficient manner. This aim is 
approached by developing novel, robust, and innovative hybrid pattern recognition methods 
that can effectively tackle many of the problems associated with the EMG and EEG driven 
systems. Specifically, a set of knowledge extraction methods that can accurately and 
rapidly identify the most important information for classifying arm movements, which are 
embedded with EMG and EEG signals, are developed. The following research fields will 
serve as a foundation upon which we will present our novel variations, these include: fuzzy 
logic, swarm intelligence, information theory, statistical techniques, and time frequency 
analysis. It is proved in this thesis, with practical results, that the proposed pattern 
recognition methods can overcome the limitations of many of the available methods and
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enhance the performance of the available prostheses controllers.

Correspondingly, the Specific Research Objectives are:

1. Develop a robust and accurate method for feature extraction from the EMG and 
the EEG signals. This objective follows from the knowledge that the success of any 
pattern recognition system is mainly dependent on the quality of extracted features.

2. Develop novel dimensionality reduction algorithms. These are needed to produce a 
small subset of features that can highly discriminate between the problem classes. 
This in turn includes the development of different feature selection and projection 
techniques.

3. Develop a channel selection approach. This objective aims to identify the optimal 
number and locations on a human arm or brain, for acquiring the most relevant 
information to a specific classification task. This will in turn reduce the total com
putational burden imposed on the overall system.

The above secondary objectives will be supported by:

• Verifying such algorithms by testing on different EMG and EEG datasets.

• Comparing with the available approaches in literature.

• Conducting experiments to measure our own EMG and EEG datasets in order to 
validate the performance of the proposed techniques.

• Conducting experiments to improve the system’s classification accuracy while reduc
ing the computational cost.

1.4 Organization of This Thesis

This thesis is structured as follows;

Chapter two: Introduces the reader to a background about the EMG and the EEG 
signals including their physiological properties, their corresponding measuring techniques, 
and their application in prosthesis control. The chapter also review the methods that have 
been used for developing multifunction prosthetic devices control, and assess the benefits 
and limitations of such methods.

The chapters, three to five, present the intelligent techniques developed for this study, 
as follows:

Chapter three: Presents the first contribution of this thesis represented by a new 
feature extraction method utilizing the wavelet packet transform. A novel information 
content estimation method is developed based on the use of fuzzy sets and memberships. 
The proposed method of information estimation is based on new concepts of fuzzy entropy
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and fuzzy mutual information. The new method is then utilized to aid in selecting the most 
discriminant features from the constructed wavelet packet tree. The proposed method is 
validated on different EMG and EEG datasets proving very high classification accuracy 
results. To assess the significance of the results in comparison to the results achieved by 
other studies, results are presented from statistical significance testing.

Chapter four: Presents the second and the third contributions of this thesis represented 
by two feature selection methods based on the use of novel variations of Ant Colony 
Optimization and Differential Evolution, as one approach for dimensionality reduction. 
Additionally, an approach for automatic channel selection is also proposed. The proposed 
dimensionality reduction methods are validated on different EMG and EEG datasets on 
which accurate and statistically significant results are demonstrated.

Chapter five: Presents the fourth and the fifth contributions of this thesis represented 
by two feature projection methods based on fuzzy discriminant analysis as an alternative 
approach of dimensionality reduction. The corresponding mathematical computations used 
to derive the proposed methods are provided as part of the justification, when appropriate. 
The results across different datasets are also reported; these are in turn compared with the 
results achieved by other studies based on state of the art feature projection methods.

Chapter six: Provides a conclusion and summary of the thesis, and suggests future 
directions for research.

1.5 Summary

This chapter has provided an introduction to the problem of biosignal driven prosthetic 
devices. Two possible schemes for controlling a prosthetic device have been presented, 
these based on the utilization of the EMG and EEG signals generated by the human body. 
The limitations of the current approaches have also been assessed. These limitations have 
inspired this doctoral research study, which aims to provide an accurate, swift, and intuitive 
control of multifunction prosthetic devices. This is implemented by proposing novel pattern 
recognition methods that can enhance the performance of the prostheses controllers.
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Chapter

Background and Literature Review

2.1 Introduction

This chapter covers a basic introductory to the biological aspect of the EMG and the 
EEG signals, in which we explain the properties of these signals and the techniques uti
lized for their corresponding measurement. Additionally, the chapter will also review the 
advancements and achievements in the machine learning approaches to EMG and EEG 
classification from the literature. The chapter will also highlight the shortages from the 
current available control approaches that this research aims to overcome.

2.2 Electrical Signals from Muscles - the Electromyogram 
(EMG)

One mean of obtaining diagnostic information about muscles is to measure their electrical 
activity. In this section we briefly trace the transmission of the action potential from neu
ron, the basic structural unit of the nervous system [148], into the muscle, where it causes 
muscle contraction. The process of recording muscles potentials and their interpretation is 
called the Electromyography [127], and the signal itself is known as the Electromyogram 
(or simply EMG) for which a number of growing practitioners choose to use the term 
Myoelectric Signal (or simply MES).

Simplified schematic diagrams of the central motor system and the concept of the motor 
unit (MU) are presented in Fig.2.1 [37, 228]. This figure shows the hierarchal fashion of the 
organization of the central nervous system. The nerve supply to a muscle is referred to as 
its innervation. There are many nerve fibers in the nerve cable that extends peripherally 
to a particular muscle. As the nerve reaches the muscle, it breaks up into branches which 
course through the connective tissue core of the muscle. Each branching of the nerve sends
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a smaller group of nerve fibers into a smaller portion of the muscle. It is rare for one nerve 
fiber, representing a single motor nerve cell, to be responsible for the innervation of a single 
muscle fiber. As a single nerve fiber approaches a fascicular group of muscle fibers, or even 
a group of fascicles, the motor nerve fiber branches to supply them.

A muscle is made up of many Motor Units. A Motor Unit consists of all the muscle fibers 
which are innervated by the branching of the nerve fiber from a single motor nerve cell. The 
number of muscle fibers in a motor unit varies in voluntary muscles. The resting potential 
across the membrane of a muscle is similar to the resting potential across a nerve fiber. 
Muscle action is initiated by an action potential that travels along an axon (a component 
of a neuron that is responsible for sending and receiving information) and is transmitted 
across the motor end plates in to the muscle fibers, causing them to contract. This does 
not mean that all the muscle fibers in an entire muscle are contracting at the same time. 
Only as many motor units as are needed for the performance of a specific function receive 
the impulse to contract. This is regulated within the central nervous system (CNS) so that 
some motor units may be resting as others are stimulated to contract.

(a) Central motor system

Spinal Cord

Sensory Receptor

Motor end plates

(b) Motor unit

Figure 2.1: A schematic representation of basic motor control mechanisms arid of the motor 
unit and its components

2.2.1 Characteristics of the EMG Signal

It is well established that the amplitude of the EMG signal is stochastic (random) in nature 
and can be reasonably represented by a Gaussian distribution function. The amplitude of 
the signal can range from 0 to 10 mV (peak-to-peak) or 0 to 1.5 mV (rms). The usable
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energy of the signal is limited to the 0 to 500 Hz frequency range, with the dominant energy 
being in the 10-200 Hz range. Usable signals are those with energy above the electrical noise 
level. An example of the frequency spectrum of the EMG signal is presented in Fig.2.2, 
displaying an EMG signal that is detected from the Tibialis Anterior muscle during a 
constant force isometric contraction at 50% of voluntary maximum [197].

Frequency (Hz)

Figure 2.2: Frequency spectrum of the EMG signal

2.2.2 EMG Signal Measurement

Single muscle cells are usually not monitored in surface EMG examination because it is 
difficult to isolate a single fiber. Instead. EMG electrodes usually record the electrical 
activity from several fibers. Either a surface electrode or a concentric needle electrode is 
used. A surface electrode attached to the skin measures the electrical signals from many 
motor units. A concentric needle electrode inserted under the skin measures the single 
motor unit activity by means of insulated wires. Examples of typical EMGs from surface 
and needle EMG electrodes are shown in Fig.2.3.

The design of the electrode unit is the most critical aspect of the electronics apparatus 
which will be used to obtain the signal. Due to the above constraints on the frequency range 
of the usable energy of the EMG signal (being 10-500 Hz) then the sampling frequency is 
usually made large enough to ensure that the maximum amount of information from the 
EMG signal is available for the processing unit. In simple words, the Nyquist frequency 
(half the sampling rate) should exceed the highest frequency of the signal being sampled. 
Thus, the default minimum sampling rate of 1 KHz is usually utilized in most of the 
attempts in the literature [118, 197, 228], while attempts utilizing higher sampling rates 
(e.g., 2 KHz) are also available [208].

The process of detecting an EMG signal is not a trivial issue. The main problem is
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Muscle fiber

(measures single 
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Figure 2.3: EMG obtained from both concentric needle and surface electrodes

that this signal is easily affected by impure signals that come from different sources of 
noise such as 50/60Hz electromagnetic induction from power lines. This occurs mainly due 
to the small amplitude of the EMG signal (micro - millivolts). Also, when working with 
surface EMG, the interface between the sensing electrode and the skin is a delicate matter 
and many other variables must be considered, such as [2]:

• the impedance of the skin (may vary as function of the moisture of the skin);

• the superficial skin oil content and the density of dead cell layer;

• the distance between pairs of electrodes and the region where they are placed;

All of those issues need very careful considerations by the people working with EMG 
signals. For example appropriate substances and a proper gel must be used to clean the 
patient's skin and improved the contact impedance between the skin and the electrode. 
Because the power line radiation (50 or 60 Hz) is a dominant source of electrical noise, it 
is tempting to design devices that have a notch-filter at this frequency. Theoretically, this 
type of filter would only remove the unwanted power line frequency; however, practical 
implementations also remove portions of the adjacent frequency components. Because the 
dominant energy of the EMG signal is located in the 10-200 Hz range, the use of notch 
filters is not advisable when there are alternative methods of dealing with the power line 
radiation. In order to eliminate the potentially much greater noise signal from power line 
sources, a differential detecting configuration is employed [263]. The differential amplifi
cation technique is shown schematically in Fig.2.4. The premise is simple, the signal is 
detected at two sites; electronics circuitry subtracts the two signals and then amplifies the 
difference. As a result, any signal that originates far away from the detection sites will ap
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pear as a common signal and will be removed, whereas signals in the immediate vicinity of 
the detection surfaces will be different and consequently will be amplified. Thus, relatively 
distant power lines noise signals will be removed and relatively local EMG signals will be 
amplified.

Figure 2.4: A schematic of the differential amplifier configuration. The EMG signal is 
represented by ’m’ and the noise signals by 'n'

2.2.3 Application of EMG in Myoelectric Control

The term myoelectric control reflects the process of utilizing the human muscles electrical 
activity, i.e., the EMG signals, in a non-invasive manner, to control a. specific output device, 
after being processed with the proper methodology. Although the field of myoelectric 
control is not a new one, but it has been developing very rapidly in the last years. The 
first myoelectrically controlled prosthesis was presented by Reinhold Reiter, of Munich, 
in Hannover since 1948 [257]. This work was not followed by others till 1960s during 
which another clinically useful myoelectrically controlled prosthesis appeared. This was 
considered as the first practically useful approach found in literature. The myoelectric 
control strategy used was the proportional control strategy. The next successful approach 
in myoelectric control was presented by the University of New Brunswick since 1970’s [257], 
during which the first myoelectrically controlled prosthetic device became commercially 
available for purchase from the developers. However, the technology at that time was not 
adequate to make clinical application viable. It was with the development of semiconductor 
device technology, and the associated decrease in device size and power requirements, that 
clinical application saw promise, and research and development increased dramatically.

The surface myoelectric signal is an effective and important system input for the control 
of powered prosthesis. The myoelectric control has found widespread use for individuals 
with amputation or congenitally deficient upper limbs. In these systems voluntarily con
trolled parameters of myoelectric signals from a muscle or muscle group are used to select
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and modulate a function of a multifunction prosthesis. Fig.2.5 shows the block diagram 
schematic of the essential elements of a myoelectric control system [228. 229]. The shaded 
area represents the part removed due to amputation. This part is replaced with a prosthetic 
arm powered by a battery controlled by an artificial neuro-controller unit. The controller 
unit had a special attention from researchers during the last years, in which various tech
niques and methods were utilized. Before further investigating the recent techniques and 
methods it is worth here to mention the two control strategies that were used in the past 
within the myoelectrically controlled prosthetics [258, 212]. These are

Proprioceptive feedback
--------------<_j----------------- .

T

*
I Visual and auditory feedback I

Portion of system removed by 
" amputation

Figure 2.5: Block diagram illustrating relationship between normal and myoelectric control 
systems (Shaded area is removed by amputation) (adopted from [228, 229J)

• The Digital Control Strategy: In its simplest, form a myoelectric hand consists 
of a motorized hand powered by a battery and controlled by muscle EMG signals to 
either open or close. In this type of system the hand is either fully on or off, so the 
control has been termed "digital," analogous to a computer that stores information 
as either a 1 or 0.

• The Proportional Control Strategy: integrated EMG amplitude varies closely 
with the actual tension generated by the muscle. A proportional control system is 
defined as one in which the amplitude of the hand motor voltage, and thus its speed 
and force, varies in direct proportion to the amplitude of the EMG signal generated 
by the wearer.

Conventional myoelectric prosthesis controllers were available in different formats and 
were usually selected on the basis of user preference and operational success during the 
period of prosthesis fitment. Single or two sites, two state systems were the most common 
forms of providing the user with muscular control over the opening or closing of the terminal 
device. Once activated, the device’s motor voltage (or current) may be varied in direct 
proportion to the amplitude of the user’s EMG signal there by providing control of speed 
and pinch force [258, 186]. Many limitations were imposed on the systems utilizing such 
control strategies. The most important could be that the prosthesis performed only one of 
actions that were either Off, Close; or Open depending on whether it is a one, two, or three

BATTERY PROSTHESIS

C N S MUSCLE JOINT OUTPUT
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state systems. In other words, these strategies allowed only one or two classes of motion 
to be reliably controlled, where as multifunctional control would require more myoelectric 
control sites.

2.2.4 The Suitability of A Pattern Recognition Approach to 
Myoelectric Control

When investigating the properties of the EMG signal coincident with the onset of rapid 
contractions, Hudgins et. al. [136) observed a substantial degree of structure in the transient 
waveforms associated with different forearm movements. Examples of different movements 
and their associated waveforms are shown in Fig.2.6.a and Fig.2.6.b [186]. These were 
acquired during small but distinct contractions, using electrodes placed over the biceps 
and triceps muscle groups. This arrangement was intended to allow a large volume of 
musculature to influence the measured activity. It is clear that these patterns exhibit 
distinct differences in their temporal waveforms. Within a set of patterns derived from the 
same contraction, the structure that characterizes the patterns is sufficiently consistent 
to maintain a visual distinction between different types of contraction. Hudgins et al.
1136, 186], aligned the patterns using a cross-correlation technique and showed that the 
ensemble average of patterns within a class preserves this structure. Kuruganti et al. [167], 
proved that the performance of the myoelectric control system proposed by Hudgins et al. 
[136] could be enhanced by using two EMG channels to allow it to be used for adegree-of- 
freedom selection [186]. Typical patterns corresponding to flexion/extension of the elbow, 
and pronation/supination of the forearm using two sets of surface electrodes are shown in 
Fig.2.6.c.

The presence of determinism in the transient EMG accompanying the onset of contrac
tion suggests that these data should provide a powerful means of discriminating the EMG 
signals’ patterns corresponding to different movement types. This also suggest that using 
pattern recognition techniques with such a problem can lead to good recognition rates of 
the intended motion.

It is very important to mention that this scheme of prostheses control will not be possible 
if the whole arm is amputated. In simple words, if the amputation occurs below the elbow 
or slightly above the elbow then we can use the EMG from the muscles remnant on the 
amputation site for myoelectric control of a prosthetic device, a schematic diagram was 
shown in Fig. 1.1. On the other hand, when the whole arm is lost, the subject looses the 
motors, the muscles and the structural elements of the bones, but the control information 
should still be there in the residual nerves. In order to control prosthetic devices in such 
a case, we end up with two possible solutions:

• Targeted Muscle Reinnervation (TMR) [307]: the idea here is to to take the residual 
nerves, which once carried the commands from the brain to produce arm, wrist and
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(c) Waveforms measured using two set of electrodes

Figure 2.6: Temporal structure associated with different movements
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hand movements, and connect them to the chest muscles so that the signals measured 
as a result of muscle contraction in the chest can be used to move the prosthetic arm.

• Brain Computer Interface (BCT) [203]: since the brain is responsible for sending these 
commands to the residual nerves, then a direct solution would be to get the brain 
commands by means of EEG signals and process these signals to interpret the brain’s 
intention to produce a specific movement.

The first solution employing the TMR requires the subjects to undergo a certain surgery 
for nerves re-routing, i.e., its more related to the physiological part of the problem, thus 
its out of the scope of this thesis. On the other hand, the second solution seems viable, 
as we are only replacing the EMG signals in Fig. 1.1 with the EEG signals. Thus the next 
section will focus on the EEG signal as a possible input for prosthetic devices.

2.3 Electrical Signals from the Brain - the 
Electroencephalogram (EEG)

The three primary divisions of the human brain are brain stem, cerebellum, and cerebrum, 
as shown in Fig.2.7 [215]. The brain stem is the structure through which nerve fibers relay 
signals in both directions between spinal cord and the high brain centers. The thalamus, 
composed of two egg-shaped structures at the top and to the side of the brain stem, is a 
relay station and important integrating center for all sensory input to the cortex except 
smell. The cerebellum, which sits on top and to the back of the brain stem, has long been 
associated with the fine control of muscle movements. More recently, the cerebellum has 
been shown to play additional roles in cognition. The cerebrum or cortex is the largest part 
of the human brain, it includes the regions for movement initiation, conscious awareness of 
sensation, complex analysis, and expression of emotions and behavior. The cerebral cortex 
is divided into four sections, called "lobes", these are:

• Frontal Lobe: associated with reasoning, planning, parts of speech, movement, emo
tions, and problem solving.

• Parietal Lobe: associated with movement, orientation, recognition, perception of 
stimuli.

• Occipital Lobe: associated with visual processing.

• Temporal Lobe: associated with perception and recognition of auditory stimuli, mem
ory, and speech.

Electrical recordings from the surface of the brain or even from the outer surface of the 
head demonstrate that there is continuous electrical activity in the brain. The Electroen- 
ceplialogram(EEG) is a record of the oscillations of the brain electric potential recorded
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from electrodes on the human scalp [215]. It is a measurement of currents that flow during 
synaptic excitations of the dendrites of many pyramidal neurons in the cerebral cortex. 
When brain cells (neurons) are activated, the synaptic currents are produced within the 
dendrites. This current generates a magnetic field measurable by electromyography ma
chines and a secondary electrical field over the scalp measurable by EEG systems [251]. 
During routine use, electrical potentials are acquired from the scalp surface and incorpo
rate waveform analyses of frequency, voltage, morphology, and topography. However, most 
of the human cortex is buried deep beneath the scalp surface, and additionally represents 
a two-dimensional projection of a three-dimensional source, presenting a problem for gen
erator localization in scalp EEG. Furthermore, the waveforms that are recorded from the 
scalp represent pooled synchronous activity from large populations of neurons that create 
the cortical potentials and may not represent small interictal or ictal sources [270]. The 
intensities of brain waves recorded from the surface of the scalp range from 10-100 micro
volts, and their frequencies range from once every few seconds to 50 or more per second. 
Since the waves are a summation of activity in a complex network of neuronal processes, 
they are highly variable. However, during various states of consciousness, EEG waves 
have certain characteristic patterns. At the highest state of alertness, when sensory input 
is greatest, the waves are of high frequency and low amplitude, as many units discharge 
asynchronously. At the opposite end of the alertness scale, when sensory input is at its 
lowest, in dee]) sleep, a synchronized EEG has the characteristics of low frequency and 
high amplitude.

Cerebrum EEG

Cerebellum

Brain Stem

T
30uV

1

Figure 2.7: The human brain with scalp EEG electrodes recording space averages over 
many square centimeters of cortical sources, a modified version of the one in 
[215]'
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2.3.1 EEG Rhythms

EEG wave patterns are classified according to their frequency. The main EEG rhythms 
are classified according to their frequency ranges as: delta, theta, alpha, beta, and gamma
[251]. The frequencies of these rhythms can be described as follows:

• Delta (5): includes all the waves of the EEG with frequencies between 0.5-4 Hz. they 
often have voltages two to four times greater than most other types of brain waves. 
They occur in very deep sleep, in infancy, and in serious organic brain disease. They 
also occur in the cortex of animals that have had subcortical transections separating 
the cerebral cortex from the thalamus. Therefore, delta waves can occur strictly in 
the cortex independent of activities in lower regions of the brain.

• Theta (0): the frequency between 4-7 Hz, with amplitude of less than 30pV. They 
occur normally in the parietal and temporal regions in children, but they also occur 
during emotional stress in some adults, particularly during disappointment and frus
tration. Theta waves also occur in many brain disorders, often in degenerative brain 
states.

• Alpha (ex): Alpha, has a frequency between 8-13 Hz, and has its maximum amplitude 
in occipital regions. These are found in the EEGs of almost all normal adult people 
when they are awake and in a quiet, resting state of cerebration. These waves occur 
most intensely in the occipital region but can also be recorded from the parietal and 
frontal regions of the scalp. Their voltage usually is about 50 microvolts. During 
deep sleep, the alpha waves disappear.

• Mu (/i) and Beta ((3): these are linked to movement. The Mu rhythm occurs in 
the same frequency band as the Alpha rhythm but over the motor and sensorimotor 
cortex. The Beta rhythm occurs in the frequency between 13-30 Hz, with amplitude 
of less than 20^rV and commonly found in frontal and central lope. Beta waves are 
also usually associated with active, busy or anxious thinking and active concentration. 
Movement, preparation of movement, planning a movement or even imagining a 
movement is accompanied by a decrease in both Mu and Beta rhythms [236]. The 
decrease is most prominent on the contralateral motor cortex. The decrease is called 
event-related desynchronization [234]. After movement, both rhythms increase or 
synchronise, i.e. event-related synchronization.

• Higher rhythms: The Gamma (7) rhythm covers the frequency band above 30 Hz 
(mainly up to 45 Hz). Until recently nothing was really supposed to occur at higher 
frequencies, but frequencies beyond 100 Hz have also been the subject of recent 
research. Features extracted from frequencies up to 250 Hz have recently been used 
with success in a visuo-motor reaction time task, where it was shown that oscillations 
within the range (30-200 Hz) allow highly accurate (>96%) prediction of movement
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intention [105].

In a typical BCI settings, users are presented with a stimuli or are required to per
form specific mental tasks while the electrical activity of their brains is being recorded by 
scalp EEG electrodes. This electrical activity is divided in to two major categories. The 
first category includes EEG features that are regulated by the BCI user i.e.. slow cortical 
potentials and sensorimotor rhythms. On the other hand, the second category includes 
EEG features that are elicited by external stimuli like a light flash or auditory tone, these 
include: evoked potentials and event-related potentials. As understanding those two cat
egories is important to understanding the EEG signal, below is a short description of the 
features included in the two categories.

• Slow Cortical Potentials (SCPs): these are potential shifts of the cerebral cortex, 
which are settled in the frequency range below 1-2 Hz and can persist over several 
seconds. The amplitudes of the SCP shifts usually vary within a range of 10 to 100 
pV RMS and reach a maximum at vertex (electrode position Cz of the international 
10-20 system) [129]. When considered as an input to BCI, such a BCI requires the 
users to achieve voluntary regulation of the brain activity.

• Sensorimotor Rhythms (SMRs): These include an arch-shaped p rhythms usually 
with a frequency of 10 Hz (range 8-11 Hz), often mixed with a 3 (around 20 Hz) and 
a 7 component (around 40 Hz) recorded over somatosensory cortics, most preferably 
over the C3 and C4 positions of the international 10-20 system [164]. The SMR 
rhythms decrease or desynchronize with movement or preparation for movement and 
increase or synchronize in the postmovement period or during relaxation.

• Event-Related Potentials (ERPs): ERPs are those EEGs that directly measure the 
electrical response of the cortex to sensory, affective, or cognitive events. They are 
quite small (1-30 pV) voltage fluctuations in the EEG induced within the brain, as a 
sum of a large number of action potentials that are time locked to sensory, motor, or 
cognitive events. They are typically generated in response to peripheral or external 
stimulations, and appear as somatosensory, visual, and auditory brain potentials, 
or as slowly evolving brain activity observed before voluntary movements or during 
anticipation of conditional stimulation [251].

The ERP waveform can be quantitatively characterized across three main dimensions: 
amplitude, latency, and scalp distribution. The amplitude provides an index of the 
extent of neural activity (and how it responds functionally to experimental variables), 
the latency (i.e. the time point at which peak amplitude occurs) reveals the timing of 
this activation, and the scalp distribution provides the pattern of the voltage gradient 
of a component over the scalp at any time instant.

• Steady-State Visual Evoked Potentials (SSVEP): These signals are natural responses 
to visual stimulations at specific frequencies. When the retina is excited by a visual

23



2 Background and Literature Review

stimulus ranging from 3.5 to 75 Hz, the brain generates an electrical activity at the 
same (or multiples of) frequency of the visual stimulus. They are used for under
standing which stimulus the subject is looking at in the case of stimuli with different 
flashing frequencies [209].

2.3.2 EEG Signal Measurement

Functional and physiological changes within the brain may be registered in the form of 
electrobiological signals such as EEG. Magnetoencephalogram (MEG) from the brain, 
functional magnetic resonance imaging (fMRI), and near infrared spectroscopy (MRS). 
However, the application of each of the MEG, fMRI, and NIRS is very limited in compar
ison with EEG for a number of important reasons, some of these reasons are [54, 251):

1. The time resolution of fMRI image sequences is very low (for example approximately 
two frames/s), whereas the complete EEG bandwidth can be viewed using EEG or 
MEG signals.

2. Many types of mental activities, brain disorders, and malfunctions of the brain cannot 
be registered using fMRI since their effect on the level of oxygenated blood is low.

3. The accessibility to fMRI (and currently to MEG) systems is limited and costly or 
bulky.

4. fMRI and NIRS present long time constants in that they do not measure neural ac
tivity directly - relying instead on the hemodynamic coupling between neural activity 
and regional changes in blood flow, thus they cannot be deployed as ambulatory or 
portable BCI systems.

5. The spatial resolution of EEG is limited to the number of recording electrodes (or 
number of coils for MEG).

A typical EEG measurement system consists of a number of delicate electrodes, a set 
of differential amplifiers (one for each channel) followed by filters. The EEG recording 
electrodes and their proper function are crucial for acquiring high quality data. For mul
tichannel recordings with a large number of electrodes, electrode caps are often used. 
Commonly used scalp electrodes consist of Ag-AgCl disks, less than 3 mm in diameter, 
with long flexible leads that can be plugged into an amplifier. Due to the layered and 
spiral structure of the brain, the distribution of the potentials over the scalp (or cortex) is 
not uniform [106j.

There are three recording methods (montage) according to the reference electrode: the 
first is common reference where all electrodes are referred to a specific electrode, the second 
method is average reference where all electrode are referred to average sum of all electrodes, 
and the third is bipolar reference where every pair of electrodes are referred together, for
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example a channel can be represented by the difference between electrode A and electrode 
B [222],

The placement of electrodes on the scalp usually follows the 10-20 International system 
as recommended by the International Federation of Societies for Electroencephalography 
and Clinical Neurophysiology 1139]. The major two lines in this system are from nasion to 
inion (front to back) and from left side to right side of the skull. The 10-20 means that 
the distance between electrodes either 10% or 20% of the total distance of the previous 
defined lines as shown in Fig.2.8 representing a larger setting for 75 electrodes including 
the reference electrodes based on the guidelines by the American EEG Society. The F, T, 
P and O letters are used to define Frontal, Temporal, Parietal and Occipital brain lobes 
respectively. Other notations are used such as z to represent mid-line. i.e. Fz means the 
mid-line of Frontal lope. Additionally even and odd numbers are also used to refer to 
the right and left hemisphere respectively. More letters other than previous ones may be 
needed for higher resolution (larger number of electrodes).

2.3.3 Prosthesis Control Using EEG based Brain Computer Interface

A brain-computer interface, sometimes called a direct neural interface or a brain-machine 
interface (BMI), is a direct communication pathway between a brain and an external device. 
BCIs were initially aimed at assisting, augmenting or repairing human cognitive or sensory- 
motor functions, but nowadays they can be used in many more applications. The term 
BCI is usually interchangeably used with neuroprosthetic devices. Neuroprosthetic devices 
are objects that interact with the nervous system to perform a function that maintains or 
improves the health and quality of life of an individual. They can be broken down into 
three classes: the first class uses neural measurements as an input to control a mechanical 
device that replaces a function of the body (for example, a prosthetic hand); the second 
class create an output signal, based on some action or situation, that is transmitted to 
a nerve to have a desired action (for example, neuroprosthetic bladders); while the third 
class includes devices that have both neural inputs and neural outputs (for example, devices 
aimed at bypassing spinal cord damage) [247]. The first class of neuroprosthetic devices is 
the one that is investigated in this thesis in which the prosthetic devices consists of those 
that base their operation on measurements of neural activity. The measurements are then 
interpreted to create control signals appropriate for the device. Those signals are then used 
to control the action of the device.

The differences between BCIs and neuroprosthetics are mostly in the ways the terms are 
used: neuroprosthetics typically connect the nervous system to a device, whereas the term 
"BCIs" usually connect the brain (or nervous system) with a computer system. Neuropros
thetics and BCI seek to achieve the same aims, such as restoring sight, hearing, movement, 
ability to communicate, and even cognitive function. Both use similar experimental meth-
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Figure 2.8: A diagrammatic representation of 10-20 electrode settings for 75 electrodes 
including the reference electrodes [Adopted from Sanei and Chambers [251]]
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ods and surgical techniques.

Despite of the different terms (being either BCI, BMI, or neuroprosthetics), when con
sidered for control purposes all of these terms refer to the task of using neuronal activity 
of the brain to control artificial devices, and most of the time these are generally referred 
to in the literature as BGTs. The idea here is that even if we are controlling a specific 
machine rather than a computer, but the actual controller of these devices is implemented 
within a small microcontroller unit, i.e., a small computer, thus justifying the global usage 
of the term BCI.

The initial technology of BCI consisted of three key components: a neural interface, a de
coding system, and a user interface (effector). Research on BCIs began in the 1970s at the 
University of California Los Angeles [276]. marking the first appearance of the expression 
"Brain Computer Interface" in the scientific literature. Born as a highly multidisciplinary 
field, basic research on BCIs has moved at a stunning pace since the first experimental 
demonstration in 1999 that ensembles of cortical neurons could directly control a robotic 
manipulator [43]. Since then, a continuous stream of research papers has kindled an enor
mous interest in BCIs among the scientific community and the lay public. This interest 
stems from the considerable potential of this technology for restoration of motor behaviors 
in severely handicapped patients.

Two approaches to BCI control exist, while almost all BCIs realize a mixture of both 
approaches [164]:

1. Learning to voluntary regulate brain activity bv means of neurofeedback and operant 
learning principles. Different brain states can be produced on command and become 
suitable as control commands following subject training. In such a case the subject 
learns to regulate specific brain activity by means of neurofeedback.

2. Machine learning procedures that enable the interference of the statistical signature 
of specific brain states or intentions within a calibration session. In this approach, the 
training is relocated from the subject to the learning algorithm. Learning algorithms 
require examples from which they can infer the underlying statistical structure of the 
respective brain state. Therefore, subjects are first required to repeatedly produce 
a certain brain state during a calibration session. Current learning machines can 
extract spatiotemporal blueprints of these brain states, which are readily usable in 
the subsequent feedback session. The use of the state of the art learning machines 
enables not only the achievement of high decision accuracies for BCI, but also, as 
a by-product of the classification, the few most salient features for classification are 
found, which can then be matched with neurophysiological knowledge.

A schematic example of a machine learning approach employing pattern recognition to 
EEG based prosthetic control was shown in Fig. 1.2. A quick look at the figure shows that 
it has similar components to that employed with EMG based prosthetic control systems.
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Thus the same pattern recognition techniques can be employed with the two approaches 
but the difference could be in the preprocessing applied on the two signals. In practice, 
BCl’s will neither rely solely on feedback learning of the users nor only on machine learning. 
In such a case, the user’s brain activity will adapt to the settings of the decoding algorithm 
when using the BCI.

2.4 Biosignals Pattern Recognition Systems

Biocontrol systems refer to a specific class of systems that are controlled by biosignals 
generated by the human body. These usually concentrate on noninvasive interfaces de
signed for casual wear. The general intent for most of the biocontrol systems is to operate 
a specific device or machine by detecting and recognizing small differences in any of the 
signals generated by the human body. One possible approach to solving this task is based 
on using a machine learning approach focusing specifically on pattern recognition.

Pattern recognition can be defined as the science that involves the description or classifi
cation of measurements into different categories (253]. Pattern recognition aims to classify 
data (patterns) based either on a priori knowledge or on statistical information extracted 
from the patterns. The patterns to be classified are usually groups of measurements or 
observations, defining points in an appropriate multidimensional space. In biocontrol sys
tems these measurements are acquired from the EMG and EEG sensors attached to the 
skin surface.

Pattern recognition is not a new field. Its principles and methodologies have influenced 
the course of technological development for many years in almost every knowledge-based 
field. There are at least two reasons for this continued interest. First, pattern recognition, 
unlike pure mathematics for example, is a field of abstraction as well as of experimentation. 
Often this leads to more fruitful applications which in turn stimulate further research and 
development. The second reason is that, as in any other modern technology, pattern 
recognition has been ven^ much a product of today’s computer technology. Each of the 
new advances in computer programming, parallel computation, graphics, microprocessors, 
etc. has been accompanied by new concepts and methods in pattern recognition work [46].

Like any other field, pattern recognition was found to be very promising when used in 
biosignals driven systems. Biosignals pattern recognition and interpretation systems are 
implemented in hardware and software. Machine pattern analysis of biomedical signals 
were described since a long time ago to consist of the following modules (adopted from
[52]):

• Sensing from one or multiple sites.

• Preprocessing the data (e.g., analog filtering, analog to digital conversion, temporal or 
spatial localization of patterns (alignment in phase and DC bias), and normalization
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of patterns (adjustment of gain and sequence length).

• Extraction of features that are important to pattern classification, i.e. structural 
characteristics, transforms, structural descriptions, or graphs.

• Selection of the best features for property formation, clustering, classification, or 
interpretation.

• Combination of features in some logical ordering to form properties.

• Clustering of features and properties into groups based on measurements of similarity, 
when appropriate.

• Use of features, properties, and clusters for either

1. Comparison with stored data (for pattern detection, discrimination, or classifi
cation), or

2. Estimation of pattern parameters (to infer events, for measurement, or for data 
compression).

• Interpretation of the results obtained from previous steps to reason about important 
concepts and ideas.

Systems that were found in the literature operate at a few stages of the machine pattern 
recognition or interpretation system’s components mentioned above. Also specific features 
are extracted usually, because the motivation is toward the evaluation of features in ways 
which are not tied to accurate estimation of signal characteristics, but rather to the intrinsic 
quality of the features as control signals for a desired device.

A typical pattern recognition-based biocontrol system is shown schematically in Fig.2.9, 
which includes the following components or steps: preprocessing (Data segmentation step), 
feature extraction, dimensionality reduction (employing either feature selection or feature 
projection), pattern classification, and finally a postprocessing step. This is based on the 
assumption that the raw signal in the figure is a pre-amplified, filtered, and digitized version 
of the one measured directly by the sensors.

Multifunction prosthetic controllers should provide a high degree of intuitive and dexter
ous control, and offer a high level of performance. Three important aspects of controllability

Mapped
Command

Feature
Extraction

Dimensionality
Reduction Classification

Figure 2.9: Typical components of a biosignal pattern recognition system
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in myoelectric control are [80]: (i) the accuracy of movement selection, (ii) the intuitiveness 
of actuating control, and (iii) system response time. Biosignal driven prosthetics should be 
capable of learning muscle activation patterns (or nerve patterns) that are used in a natural 
way to actuate motions. They need to be adequately robust against varying conditions 
during operation, and highly efficient in confronting novel data or patterns. Intuitiveness 
alleviate the burden of high mental effort during long-term operation and natural daily 
work. Meanwhile, the response time of such a control system should not create a delay 
that is perceivable by a user during operation. Having smooth and continuous control 
imposes real-time constraints on biocontrol systems. There is a trade-off between response 
time and accuracy; this will be discussed in section.2.7.

Before the pattern recognition system is designed, the designer is usually confronted 
with some factors for which, the proper selection of their corresponding values can play a 
significant role in determining the overall system performance, examples include:

1. Initially deciding what signal state should be considered for control, i.e., the tran
sient part of the signal that requires subjects to elicit a contraction from rest or the 
steady-state that requires the subjects to constantly maintain a. contraction in a 
muscle.

2. Secondly, due to the stochastic nature of the EMG and EEG signals, any instanta
neous value of these signals contains relatively little information about the overall 
brain or muscle activity. To get a better idea about the muscle or brain activity, 
some form of smoothing or windowing must be performed. Features are computed 
from the preprocessed EMG using a sliding window, where a single feature vector is 
produced from each window. In such a case, it will be very important to decide what 
sort of windowing scheme will be the most appropriate for prostheses control, i.e., 
a disjoint-windowing scheme or an overlapped-windowing scheme.

3. Finally, what is the most appropriate segment length i.e., the duration of the 
time slot (or the width of the window) for acquiring data considered for feature 
extraction. It is important to determine what is the maximum allowed controller 
delay, such that the response time of a prosthetic control system does not create a 
delay that is perceivable by a user during operation.

The next sections will discuss those items and justify the appropriate choices within each 
item.

2.5 Transient or Steady State Signal

In Electrical Engineering, a transient response or natural response is the response of a 
system to a change from equilibrium, while a steady state occurs in a circuit or network
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when all transients have died away. When observing the muscles activity. Hudgins et al.
1136] found that similar structures can be found in the myoelectric waveforms i.e., the 
myoelectric signal exhibit both a transient state and a steady-state. The transient state 
in the myoelectric signal is associated with the onset of contraction, i.e.. when the subject 
elicit a contraction from rest, while the steady state myoelectric signal shows up when 
the subject maintain a constant level of contraction. Hudgins et al. [136] were the first 
to consider controlling a prosthetic device using both states, as they showed that there 
exists a deterministic component of short duration that occurs during the initial phases of 
contraction. Although features extracted from a transient state show a high capability for 
classification, it is not clear whether this is because of electrophysiological determinism or 
other reasons, such as skin stretch potentials or electrode motion. The main weakness in 
using a transient state in myoelectric control is that contractions should be initiated from 
rest [220]. This prohibits switching from class to class in an effective or intuitive manner, 
and impedes the coordination of complex tasks involving multiple degrees of freedom. 
Therefore, it is attractive to consider the application of a steady-state signal in real-time 
control.

As a result of Hudgins’ experiments and in an attempt to enhance the classification 
accuracy, a number of approaches appeared in the literature that have used transient data 
for a prosthesis control problem using different pattern recognition techniques [85, 92, 
184]. Englehart et al. [82] reported that a direct comparison with Hudgins method was 
absent from the previous work, thus a set of experiments were conducted to evaluate the 
effectiveness of using the steady-state EMG data in comparison to the transient EMG 
data. They were able to prove that using steady-state data can be of great benefits as it 
highly reduces the classification error rates in comparison to the results acquired by using 
the transient data, thus contradicting the initial results by Hudgins et al. [136]. This was 
based on experimental results on data collected from many subjects. The subjects were 
required to produce arbitrary contraction levels as long as they were reasonably consistent, 
and comfortable enough for the subject to reproduce in daily use without fatigue. Another 
advantage of the steady-state data over the transient data was shown to be related to the 
record length, as the classification performance degrades rapidly as the record length of 
the transient EMG data is decreased from 256 to 128 to 64 to 32 msec. In comparison to 
the steady-state data, this degradation was not so profound [82]. Most of the literature 
work that followed considered the use of steady-state data as a result of these experiments 
as will be reported in the following sections.

On the other hand, when considering the EEG signal as an input to the prosthetic device, 
the BCI will be translating the neural activity into a continuous movement command, which 
guides the prosthetic limb to perform a certain action. This is achieved through continuous 
control of the prosthesis to make it more intuitive to control. Thus, our task is to provide 
natural control scheme rather than one than responds only to sudden changes.
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2.6 The Windowing Approach

Various techniques and methods have been used within this step to handle data before the 
feature extraction step in order to improve the accuracy and the response time. Multi
functional prosthesis controllers that use EMG (and recently EEG) data need to decide 
which degree-of-freedom (DOF) will be actuated in order to produce drive signals for the 
corresponding joint of the prosthesis.

Such controllers usually collect the data in segments (or windows) whose length is usually 
referred to as the analysis window length (Ta). The controller spends some time in order to 
process these collected segments of data (i.e., extract signal features and perform pattern 
recognition). This is usually known as the processing time (r), and is defined as the time 
required after data collection and before a class decision is made. Class decisions i.e., 
decisions produced by the controller that determine which prosthesis movement will be 
actuated, cannot be generated instantaneously because of the processing time. The length 
of the window being analyzed (Ta), as well as the number of channels and the number and 
type of features being extracted will determine r [90].

Two schemes of data segmentation can be employed [80. 90], these are:

• Disjoint Windowing Scheme: a sliding window of data is utilized in which the 
segments occupy completely nonoverlapping intervals on the time domain axes. En- 
glehart et al. [80] explained that the processing time required to analyze the collected 
signal can be much less than the length of the analysis window Ta, in such a case the 
processor will be idle for the majority of time. An example of using disjoint windows 
is shown in Fig.2.10.a, which demonstrates visually that the class decisions are not 
frequently produced (labeled as Dl, D2, and D3) and that the processor is not being 
utilized to its full capacity.

• Overlapped Windowing Scheme: a sliding window of data is utilized at incre
ments that are slightly larger than the processing time. In order to fully utilize the 
capabilities of the processor, Yamada et al. [294] and later Englehart et al. [80, 81] 
suggested increasing the frequency of class decisions by sliding the window along 
increments that are slightly larger than r. In this way, as soon as the class decision 
is generated, the controller immediately begins processing the next class decision 
on a ’new5 window of data. An example of using overlapping windows is shown in 
Fig.2.10.b, which shows how the use of overlapped windows increases the rate at 
which class decisions are sent to the prosthesis motors and nearly maximizes the use 
of the processor. Thus a postprocessing step will be necessary in this case so as not 
to overwhelm the robot arm with the classification decisions. The same approach is 
usually utilized when designing a BC1 system.

Englehart et al. [82] proved that the larger the window size is, the better the clas-
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(a) Disjoint windowing scheme

64 128 192 256 320 384 448 512
Time(ms)

(b) Overlapped windowing scheme

Figure 2.10: An example of the windowing scheme employed with the prosthesis control 
system (A modified version of Englehart’s figure [80])

sification performance of the prosthetic control system (subject to a constraint imposed 
by the maximum allowed controller delay). This is especially true when employing time- 
frequency analysis tools like the wavelet transform or the wavelet packet transform. In 
signal processing terms, this is clearly justified by the fact that windowing in the time 
domain is equivalent to multiplying the original signal by a function which is non-zero over 
the window interval and zero elsewhere. In this case the resultant frequency spectrum of 
the windowed signal is the spectrum of the original signal convolved with the frequency 
spectrum of the window. As a results of this convolution, the longer we look at the signal, 
the better the resultant spectrum will be, i.e., larger window length in the time domain will 
provide better frequency spectrum. This clearly justifies why the time-frequency analysis 
tools achieved better results on larger windows in Englehart et al. [82] experiments.

Having known that windowing steady-state data provide promising results, the next step
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would be to quantify the amount of acceptable window length and processing time for such 
a problem. This is given in the next section.

2.7 Controller Delay and Segment Length

A segment length is defined as the time-slot for acquiring the data to be considered for the 
feature extraction process [220]. The segment length, together with the processing time 
delay imposed by the multifunction prosthesis controller, will define the maximum allowed 
delay required to ensure that the prosthesis will respond to the user’s commands in a quick 
and accurate manner. Due to real-time constraints and in order to reduce the computa
tional complexity, it is generally agreed that response time of the prosthesis control system 
should be kept below 300 msec as specified by Hudgins et al. [136]. Hudgins also specified 
that much of this time is required to acquire the signal samples (the segments) to allow 
feature extraction, leaving less than 100 msec to do the feature extraction, dimensionality 
reduction, and classification tasks. Multifunctional prosthesis controllers shows in general 
better classification accuracies when the data segments considered for feature extraction 
are of larger durations [77, 82, 294).

Below given is a brief review of some research work reporting various controller delays in 
the multifunction prosthesis control problem, from which only two considered the explicit 
study of the effect of controller delay on the system performance:

• Childress and Weir [47] reported that the controller delay should be no longer 
than 50 msec to achieve an optimized performance. This results was based on an 
evidence from users participating in the experiment carried out in their experiments 
who felt as if their hands "were being operated in molasses" if large controller delays 
were present.

• Farrell [90] reported that, while there was only little work in the literature to exam
ine the impact of controller delay on the performance of a multifunction prosthesis 
system, the acceptable length of controller delay has been debated. Farrell studied 
the effect of controller delay and presented a complete analysis for this subject in his 
PhD thesis. It was shown that the controller delay should be kept in between 100 to 
175 msec for the average user.

• Farrell et al. [91] has also very recently proved in an experiment with twenty 
subjects, performing the Box and Block test with a variety of controller delays, that 
the optimal controller delay should lie between 100 and 125 msec for the average user 
on multi-joint prosthetic devices.

• Graupe et al. [Ill, 112] reported different controller delays in their experiments, 
for example Graupe et al. [11 lj reported that a delay of 200 msec and later of 100-300
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msec [112] should be acceptable for prosthesis control.

• Other research groups like Shenov et al. [259] reported that they chose an analysis 
window length of 128 msec and reported that "The choice of 128-sample window 
length is empirical" for the success of an online control of a multifunction prosthetic 
device. Chu et al. [49] also stated that the controller delay should be smaller than 
300 msec to avoid performance degradation, thus also choosing 128 msec analysis 
window length.

• On the other hand, researchers from the University of New Brunswick state 
that delays of 300 msec are not perceivable by the users [80, 81. 118]. During many 
experiments this group of researchers considered controller delays of no larger than 
300 msec as they usually assign the record length to be of 256 msec and the rest of 
the delay was contributed to the pattern recognition task.

Based on the above, it can be seen that the controller delay usually ranges in between 
50 to 300 msec as evidenced by the work of different research groups. Till very recently, 
the most applicable one in the literature was found to be based on the New Brunswick 
settings of using analysis windows of 256 msec. Nowadays, attempt in myoelectric control 
seems to suggest that the 128 msec should be preferred on the 300 msec one, a subject left 
open for the designer [49, 259].

2.8 Feature Extraction for Biosignal-Driven Systems

Feature extraction is usually the first step in any pattern recognition system following 
the preprocessing step as was shown in Fig.2.9. A feature is any structural characteristic, 
transform, structural description, or graph extracted from a pattern for use in pattern 
recognition or interpretation [53]. Feature extraction addresses the problem of finding the 
most compact and informative set of features, to improve the efficiency or data storage 
and processing [115]. Defining feature vectors remains the most common and convenient 
means of data representation for classification and regression problems. Feature extraction 
can also be simply defined as the process of converting patterns to features. Within our 
biosignal-driven system, feature extraction is a process that is applied on a windowed 
portion of the signal to convert it to a set of features (variables) that describe this signal 
in a condensed representation, ideally containing only salient features. The process of 
extracting a suitable feature set is considered as the most important part in a pattern 
recognition system. This is due to the fact that the success of any pattern classification 
system depends almost entirely on the choice of features used to represent the continuous 
time waveforms. Boostani and Moradi [28], reported in a study to select the best features 
for controlling an artificial hand, that for a feature set to be suitable for a prosthetic control 
problem, the feature space should have the following properties:
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• Maximum class separability. A high quality feature space is one that results in 
clusters which have maximum class separability or minimum overlap. This ensures 
that the resulting misclassiheation rate will be as low as possible.

• Robustness. The selected feature space should preserve the cluster separability in a 
noisy environment as much as possible.

• Complexity. The computational complexity of the features should be kept low so 
that the related procedure can be implemented with reasonable hardware and in a 
real-time manner.

An important property of the extracted feature set was missing from those reported bv 
Boostani and Moradi [28]. this is reported as the interaction property between features. 
Certain features might not function well when considered alone, but when considered in a 
combination with other features they can provide additional useful information that would 
improve the performance of the extracted feature set. Recently, Guyon et al. 1115] have 
emphasized the importance of the interaction property by giving two of the most important 
facts related to feature extraction, those are:

1. features that are not individually relevant may become relevant in the context of 
others.

2. features that are individually relevant may not all be useful because of possible 
redundancies.

The literature contains a wide variety of feature subsets that have been employed for 
multifunction prosthesis control employing the EMG and EEG signals. Thus a review of 
feature extraction on both EMG and EEG driven system was necessary.

2.8.1 Feature Extraction for Myoelectric Control

Raw EMG offers us valuable information if properly quantified. Various signal-processing 
methods are applied on raw EMG to achieve the accurate and actual EMG signal repre
sentation. Many feature extraction methods were utilized in the multifunction myoelectric 
control of prosthetic devices. Below, we categorize the literature works according to the 
feature extraction methods.

2.8.1.1 Autoregressive Model Parameters

Initial attempts to EMG feature extraction started with the investigation of the suitability 
of the autoregressive moving average (ARMA) model to differentiate between different 
classes of the arm movements. In his work oil EMG prosthesis control, Graupe has taken 
advantage of spectral properties of the EMG signal and shown that these properties change
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when conditioned on different limb functions [107. 108, 110]. The work done by Graupe and 
Cline [110] attempted to extract the complete linear information content of the myoelectric 
signal using the ARM A model. Their results suggested that the EMG signal can be 
considered stationary over sufficient short time intervals, and that a 5th order ARM A 
model was adequate in describing the EMG signal as higher order models did not increase 
feature separation. Graupe et al. [109] developed a real time system to identify five limb 
functions and the task was completed within 0.2 sec of the initiation of that function 
achieving 85% to 95% success rate.

Slierif [260] replaced the ARMA model in 1980 because the electrical behavior of the 
medical deltoid was nonstationary. Slierif, in his PhD dissertation, has emphasized the 
non-stationary nature of the EMG and used an AR integrated moving average (ARIMA) 
representation. He characterized the non-stationary nature of the EMG during different 
phases of muscle activity. The use of 5th order AR model was supported by other groups 
that sampled at similar frequencies and either found that there was no advantage to using 
5th through 8lh order models over 4th order models [72], or reported very little gain in 
classification accuracy over a h11' order model when using 6th to 8th order models and no 
increase in accuracy when greater than 8th order models were used [93].

Kiryu et al. [158] studied the suitability of the AR, ARMA, and ARIMA models for 
myoelectric control and concluded that the more precise model such as ARMA or ARIMA 
was not necessary for dynamic muscle movements. The justification for this was that first 
the computation cost of ARIMA model is high, and secondly the determination of the 
model order is complex and sometimes difficult. An AR model was chosen by Kiryu et al.
[158] mainly because of its computational cost, but they stated that the estimation of the 
AR parameters can be biased. Thus, they proposed an estimation algorithm for the time- 
varying parameters of an autoregressive model, with less biased time varying reflection 
coefficients. They also stated that the behavior of their proposed parameters offers a new 
perspective for evaluation of the muscle dynamics during several movements.

Doerschuk et al. [72] pointed out an important fact that they faced during their research, 
that is a substantional decrease in the system’s performance was noticed when decreasing 
the sampling frequency from 2KHz to lKHz. A hypothesis was made that the majority 
of the useful signal content for classification was contained in the higher frequencies. The 
frequencies that are represented by an AR model range from the Nyquist frequency to 
1/rriT Hz, where m is the model order and T is the sampling period [112, 152]. Thus 
for the case when the sampling frequency is 2000 Hz, the frequencies represented by a 
4th order AR model range from 500-1000 Hz. On the other hand, when sampling at 1000 
Hz, the frequencies represented by a 4th order AR model ranges from 250-500 Hz. Such 
results indicate that there are more useful information in the 500-1000 Hz range than 250
500 Hz range, and this in turn seems counter-intuitive because the surface EMG signal 
rarely contains frequencies above 500 Hz. Doerschuk et al. [72] results were the first to
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indicate that there may be unique information contained in the higher frequency bands. 
After realizing that the frequency spectrum covered by the AR model is limited to 1 niT 
Hz, Hefftner et al. [ 126j conducted an experiment to design a functional neuromuscular 
stimulator using the EMG signal. In that experiment. Hefftner et al. showed that the EMG 
signals recorded during two limb functions (elbow flexion and elbow extension) indicated 
that the difference between these two functions was more pronounced at low frequencies. 
Thus the decision was to sample the EMG signal with a frequency of 500 Hz, with a 
fourth-order model, this implies that frequencies down to 125 Hz was accounted by the 
autoregressive model parameters.

The coefficients of the AR model were also used as features within many other attempts. 
As an example, in an attempt to explore more reliable methods of deriving control for 
multidegree of freedom arm prosthesis, AR model parameters and signal power were used 
as features in the work done by Karlik et al. [151]. The AR model parameters were also 
used as features in the work done by Kocyigit et al. [160] in which the EMG signal was 
employed as an input to a functional neural stimulator system. It was reported that the 
discrimination of nonstationary above-lesion EMG parameters were achieved perfectly, and 
that after 5000 iterations, left and right step functions (i.e., two classes) were achieved with 
96% percent of acnracy.

It is worth to observe some important advantages of modeling the signal by using the 
AR model coefficients, these are given below as reported by Lamounier et al. [175]:

• Variations in the positioning of the electrodes on the surface of the muscle do not 
severely affect the AR-coefficients.

• The amount of information to be presented to the classifier is greatly reduced. There
fore, the total processing time is also reduced.

This in turn makes the AR coefficients very attractive for real time implementation. 
Goge et al. [103] studied the effect of the AR model on the classification accuracy of a 
myoelectrically controlled prosthesis. The AR model order was varied from 1 to 14 and the 
corresponding classification accuracy was computed for each case. For an eight channels 
problem, the initial classification accuracy achieved for a problem of seven classes was 
nearly 81%, when using an AR model of order 1. It was shown that the classification 
accuracy increased by 9.26% when the AR model order is increased from 1 to 2, followed 
by an increase of 1.20% as the order was increased to 3, and 1.19% when going from 3 to 7. 
The AR model order of 7 was reported as the optimal point with a classification accuracy 
of 92.64%. On the other hand, there was a decrease in the classification accuracy of the 
system after increasing the model order beyond 7.

In recent years, there were many attempts by different research groups to extract infor
mative features from the EMG signal that would exhibit separable and repeatable features. 
All attempts to extract features from the EMG can classified in general into two categories
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[76] r those are:

• Temporal approach: identifies the attributes of the raw EMG signal that charac
terize its temporal structure relative to a specific muscular function.

• Spectral approach: uses information contained in frequency domain, which leads 
to a better solution for encoding the EMG signal.

A review of each category is given next.

2.8.1.2 Time Domain Features

Due to the stochastic nature of EMG signal, any attempt to classify the EMG patterns 
using the sampled raw signal will result in a classification accuracy which is unacceptable 
for control purposes. This can be justified as much of the structural details of the signal 
that are necessary for classification are usually lost with such an attempt. A way of 
retaining some of this structural information is to segment the waveform and determine a 
set of features based on the statistics from each time domain segment. One of the most 
important advantages of employing time domain characteristics is the reduction in the 
complexity associated with the process of feature extraction. Hudgins et al. [ 136] were 
among the first researchers to consider time domain features in myoelectric control, where 
all of the following were chosen as features in their experiment:

E Mean Absolute Value: An estimate of the mean absolute value of the signal AG, 
in segment ?, which is N samples in length is given by:

- 1 A
A'i = -y>fc| for i = 1,2,3,..., / (2.1)

k=l

Where xk is the kth sample in segment i, and / is the total number of segments over 
the entire sampled signal.

2. Mean Absolute Value Slop: This is simply the difference between signals in 
adjacent segments i and i +1. as defined by:

A AG = AG+i - AG for i - 1, 2, 3,/ (2.2)

3. Zeros Crossings: A simple count of the times the signal crosses zero.

4. Slop Sign Changes: The number of times the slop of the waveform changes sign.

Xk > Xk-\ and Xk > xk+i or

Xk < Xk-1 and xk < xk+i and (2.3)

I Xk - Xk+11 > 0.01 V or |Xk - xk-\ \ > 0.01V

39



2 Background and Literature Review

5. Waveform Length: Provides information about waveform complexity in each seg
ment. This is simply the cumulative length of the waveform over the time segment 
defined.

where Ax*,, x*. - x*_i represents the difference in consecutive sample voltage values.

Although the accuracy of Hudgin's controller is good (roughly 11% error for normally 
limbed subjects and about 15% error for amputees, averaged over a set of ten subjects 
with a neural network classifier) there was and still an obvious motivation in the literature 
to reduce the error as much as possible.

Numerous temporal methods for feature extraction from the EMG signal were also ex
perimented in the early research in San Diego State University [277]. These methods 
include Hudgins's temporal feature extraction methods mentioned above in addition to 
some others like:

1. Enveloping Paramters: EMG bursts were caged into two types of bell-shaped
functions: Aexp~° and A cos (cat + d>). The parameters A, o, and r and alter
natively A, ta, and <j) were used as features [132, 277],

2. Amplitude of the First Burst: This is acquired by squaring the EMG signal 
and passing it through a moving average finite impulse response (FIR) filter with 
Hamming window function of size 300 msec. The first maximum point, or the first 
saddle point was extracted from the resulting time function as a feature [279].

3. Square Integral: by simply computing the energy of the signal within all the time 
period and considering it as a feature [277).

Square integral methods were introduced for features extraction of the EMG signals, 
which get the energy within all the time period. However, the energy in EMG signal is 
usually not evenly distributed. The variation of energy upon time actually contains the 
most important attribution for a muscle’s movement. A higher degree of muscle activity 
usually recruits more motors, and consequently release more electricity to be detected as 
EMG. For instance, a burst of energy in EMG signal produces an intense muscle con
traction and fast motion. Hence, dividing a signal into segments and getting the energy 
information for each segment can be useful. The change of energy upon time is intro
duced into the feature vector as well as the overall energy, following those ideas a multiple 
windows approach was first introduced in [76] in which the time domain features were 
identified as being more suitable than spectral approaches for real-time control based on 
utilizing the EMG signals. This was mainly justified by that the spectral approaches are 
much more expensive than time domain approaches in terms of computational time, while 
at the same time requiring longer sequences of raw data. It was also explained that the

(2.4)
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energy of the EMG signal is usually not evenly distributed, and that the variation of energy 
upon time contains the most important attributes for muscle's movements. Specifically, 
the raw EMG signal was divided into 3 segments and each segment was multiplied with a 
windowing function (Hamming. Trapezoidal, and multiple Slepian windows). The energy 
was measured within each of these windows and supplied to the classifier as features. The 
work proved the importance of the energy of the EMG signal and considered it as being 
the feature that has the most significant information for EMG classification. The multiple 
slepian windows method obtained a classification accuracy of 97.66% for 400 msec signals 
and 96.76% for 300 msec signals for a problem of four grasp types. This technique offered 
much better time efficiency and lower dimension of the feature vector than the expen
sive method based on the short time Thompson transform, with just a slightly smaller 
classification hit rate [77].

The root mean square (RMS) of the EMG signal was also used to represent features 
for EMG classification. As an example, Ajiboye and Weir [4] calculated the RMS of each 
EMG channel using a 64-sample window to determine the signal envelope. Four subjects, 
two with intact-limbs, one with unilateral transradial amputation, and one with uni-lateral 
limb-deficiency from birth were used for system offline analysis, and the remaining subject, 
with intact-limb, was used for system real time analysis. EMG pattern belonging to three 
different classes were successfully discriminated, and the overall classification accuracy 
ranged from 94% to 99%.

On the other hand, the work done by Shenoy et al. [259] demonstrated the effectiveness 
of the RMS of the steady-state EMG signals in classifying between many classes of the arm 
movements. Two experiments were done by Shenoy’s group, in the first experiment the 
group explored the current classification-based paradigms for myoelectric control to obtain 
high accuracy (92-98%) on an eight class off-line classification problem. In the second 
experiment, an online control system for a four degree-of-freedom robot was implemented 
given a classification accuracy of more than 90%.

2.8.1.3 Spectral Information as Features

Although pattern recognition using features extracted by the time domain methods were 
successful to some limit, however an argument still exist in literature that pattern recog
nition results using these feature vectors may not provide high success rates [48, 182].

A fundamental concept in the study of signals is the notion of the frequency content 
of a signal, i.e., the contribution of each specific frequency in the signal (the spectrum of 
the signal). The need for the study of the frequency contents of signals emerged due to 
the fact that the information that cannot be readily seen in the time-domain can be seen 
in the frequency domain. One of the well known techniques for discovering the frequency 
content of signals is Fourier Series (for periodic signals) and Fourier transform (for aperiodic
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signals). The basic idea behind Fourier analysis in general is to generate the frequency 
content by decomposing the original signal into weighted orthogonal components given 
by sinusoids of specific magnitudes and phases. The relative weights of the frequency 
components composing the signal are considered as a major factor in determining the 
"shape" of the signal. The magnitudes of the different frequency components are considered 
as features when Fourier transform is employed in the feature extraction process.

Many experiments exist within the literature in which the authors utilized Fourier trans
form for feature extraction from the myoelectric signals. Examples include the work pre
sented by Nishikawa and Kuribayashi [213], In their work, the authors developed a dis
crimination system using a neural network for EMG controlled prostheses. The neural 
network was used in the system to learn the relation between the power spectrum of EMG 
signal analyzed by fast Fourier transform and the performance desired by the handicapped. 
It was shown that the discrimination system with the neural network was able to discrim
inate 7 performances from the EMG signals with the probability of 0.61 simultaneously. 
In another attempt, Matsumura et al. [202] proposed a system to classify the EMG signal 
into seven categories of movements by employing the fast Fourier transform (FFT) for 
feature extraction with an analysis window length of 256 msec and an increment of 128 
msec. The authors utilized the back propagation neural network as a classifier achieving 
a total of 71.67% accuracy, at the same time the authors noticed that in order to classify 
the EMG signal correctly then frequencies below 600 Hz should be considered.

Although this approach is still being used till day in myoelectric control, but it is noticed 
that in general the classification results when employing the FFT based features are low. 
An example include the work presented by Matsumura et al. [201] in which the authors 
claimed that they presented an effective approach for EMG classification by using FFT and 
back propagation neural networks, while achieving a maximum accuracy of (87.5 - 89.5)% 
which is still far from optimal. This can be justified by the fact that it is well established in 
literature that the FFT is a powerful tool to discover the frequency spectrum of a certain 
class of signals i.e., stationary signals. On the other hand, the FFT is not the optimum 
tool to be used with nonstationary signals such as the EMG as it is unable to localize the 
observed frequency components in time.

To overcome the difficulties with the Fourier transform and parametric methods and 
satisfy the stationarity condition, it is common to divide long term signals into blocks 
of short duration where the wide-sense stationarity holds [57, 58, 59]. A modification to 
the original Fourier Transform is the Short Time Fourier Transform (STFT), in which the 
function to be transformed is multiplied by a window function which is nonzero for only a 
short period of time. The Fourier transform (a one-dimensional function) of the resulting 
signal is applied on a window that slides along the time axis, resulting in a two-dimensional 
representation of the signal. This was proposed by Gabor [97] who developed the STFT. 
Hannaford and Lehman [117] used this approach to locate time dependencies in the EMG
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signals that are normally averaged in the Fourier analysis and could pick out the typical 
"three-burst pattern" in the EMG signals from both wrist and head movements.

During dynamic contractions, spectral analysis must be handled with great care, because 
there is a change in the number of active motor units, in the electrodes movement with 
respect to the active muscle fibers, in the geometric relation between the electrodes, in 
the innervations zone, and in the muscle fiber length, etc. All these factors together with 
the change in muscle fiber conduction velocity due to muscle fatigue, greatly increase 
the nonstationarity of the EMG signal. While the STFT compromise between time and 
frequency information can be used in analyzing a signal like the EMG. the drawback is 
that once you choose a particular size for the time window, that window is the same for 
all frequencies. Many signals require a more flexible approach, one where we can vary 
the window size to extract useful information from both time and frequency domains. 
Due to this reason, researchers studied the suitability of various spectral approaches in 
discovering the information contents of the EMG signal. A study made by Karlsson et 
o,l. [153] included the introduction of many time-frequency analysis methods including 
the STFT, the pseudo Wigner-Ville distribution (PWVD), the Choi-Williams distribution 
(CWD), running windowed exponential distribution (RWED), and the continuous wavelet 
transform (CWT). Although the STFT, PWVD and RWED methods have been widely 
used to analyze the nonstationary biomedical signals [27], it may be difficult to achieve 
a good time and frequency resolution in the analysis of nonstationary biological signals. 
The CWT has been found to be very reliable in the analysis of nonstationary biological 
signals and does not require any smoothing function like the STFT, PWVD, and RWED 
[6, 7, 153].

Wavelet transforms, including the CWT, the discrete wavelet transform (DWT), and 
the wavelet packet transform (WPT), are rapidly surfacing in fields as diverse as telecom
munication and biology because of their suitability for analyzing nonstationary signals. 
Since most of the biomedical signals (like EMG and EEG) tends to be nonstationary in 
nature, wavelet transforms found their wide spread applications in the field of biomed
ical signal processing too quickly. Such biomedical signals tend to have highly complex 
time-frequency characteristics. Frequently they consist of brief high-frequency components 
closely spaced in time, accompanied by long-lasting, low-frequency components closely 
spaced in frequency. Wavelet transform is considered appropriate for analysing such sig
nals as it exhibits good frequency resolution along with finite time resolution (the first 
to localize the low-frequency components and the second to resolve the high-frequency 
components [6]).

Like the Fourier transform, the basic idea behind the wavelet transforms is to decom
pose a signal into a set of orthogonal basis. But unlike the Fourier transform, that employs 
sinusoidal signals as the orthogonal basis, the wavelet transform employs a "wavelet func
tion". A wavelet is a "small wave", which has its energy concentrated in time to give a tool
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for the analysis of transient, nonstationary, or time-varying phenomena. Like the Fourier 
transform, it has the oscillating wave like characteristic but also has the ability to allow 
simultaneous time and frequency analysis with a flexible mathematical foundation. All 
variants of the wavelet transform (CWT, DWT, and WPT) were utilized in the problem of 
multifunction prosthesis control. In order to comply with the acceptable controller’s delay, 
linear time frequency representations like the DWT and WPT are preferred over the CWT 
transform in real-time applications. On the other hand, a direct comparison between the 
DWT and the WPT reveals that the DWT is more efficient in terms of computational cost 
[304]. but the use of the WPT usually provides higher classification accuracies than that 
of the DWT [83]. The wavelet packet method is a generalization of wavelet decomposition 
that offers a richer range of possibilities for signal analysis. In wavelet analysis, a signal 
is split into two parts: an approximation and a detail. The approximation is then itself 
split into a second-level approximation and detail, and the process is repeated. In wavelet 
packet analysis, the details as well as the approximations are split.

In recent years, many attempts in the field of multifunction myoelectric control emerged 
based on the utilization of the WT or WPT based features. Features are usually extracted 
from the WT or WPT transform by taking the mean of the squared coefficients at each 
approximation and detail nodes within each level of the WT decomposition. For the WPT 
the process is little more complicated as one has to first specify the most appropriate WPT 
tiling from the over-complete set of tiling provided by the WPT. The well know methods 
for specifying the WPT tiling are the joint best basis (JBB) [56] and the local discriminant 
basis (LDB) proposed by N. Saito [248] in his PhD dissertation. For a classification task, 
the LDB algorithm is usually utilized as it seeks to maximize the discriminant ability of the 
WPT by using a class separability cost function. Specifically a symmetric relative entropy 
measure [165] was found to give powerful results for EMG classification [79, 82, 83].

In another study, with the focus on the suitability of different features for myoelectric 
control, Englehart et al. [84, 86] compared the effectiveness of different feature sets ex
tracted from the same EMG data. A comparison of different feature extraction methods 
was considered for four classes’ problem. All the features set were reduced in dimension
ality with principal components analysis (PCA), a method that will be mentioned in later 
sections. It was shown that there is a monotonic improvement in the classification results 
when considering the following feature sets: time domain features (TD) presented by Hud
gins et al. [136], same TD features reduced in dimensionality with PCA, STFT features 
reduced in dimensionality with PCA, WT features with PCA, and finally WPT feature 
reduced with PCA. Classification results were acquired using two different classifiers, those 
were: multilayer perceptron (MLP) Neural Network Trained with Back Propagation, and 
linear discriminant analysis (LDA) classifier. With both classifiers the superiority of the 
WPT based features was obvious. Some of the important outcomes of Englehart’s [82] 
study were:
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1. Adding more channels can enhance the classification performance of the system, 
thus an investigation into the benefits that may be gained by further increasing the 
number of channels is required. But adding more channels can also increase the 
computational cost for such a system, thus there is a need for an intelligent approach 
for channel selection, such that the system will exhibit good performance with a low 
computational cost.

2. For the same set of subjects, the steady-state data acquired under constant contrac
tion state was classified more accurately than the transient data associated with the 
onset of contraction.

3. The wavelet and wavelet packet features outperform all other methods of feature 
extraction, considered in their experiment.

4. The classification accuracy of the system degraded when increasing the number of 
limb motions to recognize. The achieved error rate was 0.5% for the four classes 
problem and 2% error with six classes. Thus an investigation of possible reasons for 
performance degradation with larger probelms is also required.

Other research groups also studied the effectiveness of a wider set of possible features 
for myoelectric control, including time and spectral domain features. In the study made 
bv Boostani and Moradi [28], nineteen features were used to evaluate the EMG signals in 
order to control a prosthetic hand. These were: integral absolute value, variance, wilson- 
amplitude, zero crossing, the number of turns, mean of amplitude, wavelength, mean fre
quency, histogram, auto-regressive coefficients, Autoregressive coefficients extracted from 
third-order cumulant, Auto-regressive coefficients extracted from fourth-order cumulant, 
Cepstral coefficients, Energy of wavelet coefficients of the EMG signal in nine scales, zero 
crossing of the wavelet coefficients of the EMG signal in nine scales, integral absolute value 
and zero crossing of wavelet coefficients of the EMG signal in nine scales, Auto-regressive 
coefficients calculated by the third-order cumulant of wavelet coefficients, Auto-regressive 
coefficients which are calculated by the fourth-order cumulant of wavelet coefficients. The 
results indicated that the energy of wavelet coefficients in nine scales and cepstrum coeffi
cients lead to the best features for the current problem at hand.

Recently, Levi et al. [118] proved that the performance offered by the WPT features is 
not always the optimal and that AR, model coefficients can even achieve better classification 
accuracies than the WPT features on certain EMG datasets, but no justification was 
given. One possible justification for performance degradation when using the WPT based 
features within large problems is related to the methods employed to specify the best 
WPT tree tiling. The research carried out by Pedrycz et al. [68] revealed that the two 
existing methods for extracting features from the wavelet packet transform, namely JBB 
and LDB, do not guarantee to produce good results, as the measures employed within these 
algorithms are not powerful enough. Pedrycz et al. [68] proposed a new fuzzy membership
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based approach in specifying the best WPT tiling for classification of biomedical signals, 
and proved that the new approach, we refer to it as FWP, highly outperform the JBB 
and LDB methods. When studying the theory behind all of these methods (JBB, LDB, 
and FWP), one can observe that the features extracted bv such method are actually the 
coefficients of the WPT at each node of the decomposition tree. Such a representation 
of features impose a large degree of information dispersion along the dimensions of the 
extracted feature set. Another factor to mention here is that the measures utilized within 
such methods are not powerful enough to judge on features suitability in classification (as 
will be proved in the next chapter). Additionally, the WPT transform lacks the shift- 
invariance capability, thus a small shift in the original signal will impose a large change 
the extracted features.

Due to the above reasons, some research groups in this field have utilized ensemble 
of features as alternatives for the WPT based features. In another attempt by Levi et 
al. [119], they managed to show that an ensemble of features containing the AR model 
coefficients and Hudgins time domain features mentioned earlier outperformed the AR 
feature set and the time domain features when each of these feature sets was considered 
separately. Despite of the good performance of the TDAR features, the results published 
in their experiment also proved that, when the number of motion classes was increased, 
the classification performance of the system dropped significantly by up to 10% depending 
on the electrodes displacements.

Multiple feature parameters, including a mixture of AR model parameters, time domain 
statistics, and spectral domain statistics for EMG pattern classification were also the focus 
of many researchers in this field. As an example integral absolute value (IAV), difference 
mean absolute value (DAMV), variance, AR model coefficients, linear cepstrum coefficients 
(LCC), and adaptive cepstrum vector (ACV), were all used as features by Park and Lee
[227]. These features were extracted from each time segment to create the total feature 
set used to represent the myoelectric pattern. The total number of feature parameters 
was determined by the number of time segments in the pattern. Although the variance 
in the time structure of the signals is high, waveform statistics may be stable enough to 
allow pattern classification. A series of evidence accumulation procedure showed that the 
proposed method recognized the desired motion efficiently with the multiple incomplete 
feature parameters. Also, the separability test showed that ACV feature is more feasi
ble for EMG pattern classification than the other feature parameters considered in their 
experiment.

Although the time-frequency analysis proved to be successful within the myoelectric 
control problem, but the high dimensionality of the feature vector causes an increase in 
the computational complexity of the pattern classifier, and the convergence of the learning 
error may deteriorate. Thus reducing the dimensionality of the extracted feature set will 
be vital to the success of such a system.
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2.8.2 Feature Extraction for Brain Computer Interfacing

The development of brain computer interface system is based on the extraction of few 
most prominent features from the EEG signal for classification. These features should act 
as spatiotemporal blueprints of the underlying brain activity. The relationship between 
cognitive tasks and EEG activity is the subject of numerous research, where all tasks do 
not elicit clearly differentiable features that can be controlled by the subject. Furthermore, 
one should be careful, for electroencephalographic changes can be related to factors other 
that the task itself. Memory, concentration, attention or the difficulty of the task influence 
the EEG [62, 214]. Motor imaginary tasks are the most used in BC1 as they usually consist 
of differentiable patterns that occur naturally in movement planning [233, 237, 288, 245]. 
Furthermore, It has been proven that the imagination of movement elicits the same patterns 
as the movement itself [236].

Within BCI systems, a preprocessing step is usually utilized before the feature extraction 
process. Preprocessing and feature extraction are closely related, and a clear distinction 
between them is not always possible. In the preprocessing step, the system decomposes the 
recorded brain signals into useful signal and noise subspaces using standard techniques like 
for example PCA [177, 15], nonnegative matrix factorization (NMF) [179], singular value 
decomposition (SVD) [120], and independent component analysis (ICA) [45]. Researchers 
have applied these standard techniques to extract features with higher classification ac
curacy than using the original EEG signals. However, some physiological artifacts are 
difficult to filter out, especially muscle activity that is broad-banded, covering almost the 
whole frequency range of interest. Signal filtering efficiency is difficult to assess because it 
often removes as much noise as signal [54],

Features are usually extracted from the EEG signals from the temporal, frequency, and 
spatial domain. From the temporal domain, a specific shape, or a slope as in visual 
evoked potentials, or slow cortical potentials can be extracted. From the frequency domain, 
changes in the power of a specific frequency band can be observed, as in slow cortical 
potentials and event-related (de)synchronisation. From the spatial domain, the activity 
location can be extracted [214]. A BCI could also use both time-domain and frequency- 
domain signal features, and might thereby improve the overall performance [252].

A review of the feature extraction techniques applied to EEG signal classification is given 
below. It is important to mention that many of these methods are used with the EMG 
signal, but the difference is how these methods are linked with the specific EEG rhythms.

2.8.2.1 Fourier Analysis in BCI Applications

A BCI, intended to work as a controller under real-world conditions, has to run in the 
so-called asynchronous mode of operation. This means that it has to react whenever the
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user wishes. Therefore, the user is not forced to perform tasks according to the timing of an 
external schedule as in a cue-based synchronous BCI. Controlling prosthetic devices is one 
such application which is based on the continuous classification of the EEG signals. This 
is usually performed by extracting some features that provide a good estimation about the 
intention (or thoughts) of the user to perform a specific hand movement. A key feature 
describing the EEC signals is the power of specific frequency bands corresponding to the 
rhythms of the EEG. Since motor imagery tasks are usually accompanied by a change 
in the power of certain frequencies, then one possible feature extraction method works by 
computing the power of certain frequency bands. The traditional way for a BCI to compute 
the different frequency bands power is through FFT. where many attempts for EEG feature 
extraction employing FFT have been considered [39, 61. 235]. One of the reasons for the 
continuous interest in the Fourier analysis in general is due to its computational power. A 
recent attempt utilizing the DFT for real-time control of a prosthetic device, by Muller- 
Putz and Pfurtscheller [210] reported that the DFT was mainly chosen due to its low 
computational power. The frequency components were computed bv estimating the power 
density spectrum [rectangular 1 sec data window zero-padded for 1024-point] in steps of
0.25 sec of the EEG signal. The users needed between 2 and 5 sec to correctly switch the 
device and the online classification accuracies ranged between 44% and 88%.

Like the EMG signal, the EEG signal also falls into the category of nonstationary signals 
whose statistical properties constantly change with time. Such nonstationarity makes the 
Fourier analysis limited as was mentioned in section.2.8.1.3. Another factor that could 
limit the usability of the FFT for real-time continuous classification of the EEG signal 
is justified by the need of the FFT for larger time lags to produce a good estimation of 
the power spectrum. In simple words, the need for larger window’s size to provide better 
estimation of the frequency contents as was mentioned before.

Kaiser [144] reported that FFT is usually avoided in neurofeedback sessions because 
it requires large intervals, which introduce an unacceptable time lag for training. Also 
reported was that real-time or near instantaneous spectral techniques such as digital filters 
should be employed instead of the FFT. Another limitation to FFT was also reported by 
Lin et al. [243], stating that FFT based power spectral density analysis might be sensitive 
to noise when the signal, to be analyzed, is from a single channel. Thus they proposed a 
frequency recognition approach based on canonical correlation analysis, which makes use 
of signals from multiple channels.

In order to account for the nonstationarity of the EEG signal, the short-time Fourier 
transform (STFT was mentioned in the EMG section) was used. As an exmaple, Tamil et 
al. [267] stated that when the signal is nonstationary one can introduce a local frequency 
parameter so that local Fourier transform looks at the signal through a window over which 
the signal is approximately stationary and proposed an EEG feature extraction based on 
using the STFT. A neural network based classifier was utilized and the proposed system was
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reported to offer more efficiency than previous work in the literature. Ochoa [216J reported 
that the nonstationary nature of the EEG signals makes it necessary to use methods which 
are able to quantify their spectral content as a function of time, and thus the STFT was also 
considered here as a candidate method. Ochoa analyzed the spectrograms (a spectrogram 
is the squared magnitude of the windowed short-time Fourier transform) of the five mental 
tasks for the electrode position P4 in the 10-20 international system. The goal was to 
see if there was an interclass variation big enough to classify the EEG signal by using 
the STFT based features. It was found that there were no substantial differences could 
clearly differentiate between the five tasks. It was also reported that most of the EEG 
signals energy is concentrated in the first 30 Hz. where the most important EEG waves 
are supposed to be (alpha, beta, theta, Mu and delta, and Gamma), but the differences 
between the tasks were not very significant when using the STFT.

Both Garcia et al. [100] work and Ochoa [216] results indicated that other parametric 
methods parametric and time-frequency analysis methods could be more suitable for EEG 
feature extraction than the STFT or the FTT. Garcia et al. [100] also reported that 
features based on the time-frequency interaction between the signals coming from different 
electrodes provide better results in terms of classification error rate. They concluded that 
these features can efficiently separate the classes when nonlinear decision boundaries are 
constructed.

The following sections will consider both of the autoregressive model parameters and 
the time-frequency analysis for the EEG classification task.

2.8.2.2 Autoregressive and Adaptive Autoregressive Model Parameters

In statistics and signal processing, an AR model is a type of random process which is often 
used to model and predict various types of natural phenomena. The AR model can also 
be seen as a linear filter with random noise input.

Parametric power spectrum estimation methods such as AR, reduces the spectral loss 
problems and gives better frequency resolution. Also, AR methods have an advantage 
over FFT that, it needs shorter duration data records than FFT [113, 8]. Furthermore, 
AR methods need only one or more cycles of sinusoidal-tvpe activity to be present in the 
segment to produce good spectral peaks and they also provide the ability to observe small 
shifts in peak frequencies, which are not easily observed with periodogram derived spectra 
[138|.

Several attempts exist in the literature based on the utilization of the AR model param
eters or the adaptive autoregressive (AAR) model parameters as features in BCI applica
tions. As an example, Pfurtscheller et al. [238] investigated the suitability of the AAR 
based features for EEG classification. The difference to an AR model is that the param
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eters of the AAR model can vary with time: however it is assumed that the parameters 
change only Slowly’. It was proved that the imagination of unilateral hand movement 
elicits predictable EEG patterns, over the sensorimotor hand area. Due to the laterality of 
these EEG patterns the side of the imagined movement could be determined in real-time 
with an on-line error rate between 10.0% and 31.8% with the AAR features extracted from 
a 1 sec epoch of EEG. Thus suggesting an overall improvement of classification by using 
an AAR model.

In another attempt, a noninvasive BCI platform was described by Murguialdav et al.
[211] that was used to control a prosthetic hand. Their proposed EEG-based BC’l was 
based on the modulation of /v (8-12 Hz) rhythm activity via motor imagery tasks, which 
is a well-documented BCI control strategy. The EEG activity from right and left hand 
motor imagery were focused at electrodes C3 and C4, respectively. The spatially filtered 
EEG activity from each electrode was modeled as an AR process over a sliding temporal 
window of 2 sec duration shifting every 250 msec. The power spectral density of the AR 
model for each electrode was computed to calculate the peak p-band power. The reported 
accuracy ranged from 80% to 87% for a two classes problem.

While different experiments employed either the AR or the AAR for EEG classification, 
Huan and Palaniappan [134] conducted an experiment to compare the performance of 
the AR and AAR features under different mental tasks. In their experiment, different 
feature extraction methods were used to extract the features from the EEG signals: AR 
coefficients computed with Burg’s algorithm, AR coefficients computed with a least-squares 
(LS) algorithm and adaptive AAR coefficients computed with a least-mean-square (LMS) 
algorithm. All the methods used order six applied to 125 data points and used the same 
data but with segmentation into five segments in increments of 25 data points. The results 
showed that sixth-order AR coefficients with the LS algorithm without segmentation gave 
the best performance.

In another attempt proposing an ensemble of different feature sets for EEG classification. 
Dharwarkar |71] reported that the AAR model features are more robust against noise than 
other feature sets like the wavelet transform based features. Dharwarkar also found an 
empirical evidence of complimentary information between AAR and wavelet features and 
proposed a fusion scheme that increased the mutual information between the BCI output 
and the problem classes. Recently, a new feature extraction method using the combination 
of adaptive band pass filters and adaptive autoregressive modelling was proposed and ap
plied to the classification of right and left motor imaginary signals extracted from the brain
[143]. The introduction of the adaptive bandpass filter improved the characterization pro
cess of the autocorrelation functions of the AAR models, as it enhanced and strengthened 
the EEG signal, which is noisy and stochastic in nature. Accurate classification results 
were reported with error rates ranging from 10% to 13% depending on the dataset used 
with an enhancement of at least 5% over the AAR alone.
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Other studies focused on how to select the best model order for the AR or the AAR 
models that can provide the best classification results. Statistical methods like Akaike 
Information Criterion, Final Prediction Error. Residual Variance, Minimum Description 
Length, Criterion Autoregressive Transfer and Hannan-Quinn have been used in the lit
erature to select the best model order to represent the signal (a review of these methods 
is given in [223]). Palaniappan [223] proposed a genetic-algorithm (GA) based approach 
to select the best model order that will guarantee the highest classification results. The 
method showed an enhancement of at least 3% or higher across different subjects, and 
came out with two more outcomes: the first was that the proposed method can improve 
the results as compared to any of statistical methods when used alone. The other signifi
cant outcome was that the performance of GA based system does not drop as drastically as 
the drop in the statistical model order criteria for experiments involving multiple subjects 
as compared to a single subject case. .

2.8.2.3 Time-Frequency Analysis of EEG Signals

Traditional spectral analysis tools may not be the best option to quantify the different 
oscillatory activities in the EEC. since the neural processes that generate the EEG are 
intrinsically dynamic. Indeed, there are transient changes in the power or peak frequency 
of EEG waves which can provide information of primary interest. The nonstationary 
nature of the EEG signals makes it necessary to use methods which are able to quantify 
their spectral content as a function of time. Time-frequency representation (TFR) methods 
are well suited as tools for the study of spontaneous and induced changes in oscillatory 
states

The need for time-frequency analysis methods in the processing of the EEG signal 
emerged long time ago. Kramaenko and Tan [163] conducted a study that came with an 
important result stating that analyzing the brain, being a highly complex nonlinear system, 
by using linear models like the FFT may mislead neuro-scientists. This was justified by 
dependence of the power spectrum estimate of the FFT on the number of samples consid
ered. Shuren and Zhong [261] utilized many kinds of time-frequency testing and analysis 
methods such as Gabor transform, Wigner distribution, Choi-Williams distribution and 
wavelets transform. It was proved that satisfied results can be obtained by selecting dif
ferent time-frequency testing and analysis methods based on the different purposes and 
feature waves.

Since the rise of the wavelet era [250], feature extraction from the time-frequency domain 
based on the discrete wavelet transform has been growing increasingly popular [67, 130] 
. Wavelet transform has been used in a variety of EEG classification task. Wavelets are 
essentially a compromise between time-domain and frequency-domain since they allow the 
user to view change in frequency bands over time. The wavelet transform was reported
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to be of an optimal time-dependent frequency decomposition of the evoked responses, 
something difficult to be achieved with other methods such as the Fourier transform and 
usually resulting in better results (244]. A relevant wavelet-based approach in the analysis 
of biomedical signals exploits the capability of wavelet transform to separate the signal 
energy among different frequency bands (i.e., different scales), realizing a good compromise 
between temporal and frequency resolution. Thus for the extraction of wavelet features, 
each single record of the EEG signal is decomposed into several levels to extract the 
wavelet coefficients related to these levels. Coefficients (including residual scale) within 
the following frequency bands: 0-4 Hz, 4-8 Hz, 8-16 Hz, 16-32 Hz, 32-64 Hz and 64-128 Hz 
are usually acquired as features in an attempt to estimate the amount of energy change 
due to certain mental tasks (251). In the case of imaginary hand movement the tones is 
speefied usually on the change in the energy of the //. and 3 rhythms, and this is usually done 
on EEG data collected from channels C3 and C4 (from the 10-20 international system). 
Based on this, Lem et al. [ 183] estimated probabilistic models for amplitude modulation 
in lower (10 Hz) and upper (20 Hz) frequency bands over the sensorimotor hand cortices 
both contra- and ipsilaterally to the imagined movements (i.e., at EEG channels C3 and 
C4). The work was based on applying the wavelet transform on EEG data acquired from 
the BCI competition [25], for which the disclosure of test data labels after the competition 
showed that this approach was the most successful with an error rate as low as 10.7%. 
The wavelet transform was also applied on other datasets from the BCI competition, as an 
example Haibin et al. [116] proposed a new relative wavelet energy (RWE) based feature 
extraction technique for feature selection in BCIs design. RWE is a good tool for detecting 
and characterizing specific phenomena in time and frequency planes. The performance 
and effectiveness were proved by test results on an EEG dataset with different classifiers 
showing similar performance on this feature set.

Bostanov (30] reported that the DWT based approach mentioned earlier, gave a good 
representation of the ERP. However, as DWT uses the dyadic scheme, it cannot be adjusted 
to a given ERP structure. Thus a novel method for feature extraction from biological sig
nals employing the continuous wavelet transform and the student's t-statistic was proposed
[30]. At the BCI Competition 2003 (25], the proposed method provided the seventh-best 
classification on the first Tubingen data set with 17.4% error rate (the contest winner had 
11.3%) and the best result on the second data set was 45.6% error rate. The same ap
proach was also recently proposed by Hsu and Sun [133] to extract features from EEG 
signals recorded from subjects performing left and right motor imaginary tasks. The dif
ference with the previous approach (30] being that a wider frequency range including p 
and /3 rhythmic components was used to acquire important power spectrums for motor 
imagery classification by adjusting the spread parameters.

The wavelet packet transform was also utilized in the EEG feature extraction process. 
Xue et al. [293], proposed to employ the wavelet packet based features in EEG classification
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and compared the results with those acquired by using a scalar AR model and a multivariate 
AR model for the extraction of features from spontaneous EEG during three mental tasks. 
Raw EEG signals were decomposed using the WPT and subband energies at the last 
decomposition level were used as features. The results indicated the significance of using 
the WPT for feature extraction, but no specific algorithm for the selection of the best 
WPT tree tiling was given. On the other hand, Yang et al. [297] proposed to employ 
the LDB algorithm mentioned earlier (by N. Saito [248]) to select the best basis for EEG 
classification. The goal here was to differentiate between three motor imagery tasks using 
electrodes located on the C3, C4. P3, P4, 01 and 02 over the primary sensorimotor cortex 
(according to the international 10-20 system). It was proved that using the WPT based on 
LDB can achieve higher classification results than using features based on the last level of 
decomposition of the WPT tree or the AR based features. Finally, the FWP algorithm for 
selecting the WPT best basis was also utilized in EEG feature extraction, reporting better 
classification accuracies than that of using the LDB algorithm [298| in a subject-based 
feature extraction task.

2.9 Dimensionality Reduction

In many pattern recognition applications, including the EMG and EEG driven systems, 
a large number of features are extracted in order to ensure an accurate classification of 
each segment of the signal into one of a predefined set of classes. One possible example 
is the utilization of the time-frequency analysis methods, which proved to be successful in 
the analysis of biomedical signals like EMG and EEG. Such methods usually end up with 
extracting a large number of features. For the EMG driven systems one is usually interested 
in the features extracted from the spectrum of frequencies ranging between 10-500 Hz. 
This in turn would necessitates the extraction of more features to cover this frequency 
range. Also the multichannel approach that is usually utilized will further increase the 
size of the extracted feature set. On the other hand, despite the fact that within the 
EEG driven systems one might only extract features related to certain ryhthms, but due 
to the use of a multichannel approach (represented by a cap of electrodes), the number 
of features can be quite high, i.e., total number of features — number of features per 
channel x number of channels. As a result, the high dimensionality of the extracted 
feature vector causes an increase in the learning parameters of the pattern classifier, and the 
convergence of the learning error will deteriorate [170]. Thus reducing the dimensionality 
of the extracted feature set to a manageable size, while keeping as much of the original 
information with minimum redundancy as possible will be necessary for the success of 
such a system. Redundancy means that parameters or features that could characterize 
the set of various units are not independent from each other. Consequently, the efficient 
management or understanding of all units requires taking the redundancy into account.
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The large set of parameters or features must be summarized into a smaller set. with no 
or less redundancy. This is the goal of dimensionality reduction (DR), which is one of the 
key tools for analyzing high-dimensional data. Dimensionality reduction techniques can 
be mainly categorized into two categories as shown in Fig.2.11. these are ! 140]:

Dimensionality
Reduction

NonlinearLinear

Selection
Based

Figure 2.11: Taxonomy of dimensionality reduction approaches.

• Feature selection (FS), a commonly used technique in machine learning, is the pro
cess of selecting a subset of the features available from an original set of candidate 
features before applying a learning algorithm to them, thereby neglecting irrelevant 
or redundant features that cause performance degradation [190].

• Feature projection (FP) methods, on the other hand, are employed in situations 
where the semantics of the original dataset are not needed by any future process. 
Feature projection methods can either use linear or nonlinear transformation to map 
the original data into another space with reduced dimensionality [140. 271].

Studies in the held of data mining showed that feature selection methods are generally 
divided into two categories: filter based FS and wrapper based FS. Filter based FS methods, 
use some intrinsic property of the data (for example the mutual information (MI) measure) 
to select features without applying a classification algorithm. Wrapper methods, on the 
other hand, apply a classification algorithm to each feature subset and then evaluate the 
feature subset by a criterion function that uses the classification results. Filter methods 
are faster than wrappers, but their performance is usually not as good as that of wrapper 
methods [13, 190]. In order for any FS method to be successful it should be capable of 
measuring the following quantities:

1. Relevance: The selected feature subset should be maximally relevant to the problem.

2. Redundancy: At the same time the selected feature subset should be of minimum 
redundancy.

3. Interaction: This is the most important property of any selected feature subset, as 
certain features might not function well alone, but the inclusion of those features in
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a subset witli others might present a combination that functions in a very powerful 
manner.

Filter based methods are able to predict to some limit the first two properties, but most 
of them lack the ability to measure the interaction property. This makes their performance 
worse than the wrapper methods that can, in addition to the filter capabilities, measure 
the third quantity by means of classification accuracy results.

On the other hand, feature projection techniques can be based on either linear or non
linear transformations. Given a dataset containing nonlinear relationships, then the linear 
methods are not capable of capturing the structure in the data, thus the nonlinear met hods 
become a necessity.

One of the first studies considering different dimensionality reduction techniques in my
oelectric control was made by Englehart [79], as he compared both feature selection and 
feature projection on both transient and steady-state EMG datasets. Englehart proved 
that features extracted by wavelet packet transform and later reduced in dimensionality 
by PCA, a well known feature projection technique, can produce good classification re
sults [79, 82, 83, 86]. A comparison with simple feature selection techniques that employ 
distance between classes as a measure of features quality was made and PGA was found 
to outperform such methods by means of the accuracy achieved by the projected features. 
The justification was that the EMG is of a very high variance and the use of WPT will 
produce a set of features in which the information is highly dispersed along the dimensions, 
thus PCA would seems like a good candidate, as its main task is to compact the variance 
of the projected feature set along the first few principal components. This in turn formed 
a motivation for most of the researchers in this field to utilize feature projection techniques 
only [114, 206, 282, 304], thus neglecting the effect of feature selection in EMG classifica
tion problems. PCA can be accomplished by using an SVD algorithm [239], where this 
technique has also been applied to EEG and evoked potential (EP) recordings as a mean 
of decomposing an epoch of multichannel EEG or EP data into a linear combination of 
features according to their spatial distributions, temporal profiles, and amplitudes [120].

Despite the importance of PCA in the classification of EMG and EEG signals, there 
are a number of associated limitations too. For example, two or more EEG (or EMG) 
waveforms or activities of differing frequencies but having similar amplitudes and similar 
spatial distributions may be extracted into the same component, thus making it impossible 
to separate them. To circumvent this, Lagerlund et al. [173] suggested to perform PCA 
in the frequency domain to potentially improve results. Another important limitation 
is the lack of the knowledge about the number of principal components to be selected 
after the projection. Selecting a small number of principal components can degrade the 
performance of the system, while selecting a large number of components may increase the 
computational cost. Andrews et al. suggested two novel measures namely spectral power
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ratio (SPR) and sandwich spectral power ratio (SSPR) with improved performance over 
the standard PC selection methods like Kaiser and residual power for BCI design [14].

In the following two sections, a review is given for the trends of dimensionality reduction 
employed in EMG and EEG driven systems to point out their shortages.

2.9.1 Dimensionality Reduction in EMG Driven Systems

One of the main properties of PGA that can also be considered as another drawback 
in classification problems is that it does not take the class distribution information into 
consideration, thus the PC A projected features might not be the optimum solution for 
classification tasks. The work presented in [49, 118] revealed that during different experi
ments the acquired classification results in a myoelectricallv controlled prosthetic arm did 
actually decrease when trying to identify a large number of the forearm motion classes. 
In other words when the number of motion classes to be classified increases, the EMG 
classification accuracies of the features projected with PGA decreased. Although that this 
problem also applies on other feature projection methods, but its effect is more obvious on 
PCA. This is due to the fact that PGA does not take the class distribution into consid
eration when projecting the data. Variations to the PCA approach were also proposed in 
the literature, but as mentioned before these were mostly based on feature projection tech
niques. A combination of linear-nonlinear feature projection techniques was introduced 
employing PCA (linear projection method) and a self organizing feature map (SOFM) (as 
a nonlinear projection method) [49], achieving an average accuracy of 97% for a problem 
of nine classes of EMG based motions. The PCA+SOFM method was compared with the 
PCA approach and proved to present better results. The disadvantage of this approach 
was that a SOFM was used along each channel thus increasing the computational cost es
pecially when the number of EMG channels increases. To the best of my knowledge, there 
were no other experiments in the literature that did employ any other technique rather 
than PCA or the PCA+SOFM in the field of myoelectric control till very recently. The 
variation to the PCA based approaches was given by Chu et al. [50] in an approach that 
utilized LDA as a dimensionality reduction tool. The proposed LDA-based approach was 
proved to outperform both PCA and PCA+SOFM techniques in terms of classification 
accuracy. On the other hand, there are a number of well known drawbacks that might 
prevent the direct use of LDA, the most important are:

• Classical LDA requires the scatter matrices to be non-singular, while in real problems 
the scatter matrices can be singular. This will prevent the direct usage of LDA 
without first considering the singularity problem.

• Classical LDA pays no attention to the decorrelation of the data. Hence it may not 
always give the optimal results especially when the datasets contain a large degree 
of information redundancy.
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Jn an attempt to solve these problems and apply a more suitable feature projection 
technique in myoelectric control problems, Adrian and Green |41] proposed to employ 
the uncorrelated linear discriminant analysis (ULDA) in this problem. The ULDA was 
proposed recently and is an enhanced version of LDA that further requires the projected 
features to be statistically uncorrelated [300]. The ULDA technique has proved to give 
good results when compared with other dimensionality reduction techniques. Experiments 
carried out by Chan and Green [41] showed that the average accuracy of the EMG pattern 
recognition system utilizing ULDA was around 92.5% averaged across thirty subjects. 
Cai et al. [36] reported that the computations within ULDA involve the singular value 
decomposition of the data matrix, which is computationally expensive in both time and 
memory for high dimensional large scale data sets. When the data matrix is sparse, which 
is not uncommon in certain applications, it can fit into the memory even with a large 
number of both samples and features. However, the singular vector matrices are dense, 
thus may not be able to be lit into the memory. Thus an investigation is required to 
identify alternative approaches for dimensionality reduction with improved performance.

Recently, researchers involved in this field of study started to realize the importance 
of channel and feature subset selection in the classification of biomedical signals. The 
importance is justified by the fact that not all the extracted channels/feature should be 
used for classification and that the selection of certain channels/features, might enhance 
the classification accuracy of the system. Unfortunately, there were only a very limited 
number of attempts to address this issue. Huang et al. [135] applied an algorithm based 
on the sequential forward selection (SFS) method to find a limited number of electrodes 
that contains most neural information. Results from this study showed that 12 or less 
EMG electrodes placed over targeted muscle reinnervation and other residual muscles can 
pick up neuromuscular control information for the amputated limb, including the control 
of finger movements. The appropriate number of channels is a delicate question as one 
usually tries to minimize the amount of channels required while maintaining reasonable 
classification performance. The genetic algorithm was also employed by [168] to find the 
near-optimal subset of electrodes for patients who were subjects for TMR surgery. The 
results showed that a high classification accuracy can be maintained with a substantially 
smaller set of electrodes. Unfortunately, no comparison with the previous approach was 
given, thus it is hard to prefer one of these approaches upon the other.

Feature subset selection was only considered in few countable attempts, as an example 
Oskoei and Hu [219] utilized genetic algorithm to search for the best subset of features 
extracted from four channels of myoelectric signal from upper limb muscles. The extracted 
feature set was a combination of time and frequency domain features, upon which the 
genetic algorithm was used to select only a subset of the original features. Features were 
evaluated based on four distinct parameters. The parameters were Davies-Bouldin (DB) 
index, Fishers linear discriminant index (FLDI), and classification error rates using both
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linear discriminant analysis and artificial neural networks (ANNs). Although enhanced 
classification results were reported but more work and analysis should be made as this 
approach does not seem to be very consistent, where the result indicated that DB mea
sure. being a simple class separability measure, nearly outperformed the actual accuracies 
achieved by LDA and ANN. Also the authors reported that the probability of selecting 
a given feature or channel is highly variable, which is mainly due to the nature of ge
netic algorithm itself, as different runs of this algorithm produce different results. Other 
attempts considered statistical approaches as a guidance for feature subset selection, for 
example Ml theory was employed by [296], where it was utilized to get the reduction 
feature set without compromising classification accuracy. Compared with the extensively 
used feature reduction methods such as PCA, SFS, and backward elimination (BE) etc., 
the comparison experiments demonstrated the superiority of the Ml based approach in 
terms of time-consuming and classification accuracy.

Thus it is clear from the above that a detailed study with the effect of feature selection is 
missing from this field, and also that such a field would benefit a lot from the development 
of novel feature selection and projection techniques or a hybrid of the two. Such methods 
will form one of the major goals of this thesis.

2.9.2 Dimensionality Reduction in EEG Driven Systems

To classify EEG patterns, feature vectors must be created. Even when the features contain 
enough information about the output class, the classifier may not be able to predict the 
output correctly. This is due to the fact that the large dimension of the feature vector 
requires numerous instances to determine the relationship between the inputs and out
puts. As mentioned before, standard techniques like ICA, SVD, and PCA were all applied 
in BC1 problems (45, 173, 239j. Such methods were mainly used for denoising (in addi
tion to dimensionality reduction) in BC1 problems to extract the task-related components 
and eliminate the background activities. ICA is one of the methods extensively employed 
in EEG studies, representing a useful technique that allows blind separation of sources 
that are linearly (or nonlinearly) mixed assuming statistical independence of these sources. 
This suggests the possibility of using ICA to separate different independent brain activi
ties during mental activities into separate components. Various studies considered ICA in 
EEG classification problems, many of which indicated that the use of ICA provided good 
classification performance. As an example, Qin et al. [242] performed an experiment to 
test the hypothesis that the source analysis methods will aid the classification of motor 
imagination by revealing the activity of the brain. An SVD step was employed before the 
ICA, a procedure that speeds up the iterations of ICA by setting all singular values falling 
below a certain threshold to zero. The presented results suggested that the source analysis 
approach could manifest a clearer picture on the cortical activity, and thus facilitate the
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classification of motor imagery tasks from scalp EEG. Xu et al. [292] extracted the energy 
of the EEG signal concentrated in the frequency band 2-8 Hz before applying PCA for 
dimensionality reduction to about 1/3 of the size of the data extracted from 64 channels. 
ICA was also applied after the PCA step to develop a spatial-filtering matrix to be used 
during the testing phase. The idea of temporal and spatial filtering proved effective to the 
extraction and analysis of evoked potentials. In another attempt based on EEG signals 
for hand grasp control, Erfanian and Erfani [881 applied the features extracted by means 
of an AR model parameters to a binary classifier employing standard ICA (dimension
ality reduced to one component only) and reported a maximum accuracy of 82% among 
different subjects. Park et al. [2261 also utilized ICA and oriented principal component 
analysis (OPCA) for an EEG classification problem. ICA was used first for artifact re
moval and OPCA was applied later to produce a small set of principal components for 
classification. Instead of ICA, PCA, and S\rD Wang et al. [284] applied the common 
spatial subspace decomposition (CSSD) to extract the relevant features and later applied 
LDA for dimensionality reduction.

On the other hand, one can see that the importance of feature selection methods was not 
underestimated like the case with the EMG signal. As the number of EEC channels exceed 
100, i.e., far more than these used in EMG, the need for dimensionality reduction in EEG 
is more apparent. Based on this, various attempts exist in the literature utilizing feature 
selection methods as dimensionality reduction in different EEG classification problems. As 
an example, Al-Ani and Deriche [12, 70] suggested to use the concept of MI theory to aid 
in the selection of features extracted from different frequencies and different channels and 
proposed new evaluation measures for this task. The MI maximization is a natural idea for 
subset selection since this can provide a maximum information combination of pre-selected 
components. In order to calculate the mutual information between two random variables, 
the Probability Density Function (pdf) needs to be known. However, since the pdf is usu
ally not known in most pattern recognition problems, one can use a histogram approach 
to estimate the mutual information. In such a case, the estimation of high-dimensional 
mutual information requires very large number of observations, which is not the case. To 
solve this problem Batiti [17] and then Al-Ani and Deriche [70] developed a flexible solu
tion using only two dimensional cross mutual information. The reported results indicated 
the effectiveness of EEG feature and channel selection and that such methods proved to 
highly outperform PCA and canonical correlation analysis (CCA) in the processing of such 
signals [12], The concept of MI was also used by Lan et al. [176] who proposed a method 
for channel selection based on searching the maximum mutual information of all possible 
channels’ combination. Dat and Guan [64] reported that the limitation of this method is 
that an additional ICA need to be applied for each combination of channels in order to 
estimate Mutual Information and this makes the processing very time consuming. Thus, 
Dat and Guan [64] proposed to apply ICA (and common spatial pattern (CSP)) first and 
then perform a feature selection based on MI and Fisher’s ratio to select the best com
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ponents for classification. An enhanced classification result or even optimal was reported 
by Schroder et al. [256] when employing genetic algorithm and support vector machine 
(SVM) classifier to EEG feature selection, the presented GA-SVM method allowed for 
good improvement of classification accuracy compared to the all-channel feature choice, 
and even better, compared to the physiologically motivated feature. Motivated by the per
formance of GA in EEG feature selection, Alsukker and Al-Ani [11] decided to compare the 
performance of several feature selection methods in EEG classification. When considering 
both the classification accuracy and computational time aspects, results indicate that sim
ulated annealing was able to achieve better compromise than other methods. Al-Ani and 
Alsukker [10] also found that a good compromise between performance and computational 
cost could be achieved by using three features that represent the energy of frequency bands 
4-8, 8-16 and 16-24 Hz when classifying EEG signals related to motor imaginary tasks. It 
lias also been found that motor imagery channels play an important role in the analysis of 
BCI, however, including other channels as well could provide additional information that 
would help in improving the performance in certain cases.

According to the above review of dimensionality reduction methods applied in EMG and 
EEG classification, the following contributions are suggested in this thesis:

1. It is proposed here to re-evaluate the significance of feature selection techniques 
in multifunction myoelectric control, as the methods used by Englehart were not 
powerful feature selection tools (as they considered only the relevance of features) as 
compared to the available techniques nowadays [189]. Feature selection proved to be 
very successful in the processing of biomedical signals like theJEMG and EEG, were 
results indicated that feature selection methods can be much more powerful than 
traditional methods. Thus, such a study might enhance the system’s performance 
while at the same time overcoming many of the limitations that were mentioned with 
the projection techniques.

2. Recent approaches in features selection proved the significance of the state of the art 
swarm intelligence based method in this field. Methods like the particle swarm opti
mization (PSO) [94, 268], ant colony optimization (AGO) [9, 141] and other hybrid 
techniques [21, 305] proved to be of a great importance in mining different datasets 
producing powerful results and that such methods can outperform the above men
tioned methods in EEG and EMG feature selection [9]. To this end it is decided to 
develop new swarm based dimensionality reduction techniques for mining biomedical 
signals like the EMG and EEG and compare the results with the available dimen
sionality methods applied mainly in EEG classification to evaluate the significance 
of such methods in this field.

3. As another contribution of this thesis, novel feature projection techniques will be 
developed in an attempt to overcome many of the limitations associated with the
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above mentioned methods. The justification for the need for the feature projection 
methods will be given in the corresponding section.

2.10 Classification Algorithms for Biosignals Recognition

When controlling a prosthetic device the user must produce different brain or muscle 
activity patterns that will be identified by the system and translated into commands. In 
most cases, this identification relies on a classification algorithm i.e., an algorithm that 
aims at automatically estimating the class of data as represented by a feature vector of 
reduced dimensionality [78]. Several classification algorithms were employed within the 
EMG and EEG driven systems, that incorporate classification tasks. Thus, a review of the 
classification algorithms employed within these systems is required. This section surveys 
the classification algorithms used to design such biosignals driven systems. These are 
mainly divided into four different categories: linear classifiers, neural networks, fuzzy logic, 
and other classifiers. The most popular are briefly described and their most important 
properties are highlighted.

2.10.1 Linear Classifiers

Linear classifiers are discriminant algorithms that use linear functions to distinguish be
tween the different classes. They are probably the most popular algorithms for BCI appli
cations. Two main kinds of linear classifier have been used for BCI and myoelectric control 
design, namely, LDA and Linear support vector machine (LSVM).

2.10.1.1 Linear Discriminant Analysis (LDA)

The aim of LDA (also known as Fisher's LDA) is to use hvper-planes to separate the data 
representing different classes [78]. In simple words, Fisher discriminants find the line that 
best separates the points belonging to different classes. LDA assumes normal distribution 
of the data, with equal covariance matrix for both classes. The separating hyper-plane is 
obtained by seeking the projection that maximizes the distance between the means of the 
classes and minimizes the inter-class variance. An example is shown in Fig.2.12.a, with 
two classes that are well separated when using LDA to project the two features. The same 
features are shown in Fig.2.12.b to have considerable overlap when projected using PCA.

The LDA classification rule is to assign an object to the group with highest conditional 
probability (Baye’s Rule). Thus LDA classifier is usually derived as the minimum-error 
(Bayes) classifier for normally distributed classes with equal covariance matrices. If we 
assume that each group (belonging to a certain class) Inis multivariate normal distribution
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(a) (b)

Figure 2.12: Different data projection techniques: (a) Points mixed when projected onto a

and all groups have the same covariance matrix, we get what is called a linear discriminant 
analysis formula that is given by:

Where gt represent a set of linear functions, gt : Rn —> R, i = 1...... c for a c class
problem, P(oq) is the probability of class uq, /q is the mean of class i, and E represents it 
covariance matrix, assuming that all class-covariance matrices are the same that is E — Ej. 
tVio £ R and «q £ R7’ are the coefficients of the linear discriminant function gi.

Linear classifiers are the simplest ones as far as implementation is concerned, and are 
directly related to many known techniques such as correlations and Euclidean distances. 
However, in the Bayes sense, linear classifiers are optimum only for normal distributions 
with equal covariance matrices. In some applications the assumption of equal covariance 
is reasonable because the properties of the noise do not change very much from one signal 
to another. However, in many other applications of pattern recognition, the assumption 
of equal covariance is not appropriate. Many attempts have been made to design the 
best linear classifiers for normal distributions with unequal covariance matrices and non
normal distributions. Of course, these are not optimum, but in many cases the simplicity 
and robustness of the linear classifier compensate for the loss in performance [96].

This technique has a very low computational requirement which makes it suitable for 
online EMG and EEG classification. Moreover this classifier is simple to use and generally 
provides good results. Consequently, LDA has been used with success in a great number 
of myoelectric control systems [82, 86, 79. 83], and BCI systems [234, 101j. The main 
drawback of LDA is its linearity that can provide poor results on complex nonlinear EEC

line (PCA projection), (b) Points separated when projected onto a line (LDA 
projection)

(JiW - log[P{uji)\ - ^gjE '/q T gjE l.r (2.5)
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data [100].

2.10.1.2 Support Vector Machine (SVM)

The SVM is a relatively new classification technique developed by Vapnik [275] which 
has shown to perform strongly in a number of real-world problems. An SVM also uses a 
discriminant hyper-plane to identify classes [34]. However, concerning SVM, the selected 
hvper-plane is the one that maximizes the margins, i.e., the distance from the nearest 
training points. Maximizing the margins, apart from being an intuitive idea, has been 
shown to provide theoretical guarantees in terms of generalization ability [275]. Just by 
looking at Fig.2.13 [154] one can find that the dashed separation line shown in the right 
graph seems to promise good classification while facing previously unseen data (meaning, 
in the generalization phase). This can also be expressed as that a classifier with smaller 
margin will have higher expected risk. Such an SVM enables classification using linear 
decision boundaries, and is known as linear SVM. This classifier has been applied, always 
with success, to a relatively large number of synchronous BCI problems [24. 101, 283].
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Figure 2.13: Examples of SVM Hyperplanes

It is also possible to create nonlinear SVM decision boundaries, with an increase in the 
classifier’s complexity, by using the "kernel trick". It implicitly maps the data to another 
space, generally of much higher dimensionality, using a kernel function K(x. y). The kernel 
generally used in BCI research is the Gaussian or radial basis function (RBF) kernel [192]:

K(x, y) = exp(—) (2.6)

The corresponding SVM is known as Gaussian SVM or RBF SVM [34, 174]. Despite 
of the good results achieved by SVM in BCI applications [149], results reported on the 
application of various kernels based SVM perform similarly over considered myoelectric 
signal features [221]. It was also shown that the results achieved by LDA were very close 
to the SVM, and both can outperform the multilayer perceptron neural network [221].

63



2 Background and Literature Review

2.10.2 Artificial Neural Networks

An artificial neural network is an information-processing paradigm inspired by the way 
the biological nervous system (the brain) process information. It is comprised of massively 
parallel arrays of nonlinear interconnected processing elements (neurons) working in unison 
to solve specific problems. ANN. like people, learns by example. An ANN is configured 
for a specific application like pattern recognition through a learning process. Learning 
in biological systems involves adjustments to the synaptic connections that exist between 
neurons. This is true for ANN as well [156]. The most well known paradigm of ANN 
employed in the classification of EMG and EEG signal is a multilayer perceptron neural 
network trained with back propagation algorithm. The most widely used neural network 
in EMG and EEG classification is the MLP trained with back propagation algorithm. 
MLPs are suitable structures for nonlinearly separable input data. In an MLP model, the 
neurons are organized in the form of layers. Neurons in a layer get input from the previous 
layer and feed their output to the next layer. In this type of networks, connections to the 
neurons in the same or previous layers are not permitted. The back-propagation training 
algorithm is an iterative gradient algorithm designed to minimize the mean square error 
between the actual output of a multilayer perceptron and the desired output [187], this is 
done by modifying the connection weights between the layers.

The MLP was one of the first classifiers that proved effective for multifunction myoelec
tric control [136, 155]. The MLP structure is usually determined by trial and error, as the 
most appropriate number of hidden layers and the number of neurons per layer vary from 
problem to problem [49]. One way to speed up the backpropagation algorithm is by the 
application of PCA to the data prior to applying the data to the MLP classifier. This is 
due to the fact that the use of PCA will make the Hessian matrix of the cost function more 
diagonalized than usual. This in turn generates an appropriate scaling of the learning rate 
along each weight axis independently [122]. Englehart et al. proved that despite the fact 
that the MLP enjoys an advantage over LDA of being capable of prescribing nonlinear 
class boundaries, but the LDA performance was shown to outperform that of MLP when 
dealing with EMG features extracted by time-frequency methods [83]. This was justified 
by considering the dimensionality of the feature vector, as when the dimensionality grows, 
the degree of nonlinearity between class boundaries must diminish. In the high dimensional 
space provided by the time-frequency methods, it will be unlikely that highly nonlinear 
bounds exist between classes. Thus LDA might be able to outperform MLP in such a 
case. The MLP was also used in BCI applications in the literature [284] proving to be very 
successful.
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2.10.3 Fuzzy Logic Techniques for Classification

In recent years, fuzzy logic proved to bring new possibilities in the biomedical signal analysis 
problems. Several studies were found in the literature on the application of fuzzy logic 
based algorithm for clustering arid classification in the myoelectric control problem, most 
of which reported to achieve much better results than those achieved by conventional 
methods [266. 280]. Fuzzy clustering methods like the fuzzy c-means algorithm [4] and 
the ISO-FUZ |42] methods were utilized in different ways in EMG recognition problems as 
classifiers and in both cases they achieved good accuracies, depending on the complexity 
of the problem. The work done bv Chan et al. [42] came with better results than what was 
achieved by Hudgins et al. when using fuzzy clustering techniques on the same dataset. 
The fuzzy c-means clustering was also utilized with features extracted by the wavelet 
transform and projected with ICA reporting a promising performance 1150].

On the other hand, one can see that there were few attempts also to utilize fuzzy logic- 
based techniques in EEC classification, with promising results [63, 191, 224], One of the 
major issues with BCI applications is the extensive variability and inconsistency of brain 
signal patterns, observed especially in EEG signals. A novel type-2 fuzzy logic system 
(T2FLS) classifier within the framework of an EEG-based BCI approach was also proposed 
for handling of the resultant uncertainty effects. In particular, a design of an on-line system 
that can handle long-term nonstationarities of spectral EEG correlated to motor imagery 
(imagination of left vs. right hand movement) was shown to be effective and to outperform 
the results acquired by using an SVM classifier [128].

2.10.4 A>Nearest-Neighbor (ANN) Classifier

The ANN classifier is a quite trivial; where it simply memorizes the training data. All the 
work is done by the classifier at "run time". Given a new instance x to be classified, the 
classifier finds the A training examples that are most similar to x. and looks at their labels. 
Whichever label occurs most frequently among the A nearest neighbors is chosen as the 
predicted label for x. Lotte et al. [192] reported that ANN algorithms are not very popular 
in the BCI studies, probably because they are known to be very sensitive to the curse- 
of-dimensionality, which made them fail in several BCI experiments [24, 254]. However, 
when used in BCI systems with low-dimensional feature representation, ANN may prove 
to be efficient [29]. The ANN classifier was also employed in EMG studies to evaluate 
the features using Davies-Bouldin index. The ANN as a nonparametric classifier measure 
avoids most of the bias due to parametric assumptions, but as mentioned previously it was 
also reported here that such a classifier will benefit from reducing the dimensionality of 
the feature set prior to classification [303].
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2.11 Post-processing Techniques

Two techniques are usually employed with the steady-state EMG classification problem to 
smooth the decision made by a particular classifier. These are the majority vote and the 
removal of the transition periods between the classes.

Due to the increased frequency of class decisions afforded by the overlapping windows 
scheme mentioned earlier, then there is a need to reduce the number of classifier decisions 
that are sent to the prosthetic arm. Majority voting is one possible scheme that takes 
advantage of the increased frequency of class decisions. It is a post-processing strategy 
that can achieve an enhancement in the EMG classification accuracy of about 2% [40] in 
the presence of noise. In the majority voting strategy, the current class decision along with 
the N-1 previous class decisions are analyzed and the class that occurs most frequently in 
those N decisions is selected as the controller output |90]. Soule research groups consider a 
variation of this scheme in which the decisions comprising the current window, the previous 
N-1 windows, and the next N-1 windows are used to smooth the classifier output [118].

On the other hand, researchers in this field usually remove the decisions made by clas
sifying the EMG windows acquired from the transition period [41]. This is valid since the 
period between transitions does not belong to a specific class of movement, i.e., the system 
is in an undetermined state between contractions.

2.12 Summary

In this chapter, a background on the basic concepts related to the properties of the EMG 
and the EEG signals with their corresponding measuring techniques and applications was 
given. The chapter considered then a detailed literature review on the pattern recognition 
based model utilized with both of the EMG and EEG signals. Various methods were 
utilized within different parts of the pattern recognition model in the literature. Many 
of these methods were shown to exhibit certain limitations that were all pointed out. 
Additionally, where possible the need for the contributions proposed in this thesis was 
justified. In the next chapters, these contributions are considered in more details with the 
corresponding theory, experiments, and results.
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Feature Extraction Using Wavelet 
Packet Transform

3.1 Introduction

An important aspect of biomedical signals is that the information of interest is often a 
combination of phenomena that are transient (e.g., spikes and action potentials) and diffuse 
(e.g., small oscillations, and semiperiodic activations). Such phenomena are characterized 
by local information that exist in the time domain or in the frequency domain or both. In 
order to analyze such signals, there is a need for methods that are sufficiently versatile to 
capture events that present these extremes by localizing information from a time-frequency 
point of view |87]. One of the powerful time-frequency analysis methods that poses such 
an ability is the wavelet transform (WT) and its generalization known as the wavelet 
packet transform (WPT) motivating its use in biomedical applications [7]. Wavelets divide 
the signal of interest into different frequency components, whereby each component may 
be studied at a resolution matched to its scale. Wavelet transforms have the important 
and useful abilities of detecting and recognizing stationary, non stationary, or transitory 
characteristics of signals including abrupt changes, spikes, drifts, and trends [68], thus they 
are very suitable for such applications.

This chapter starts first with an introduction to the wavelet transform and its general
ization into the wavelet packets giving the basic mathematical introduction necessary to 
understand the wavelet transform. Secondly, the methods used to extract features from 
the WPT are analyzed with the associated advantages and disadvantages. Thirdly, a novel 
algorithm for information content estimation and feature extraction is then proposed in 
this chapter. The performance of the proposed algorithm is compared with the typical 
methods from the literature to prove its efficiency.
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3.2 Wavelets in Multifunction Prosthesis Control

Within the prostheses control systems, the WT and WPT were mainly used for EMG 
and EEG feature extraction, as they provide a powerful framework that can localize the 
discriminant information in time and in frequency domains. Features extracted from the 
WT and WPT were shown to be appropriate for EMG and EEG signal classification tasks 
since a long time ago [7]. Furthermore, features extracted bv the WPT were shown to 
be even more powerful than that of the WT based features [80, 82]. However, recent 
approaches in EMG and EEG classification have shown some drawbacks in the system's 
classification accuracy when using the WPT features. Such drawbacks are mainly reflected 
by low classification accuracies achieved in such approaches. This is noticed especially 
when the problem size increases, i.e., in problems with large number of channels and 
classes. Also, a combination of simple time-domain features with the autoregressive model 
features was reported to compete with the WT and WPT based features [118].

According to the literature review presented earlier, the methods used to construct 
and select the WPT-based features for classification were not very consistent [68. 282]. 
Another important limitation to the available WPT-based feature extraction methods is 
that such methods are only applicable to feature extraction from a single channel. In 
simple words, there is no such well established method that can extract features that best 
interact together from multiple channels, but only considering each channel alone. This 
would in turn result a huge amount of features when the number of channels is large, which 
is a usual case with’most biomedical signal classification systems, especially when dealing 
with the EEG signals. Additionally, due to the high dimensionality of such linear time- 
frequency representations, then choosing an appropriate form of dimensionality reduction 
plays a significant role in the success of such systems.

This chapter presents one candidate feature extraction method based on the WPT in 
which we propose a new fuzzy logic based information estimation algorithm. In order to 
pave the road for the proposed method, we start with a foundation description of wavelet 
functions and approximations, that will in turn lead to the wavelet transform and its 
generalization to WPT.

3.3 Wavelet Functions and Approximations

A wavelet is a fundamental building block function, analogous to the trigonometric sine 
and cosine functions used in Fourier transform. It is simply a short wave; this means 
that the duration of the function is very limited. A wavelet function oscillates about zero 
and the oscillation damp down to zero and the function is localized in time or space. An 
example of a Daubechies wavelet is shown in Fig.3.1 being a famous one for its special 
mathematical properties and its unusual shape [65]. The plot of the wavelet shows that
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the function quickly decays to zero in both positive and negative directions. In simple 
words a wavelet is a special signal in which two conditions have to be satisfied, those are: 
firstly, the wavelet must be oscillatory. Secondly, its amplitudes are non-zero only during a 
short interval. The required oscillatory condition leads to sinusoids as the building blocks. 
The quick decay condition is a tapering or windowing operation.

d4' motner. psi(O.O)

Figure 3.1: The famous Daubechies wavelet function

The wavelet functions or simply "wavelets" have a gender: these are father wavelets 
(d>), also known as the scaling function [207|. and mother wavelets (?/.’), an example of 
both is shown in Fig.3.2 (Generated by using the code given in [33] on S-Plus computing 
environment). The father wavelet itself is constructed from the mother wavelet by dilating 
the mother wavelet. Dilating the mother wavelet produces a low frequency wavelet "father 
wavelet" that maps onto a low frequency region of the signal. On the other hand, com
pressing or squeezing the mother wavelet produces a high frequency wavelet that maps onto 
a higher frequency range of the signal. Thus it is generally referred to the father wavelet 
in the literature as being good at representing the smooth and low-frequency parts of a 
signal and the mother wavelets as being good at representing the detail and high-frequency 
parts of a signal [33]. These two functions generate a family of functions that can be used 
to break up or reconstruct a signal. The father wavelet integrates to 1 and the mother 
wavelet integrates to 0, that is:

J (b{t)dt — 1 j ip(t)dt = 0 (3-1)

One of the important properties of wavelets providing a general characterization of 
wavelet bases is that: any general function x 6 L2(T) may be expressed as an infinite 
series of wavelets1. Having known the sinusoids function that are used in wavelets, and 
that a signal or function x(t) can be better analyzed, described, or processed if expressed

'The space L2(3?) is the space of square-integrable functions. A function x is in L2(-f?) if /sR x2 < oc.
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Figure 3.2: An example of father (left side) and mother wavelets (right side) of the Symmlet 
family

as a linear decomposition, then the wavelet transform can be described as one that employs 
a linear combination of wavelet functions to represent a specific signal. The orthogonal 
wavelet series approximation to a signal x(t) is given by [1, 33, 2691:

x(t) ~ 22 + 22 + 22 dj-WtpJ-hktt) + • ■ • + 22 (3-2)
k k k k

Which can be more compactly written as [35. 207]:

l
x(t) ss 22 sj'kfoM't) + 22 22 djM'jA1) (3-3)

k j=J k

Where J is the number of multiresolution components (or scales), and k ranges from 
1 to the number of coefficients in the specified component. The coefficients sj± , dj.k , 
... , ditk. are the wavelet transform coefficients. The functions 4>j,k{t) and are the
approximating wavelet functions. The wavelet coefficients are given approximately bv the 
following integrals [33, lj:

sj,k ~ J dj,k{t)x(t)dt

dj,k ~ 'ipj,k(t)x(t)dt, j = 1, 2, • ■ • , J-

(3.4)

(3.5)
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Their magnitude gives a measure of the contribution of the corresponding wavelet func
tion to the approximating sum. The functions (b3^{t) and Pj.A) are generated from 0 and 
0 through scaling and translation as follows [33. 207. 269):

= 2-j/2<H2-h - k) = 2-3/'U (WP1) (3-6)

Vy.fc(i) = 2-^2-a - k) = 2-^ (m^) (3.7)

The above wavelet approximation is an orthogonal series approximation since the bases 
functions 0y/c(t) and forms sparse orthonormal bases of L2(9ft) [205]. The functions
d>1\k{t) and ipj'k(t) are also written in a bit more compact way throughout the literature 
and are given by [5, 66, 207]:

pa*{t) “ vw\* ( “ )
(3.8)

1 kt-b\
PoA1) ~ rr—A “vM V « J

(3.9)

Where a = 2J and is known as the scaling parameter, also referred to as the dilation 
factor, which measures the degree of compression or scaling. On the other hand, b — 
2J k is known as translation parameter, also referred to as the location parameter, which 
determines the time location of the wavelet. When j gets smaller, both the dilation a 
and the location b will get smaller, thus the functions <fj.k(t) and Uj.k(t) will have large 
amplitudes with corresponding smaller support in time domain, thus corresponding mainly 
to higher frequencies. When j gets larger, both the dilation a and the location 6 will get 
larger, then the functions 0j/c(t) and will have lower amplitudes and larger time
width, thus corresponding to lower frequencies. As an example. Fig.3.3 (Generated by 
using the code given in [33] on S-Plus computing environment) shows two wavelets of 
Symmlet "s8" family, one with level 1 and shift 2 (left side), and one with level 3 and shift 
0 (right side).

3.3.1 The Scaling Equation, Scaling Coefficient, and Associated Wavelet 
Equation

The construction of wavelets employs a scaling function <j){t) that can be written as a linear 
combination of 0(21 — k), the half-scaled and k/2 translated version of 0(£). This linear 
combination is [66, 269]:
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s? mother. ps«{1,2) s8“ mother. ps?(2.0}

Figure 3.3: Scaled and translated Ms8" wavelets

<f>{t) = y/2Y^h(k)<f>{2t - k) (3.10)
k

where y/2h(k.) are the sealing coefficients that relate the <f>(2t — k) function to d>(t). The 
above equation is called the two-scale relation for 0, also known as the multiresolution 
analysis (MRA) equation. Thus Eq.3.10 tells us that we can build a scaling function at 
one scale from a number of scaling equations at the previous scale. The solution to this 
two-scale equation gives the scaling function cp(t). The coefficients y/2h(k) are called the 
two-scale sequence of 0, where h(k) is given by [157]:

h(k) = -k)\ = TJ<t>(tW(2t - k)dt (3.11)

In addition, in order to create an orthogonal system we require that [35]

f 1 jf h. _ n 1
Y^h(n)h.{n - 2k) = S(k) = < . > (3-12)

I U it otherwise J

The complementary frequency band is, however, obtainable by the wavelet function ip 
which is orthogonal to the scaling function ip at the same scale. The wavelet function ip 
is used to represent the high frequencies in the signal. Thus </' can be written in terms 
of <p(2t — k), and the following relation for ip is analogous to the two-scale relation for (p 
[66, 269):

ip(t) — y/2 y(k)cp(2t — k) (3.13)
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This is the two-scale relation for the mother wavelets that invloves a scale function 0 

with the sequence h(k) from the low-pass filter function and the sequence y(k) from the 
high-pass filter function. Equivalently, the sequence g(n) is defined by [157]:

The detail coefficients djy can be computed as the inner product of x{t) and the wavelet 
function as follows:

The original signal can therefore be reconstructed by summing all the output detail co
efficients dj k and the approximation at level j, i.e., dj^ from the approximation at level
J. Recalling the orthogonal wavelet series approximation to a continuous signal given in 
Eq.3.2, it is clear now that the terms in this approximating sum constitute a decomposition 
of the signal into orthogonal signal components at different scales. Because the terms at 
different scales represent components at different resolutions, the approximation is called a 
multiresolution decomposition (MRD). The resulting structure is called the wavelet decom
position tree. Let the number of samples in the original signal be N, then the maximum 
number of decomposition levels J is equal to log2(fV), assuming base 2 for the logarithm. 
In simple words, the decomposition can continue until the individual details consists of 
only a signal coefficients.

Given that the original function or signal x(t) is now described in terms of orthogonal 
bases of djy and 7/bT for j — 1,2,..., J, the task now is to describe the wavelet decom
position of x(t) in terms of associated subspaces. We define Qji0, with subscript 0, as the 
subspace spanned by {dj.kj^Z' an(f define Qy 1, with subscript 1, as the subspace spanned 
by {>Pj,k}[79]. A complete description of the original signal is now available from a 
direct sum of orthogonal subspaces. The subspaces subtended by the mother wavelet and 
the scaling functions are related such that:

In simple words, the wavelet transform can be viewed as a way to represent the space of 
the original signal, defined as Jlo,o5 as a direct sum of the mentioned mutually orthogonal 
subspaces:

(3.14)

(3.15)

n,-,o = fij+io © -i,iM j — 0.1,..., j (3.16)

llo.o — ® -1/0 (3.17)
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Where the approximation signal is resampled at each stage, while the detail coefficients 
are kept. This is shown schematically in Fig.3.4 (Adopted from [79]).

Q0,0 ^2,1

^2,0

Figure 3.4: Subband decomposition of the wavelet transform, with gray symbols represent
ing those subspaces kept intact by the wavelet transform

This in turn means that the nature of the scaling function is that a projection of the 
original signal x(t) onto the space Dyo is a low pass filtering operation, while the projection 
of the original signal x(t) onto the space Dyi is a high pass filtering operation.

The next step is to look at how this projection step is implemented in terms of filter 
banks, this will be in turn generalized further to the WPT transform.

3.4 Discrete Wavelet Transform (DWT)

Discrete wavelet transform (DWT) calculates the coefficients of the wavelet series approx
imation for a discrete signal, represented as a vector € Do,o, where TV € Z of
finite extent [1, 66, 79]. The DWT maps x[n] to a vector of length N of wavelet coeffi
cients containing the sj[n] and dj [n], where j — 1,2,..., J. The sj[n] are also called as 
the smooth or the "approximation coefficients" and the dj[n\ are called the "detail coeffi
cients". It turns out that by choosing the scales and positions based on the power of two, 
so-called dyadic scales and positions, then the computations are greatly simplified. The 
DWT is usually efficiently computed by means of Mallat’s fast pyramid algorithms [199]. 
An example is shown in Fig.3.5 (adopted from [35, 79, 199]) with one level of decomposi
tion. These algorithms involve low-pass and high-pass filters, along with a down-sampling 
(decimation) or up-sampling (zero-padding) operator. This is done by convolving the input 
signal with the filter’s impulse response, and it is given by [1, 157]:

N-l

si[n] = h\k]x[n — k], 
k=0

Ar—1
d\ N = (j[kMn - fc],

k=0

(3.18)

(3.19)
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However, since half the frequencies of the signal have now been removed, half the samples 
can be discarded according to Nyquist's rule. The filter outputs are then subsampled by 
2, thus the above equations become [1, 157]:

N — 1
si[n] = h{k}x[2n — A:],

fc=0
(3.20)

N-1
d\ [n] = g[k]x[2n - k],

k=0
(3.21)

Thus the above operators transform the vector x of length N into two subsequences s\ 
and d\ of length N/2. Next the same operations are applied to the vector of the lower 
frequency band sq to obtain S2 arid (p of length N/4. If the process is repeated J times, 
where J < log2iV, then the wavelet decomposition can be written as:

{sj,(1j, dj-i; dj-2,d\} (3.22)

This is shown schematically in Fig.3.6 (adopted from [35, 79]), where the first stage 
divides the spectrum into two equal parts. The second stage divides the lower half into 
quarters and so on. This will in turn result in a logarithmic set of bandwidths. These are 
called "constant-Q" filters because the ratio of the band width to the center frequency of 
the band is constant.

One of the important properties of the DWT is that it can compact a great portion of

High Pass 
Filter

x[n]

9[n] "(0---- * = GxeQ, ,
Detail Coefficients

Low Pass 
Filter

h[n] --------O2)--------► 5, = HxtQ.
>s—' Annroximation (Approximation Coefficients

Figure 3.5: The DWT implemented by means of analysis filter bank.

g[n] —(JT)----► dJrtleO,,

—1 ^2 ^
h[n] H0

h[n] ~©~
g[n]

•...........

h(n]

—(F)--
—(0------

Figure 3.6: Subband coding analog}^ of the DWT
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the original signal energy into few coefficients. The energy compaction property results 
from the fact that wavelets are good building block functions which can represent lots of 
different types of signals. The uneven distribution of signal energy in the frequency domain 
has made the wavelet decomposition of signals an important practical tool to discover some 
important properties of the signals. The basic concept here is to divide the signal spectrum 
into its sub-spectra or subbands, and then to treat those sub-spectra individually for the 
purpose at hand.

3.5 Wavelet Packet Transform (WPT)

In the previous sections, it was shown that the wavelet transform results in a dyadic 
frequency resolution. The low frequencies have narrow bandwidth and the high frequencies 
have wide bandwidths. The constant-Q filtering is appropriate for some applications but 
not all. The WPT is an important generalization of the DWT, pioneered by Coffman, 
Meyer, and Wickerhauser [55. 56j. It was proposed to allow finer and adjustable resolution 
of frequencies at high frequencies. It also gives a richer structure that allows adaptation 
to particular signals or classes. The cost of this richer structure is a computational cost of 
Q(N\og(N)), in contrast to the classical wavelet transform which is O(N).

Wavelet packet analysis starts with the construction of the wavelet packet tree. Starting 
again with N sampled signal values {u;[re]}€ Do,o where N is a multiple of 2J i.e., 
N — 2n°, the first level of decomposition generates the low-pass and high-pass subbands (*q 
and d\ respectively). Each of the sq and d\ is of half the length of the original signal, i.e., the 
same process with the wavelet transform. The difference to the wavelet transform is that, 
for the subsequent decomposition levels, the WPT not only decomposes the approximation 
coefficients but also the detail coefficients. This process is repeated J times, where J < 
log2iV, resulting in JN coefficients. Thus, at resolution level j, the tree has N coefficients 
divided into 2J coefficient blocks or crystals [33]. A crystal is a set of coefficients arranged 
on a lattice. A wavelet packet crystal is indexed by level j and oscillation k:

Wj.fc = (wjkA- wjk.2: •••, ^j,k,2no-j)' (3-23)

This iterative process generates a binary wavelet packet tree like structure, where the 
nodes of the tree represent subspaces with different frequency localization characteristics. 
This is shown schematically in Fig.3.7 (adopted from [33]) with a three levels of decompo
sition.

The level 0 coefficients in the tree ITo.o — (^o,o.i, ^0.0,2, • ••, ^0.0,n) are equal to the 
original signal: wo.o.A; = %k- Level 1 crystals W\q and have scale 2 and correspond 
to the DWT crystals ,sq and d\. There are four crystals at level 2: IP2.0, PP2,i? IP 2.2, and
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Level 0

Level 1

Level 2

Level 3

Figure 3.7: Wavelet packet tree with 3 decomposition levels

W‘2,3- In general, at level j. there are 2J crystals with oscillations n — 0,1,.... 2n° J.

In subspace notation the root space of the tree is fh),o- The node Uhr is decomposed 
into two orthogonal subspaces H : fiy*. —» flj+i^k and G : Ulj,k &j+i.2fc+i [79]- This
may be expressed as:

ftj,k — 1,2/c ® nj+l,2fe+l (3.24)

Which generates the entire decomposition to level J. Again an example with a three 
levels of decomposition is shown in Fig.3.8 (adopted from [79]).

3.6 Wavelet Packet-based Feature Extraction

In order to build a prosthetic control system based on the use of EMG or EEG signals, 
then extracting relevant information from such signals will be of vital importance. The 
proposed strategy for feature extraction is: analyzing and describing signals using a library 
of bases, specifically, orthonormal bases of wavelet packets. For a J-scale decomposition 
of the WPT, the resulting binary tree yields more than of orthonormal bases, all
of which offers a complete description of the space of the original signal. The power of 
the WPT is that a "best-basis" can be chosen for a specific task, if it can be properly 
identified from the ensemble of possible candidates [79]. The proposed approach to feature 
extraction in this thesis is guided by the so-called best-basis paradigm [56, 248], but at the 
same time it is also meant to be an enhanced version of it. The idea here is to construct an 
orthonormal basis which maximizes a class separability for single and multichannel signal 
classification problems. Such algorithm should reduces the dimensionality of the problem 
at hand by using basis functions which are well localized in time-frequency plane as feature 
extractors.

The best-basis paradigm consists of three main steps [248]:
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W,
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Figure 3.8: Decomposition of Qq.o into three-structured subspaces

1. Given a set of basis that describes the signals at hand, select a "best" basis (or 
coordinate system) for the problem at hand.

2. Sort the coordinates (or the features extracted from those coordinates) by importance 
for the problem at hand and discard the unimportant coordinates.

3. Use the surviving coordinates to solve the problem at hand.

In order to determine the best-basis, it is necessary to evaluate and compare the effi
cacy of many bases. Thus, a cost function must be chosen to represent the goal of the 
application. Below, a review of the existent paradigms of best-basis selection algorithms 
for feature extraction, with different cost functions, is given. Later sections will describe a 
new approach for feature extraction from the WPT bases, that is the first contribution of 
this thesis into the feature extraction held.

3.6.1 Joint Best-Basis Algorithm (JBB)

The "best-basis" algorithm of Coifman and Wickerhauser [56] was developed mainly for 
signal compression. It operates on a single signal by expanding it into a dictionary of 
orthonormal bases. This method compares the efficiency of many bases by utilizing a cost 
function. This is a divide-and-conquer search of the binary WPT tree, starting at the 
lowest level, and eliminating branches until an optimal solution is found. The goal here 
is to maximize information with respect to the chosen set of coordinate axes. Specifically, 
let Bj k denote a set of basis vectors belonging to the subspace Pljk arranged as a matrix 
form

Bj,k — iwj,fc,0’ wj,k,i> •••? wj,k,2no~i-i)T (3.25)

Let Ahk be the best basis for the signal x restricted to the span of Bj k, and let Us an 
information cost function measuring the goodness of the nodes (subspaces) for compression.

78



3 Feature Extraction Using Wavelet Packet Transform

A natural choice for this measure is the Shannon entropy of the coordinate vector [56, 287]. 
This is given by:

# (p) = Pilog2Pi, (3.26)
i

Where p — {pi} is a non-negative sequence with J2i'Pi ~ with the convention of
0.1og20 = 0. For a signal x, we set pt — (j^p)r, where |.|r is the fr norm and 1 < r < oo.

The following algorithm, the best-basis algorithm, prunes this binary tree by comapring 
the efficiency of each parent node and its two children nodes:

Algorithm 4.1 (The Best Basis Algorithm) [56]

Given a signal x.

Step 0: Using the wavelet packet transform, expand x into the library of orthonormal 
bases and obtain the coefficients {Bj ^x} for 0 < j < J and 0 < k < 2J — 1.

Step 1: Starting at level J: set Aj k - Bj.k for k — 0,1,..., 2J — 1.

Step 2: Determine the best subspace Ajjc for j — J — 1,.... 0, k — 0,.... 2J — 1 by

Bjyk *f A(Bjki ~r) T 'j(Aj-i-ij2kWWI -Aj~hi,2kw)i

Aj+1,2k © Aj+If2k+1 otherwise.

To make this algorithm fast, the cost function A must be additive: A({jq}) — Yli A(ay). 
Thus if A is additive, then:

A(A,+li2fc-r U Aj+it2k+ix) = A(Ai+lj2fcX-) + A(AJ+lj2/c+1^‘) (3.28)

This implies that a simple addition suffices instead of computing the cost function of 
union of the nodes (subspaces). In order to make this algorithm applicable to a set of 
signals C y C rather than a single signal, Wickerhauser proposed an extension
to the best-basis method [287]. The idea here is to use the energy distribution of the set of 
the signals to the coordinate axis in Q by computing YliLi(wJk nXi)2 ^or eac^ 0- n) an(f 
then organize them into a binary tree so that the divide-and-conquer algorithm can search 
a basis minimizing the entropy of the energy distribution. Such a best basis is called a 
joint best basis for {x2}^=1.
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3.6.2 Local Discriminant Bases (LDB)

The LDB algorithm was proposed by Naoki Saito [248] as a modification to the JBB 
algorithm to make it suitable for classification problems. In order to determine the best 
basis for classification amongst the ensemble of redundant bases in a complete packet 
decomposition, we need a measure to evaluate the power of discrimination of each subspace 
in the tree-structured subspaces rather than the efficiency in representation. Once the 
discriminant measure (discriminant information function) is specified, we can compare the 
goodness of each node (subspace) for the classification problem to that of two children 
nodes. In this way. we can judge whether to keep the children nodes or not, in the same 
manner as the best-basis search algorithm [249].

In order to determine the best-basis for classification, the symmetric relative entropy is 
employed as a discriminant measure D within the LDB algorithm, this is given by:

D(p, q) = p?:.log— + ^

where p..{pi,P2- ■■■■ Pn}• q — {<l\ ■ Ui- • • •, qn}, are measures used to represent the features
from two different classes. The input parameters to D are the time-frequency energy maps 
of each class, and this is defined as:

DO', k, n)
V Nr (c)\2
Z^r=lVwj,jt,nX?) (3.30)

where wjk n is the the set of basis vectors which cover all frequencies that span each 

subspace Ulj.k, J — 0,..., J. k = 0,.... V - 1, and n — 0,..., 2n°--7" - 1. i—1,..., Nc is
the set of training signals belonging to class c, and Nc is the number of patterns in class 
c. For K classes, the overall discriminant measure for the subspace Ulj k is thus:

2no~i — l
D({rc(i,C«nLi) = E D (Ti0. K»),.... TkO'.*.»»))• (3-31)

n—0

The LDB algorithm performs a local comparison between each parent node (j, k) and 
the children nodes {(j + 1, 2k), (j + 1,2k + 1)}, to decide whether to keep the parent node 
or sink deeper toward the children nodes. Below listed are the steps for the LDB algorithm 
adopted from [248, 79], to clarity the comparisons.
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Algorithm 4.2 (The Local Discriminant Basis Algorithm) [248, 79]

■ f r (c) l Nr )Given a training dataset consisting of f\ classes of signals | jx? j j> ,

Step 0: Using the wavelet packet transform, with a specific decomposition depth J 
construct the time-frequency energy maps Fc for c — 1,..., K.

Step 1: Begin at level J: set Ajtk = Bj_k and AJjk- D ({Tc( J, k, *)}^=i) 

for k --0,.... 2J - 1.

Step 2: Determine the best subspace A] k for j = J — 1,.... 0. k — 0,.... 2J — 1 
by the following rule:

Set Ajtk - D({rcC,A:,.)}f=])

If Ayfc > Aj+i,2fc + +
then Bjg- — Bjk.
else Aj£ — Aj+jpk + ^j+i,2A:+i and set — Aj+1)2a- + Aj+i^fc+i-

Step 3: Order the A basis functions in the LDB bv their power of discrimination.

Step 4: Use the L («N) most discriminating basis functions in the LDB for classification.

3.6.3 Fuzzy Wavelet Packet Feature Extraction Method (FWP)

The Fuzzy Wavelet Packet method (or simply the FWP). was recently proposed to ex
tract discriminatory features from the WPT by constructing fuzzy sets of features (via 
fuzzy clustering) [68]. It was reported as that the JBB and LDB methods are concerned 
with the energy levels of signal (which involves second order statistics) and may exhibit 
some drawbacks, especially when it comes to the accentuating the discriminatory prop
erties essential in classification tasks. Thus fuzzy sets were suggested for estimating the 
discriminatory power of features.

Fuzzy sets allow any pattern x^ € to belong to several classes with varying degrees. 
Assume iq^ 6 [0, 1] is the membership grade of pattern x^ in class i. The membership of 
xa- to all classes should sum up to 1. Although many methods exists for estimating the 
membership values, the one utilized by the FWP method was simply the membership allo
cation method used in fuzzy c-means clustering (FCM) proposed by Trivedi and Bo?zdeck
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[180]. The FC'M algorithm attempts to cluster measurement vectors by searching for local 
minima of the within group sum of squared errors functions. The objective function (Jm) 
of the FCM is given by:

n c

Jm(u, v) = EE («»)" |x* -Vil2. (3.32)
k=l 2=1

where
c
n
X/c

v;
ni

ls the number of classes, 
is the number of patterns, 
is the k'th measurement vector, x/. G !Rn. 
is the 7 th centroid vector,
is the fuzzification parameter that modifies the shape of the membership grades, 
is the product norm,

The cluster centroid v2 can be set as v, V^ezw xa7^ is the mean of class i. is 
the set of indices of the training patterns belonging to class is the number of class i 
training patterns. For rn > 1, and under the assumption that x*, ^ vt, Jm(u. v) may be a 
local minima of ,Jm only if:

ui,k (llxfc - V?W2\ 
\\\xk- Vjf J

(3.33)

The FCM method is known to suffer from the singularity problem, that is when x*, — 
v? for i j. To overcome such a problem, we must manually set Wjfc 1, when i — j, and 
set Uik — 0 when i j. For the labeled training patterns in feature space, X, the FWP 
defines the membership function based on the criterion of F(X) G (0, N] to evaluate the 
classification ability of X, that is:

fw = EE (3-34>
2—1 keAi

The larger the value of F(X), the higher the classification (discrimination) abilities of 
the feature space X. Further more, to ensure that no feature unduly predominates during 
classification, Deqiang et al. [68] proposed to exclude irrelevant features by adopting a 
measure that computes the longest distance between the class centers, that is

DU) = K r (3.35)
2 Cl

in simple words, for feature j, the FWP computers the distance between class centers as
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max {V{j |c-= j } — min {'Uij\i=i} and normalize it by standard deviation, ar If the normalized 
distance is smaller than a threshold, r. we conclude that this feature is less discriminatory 
and remove it. Below, a summarization of the steps within the FWP algorithm for feature 
extraction is given.

Considering each of the subspaces of the WPT decomposition tree give in Fig.3.8 
as a feature space, calculate the fuzzy set based criterion on it to evaluate its classification 
ability. For clarity. Ftj.k is expressed with a single index Q(l) where / 2J — 1 + k, 
k = 0,1,.... — F The algorithm then is summarized as follows:

Algorithm 4.3 (The Fuzzy Wavelet Packet Algorithm) [68]

Given a training dataset consisting of labeled original signals.

Step 0: For each labeled original signal, perform a full WPT decomposition
to the maximum level J. For all j 0. 1,.... ,J and k 0. 1. 2..... 2J — 1. 
calculate F(Qj.k)-

Step 1: Determine the optimal WPT decomposition X*. Given that the best
feature space is the one with largest F, then we can decide on the optimal 
decomposition level by looking for the level with largest F.

Step 2: In descending order, sort the subspaces by F, 12 = (12(1), 0(2),..., 12(/)} 
Let X* - 0

Step 3: Move first element in if to X*.
Step 4: VP(/r) 6 12, if Fl(k) is an ascendant (father) or descendant (child)

(direct or indricet) of fi(ji), remove Q(k) from 12
Step 5: if 12 = 0, stop. Otherwise go to (2) and continue.
Step 6: The set X is the optimal FWP based decomposition.

3.6.4 Optimal Wavelet Packet Feature Extraction method (OWP)

The optimal wavelet packet (OWP) method was proposed by Wang et al. [282]. It is simply 
another variant of best basis paradigm that employs a statistical clustering measure known 
Davies-Bouldin (DB) measure, for testing the features suitability for classification. The 
DB index is based on the scatter matrices of the data and requires the computation of the 
cluster-to-cluster similarity:

n _ A* + Djj 
R>] -

(3.36)
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Where Du and D13 are the dispersions of the f th and y th clusters, respectively, and 
D{j is the distance between their mean values. Dn and Drj are given by:

Dii =

and
D{j = ||m7 - m7-|| (3.38)

where is the number of samples in cluster i. xn is the nth. sample vector of cluster 
i. and m7; is the mean vector of cluster The DB index is determined by the worst case 
separation for each cluster and averaging the values as follows:

N-i

n, TII*"

L/ A

xn 6 cluster i (3.37)

1 X ,
DB max Rl:l (3.39)

i— 1

where K is the total number of clusters. The lower values for DB indicate a higher 
degree of cluster separability. The algorithmic description of the OWP method is the same 
as that of the FWP by simply replacing the evaluation function F of the FWP with the 
1/DB index. Finally the extracted features by the OWP are the energy of the wavelet 
coefficients at the specific nodes.

3.6.5 Limitations of Existing Algorithms

There are a number of limitations associated with each of the above mentioned algorithms 
for WPT-based feature extraction when considering them in pattern classification prob
lems. In order to explain these limitations, the problem of WPT-based feature extraction 
is decomposed into two steps: feature construction and feature selection. Below, the 
limitations within each step are given in more details.

Feature Construction: In this step, the extracted feature set within the JBB, LDB, 
and the FWP methods is represented by the set of coefficients existent in the selected 
subspaces. However, a major drawback associated with the WPT itself is that it lacks the 
shift-invariant property [79, 282, 301). If a specific transform exhibits the shift-invariant 
property, then for a simple shift in the input signal, the transform coefficients should expe
rience the same amount of shifting. Thus even if the input EMG or EEG signal is shifted 
slightly in the time domain, then the WPT (or in general WT) coefficients would be altered 
remarkably. Such a property will contribute to a nonlinear modification of the wavelet co
efficients if the EMG or EEG patterns are subject to random offset due to the means by 
which they are detected. This will in turn generate a much more complex dispersion in 
the time-frequency plane than simple temporal shifts [79]. Thus inaccurate classification
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results will be achieved if these coefficients are used directly as the feature vector of the 
signal. In an attempt to overcome such a problem, the energy of the wavelet coefficients 
within each subband or subspace will be used here as features rather than using the co
efficients directly. It was reported by Wang et cil. [282] that such a representation "can 
provide us with features that have translation-invariant property". In addition to utilizing 
such a representation, that attempt to overcome the lack of translation invariant property, 
the resultant data will be re-expressed to produce effective representation for classification. 
The feature representation proposed here for the wavelet subbands energy also involves the 
application of a power transformation [200] (specifically log transformation) that can be 
used to change the data distribution to have an equal emphasis in each subband. The 
WPT features extracted in this thesis (being different from that of the OWP. FWP, LDB, 
and JBB) are given as follows: For a given node k, if the number of coefficients is n, where 
n = 1, 2. ...iV/2J, then

= lo§
/EnKfc,nX)2\
y N/23 J

(3.40)

where k is the normalized energy of the wavelet packet coefficients extracted from the 
subspace vvy^x is the wavelet packet transformed signal (or simply the coeffieicnets) 
evaluated at subspace 0;jt, and N/2J is the number of the coefficients in that specific 
subspace. One can further divide this energy by the total energy of the signal to get the 
relative energy. The efficiency of the energy representat ion mentioned above will be proved 
in the experiments section.

Feature Selection: A common factor between the JBB, LDB, and FWP is that those 
methods rank the features, represented by the wavelet coefficients, according to their rel
evance to the problem only and select the first few of them. There are limitations to 
individual feature ranking in such an approach, the most important is how accurate is the 
information content measure utilized and howr relevant is it to the specific problem of clas
sification. As an example, the JBB method employs Shannon entropy as a measure, but as 
mentioned previously this type of entropy is well suited for compression rather than clas
sification tasks [56]. An extension was the symmetric relative entropy in the LDB method 
[248], but the FWP was shown to outperform both such methods by using fuzzy mem
berships [68]. The fuzzy membership approach also has some limitations, as an example 
the FCM membership function mentioned in Eq.3.33 suffers from the singularity problem. 
This is when the value of the feature x^, is exactly equal to class center vz. In addition, 
the FWP method starts by removing irrelevant features using the distance measure given 
by Eq.3.35. This measure is not accurate enough to judge on the features suitability for 
classification as it only accounts for the distance between the farthest centers along the 
features. On the other hand, the DB index utilized within the OWP algorithm is also not 
very powerful ms the distance alone is not enough to judge on features separability [271].
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Simply, we cannot just look at the class means alone to estimate the classification error, 
since the error depends on the overlap between the class likelihoods [241]. Thus there is 
a need for more accurate measure of information content to aid in the selection of the 
best features. Additionally, there is a need for a fast and accurate measure to inform us 
about possible redundancies. One solution to this problem is to use the concept of mutual 
information (referred to as previously as MI), i.e., search for features that maximize the 
MI between the features and the class label. However, as was mentioned in the previous 
chapter, a big problem is that the estimation of high-dimensional MI requires very large 
number of observations to be accurate, but this is often not provided.

In the next section, the first contribution of this thesis is presented with the corre
sponding analysis and experimental results in an attempt to overcome some of the above 
mentioned problems. In simple words, a new information estimation method is developed 
based on using fuzzy sets and information theory concept of entropy and mutual infor
mation. A WPT-based feature extraction algorithm is presented based on the use of the 
proposed new information estimators. These estimators will be used for developing a multi
channel WPT-based feature extraction method in the next chapters. There is a connection 
between the contributions of this thesis, thus we give one of the contributions in the next 
section and defer the rest till later chapters as we have to lay out the theory behind the 
proposed feature selection schemes first. This is in turn given in the next chapters.

3.7 Thesis Contribution-1: Uncertainty-based Information 
Estimation using Fuzzy Memberships

The concepts of uncertainty and information are tightly interconnected. "Uncertainty is 
viewed as a manifestation of some information deficiency, while information is viewed as 
the capacity to reduce uncertainty associated with a random variable" [159]. This in turn 
implies that the lower the uncertainty associated with a random variable, the higher the 
information content of such a variable. To distinguish information conceived in terms of 
uncertainty reduction from the various other conceptions of information, it is common 
to refer to it as uncertainty-based information. In information theory, one well known 
measure of uncertainty is the information entropy or simply entropy, a measure of the 
uncertainty associated with a random vari.able [60]. The reduction of such uncertainty 
between two random variables lead in turn to the concept of mutual information, the 
amount of information that one variable may pose about the other.

There are two classical theories of uncertainty within which we can define the entropy, 
the first and the most well known is based on the notion of probability, while the second is 
based on the notion of possibility. In the probabilistic approach, Shannon entropy is a well 
known measure of uncertainty and is extensively covered in the literature. An extension
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to Shannon entropy is the concept of fuzzy entropy, in which fuzzy sets are used to aid the 
estimation of the entropies, i.e., it fits within the second theory. It should be highlighted 
that the measuring of the fuzzy entropy is quite different from the classical Shannon entropy 
since fuzzy entropy contains fuzziness uncertainties (possibilistic) while Shannon entropy 
contains randomness uncertainties (probabilistic).

In order to estimate the probabilistic entropy associated with a random variable we need 
to employ a certain density estimation method, for which many variants exist nowadays. 
Examples include the histograms. A-nearest, neighbor, and kernel density estimators [31, 
262]. The simplest and most widely used is the histogram approach in which we simply 
construct the bins of the histogram by counting the number of occurrences of the values. 
Unfortunately, unless the number of samples is huge enough, then the estimation won't be 
very accurate. On the other hand, when the number of samples increase, the computational 
cost also increases. Thus it wont be very suitable for such a system in which the speed 
of computations plays a significant role in the overall performance. As an alternative to 
the above approaches in computing the entropy and therefore the mutual information, 
we propose here to employ fuzzy memberships for the calculation of the aforementioned 
quantities. A new distance based entropy measure is presented in the following section. 
The effectiveness of such a new measure in terms of computational cost and estimation 
accuracy will be proved in the experiments section.

In the following two sections, we derive first the equations required to compute the fuzzy 
entropy, and then generalize the concepts to use the generated entropies and compute the 
mutual information.

3.7.1 Distance-Based Fuzzy Entropy

The concept of fuzzy entropy was introduced since 1972 by De Luca and Termini [196], 
where they pointed out that "entropy equals fuzziness, and entropy equals information". 
Kosko [161] proposed that for an entropy measure to be well defined it must satisfy the 
four Luca-Termini axioms, that are adopted here. Let X — {aq, xq,..... xn} be a discrete 
random variable with a finite alphabet set containing n symbols, and let pq(x'i) be the 
membership degree of the element xt to fuzzy set A, and F be a set-to-point mapping 
F : G(2A) —[0,1]. Hence F is a fuzzy set defined on fuzzy sets. F is an entropy measure 
if it satisfies the following axioms [161, 181. 196[:

1. F(A) — 0 iff A 6 2A, where A is a nonfuzzy set and 2X indicates the power set of 
set A.

2. F(A) = 1 iff ha(xi) = 0.5 for all i,

3. F(A) < F(B) if A is less fuzzy than D, i.e., if pA^i) < PB^i) when psi-Ti) A 0.5 
and /iq(aq) A PB^i) when pB(%i) > 0.5,
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4. F(A) = F(AC)

where Ac — (1 — pa{j:\)..... 1 — gj\{xn))- Shannon entropy simply states that for the 
above discrete random variable X, the entropy of a random variable X with a probability 
mass function p(xi) is defined by the following equation (repeated from section 3.6.1 for 
clarity and consistency):

It is clear that this equation satisfies the above four De Luca-Termini axioms. Thus a new 
fuzzy entropy concept can be defined based on Shannon entropy and fuzzy memberships.

The task now is how to estimate the membership function to get the fuzzy entropy. In 
order to estimate the required fuzzy memberships there are many methods in the litera
ture that can be utilized. Examples include the ANN approach for membership estimation 
employed in [44] and the well known Fuzzy C-Means (FCM) algorithm from the literature 
|271|. Due to the fact that the ANN approach requires more computational cost than the 
FCM algorithm, then a typical choice would be to use FCM. Despite of its wide application 
and simplicity, the FCM algorithm suffers from the singularity problem when the sample 
value equals the cluster center value. Additionally, the FCM algorithm is known to be 
sensitive to outliers and noise [271]. In such a case the estimated memberships might not 
be powerful enough to provide an accurate entropy measure. Thus, unlike the FWP that 
employed the FCM membership function given by equation 3.33 directly, a more robust 
measure for estimating the fuzzy memberships is required. A new membership function is 
proposed below which, in addition to its capability of overcoming the singularity problem, 
includes a regularization step to identify outliers and reduce their effect on memberships’ 
estimation. Below we give the analysis for our proposed fuzzy entropy computations start
ing with a new membership function definition:

Given a universal set with elements distributed in a pattern space as X — 
{xi,X2, ...,x/}, where k — 1,2For simplicity, It will be useful to describe the mem
bership value that the A’th vector has in the rth class with the following notation

Then the proposed regularized objective function to determine the fuzzy partition matrix 
U for grouping a collection of l data points into c classes is given as:

HX) = - X ej;.) iog2 pUi) (3.41)

Fik gifek) € [0, l] (3.42)

(3.43)
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where :
fi-ik '■ is the membership grade of the A ’th sample in the z’th class,
Vj : is the mean of the input data belonging to class i, that is v7 — YlkeA Xk/Ni,

: Aj is the set of indices of the training patterns belonging to class z,
: Nt is the number of class i training patterns,

A : denotes the Lagrange multiplier, 
rn : is the fuzzification parameter,
rii : are chosen as the radius of each class, these are given as:

r)i = max |xfc - v*|, k = 1, 2, 3,..., /. (3.44)

Before proceeding with the derivations of the membership function, it is important to 
justify the reasons behind selecting the above objective function given by Eq.3.43 that is 
made up of two terms. In the first term an exponential function is employed with the 
argument being the absolute value of the distance between the samples x*. and the center 
of class i given as v7. In such a function, if the absolute value of the distance is large, then 
the exponential function will grow large. When the sample value is exactly equal to the 
center value i.e., x/,, = v*, then the distance will be 0 and the value of the objective function 
will be 1. Due to the properties of the exponential function, if the distance between the 
samples and the centers grows large, then the value of the exponential will be very large 
and might explode. In order to prevent the exponential function value from growing very 
large, the distance between the samples and the centers was normalized by dividing it by 
rnj3. On the other hand, The second term of Eq.3.43 was introduced in an attempt to 
minimize the influence of the outliers as these will have small membership values.

Although that the exponential function is already a positive function, but within the 
conducted experiments it was found that the shape of the membership function is actually 
affected by two factors, those are: the power of the exponential function and the fuzzi
fication parameter m. In simple words, setting the power of the exponential function to 
1 (the default function) tends to produce membership value that are close to 0.5, while 
increasing the power of the exponential function tends to produce membership values that 
will get closer and closer to 1 as we keep increasing the power. Thus a value of 2 seems to 
provide an in between solution with membership between 0.5 and 1. On the other hand, 
the value of rn was well studied in the literature and its effect was stated in many studies 
as to control shape of the formed clusters [218, 230]. In simple words, by changing the 
values of m, we can make the clusters (partition matrices) look more Boolean so that we 
see more membership grades close to 0 or 1. This happens when rn approaches 1. On 
the other hand, when rn increases (with values greater than 2), the resulting membership 
grades lead to spike-like functions [230]. Thus, a default value of rn — 2 will be selected in 
the experiments.
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In order to proceed with the membership function computation, the minimum of the 
objective function Jm(U\ v) is obtained first by taking the derivative with respect to \it\e 
and making it equal to 0. Thus, we obtain:

and

d(Jm( lM-0) 
Opik

<"kik exp
|Xfc - Vi |

rl
3

- A — 0 (3.45)

l^ik
l/(m-l) 1

exp
3

(3.46)

Taking into account the identity constraint — 1, we have

1/(771-1) c

-) Emj '
7 = 1 |xfc — V,|J e x p ( —jjjp21

2m — 1
= 1 (3.47)

Thus we can determine the Lagrange multiplier A to be:

1/(771-1)

EU
xk ~vj I exp I l

-if

(3.48)

Next, by inserting the above expression into Eq.3.46 yields

1
f-lik

EJ = 1
\€XP[~)J

xr- Til

(3.49)

The above equation is then employed to compute the membership grade of each sample 
in all classes.

Now rather than computing the probability that a specific sample will be in each specific 
class and then normalizing them, we currently have the actual membership of the specific 
sample in all the classes that also sum up to 1. It is important to mention here that 
the above equations can be applied to sample consisting of single variable (per feature) 
or many variables (as a subset of features). Thus by acquiring the samples’ membership 
values in the classes, we can simply construct fuzzy sets containing elements that have 
varying degrees of membership in the set.
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A notation convention for fuzzy sets when the universe of discourse, X, is discrete and 
finite, is as follows for two fuzzy sets A and 13:

A = AM(#i) Fa(x2)
1 , 

x\ x-2

B Fb(xi) Fb{xi+1)
J'l ' Xl+1

FA(xk) \ (3.50)
J'k j

I1 B ( Xm ) ^
Xm J

(3.51)

For 1 < l < k < rn so that A and B are not disjoint fuzzy sets with X being the 
universe of discourse. In both notations, the horizontal bar is not a quotient but rather a 
delimiter. The numerator in each term is the membership value in sets A and B associated 
with the element of the universe indicated in the denominator. An example is shown in 
Fig-.3.9, where the horizontal axis represents the element of the universe and the vertical 
axis represents its membership value or grade in both sets. If we wish to compute the 
uncertainty left about A after knowing B. then we need an indicator equivalent to the 
conditional probability in information theory. The fuzzy equivalent to the conditional 
probability of A given B , denoted as P(A\B), can be intuitively constructed by ratio of 
the intersection of A and B divided by the total area of B, this is given by:

Figure 3.9: Intersection of fuzzy sets A and B

P{A\B) = (3.52)
UBW)

If B moves further to the left then it knows more about A as the ratio will get closer to 
1. One the other hand, when B moves further to the right then the ratio will get smaller 
as the intersection will be smaller. Thus we can simply refer to this ratio as the matching 
degree, i.e., the degree by which B matches A.

Now we bring this discussion further close to our problem. The task here is that we are 
provided with a number of features (or simply variables) that were extracted by using the 
WPT tree. We need to select the features that contains the most useful information for 
discriminating between the different c-classes in the problem. The approach utilized is to 
cluster the samples along the features into c-clusters. This is done by getting the mean
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of the samples that belong to each predefined class as the cluster center. Then Eq.3.49 is 
employed to constructs fuzzy sets resemblant to A and B above. For each feature, c-fuzzy 
sets are constructed. The.se are in turn compared to the c-sets constructed from the class 
labels. The matching degree is then computed within each class, i.e., comparing the Fst set 
along a specific dimension with the first set from the class label and finding the matching 
degree. Then comparing the 2nd set along the same dimension with the 2nd set from the 
class label and finding the matching degree and so on for all c-classes. The total matching 
degree within all classes, along a specific dimension, is used to construct the fuzzy entropy.

Now simply replace A with the class label memberships (an example will be given later) 
and B with the membership of the samples in that specific class (along a specific feature 
or subset of features). One can compute the matching degree between the samples along a 
specific feature that are predefined to belong to a specific class and the ideal membership 
for specific class as:

D = Ylkes, /hfc 
Ixkex Uk

where D2 is the matching degree to class i, St is the set of indices of the training patterns 
belonging to class i. and X is the universe of discourse. The above equation means that 
the match degree to class i, is computed by the summation of the membership grades of 
the samples that belongs to class ? in class i (i.e., the intersection A and B), divided by the 
summation of the membership of all of the samples in class i (i.e., B). The fuzzy entropy 
of the elements of class i, denoted as hi, is then equal to:

hi = -Di\og2 Di (3.54)

In order to account for the entropy along all c-classes, the above entropy has to be 
summed along the universal set to generate the complete fuzzy entropy Hp.

HF = Y^hi (3.55)
t=i

The above entropy satisfies the four De Luca-Termini axioms and is termed as the fuzzy 
entropy. The above equations can be applied on the samples along each feature, thus 
computing the entropies associated with each feature or along a subset of features. Since 
the entropies are now computed, the information content of any variable can be easily 
known. As a variable with large entropy does not pose a good amount of information 
about the classes, then it will be a good idea to search for variables with small amount of 
entropy, i.e., a variable with large information content.
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The above entropy can be further modified to obtain the conditional fuzzy entropy. 
In information theory, the conditional entropy quantifies the remaining uncertainty of a 
random variable Y given that the value of a second random variable X is known, it is 
referred to as the entropy of Y conditional on X. and is written H{Y\X). This is in turn 
given by:

H(E | A") = - Y" p(x) p(y\x)\ogp(y\x) (3.56)
x y

where p(x) is the marginal probability density function of A", p{y\x) is the conditional 
probability of Y given Ah The fuzzy equivalent to right most sum was already computed in 
Eq.3.55 by means of the matching degree. For the fuzzy equivalent to p(x) that is denoted 
as px. it is simply computed as the sum of the maximum membership grade achieved along 
all classes. To compute p(x), we proceed by computing the maximum of the membership 
fgk (denoted as ■max{pnt)) along each class and taking its sum:

p(Xi) = - Y' rnax(nik) (3.57)n L—'keSi

where St is the set of indices of the training patterns belonging to class i. Then to find 
p(x), we simply sum p(x{):

P<T) = 'YIpM (3.58)
i

From the above we can also construct the fuzzy version of marginal entropy of A”, this 
is given by:

HF(X) = logp(xi) (3.59)
i

The remaining uncertainty about the class label ct <E C given the variable X is referred 
to as the fuzzy conditional entropy. This can be computed according to Eq.3.56 as:

c

HF(C\X) = v(x)YJli (3'60)
i=1

To illustrate the conditional fuzzy probability, consider the example given in Fig.3.10 
with nine two dimensional patterns belonging to three classes. The first step is to 
normalize the data to have zero mean and unity standard deviation along each feature. 
Then we employ Eq.3.49 to compute the membership grades of each sample along each 
feature in all classes. Considering feature first, then Eq.3.49 is implemented using all 
samples belonging to feature 1 and the mean of the classes along feature 1, that is 
v\j — 0.3667, V2\ — 0.5333, and v^i = 0.7333. Thus the membership grades of feature 1
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samples in all classes are given in Table.3.1. The same thing is done for feature2 samples 
and their membership grades are given in Table.3.2. A plot of these membership values 
along feature 1 and 2 is also presented in Fig.3.11 in addition to the set representing 
the optimal case provided by the class labels. We proceed by computing the matching 
degree along featurel. denoted as /j from now on for simplicity, within all classes as follows:

Di(fi) 0.9997+0.9921+0.9921
0.9997+0.9921+0.9921+0.1075-K). 1075+0.0231+0.0003+0.0003+0.0001 = 0.9259

D2(h) 0.8850+0.8850+0.6453
0.0002+0.0075+0.0075+0.8850+0.8850+0.6453+0.0018+0.0018+0.0001 0.9922

Ds(Ji) ________________________ 0.997+0.9979+0.9999_________________________
0.0001+0.0003+0.0003+0.0075+0.0075+0.3316+0.9979+0.9979+0.9999 - 0.8961

Using Eq.3.54, the fuzzy entropy value along featurel within each class hx is:

hi Ui) = -0.9259/o^0.9259 - 0.1029 

h2 ( f\) = -0.9922/0.^0.9922 = 0.0112 

h3{fi) = —0.8961/ og2 0.8961 = 0.1418

Then the fuzzy entropy Hy(f 1) of f\ is computed along all classes as: 

HF{fi) = 0.1029 + 0.0112 + 0.1418 = 0.2559

Next, we proceed by computing the matching degree along feature2, denoted as f2 for 
simplicity, within all classes as follows:

a (h)
0.9994+0.6953+0.9997

0.9994+0.6953+0.9997+0.0002+0.6953+0.0029+0.0002+0.0029+0.0002 = 0.7934

TU (/2) 0.0209+0.2658+0.9443
0.0005+0.2658+0.0002+0.0209+0.2658+0.9443+0.0081+0.9443+0.0209 = 0.4982

D3U2) ________________________ 0.9917+0.0528+0.9789________________________
0.0002+0.0389+0.0002+0.9789+0.0389+0.0528+0.9917+0.0528+0.9789 - 0.6458

Using Eq.3.54, the fuzzy entropy value along feature2 within each class hi is:

Tn(f2) = -0.7934/0^0.7934 - 0.2649 

h2{f2) - -0.4982/0^0.4982 = 0.5008 

h3(f2) = —0.6458/o#2 0.6458 = 0.4074

Thus the total fuzzy entropy for f2 will be:

Hf(/2) - 0.2649 + 0.5008 + 0.4074 = 1.1731
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ts 0 6 O +

+ ciassl

♦ class3

Featurel

No. Feature 1 Feature 2 Class

1 0.3 0.4 1

2 0.4 0.5 1
3 0.4 0.3 1

4 0.5 0.7 2
5 0.5 0.5 2

6 0.6 0.6 2

7 0.7 0.8 3

8 0.7 0.6 3

9 0.8 0.7 3

Figure 3.10: Patterns for illustration of the fuzzy conditional probability

Table 3.1: Featurel samples’ membership grades in all classes
Classes Cl M2 M3 m M5 M6 M7 M8 M9
Class-1 0.9997 0.9921 0.9921 0.1075 0.1075 0.0231 0.0003 0.0003 0.0001
Class-2 0.0002 0.0075 0.0075 0.8850 0.8850 0.6453 0.0018 0.0018 0.0001
Class-3 0.0001 0.0003 0.0003 0.0075 0.0075 0.3316 0.9979 0.9979 0.9999

Table 3.2: Feature2 samples' membership grades in all classes
Classes //i M2 M3 HA Ms He M7 M8 M9

Class-1 0.9994 0.6953 0.9997 0.0002 0.6953 0.0029 0.0002 0.0029 0.0002
Class-2 0.0005 0.2658 0.0002 0.0209 0.2658 0.9443 0.0081 0.9443 0.0209
Class-3 0.0002 0.0389 0.0002 0.9789 0.0389 0.0528 0.9917 0.0528 0.9789

Thus, it is clearly obvious that there is a much lower uncertainty associated with f\ 
(0.2559 )than that of (1.1731). Thus f\ contains more information about the prob
lem classes than /T In the next step, we compute the fuzzy equivalent to the marginal 
probability by means of Eq.3.57 to obtain the conditional fuzzy entropy.

PfuzUl)
_ 0.9997+0.9921+0.9921+0.8850+0.8850+0.6453+0.9979+0.9979+0.9999 

— 9 - 0.9328

PfuzU'2) =
0.9994+0.6953+0.9997+0.9789+0.6953+0.9443+0.9917+0.9443+0.9789 _ q

Thus the final fuzzy conditional entropies associated with both features are computed 
by using Eq.3.60 as:

H{C|/i) - 0.2559 x 0.9328 - 0.2387 

H(C\f2) = F1731 x 0.9142 = 1.0725

When comparing the above results with those shown in Fig.3.11, it is clear that the 
achieved results are accurate. This is due to the fact that the membership of the samples 
along fi are very close to those of the class label. On the other hand, the membership
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1

I

Samples

■ Class-1 a Class- 2 ■ Class- 3 ■ Class-1 ■ Class-2 ■ Class-3

Samples

(a) Membership values along feature-1 (b) Membership values along feature-2

Samples

■ Class-1 ■ Class-2 * Class 3

(c) Ideal membership values along the class label

Figure 3.11: Membership values of the illustrating example for Feature 1 and 2 with the 
class labels included

grades of the samples along f-2 are more fuzzy or uncertain in nature, thus achieving lower 
resemblance to those of the class label. From all of the above we conclude that there is 
lower uncertainty about the class label when using j\ than that when using /2-

In the next section, we further generalize this concept to obtain the mutual information 
measure.

3.7.2 Fuzzy Mutual Information

In information theory, the reduction of uncertainty about a random variable due to the 
knowledge of another random variable is called the mutual information. The mutual in
formation f(X:Y) is a measure of the dependence between the two random variables. It 
is symmetric in A" and Y and always nonnegative and is equal to zero if and only if X 
and Y are independent. Such a measure is usually referred to as being of better behavior 
than that provided bv the entropy alone [16|. Fano [89] has shown that maximizing the 
mutual information between transformed data and the desired target classes achieves the 
lowest probability of error. Thus the concept of mutual information is considered here as 
an information measure.
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For two random variables A' and Y in general, the mutual information is given by:

I(X:Y) = ^2p(x,y) log 
x,y

p(*, y)
p{x}p{y)

= £
x.y

p(x, y)log p(* \y)
p{x)

(3.61)

(3.62)

V pU--y)logp{x) + ^ p{x, y)\ogp(x\y)
x.y

^ p(x)logp(x) - -^2 p(x,y)\ogp(x\y)
•o?y

(3.63)

(3.64)

I(X: Y) = H(X) - H(X\Y) = 77(E) - H(Y\X) (3.65)

Since that we have already computed the fuzzy conditional entropy using the fuzzy 
memberships, then an extension of the principle can be made to include the computation 
of the mutual information. Based on Eq.3.65 above, in order to compute the mutual 
information between a set of variables X (where X can also be considered as single variable) 
and the class label C then the above equation maps to:

I{C; X) = 77(C) - H(C\X) (3.66)

where H(C) is the entropy of the class label, that is computed in a different way than 
that of the marginal entropy of a regular variable. This due to the fact that class label 
contains only crisp or discrete values as an indicator about the classes to which the different 
samples are pre-assigned. As an example, for a 3 classes problem, the values that the 
class label encounter are 1, 2, and 3 only. Thus if we employ Eq.3.49 to compute the 
membership grade along the class label we will end up with a nearly crisp set due to the 
very limited support of such a fuzzy set. In simple words the membership values will be 
very close to 1 for the class label as was shown in the Fig.3.IE Thus the class entropy 
will be very close to that estimated using the statistical information theory approach, i.e., 
Hp(C) ~ 77(C) — — T*cdogPc., where PCi is the probability of the occurrence of class c7;, 
where PCi — Number of class i samples /Total number of samples. For the same example 
mentioned in the previous section, there were only 3 samples from each class, thus PCl — PC2

PC3 ----- 3/9 ----- 0.3333, and thus H(C) = E5850. Given the values of the fuzzy conditional 
entropies computed in the previous section then I{C.j\) = H(C) — H(C\fi) — 1.3463 
and for /2, I{C,f2) — H{C) — //(Cl/2) = 0.5125. Additionally, we can also compute the 
mutual information between two or more random variables rather than that between a
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random variable and a class label. For example, I(C: {/'j, /*2}) — H(C) — H{C\{j\, /-2});

The last measure we present in this section is the mutual information between two 
variables 1{X\\ AT) rather than between a variable and the class label I(C:X). Such 
a measure would be extremely important when accounting for information redundancy 
between two different features. This if two variables AT and X2 lias a large corresponding 
I(X 11X2) then these variables are highly redundant and we can use one of them only to 
provide the same information. Thus we employ the general formula in Eq.3.61 again to 
compute /(Ah: AT). Since we have already computed p(x) in general, we can also compute 
p(xm'2) using the same approach mentioned in Eq.3.57 and Eq.3.58. This is due to the 
fact that the membership measure provided in Eq.3.49 is considered as a set to point 
mapping, i.e., it can be applied to a single variable or a subset of variables together.

After giving the theory and the analysis of the proposed new information measure, 
we give next required steps to implement a new feature extraction method based on our 
proposed fuzzy entropy and mutual information measures.

3.7.3 Fuzzy Information Theory based Wavelet Packet Algorithm 
(FITWPT)

A new WPT-based feature extraction method is proposed in this section. It can be simply 
considered as a novel hybrid variation to the existing methods. The FITWPT method, like 
the FWP, LDB, and JBB methods, is based on the best basis paradigm for optimizing the 
WPT tree. Unlike the previously mentioned methods, it extract the normalized filter bank 
energy as features, rather than the coefficients themselves. Additionally, a new measure 
is developed based on a mixture of fuzzy sets and information theory rather the basic 
information measure employed in the literature within this problem. The new algorithm 
is described below, and later summarized in a few steps.

Given a dataset of collected EMG or EEG signal records, the WPT transform mentioned 
earlier is applied on each record of the data to generate a complete tree up to a level J 
decomposition. Considering each of the subspaces flj k of the WPT decomposition tree 
give in Fig.3.8 as a feature space, then the extracted feature from each of the subspaces 
will be the normalized filter bank energy that was given in Eq.3.40. After repeating this 
task up on all of the records, we end up with a dataset with the number of samples equal to 
the number of records and the number of features equal to the number of WPT tree nodes. 
The task now is to choose only a subset of these generated features that most discriminate 
between the problem classes.

For a dataset of n features where ? = 1, 2,..., n. and given the above fuzzy information 
measure, we simply consider a normalized variant in the following analysis, that is:
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Fi = 2 = 1.2.....n (3.67)
H{h) K ’

Calculate the fuzzy set based criterion on all the features to evaluate their classification 
ability. Finally rank the features according to the above measure and remove their ascend
ing and descending nodes or features, and choose the remaining features for classification. 
The algorithm then is summarized as follows:

Contribution-1: (The Fuzzy Information Theory based Wavelet Packet
Algorithm - FITWPT)

Given a training dataset consisting of labeled original signals,

Step 0: For each labeled original signal, perform a full WPT decomposition
to the maximum level ,J. For all j 0,1and k 0.1, 2,.... 2J — 1, 
construct features according to Eq.3.40.

Step 1: Construct the associated fuzzy sets and compute the associated fuzzy mutual 
information and fuzzy entropies. Then calculate F(12yfc) according to Eq.3.67, 
where il-jv is the subspace representing each of the features.

Step 2: Determine the optimal WPT decomposition X*. Given that the best
feature space is the one with largest F. then we can decide on the optimal 
decomposition level by looking for the level with largest F.

Step 3: In descending order, sort the subspaces by F, 12 = (12(1), 12(2), ...,12(/)}
Let X* - 0

Step 4: Move first element in 12 to X*.
Step 5: V12(A;) € 12, if 12(k) is an ascendant (father) or descendant (child)

(direct or indirect) of 12(ji), remove Q(k) from 12

Step 6: if 12 — 0, stop. Otherwise go to (3) and continue.
Step 7: The set X is the optimal FWP based decomposition.

The above algorithm is applied to optimize the WPT tree of each channel data. In 
simple words, the above algorithm is utilized to extract features from each channel and 
then these features are all concatenated to form one large feature vector that will be 
used for classification. Such a resultant feature vector is usually ranked according to the 
information content estimation employed within each algorithm (within the FITWPT the 
information measure is the normalized fuzzy mutual information given by Eq.3.67) and a 
subset is then presented to the classifier.
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In problems with very large number of channels we might end up with a large number of 
extracted features. This is a problem that all the algorithms based on the best basis paradigm. 
suffer from. Consider an EEG classification problem with 5G channels, if any algorithm 
utilizing the best basis scheme ends up with at least 6 features from each channel, then 
for a total of 56 channels the total number of extracted features will be 336 features — 56 
channel x 6 feature/channel. Thus a suitable dimensionality reduction method would be 
necessary for multichannel systems. An in depth coverage for the dimensionality reduction 
techniques (including feature projection and selection) will be given in the next chapters 
with the proposed novel algorithms. For the current chapter, all of the WPT-based feature 
extraction methods, including FITWPT, OWP. FWP, LDB. and .JBB will be utilized 
to extract features from each channel. The features extracted from each channel by each 
algorithm will be then concatenated to form one large feature vector reflecting the extracted 
features by that specific algorithm. For the current chapter, as a dimensionality reduction 
method, we can simply rank the resultant feature vector from all channels according to 
the information measure utilized within each method and select a subset for classification. 
This is the common approach within the best basis paradigm, refer to [79, 248] for more 
information.

Finally, in order to test the quality of the estimated fuzzy mutual information in com
parison to the mutual information estimated using the statistical technique we need an 
evaluation measure. This is described next.

3.7.4 Evaluating the Significance of the Proposed Information Measure

When employing the proposed algorithm utilizing the fuzzy mutual information measure, 
we need to evaluate the significance and accuracy of the proposed measure in comparison 
to other approaches. In simple words, the task is to compare the fuzzy version of 7(C; /), 
7(C; {/i, Jo}), 7(/i; /h), and H(f) mentioned previously with their statistical counterparts 
when used for feature selection. One possible approach to do that in the literature is based 
on employing both versions (fuzzy and statistical) to rank the features according to their 
information contents. If the classification accuracy of the ranked features by one method is 
higher than that of the other method, it simply means that the information estimation was 
more accurate. Many variants of mutual information based feature ranking methods exist 
in the literature. Methods like Batitbs mutual information feature selection (MIFS) [17], 
the minimum-Redundancy-Maximum-Relevant (mRMR) feature selection method by Peng 
et al. [232], and Al-Ani’s mutual information evaluation measure (MIEF) [13] proved their 
successfulness in this area. In this thesis the MIEF is employed as it proved its superiority 
to many other methods.

In order to explain the MIEF steps, we define first the utilized notations, these include: Y' 
is the original feature set, K is the selected feature subset, K e Y. 7(C;/i) is the mutual
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information between feature /, and the class C. I (C: f,, f t) is the mutual information 
between two features and the class, g is the proposed evaluation function for a given 
subset. The MIEF method acts according to the following steps:

• Step-1: Choose the feature f% € Y that produce the maximum value of I(C: fi); set

K <- fi\g(K) = nc-,fi).

• Step-2: For each feature ft 6 Y. f, 7^ K:

— Compute: rn(fi) g(K) -f A / (C: /,). where A represents the information gain.

— Choose the feature /? that maximizes rn.

- Set K K U fi] g(K) — rn(fj).

• Step-3: If \K\ < |y| go to step 2.

• Step-4: g(Y) = g(K).

In the first step, g(.) is initialized to the maximum mutual information between a single 
feature and the class label I(C; fj). At the same time the subset of chosen features, K 
is initialized to {/,;}. Step 2 defines the intermediate function rn of feature fi . which is 
the summation of the latest value of g(.) and its mutual information with the class label 
multiplied by A. This is an approximation of the amount of information added to g(.) 
when choosing The value of A range between [0,1]. If no information is gained from ft 
then A 0. On the other hand A 1; if fi is independent from all the features chosen so 
far. If fi is partially dependent upon any feature in K then A will vary between 0 and 1. 
Finally A is given by:

A =
2

1 + exp(-aD) - 1, (3.68)

D — min
fWK H(fi)

X
1

W\
e x p

.fj E K

,3 ( nc-AJelj}) YKnc-jo + nc-jj)). (3.69)

The parameters a, T, and 7 are constants and |A'| is the cardinal of K. For more 
information the reader is encouraged to refer to [13]. Wherever the MIEF will be employed, 
that will be mentioned explicitly.
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3.7.5 Experiments and Results

In this section, the above derived fuzzy sets based measures of information contents are 
employed on different datasets to prove their efficiency. Two datasets are employed starting 
with a simple and small one and evolving to a more complex and large dataset. All of the 
datasets employed in this thesis are reported in Appendix-A. A comparison with many 
of these methods from the literature are also presented. Different classifiers will also be 
employed for this task. In addition to reporting the classification error rates achieved, the 
statistical significance of the proposed method will also be presented when necessary.

3.7.5.1 Experiment-1: Grasp Recognition

The dataset employed in this section is DATASET-EMG1 from Appendix-A. The 
wavelet packet transform was applied on each of the EMG records acquired from each 
of the four channels. In order to prove the effectiveness of the proposed FITWPT, the 
accuracy of the features extracted with FITWPT method were compared to those of the 
OWP [282], FWP [68], LDB [249], and the JBB [56] methods. Thus, a comparison is made 
between two groups of algorithms: the first group includes the FITWPT and OWP, since 
both methods employ different forms of the filter bank energy. The second group includes 
the FWP, LDB, and JBB employing the wavelet coefficients as features. The OWP was 
shown to give better performance than that of the FWP on EMG classification probelms 
[282]. On the other hand, the FWP performance is known from the literature to highly 
outperform the performance of LDB and JBB [68]. We simply include all of these methods 
in this experiment to give the reader a closer look at the results.

Three different wavelet families were employed, these are [65, 199]: the Symmlet wavelet 
of order 5 (Sym5), Daubechies wavelet of order 5 (db5), and Coiflet wavelet of order 5 
(coif5). The WPT decomposition level J was made equal to 6 with the wavelet families 
mentioned. For each of the available 4 channels, the resultant number of nodes or subspaces 
was equal to 127 (2J+1 — 1), from which features are extracted. A support vector machine 
classifier (LSVM) was employed for classification, and the version of SVM employed was 
the "Liblinear" classifier (available online from http://www.csie.ntu.edu.tw/~cjlin/ 
liblinear/). Due to the small number of samples, Leave-one-out cross validation method 
was employed for testing. The corresponding error rates achieved by LSVM using all of the 
FIT, OWP, FWP, LDB, and JBB with the aforementioned wavelet families are shown in 
Fig.3.12. A tabulated version of the results is also given in Table.3.3. These are simply the 
results of classifying the features extracted from all channels using each of the algorithms.

In order to interpret the results, one may start by comparing the error rates achieved 
by the different methods. In general, methods that considered the energy of the wavelet 
coefficients as features (FITWPT and OWP) were shown to be more powerful in the EA1G
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classification problem. The reason behind this is that the EMG signal has substantial 
dispersion in the time-frequency domain, and the application of the WPT produces a set 
of coefficients that additionally increases this information dispersion. Thus one possible 
way to compact the information into a more meaningful representation is to consider 
the mean or the energy of the coefficients at each node as features. The task then will 
be to accurately identify the features that most discriminate between the classes. The 
calculated error rates clearly indicated that the proposed FITWPT method was more 
successful than other methods in extracting or identifying the set of features that most 
discriminate between the problem classes. This is valid for different wavelet families and it 
is mainly due to the capability of the normalized mutual information measure in identifying 
the features with high information content.

In order to further investigate the performance of the proposed method, the one-way 
analysis of variance (ANOVA) was used [23, 49]. This statistical tool can help us to decide 
if the differences in the achieved error rates among various methods are attributed to the 
advantages or disadvantages of each method [282]. The significance level was set to a 

0.05, and the corresponding results of this test are shown in Table.3.4. The ANOVA 
results clearly indicates that the performance of each of the OWP, FWP, LDB, and JBB 
was inferior to the FITWPT by an average of 7.9633% (p — 0.0406), 7.5933% (p 0.0152), 
10.5566% (p 0.0113), and 14.2600% (p 0.0014) respectively across all of the wavelet 
families.

Table 3.3: Numerical values of the achieved error rates
Sym5 db5 Coif5

FITWPT 4.44 8.89 7.78
OWP 11.67 19.44 13.89
FWP 12.22 16.67 15.00
LDB 13.89 20.56 18.33
JBB 18.89 22.22 22.78

Table 3.4: Results of one-way ANOVA on DATASET-EMG1
Method p-value
FITWPT vs. OWP 0.0406
FITWPT vs. FWP 0.0152
FITWPT vs. LDB 0.0113
FITWPT vs. JBB 0.0014

Having proved the superiority of the proposed FITWPT method in terms of classification 
accuracy, now the focus is on the FITWPT and the OWP methods only, as both consider 
different methods for utilizing the filter bank energy as features. We look now at the 
number of features extracted within each method from all of the four channels. Again, for 
the same three wavelet families mentioned earlier, the numbers of extracted features using
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(a) Error rates by using Symmlet wavelet of order (b) Error rates by using Daubechies wavelet of or- 
5 der 5

FITWPT OWP FWP LDB JBB

(c) Error rates bv using Coiflet wavelet of order 5

Figure 3.12: Error rates achieved using different methods and wavelet families

the FITWPT and OWP are given in Table.3.5. It is very clear, that the estimation of the 
OWP is not very accurate, as it tends to prefer the features extracted from lower levels in 
the WPT tree, thus generating a very large number of features. On the other hand, the 
FITWPT tends to well estimate the information content of the features, and by that it 
was found that the mid levels of the WPT tree were actually providing more information 
about the problem than the lower levels. Thus the FITWPT generated a much smaller 
number of features while achieving lower classification error rates than that of the OWP 
method.

Table 3.5: Number of extracted features within the FITWPT and OWP methods
Method S.ym5 db5 CoifS
FITWPT 20 28 23
OWP 198 184 184
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It is worth here to mention the initial classification rates in the original research con
ducted on the same dataset [76]. The classification results achieved was only 92% for the 
same six classes’ dataset employing a wide set of different feature extraction methods. In 
comparison with the initial results on the same dataset, the FITWPT method achieved an 
accuracy of 95.6% using the features extracted from the wavelet packet transform.

As a conclusion on the first part of this experiment, we can see that the performance 
of the FITWPT method is very encouraging as it managed to outperform the existing 
methods for WPT-based feature extraction. In the next experiment, a bigger dataset is 
considered for testing the performance of the FITWPT method.

In the second part of this experiment, we start again from the 508 features representing 
all the nodes (127 nodes/channel) from all of the 4 channels’ WPT trees. We proceed by 
computing all of the I(C; /), I{C\ f 1/2), /(/1; j'2), and H(f) using the statistical approach 
employing histograms and the proposed fuzzy approach. It is important to mention here 
that the MIEF provides an estimation of the subset importance by utilizing the mutual 
information between each two features with the class and between each two features to
gether thus increasing the relevance and decreasing the redundancy. The goal now is not 
to compare the FITWPT with other algorithms but simply to measure the goodness of 
the proposed fuzzy mutual information concept. The MIEF is utilized to rank the total 
508 features according to Eq.3.68. The classification error rates shown in Fig.3.13 simply 
gives the accuracy of the first 25 features ranked by MIEF to be the best subset of 25 
features available. It is very clear that due to the small size of the dataset then the sta
tistical approach wasn’t successful in accurately estimating the information contents, as 
for the statistical approach to be accurate much more data samples are required. On the 
other hand, the fuzzy approach does not depend on the number of samples, but on the 
membership of these samples in their corresponding classes. Thus the fuzzy approach was 
by far much more successful than the statistical one for small datasets while both exhibit 
the same performance for very large datasets as will be shown later.

Additionally, the computational time for both of the proposed fuzzy mutual informa
tion and the statistical histograms approach was also computed. Both of the estimation 
methods were programmed using Matlab. An average of ten runs revealed that the time 
required to estimate the fuzzy version of the mutual information measures proposed here 
and required by the MIEF (i.e., 7(C;/), /(C; /1/2), /(/i;/2), and 77(/)) was 158.2606 
seconds for the above dataset with 180 samples and 508 features. On the other hand, the 
time required to estimate the same quantities using the histogram approach was on an 
average of 10 runs computed as 849.56 seconds. Thus the proposed approach provided us 
with a saving in computational cost of about (849.56-158.26)/849.56 x 100% — 81.37%.

Although that applying the MIEF directly can optimize the WPT trees to extract a set 
of highly relevant features, but for large problems the memory requirement to store the
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Figure 3.13: Error rates results using two methods for information estimation with the 
MIEF algorithm

mutual information requested by MIEF will be large. For example in a problem with 1G 
channels, if we simply extract the WPT trees to a level-6 decomposition then again we will 
end up with 127 nodes or features per channel. Thus for a total of 16 channels the total 
number of features will be 2032. Thus it would be required to compute the /(C; {/?:,/;}) 
matrix of size 2032 x 2032 and the same for /(/,, /?). In order to save the computational 
cost we suggest to employ the FIT WPT first to optimize each tree and then use a suitable 
dimensionality reduction to extract the most relevant subset of features. Obviously, the 
MIEF can be utilized as a candidate dimensionality reduction method after the initial 
feature set is extracted with the FITWPT.

3.7.5.2 Experiment-2: Forearm Movement Recognition

The dataset used in this experiment is DATASET-EMG2 from Appendix-A. Data anal
ysis windows of 256 ms were used to extract features. The 256 ms data window was 
incremented by 32 ms, producing a decision at 32 ms intervals. The WPT was applied 
on the EMG records of 256 samples each, to generate a wavelet packet tree presenting 
127 nodes (level 6 of decomposition for each channel) using the Symmlet family of order
5. Only the FITWPT, OWP, FWP, and LDB methods are considered in this experiment 
as the JBB was originally proposed for compression purposes and not for classification. 
Features were extracted from the WPT nodes of the trees corresponding to each EMG 
channel by each of the aforementioned algorithms. The resultant feature vectors from all 
channels were then concatenated to form one feature vector.

In order to make a fair comparison with the original research work utilizing this dataset, 
the same testing scheme utilized by Levi et al. [118] is employed here. In simple words,
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trial one of the data set was used to train each of the classifiers and trial two was tested 
to determine the classification accuracy of the control scheme. In the original research 
utilizing those datasets by Levi et al. [118], those decisions were smoothed by determining 
the majority vote (MV) of the decisions comprising the current window, the previous eight 
windows, and the next eight windows. This effectively looks ahead and behind by 256 ms, 
allowing 17 decisions to be used in a majority vote while keeping the user perceived delay 
less than 300 ms. Thus the same approach will be employed here too. In addition, the 
decisions for periods between classes transitions were also removed.

For the above analysis windows length and increment, there was more than 3000 patterns 
in trial one and more than 3000 patterns in trial two. This amount of data is good enough 
for each method to produce an accurate estimation of the features’ information content. 
In order to validate the information measures utilized within each algorithm we simply 
rank the total 'features extracted by each algorithm from all channels according to the 
information measure utilized within each algorithm. These are: rank the features extracted 
by FITWPT according to the fuzzy mutual information, rank the features extracted by 
OWP using DB index, rank the features extracted by FWP using fuzzy memberships, 
and finally rank LDB features using symmetric relative entropy. This is true for all of 
these algorithms as all of them suggest feature ranking for dimensionality reduction. Two 
classifiers were employed, these were: the LIBLINEAR SVM classifier and LDA classifier 
(LDA is employed in [118]). The classification accuracies of the features extracted by the 
different methods using SVM and LDA are shown in Fig.3.14. This plot represents the 
average classification accuracy across six subjects in this dataset.

In order to analyze the results, one can start by observing the classification accuracies 
achieved by both the FWP and LDB methods. It is very clear that across different subjects 
the total accuracies achieved by the FWP and LDB methods were lower than that achieved 
by FITWPT and OWP. Such methods like the FWP and LDB required much more features 
to achieve comparable results to those offered by FITWPT and OWP. The FITWPT and 
OWP were capable of achieving powerful classification accuracies using only the first 25 
features. Specifically, the mean classification accuracy results achieved by each method 
in Fig.3.14 are given with the standard error in Table,3.6 for both the SVM and LDA 
classifiers. Using the SVM classifier with the first 25 features the mean accuracy and 
standard error are: 96.3544 ± 2.4524 for the FITWPT, 91.0755 ± 6.6937 for the OWP, 
78.6147 4= 10.2108 for the FWP , and 78.2647 i 5.6071 for the LDB. On the other hand, 
when using the same 25 features with the LDA classifier the corresponding values were: 
98.0459 ±2.0667for the FITWPT, 92.1619 ± 4.8280 for the OWP, 82.0853 ± 8.8122 for the 
FWP , and 78.3959 ± 4.7399 for the LDB. These results clearly indicate the significance of 
the proposed FITWPT method in comparison to the other methods from the literature. 
The results also indicates that even if the OWP extract the energy of wavelet coefficients 
as features, but the DB index is not accurate enough measure to identify the best features.
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Figure 3.14: Tradeoff between the number of features retained and classification accuracy.

This is very clear when selecting the first few features, in such a case the FITWPT highly 
outperformed the OWP due to the successfulness of the proposed fuzzy mutual information 
measure in discovering the true information contents within variables.

The justification behind this was given by K. Englehart [79]. Englehart stated that for 
methods like the LDB (and therefore FWP) to produce powerful classification accuracies, 
a suitable feature projection method must be applied. This is due to the fact that a 
large number of features is usually generated by using these algorithms. Additionally, the 
quality of the features extracted by these methods is not good enough to provide accurate 
discrimination of the problem classes. This is due to the dispersion of total energy across 
the large number of coefficients extracted. Thus the use of a projection method with LDB 
and FWP would be vital to the success of such methods. Specifically, PCA was utilized by
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Table 3.6: Classification Accuracy with standard error
FITWPT OWP FWP LDB

SVM 96.3544 ± 2.4524 91.0755 ±6.6937 78.6147 ± 10.2108 78.2647 ± 5.6071
LDA 98.0459 ± 2.0667 92.1619 ± 4.8280 82.0853 ± 8.8122 78.3959 ± 4.7399

Englehart to compact the energy of the coefficients extracted by methods like the LDB. On 
the same datasets employed in this experiment, the original research by Levi et al. [118] 
also utilized PCA with the first 40 principal components to achieve an accuracy ranging 
from 95% to 99%. This was done by using a combination of time domain and autoregressive 
features, as the Levi et al. [118] reported that the WPT features extracted by LDB were not 
powerful enough to compete with those features. Clearly, similar performance is shown 
in Fig.3.14 with a smaller subset of extracted features by the FITWPT across different 
classifiers. Additionally, the significance of these results is tested by one-way ANOVA and 
the results are given in Table.3.7. These results proves again the significance of the results 
achieved by the FITWPT method in comparison to other methods.

Table 3.7: Results of one-way ANOVA on DATA SET- EM G 2
Method p-value
FITWPT vs. OWP 0.0309
FITWPT vs. FWP 0.0129
FITWPT vs. LDB 0.0020

In another part of this experiment, the mutual information and entropies required to 
run the MIEF algorithm were computed using the fuzzy and the histogram approaches for 
the features extracted bv the FITWPT algorithm. These were ranked by using the MIEF 
algorithm and classified using the SVM and LDA classifiers. The goal here is to compare 
the two estimation methods and validate if the performance of the fuzzy approach is good 
enough to be accepted for such a task. The classification accuracies for both methods of 
estimation and features ranked by MIEF and classified using SVM and LDA are shown in 
Fig.3.15. The results clearly indicate that both methods achieved powerful performance 
and that the results were close to each other while the proposed fuzzy approach showing 
a slightly enhanced performance. Thus in addition to proving acceptable performance on 
small datasets as was shown in the first experiment, the performance of the fuzzy approach 
seems powerful too on large datasets. All of this proves the reliability of the suggested 
measures in estimating the information contents of variables in an accurate manner.

Now the computed fuzzy mutual information between the features and the class label are 
analyzed. Since the electrodes are wrapped around the forearm as shown in Appendix-A 
in Fig.A.2, then we can search for the positions or electrodes on the forearm that provide 
the most discriminant information about the current problem. The results indicated that 
across six subjects the features that had the maximum mutual information with the class
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Figure 3.15: Tradeoff between the number of features ranked by MIEF and classification 
accuracy.

label were extracted from surface electrodes placed over the extensors supinator, flexor 
carpi ulnaris, and flexor digitorum subliminus. When comparing these results with those 
provided by Levi et a,l. [ 118| it was found that those regions were reported to be essential 
in providing good classification accuracy. This in turn also indicates the accuracy of the 
proposed fuzzy mutual information measure proposed in this chapter.

The final task in this experiment will be to test if adding more features will enhance the 
classification performance. For this task the FITWPT and the OWP methods were chosen 
from the above ensemble of methods due to their superiority in terms of classification 
accuracy. Additionally, the energy of the wavelet packet coefficients (EWP) at the lower 
decomposition level is also employed in this experiment as an extracted feature set from
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each channel. Boostani and Moradi [28] indicated that those features had a maximum class 
separability when compared with other features. Trial one of the data set was used to train 
each of the classifiers and trial two was tested to determine the classification accuracy of the 
control scheme. From a total of 2032 features (total number of features (2032) number 
of channels (16) x number of features/channel (127)). the number of features extracted by 
each method from each subject dataset are given in Table.3.8. The number of features for 
the EWP method is shown fixed as it always extracts the features from the last level (64) 
from each channel (16), thus a total of 1024.

Table 3.8: Number of extracted features from each algorithm
Dataset FITWPT OWP EWP
AW 142 716 1024
LH 241 701 1024
KS 211 732 1024
SM 231 730 1024
WM 90 788 1024
MW 190 757 1024

Due to the large number of channels (16), the resultant feature vector dimensionality 
was very large. Thus the state of art ULDA feature projection technique developed by Ye 
et al. [300] was utilized to project the resultant features from the FITWPT, OWP and 
EWP onto a lower dimension. The ULDA based projection reduces the number of features 
to the number of classes minus one (C-l). Thus for our problem the resultant feature 
vector size was nine only for each of the methods.

Three classifiers were employed in this part of the experiments. Specifically: SVM, LDA, 
and MLP. The MLP was trained with 15 hidden layer nodes using the backpropagation 
algorithm. The classification accuracy results acquired using the different classifiers from 
all subjects were tabulated and the average classification accuracies with one standard 
deviation as dispersion bars are shown in Fig.3.16.

These results clearly indicate that the FITWPT method wns more successful than other 
methods even when we included all of the features extracted by other algorithms. This is 
due to the fact that the FITWPT always achieved higher accuracies averaged across six 
subjects with almost the lowest standard deviations. In comparison, even if the classifica
tion results achieved by the OWP and EWP methods were close to that of the FITWPT 
when using the LDA classifier, but the performance of the FITWPT is more acceptable as 
it is robust across different classifiers. In addition, when looking the exact number of ex
tracted features from each methods, it was found that the FITWPT always ended up with 
smaller subsets of features as can be noticed in Table.3.8. In comparison to the FITWPT, 
the other methods required very large number of features to achieve classification accuracies 
close to that offered bv the FITWPT.
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(a) MLP classifier results (b) SVM classifier results

(c) LDA classifier results

Figure 3.16: Classification accuracies achieved across six subjects

3.7.5.3 Experiment-3: EEG-based Motor Imagery Classification

In this experiment a dataset of 118 EEC channels, referred to as DATASET-EEG1 
in Appendix-A, was utilized to test the performance of the proposed FITWPT method. 
Different feature sets were extracted by different methods as mentioned in the Appendix- 
A in section.A.2.1.1 in addition to the OWP mentioned in this chapter and the proposed 
FITWPT method. Both of the OWP and the FITWPT decomposed the contents of each 
analysis window using a Symmlet family of wavelets to a 6’th decomposition level, thus 
generating a total of 127 nodes from each channels. The task here will be to first extract 
the features according to the techniques followed by the OWP and the FITWPT, and 
then optimize the WPT trees of different channels using the proposed measures within the 
OWP and the proposed FITWPT.

Three different classifiers were utilized to test the quality of the features extracted by 
all of the methods, these included: ^-Nearest Neighbor Classifier (ANN), MLP trained
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with back-propagation containing one hidden layer of 15 nodes, and the Liblinear classifier 
mentioned in the previous experiments. The testing scheme utilized involved the three
way data split of the extracted datasets, this in turn included: training (60%). validation 
(20%), and testing (20%,). In such a scheme the classifier is trained with the training data 
and validated with the validation data to optimize the parameters, and finally tested on 
the completely unseen testing data (unseen during training and validation).

Due to the large number of channels in this dataset, all of the extracted feature sets were 
subject to dimensionality reduction with ULDA. When utilizing each classifier, all of the 
datasets were randomized first according to the same randomization indexing, and then 
divided into three parts. The experiments made with each classifier were repeated for 30 
times and the average is reported here for each of the methods. The average classification 
accuracies achieved with different feature extraction methods are reported in Table.3.9, 
Table.3.10, and Table.3.11 for the ANN. MLP, and Liblinear classifiers respectively.

Table 3.9: Average EEC classification accuracies with the ANN classifier
Division AR Wacker STTT STFT Barlow Hjorth OWP FITWPT
Training 93.1242 85.8381 90.5707 92.3673 92.3341 93.1181 99.9350 100
Validation 84.8559 72.2067 75.9988 76.9834 84.8680 86.2566 87.4259 92.6675
Testing 84.5102 72.5752 75.8232 76.4858 84.3801 86.0407 87.1951 92.4553

Table 3.10: Average EEC classification accuracies with the MLP classifier
Division AR Wacker STTT STFT Barlow Hjorth OWP FITWPT
Training 90.6993 78.9561 86.7899 89.2926 89.4090 90.7284 99.9337 100
Validation 86.1023 75.8892 78.2440 78.4937 86.6585 87.8136 87.2594 92,5842
Testing 86.2642 75,4573 78.2236 78.4065 86.5589 88.0508 87.3211 92.7683

Table 3.11: Average EEG classification accuracies with the Liblinear classifier
Division AR Wacker STTT STFT Barlow Hjorth OWP FITWPT
Training 90.7697 78.9913 86.7987 89.4205 89.4930 90.8056 99.912 100
Validation 86.4109 75.8607 77.9821 78.4775 86.7783 88.1933 87.1985 92.5396
Testing 85.9085 75.7764 77.8984 78.3455 86.4228 87.6098 87.2419 92.6951

As can be clearly noticed from the above tables, the results indicate that the performance 
of the proposed FITWPT was more significant and consistent than the results achieved 
by all other methods including the OWP. This in turn proves that the quality of the 
features extracted by OWP and the corresponding distance measure utilized within OWP 
are not powerful enough to judge on features suitability for classification. Additionally, 
the FITWPT is shown to outperform all other features extraction methods that have been 
long utilized with the EEG signals in the literature. Such methods were mostly based 
on the time parameters of the EEG signals and these are not always enough to produce 
a feature set that can accurately discriminate between the problem classes, especially in 
difficult problems like the current one mentioned here.
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In order to prove the statistical significance of the results achieved by the proposed 
FITWPT, we utilized the following measures along the achieved testing results only (not 
on training or validation):

Mean classification accuracy: This measure gives the percent correct classification. 
This is reflected by the same results given in Table.3.9. Table.3.10, and Table.3.11 above.

Geometric mean error ratio: For each two dimensionality reduction methods that 
have errors A\, Ao,..., An and B\. Bo. .... Bn, respectively (where n represents the number 
of subjects), the geometric error ratio is:

(3.70)
n

This measure reflects the relative performance of one method with respect to another. 
If the outcome is less than 1, then it is an indication that the first method outperforms the 
second method in terms of error reduction. The results for running the Geometric mean 
error ratio test are reported in Table.3.12 below.

Table 3.12: Geometric mean error rates
FITWPT vs. AR Wacker STTT STFT Barlow Hjorth OWP
/cNN 0.4862 0.2743 0.3112 0.3200 0.4820 0.5391 0.5884
MLP 0.5256 0.2940 0.3317 0.3344 0.5374 0.6042 0.5703
Liblinear 0.5174 0.3010 0.3299 0.3366 0.5376 0.5888 0.5725

Since the achieved geometric mean error rates values given in Table.3.12 were all reported 
to be less than 1, then this in turn means that the proposed FITWPT highly outperformed 
all other methods across 30 runs on which the above results were computed.

Win-tie-loss: This is an important measure to test the significance of the results, where 
the three values are the number of datasets for which method A obtained better, equal, 
or worse performance out conies than method B. The Win-tie-loss results are given in 
Table.3.13 below. These results indicate that the FITWPT managed to achieve better 
results than all other methods along all of the 30 runs in this experiment. Thus the 
FITWPT’ performance is again significantly better other methods.

Two-way analysis of variance test: In order to further prove the statistical signif
icance, a two-way analysis of variance test (ANOVA with significance level set to 0.05) 
was implemented between the testing results achieved by FITWPT and all other methods 
with all other classifiers. Due to the very small p values achieved in this test, all of the 
ANOVA test results given in Table.3.14 were reported in Mat lab environment to be of 
absolutely "0" value between FITWPT and each of all the other methods. This in turn in
dicates that there is a significant difference between the results achieved by these methods 
in comparison to FITWPT results.
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Table 3.13: Win-tie-loss test results
FITWPT vs. -> AR Wacker STTT STFT Barlow Hjorth OWP

30 30 30 30 30 30 30
A-NN 0 0 0 0 0 0 0

0 0 0 0 0 0 0
30 30 30 30 30 30 30

MLP 0 0 0 0 0 0 0
0 0 0 0 0 0 0

30 30 30 30 30 30 30
Liblinear 0 0 0 0 0 0 0

0 0 0 0 0 0 0

Table 3.14: Two-way analysis of variance test results
FITWPT vs. -> AR Wacker STTT STFT Barlow Hjorth OWP
fcNN 0 0 0 0 0 0 0
MLP 0 0 0 0 0 0 0
Liblinear 0 0 0 0 0 0 0

According to all of the above experiments, the FITWPT can significantly outperform 
many other methods from the literature proving highly acceptable performance.

3.8 Summary

In this chapter, a new feature extraction algorithm was proposed based on the utilization of 
the wavelet packet transform with a novel information content estimation method. The new 
algorithm suggested the use of fuzzy sets to estimate the fuzzy entropies of the extracted 
features and their corresponding mutual information. Specifically, the memberships of the 
features in the problem’ classes were first calculated by a proposed distance based measure. 
These memberships were then utilized to aid in the calculation of the entropies that were 
in turn utilized to calculate the mutual information between the extracted features and the 
problem classes. The proposed FITWPT was theoretically justified and all of the related 
analysis and derivations were given in this chapter. A comparison with other methods from 
the literature was presented on different biosignals datasets. The results clearly indicated 
the significance of the proposed fuzzy mutual information in identifying the features with 
the highest information content. The proposed algorithm for information estimation was 
also compared with the statistical approach for information estimation. The results also 
indicated that the estimation of the fuzzy approach was more powerful on small datasets 
than that of the statistical approach. On the other hand both technqiues were successful 
on larger datasets. All of the results indicated that the FITWPT algorithm with the 
fuzzy mutual information is more robust than other algorithms from the literature while 
consuming less from the computational point of view.
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Chapter

Dimensionality Reduction Using 
Feature Subset Selection

4.1 Introduction

Dimensionality reduction has been a key problem in many fields of information processing, 
such as data mining, information retrieval, and pattern recognition. When the samples of 
data are presented to the classifier as points in a high-dimensional space, the effectiveness 
arid efficiency of the classifier starts to drop as the dimensionality increases. One of the well 
known problems with increased feature set dimensionality is known in the literature as the 
curse of dimensionality problem. This is simply defined as the ''problem caused by the 
exponential increase in the number of data points associated with adding extra dimensions 
to a (mathematical) space" [20]. The large number of data points puts a high burden on 
complexity requirements [271], which will hinder the development of a real-time system. 
Due to the curse of dimensionality problem, techniques that can introduce low-dimensional 
feature representation with enhanced discriminatory power are of paramount importance.

In the prosthetics control problem, the curse of dimensionality is considered as a very 
important issue that affects the patients acceptance rate of the prosthetic device. This 
happens when the user perceives an inadequate controllability, i.e., the lack of intuitive 
and dextrous control. In simple words, the control limitations involve the lack of robustness 
in the processing of the EMG or EEG signals to accurately specify a prosthetic limb move
ment. Such limitations are imposed on the prosthetic device by the high dimensionality 
of the extracted EMG or EEG data. In the case of EMG, the high dimensionality of the 
extracted feature set is imposed by the multichannel approach that is utilized to capture 
novel motor information from different muscles. On the other hand, when dealing with 
the EEG signal the problem becomes worse due to the very large number of channels that 
are necessary to capture the complete brain activity. In such a problem, the number of
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EEG channels from which to extract the data can reach 56 or more. This is mainly caused 
by the fact that there is a lack in the knowledge about the most appropriate number and 
locations of necessary channels, on the human brain or forearm, to collect the required 
data.

According to all of the above, the amount of extracted information in both cases is very 
large, and the time delay required to process such a huge amount of information will 
in turn impose limitations of the development of a continuous control system. Another 
limitation to the development of continuous control is also imposed by the first one as in 
order to reduce the computational cost of such a system, several techniques were proposed 
to reduce the size of the resultant feature vector. But the performance of many of the 
available techniques is far from optimal, thus decreasing the classification accuracy 
of such a system. In addition to finding a reduced feature set representation, it will be very 
much desirable if we can find a small number of channels that can provide all the neces
sary information about the problem at hand. Accordingly, an automated feature/channel 
selection method will be highly desirable.

There are mainly two categories of dimensionality reduction as was mentioned in 
section.2.9, those are: feature selection and feature projection. The main focus of this 
chapter will be on feature selection as one possible approach to overcome the curse of 
dimensionality problem, while we delay the discussion of feature projection till the next 
chapter.

4.2 Feature Subset Selection

Feature selection is essentially a task to remove irrelevant and/or redundant features from 
the total generated feature set. [190]. Assuming an original feature set of n features, the 
objective of feature selection is to identify the most informative subset of m features (where 
m < ri) so that the feature space is optimally reduced according to a certain criterion [26]. 
Feature selection techniques study how to select a subset of attributes or variables that 
are used to construct models describing data. The reasons behind using feature selection 
techniques include: "reducing dimensionality, removing irrelevant and redundant features, 
reducing the amount of data needed for learning, improving algorithms’ predictive accuracy, 
and increasing the constructed models’ comprehensibility" [188].

Feature selection is different from feature extraction that was presented in the previous 
chapter in that no new features are generated. A typical feature selection method consists 
of three basic components as shown in Fig.4.1. The input to the feature selection block is 
the original feature set that can be formed by:

• Concatenating the features produced by different, feature extraction methods. In 
this case, a feature selection step is usually employed to find a reduced subset of the
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Figure 4.1: The typical structure of feature selection algorithms

features produced by the different algorithms that best interact together to solve a 
specific problem.

• A single feature construction method that produces many features may also be used 
to generate the original feature set. In the latter case, the feature selection step is 
usually embedded within the feature extraction process, i.e. the problem of feature 
extraction is split into two steps: feature construction and feature selection [115]. An 
example of this is the identification of the optimal wavelet subtree when employing 
WPT for feature extraction.

The two most important parts of any feature subset selection algorithm are: the search 
strategy (the subset generation block) and the evaluation measure (the subset evaluation 
block) as shown in Fig.4.1. A search strategy is needed to explore the feature space, where 
various search algorithms that differ in their optimality and computational cost have been 
developed to search the solution space. These methods include: tabu search (TS) [102], 
simulated annealing (SA) [172], genetic algorithms (GA) [121], ant colony optimization 
(AGO) [75], and particle swarm optimization (PSO) [137]. On the other hand, typical 
evaluation measures can be divided into two categories, these are: filters and wrappers [9]. 
Filter based feature selection methods are in general faster than wrapper based methods. 
The justification for this is that filter based methods depend on some type of estimation of 
the importance of individual features or subset of features. When compared with filters, 
wrapper based methods are found to be more accurate, as the quality of the selected 
features in a subset is measured using a specific classifier.

Finally, either of the following two approaches can define the stopping criterion. The 
first is to stop the algorithm when a certain number of iterations has reached. The second 
is to stop the algorithm when the difference between the current value of the objective 
function and the previous one falls below a certain threshold value.

The general framework for this chapter is shown in Fig.4.2 in which a problem with n
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channels (representing either EMG or EEG electrodes) is considered. The idea here is that 
features are extracted from each channel by an specific method, or a group of methods. 
Due to the use of a large number of channels in such applications that are driven by EMG 
or EEG signals, then extracting even a small subset of p features from each channel can 
lead to generating a large amount of features (a total of n x p — number of channels (n) 
x number of features per channel (p))- Two feature selection methods are proposed in 
this chapter in order to select the most representative group of q features (i.e., relevant to 
the classification problem) from the total of n x p, thus reducing the computational cost 
while enhacing the classification accuracy. The concept of feature selection will be further 
generalized into the paradigm of channel selection. In such a paradigm, we will fix the 
p features from each channel and select a subset of m channels, where rn < n, that best 
reflect the information required to represent a powerful classification performance.
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Figure 4.2: The proposed framework of feature and channel selection

In the next section, we focus on the population based wrapper approaches in feature 
selection to achieve the proposed framework, as these approaches proved very effective in 
comparison with other techniques in the literature [115, 140, 142].

4.2.1 Population-based Methods for Feature Subset Selection

Among the different feature selection algorithms, population-based evolutionary search 
procedures like AGO, GA, and PSO, were the focus of a great deal of research in the past 
few years [9, 32, 95, 178, 217, 246] and till recently [3, 51, 145, 146, 194].

AGO based feature selection methods represents the features as nodes that are con
nected with links in a graph like structure. The search for the optimal feature subset is 
implemented by the various ants that would traverse through the graph (feature space) 
where a minimum number of the most informative nodes are visited and the traversal
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stopping criterion is satisfied. The advantages associated with such a representation is 
that the pheromone that the ants lay down while traversing the graph represents a global 
information sharing medium that can lead the ants to the vicinity of the best solutions. 
Recent variations of ACO for feature selection proves the effectiveness of these algorithms 
in comparison to GA and PSO. where the ACO has already proved to outperform GA. 
PSO, and many other algorithms [3. 9, 146]. On the other hand, there are a number of 
associated disadvantages with the ACO based feature selection algorithms. These might 
include: The ants construct their solutions in a sequential manner that may not always 
lead to the optimum solution when the number of features is very large. Secondly, most 
ACO based feature selection algorithms requires some sort of prior estimation of the fea
tures importance, so that we can construct the probabilities of visiting the next nodes (or 
simply features). Unfortunately, the methods employed in the literature for the prior esti
mation of the features importance are nor very informative and accurate except those that 
employ the mutual information concept. As we have shown in chapter three, the proposed 
fuzzy mutual information measure was able to compete with the statistical MI concept 
with less computational cost. Thus it can be used with ACO as a candidate method for 
prior estimation.

On the other hand, both GA and PSO employ binary strings to represent the feature 
sets, where every bit represents an attribute. The value of T means that the attribute is 
selected while ;0’ means not selected. The difference between the two algorithms is in the 
way the search procedure evolves. One of the advantages of these two algorithms is that 
the user does not have to specify the desired number of features, as it is embedded in the 
optimization process.

There are also a number of disadvantages associated with both GA and PSO. The 
most important one when applying GA and PSO in feature selection is that these two 
methods are not guaranteed to converge to subsets of the same number of features when 
repeating the run, even if the subset size is included as a penalty in the fitness function 
[95, 145, 217]. Additionally, due to the use of binary string representation of features, the 
memory requirement of both GA and PSO can be quite high, especially for large problems. 
As an example consider a problem with 5000 features. If a subset of 30 features is required, 
then for a population of 50 elements, the total size of the population matrix for both GA 
and PSO will be 50 x 5000. with the optimal member of the population contains 30 (l’s) 
and 4970 (0!s), i.e., a huge waste of computational memory requirements. A number of 
other disadvantages of GA were reported by Oh et al. [217], these include: Firstly, GA has 
too many parameters that need to be handled properly for reasonable good performance. 
Secondly, under normal conditions solutions provided by a simple GA are likely to be 
inferior or comparable to classical heuristic algorithms.

On the other hand, the performance of PSO in general is known from the literature to 
degrade when the dimensionality of the problem is too large, and that PSO cannot even
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guarantee to find a local minimum as proved by Van Der Berth [22].

In the following sections, two novel population-based feature selection algorithms are 
proposed to tackle many of the above problems. In the proposed attempts, we first develop 
a novel mixture of the fuzzy information estimation algorithm developed in chapter three 
with the population based algorithms, specifically with ACO. Additionally, an approach to 
overcome the limitations of the sequential nature of ACO is also proposed by means of the 
Differential Evolution (DE) optimization technique. This will in turn provide a powerful 
mixture of feature selection algorithms as will be shown later. In the second algorithm, 
in order to reduce the computational cost we propose a novel DE based feature selection 
algorithm in which a float-number optimizer like DE is completely modified and mixed 
with a new measure of features distribution that is based upon the concept of constructing 
probabilities from each generation. The developed algorithms will be tested on different 
EMG ail'd EEG datasets and compared with other versions from the literature. Finally, an 
extension will also lie given in which we utilize the DE-based feature selection algorithm 
proposed in this thesis for channel selection.

4.3 Thesis Contribution-2: A Combined Ant Colony and 
Differential Evolution Feature Selection Algorithm

AGO is a relatively new optimization technique that was initially introduced to solve the 
Travelling Salesman Problem (TSP) [74, 75]. Although ACO proved to be a powerful 
technique in different optimization problems, but it still needs some improvements when 
applied to the feature selection problem. This is justified by the greedy constructive heuris
tic employed by ACO, i.e., it builds its solutions sequentially, where in feature selection 
this behavior may not lead to the optimal solution. In this section, a novel feature selec
tion algorithm based on a combination of ACO and a simple, yet powerful, DE operator 
is presented. The proposed combination is expected to enhance both the exploration and 
exploitation capabilities of the search procedure. This will be in turn proved in the exper
imental section.

In order to describe the proposed feature selection algorithm, we start first with the 
description of ACO and DE below.

4.3.1 Ant Colony Optimization (ACO)

In real ant colonies, a pheromone, which is an odor substance, is used as an indirect 
communication medium. When a source of food is found, the ants lay some pheromone to 
mark the path. The quantity of the laid pheromone depends upon the distance, quantity 
and quality of the food source. While an isolated ant that moves at random detects a laid
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pheromone, it is very likely that it will decide to follow its path. This ant will itself lay a 
certain amount of pheromone, and hence enforce the pheromone trail of that specific path. 
Accordingly, the path that has been used by more ants will be more attractive to follow. 
Dorigo et al. [74| adopted this concept and proposed a computational paradigm based on 
real ant colonies behavior, to solve hard combinatorial optimization problems. The ACO 
metaheuristic was originally applied to solve the classical TSP. where it was shown to be 
an effective tool in finding good solutions. The goal of the ants in the TSP problem is to 
find the shortest path from the source to destination so that the sales man can visit most 
of the cities within a short time in such a way that each city is visited once only.

The main characteristic of ACO is that, at each iteration, the pheromone values are 
updated bv all the no ants that have built a solution in the iteration itself. The pheromone 
Tij, associated with the edge joining cities i and j, is updated as follows:

Tij (! - p)-Tij + Ard’ C4-1)
k=1

where p is the evaporation rate, na is the number of ants, and Arj1- is the quantity of 
trail substance (pheromone in real ants) laid on edge (i,j) by ant k [73. 74, 75]:

Q/Lk if ant k used edge (ij) in its tour 
0 otherwise

where Q is a constant, and Lk is the length of the tour constructed by ant k. The value 
of the coefficient p is set to a value that is < 1 [74]. A stochastic mechanism is employed by 
the ants to select the following city to be visited when constructing a solution. Assuming a 
partially constructed solution as sp. when ant k is in city i, then the probability of choosing 
city j is given by Dorigo et al. [73] as:

T« D 
Ti> A?

Ec,£N(sP)
if on 6 N(sO 

otherwise
(4.3)

where N(sp) is the set of feasible components, and a, and 3 are parameters that control 
the relative importance of trail versus visibility ?/2J, this is in turn given by:

(4.4)

where dy is the distance between cities i, and j. Thus based on the distances only in 
the TSP problem, the ants build the probabilities of selecting each of the nodes left and 
then select the node with the highest probability, i.e., the one providing the shortest path
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arid carrying the highest amount of pheromone.

4.3.1.1 Application of ACO in Feature Selection

The feature selection problem differs from TSP as the distance between cities are fixed in 
TSP. When adding one more city, the change in the objective function is affected only by 
the distance between last two cities. In contrast to TSP, adding a feature to an existing 
subset of features can have an impact on the overall performance. A relevant feature will 
produce a better subset, and hence improve the performance, while an irrelevant feature 
may degrade the performance of the original subset [9. 115]. When adding a feature to 
the current feature subset the local performance measure should take into account the 
relationship with all previously selected features and not only the last, one. This makes the 
problem of feature selection more complicated.

Various ACO based feature selection algorithms were presented in the literature. Some of 
them employed a hybrid filter and wrapper techniques to estimate the heuristic information 
and overall performance. As an example, Al-Ani 19] proposed an ACO based feature 
selection algorithm that estimates the pheromone values by means of mutual information 
measure (MIEF measure utilized in chapter three), and the overall performance using a 
neural network classifier. The method was tested on two different classification problems 
achieving higher accuracy results than a GA based feature selection approach. Zhang et 
al. [306] has also used the hybrid of ACO and mutual information for selection of features 
in a forecasting problem. As a different approach, Gao et al. 199] utilized the Fisher 
discrimination rate (FDR.) as heuristic information in an ACO-based feature selection 
method used for selecting features in a network intrusion problem. In a different approach, 
Jensen et al. [ 140] employed ACO for finding rough set reducts. On the other hand, the 
classifier performance was adopted as heuristic information for ACO in both Kanan et al. 
[147] and Yan et al. [295] experiments.

4.3.2 Differential Evolution (DE)

Differential evolution is a simple optimization technique having parallel, direct search, 
easy to use, good convergence, and fast implementation properties [240]. The crucial idea 
behind DE is a new scheme for generating trial parameter vectors by adding the weighted 
difference vector between two population members xri and xr2 to a third member x7.q. 

The following equation shows how to combine three different, randomly chosen vectors to 
create a mutant vector. vi g from the current generation g:

Vi,g = xro,5 + F x (xrl;9 - xr2,g) (4.5)
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where F G (0. 1) is a scale factor that controls the rate at which the population evolves. 
The index y indicates the generation to which a vector belongs. In addition, each vector 
is assigned a population index, i. which runs from 0 to Np -1. Parameters within vectors 
are indexed with j, which runs from 0 to D — 1.

Extracting both distance and direction information from the population to generate 
random deviations results in an adaptive scheme that has excellent convergence properties. 
In addition. DE also employs uniform crossover, also known as discrete recombination, in 
order to build trial vectors out of parameter values that have been copied from two different 
vectors. In particular, DE crosses each vector with a mutant vector, as given below:

U?-.9 — Uj,i,g ”
vj4-g

XJC:<]

if rand(0,1) < Cr or 
Otherwise

(4.6)

where Uj.i.g is the i'th trial vector along j'th dimension from the current population y. 
The crossover probability Cr G [0, 1] is a user defined value that controls the fraction of 
parameter values that are copied from the mutant. If the newly generated vector results 
in a lower objective function value (higher fitness) than the predetermined population 
member, then the resulting vector replaces the vector with which it was compared [225].

4.3.3 The Proposed ANTDE Feature Selection Algorithm

The new algorithm proposed in this section also employs the MIEF algorithm in a similar 
approach to that of Al-Ani [9]. The difference here is that the fuzzy estimation of the 
mutual information is used instead of the statistical mutual information. Additionally, due 
to the fact that the original ACO algorithm searches for the global optimal by forming 
the solutions in a semi-sequential way, there is a chance for the ants to be trapped in 
a local minima. To overcome this limitation, a parallel search mechanism is introduced 
within the ACO as a novel attempt to overcome the limitations imposed by the sequential 
nature of ACO. The most well known parallel search algorithms are GA, PSO, and DE 
algorithms. In feature selection problems with both GA and PSO, as mentioned previously, 
binary strings representation is employed which increases the computational cost for large 
problems. Thus, we propose an alternative scheme of mixing a parallel search operator like 
DE with ACO.

We modified the original DE algorithm to make it suitable for the problem of feature 
selection without converting into binary strings. Thus, for the example mentioned earlier 
in section.4.2.1, the size of the population matrix will be 50 x 30, in comparison to that 
of GA and PSO being of size 50 x 5000. Hence, lower memory requirement than both GA 
and PSO. Since DE proved to present good performance in different problems [240], it was 
adopted here to form with ACO a novel feature selection algorithm, as a novel attempt.
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In order to proceed with the description of the proposed ANTDE algorithm, we start 
first with the contribution of the DE operator within this new mixed ANTDE algorithm, 
that includes the following:

E The population upon which the DE operators are performed on is actually drawn 
from the solutions that the ACO finds. Hence, DE is utilized to further explore and 
exploit around the solutions that each of the ants found. This is controlled by the 
values of the scale factor F. In simple words, the DE operators are applied within 
each iteration on the solutions found by ACO for only one time, i.e., no additional 
i ter at i ve pro ced ures.

2. Initially the value of F is made to linearly increase from 0.4 to 0.9. thus first exploiting 
around the solutions provided by ACO and gradually increasing to 0.9 thus further 
exploring around the solutions. If during any iteration a new global minimum (higher 
fitness) is found then the value of F is reset to 0.4 and made to increase again. Also 
for the mutant vector generation, either Eq.4.5 or the one presented below can be 
used:

v*,.g = *best,g + F X (xri>fl - Xr2.5) (4.7)

where Xbest.g E the best solution found in the current generation </. The justification 
behind the above equation is to provide new mutuant vectors that can best exploit 
around the best solutions found so far in an attempt to further search the area 
surronding the best solutions.

3. Since DE is a numerical optimizer, it will need certain amendments before being 
suitable for combinatorial optimization problems. This is best understood with the 
following example. Consider the a problem with 256 features from which we seek a 
subset of 5 features. When using DE directly the solutions produced by DE will be 
float numbers, while in feature selection problems we need positive decimal numbers. 
Rounding the solution of DE is the first operation applied. Secondly, when optimizing 
a problem with a numerical optimizer, nothing can prevent two or more dimensions 
from settling at the same number. As an example if S (the subset of selected features 
by a specific ant) is [1.11 202.56 35.98 36.32 90.07] then the rounded value of S would 
be [1 203 36 36 90]. This is completely unacceptable as feature (36) is repeated. In 
order to overcome such a problem, the redundancies in the solutions produced by DE 
are removed by utilizing the pheromone intensities from the ants. In other words, 
the feature indices are sorted in a descending manner according to their pheromone 
values. The repeated features only will be replaced by the first few features with 
high pheromone intensities. Thus S could be for example [1 203 36 150 90] if 150 has 
the highest pheromone value (i.e., it is visited by most of the ants, thus it represents 
a good feature).

A hybrid evaluation measure that is able to estimate the overall importance of subsets
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as well as the local importance of features is proposed. A suitable classifier will be used to 
estimate the performance of subsets in the experiments section (i.e.. a wrapper evaluation 
function), while the stopping criterion selected was to stop the algorithm when a certain 
number of iterations is reached. On the other hand, the local importance of a given feature 
is measured using the fuzzy mutual information estimation that we proposed in chapter 
three. For evaluating the performance of the fuzzy estimation, we adopted the MIEF 
approach mentioned in section.3.7.4.

The following parameters are used in the algorithm:

• n: number of features that constitute the original set. F - {f\.....fn }

• na: number of artificial ants to search through the feature space

• rt: intensity of pheromone trail associated with feature /,

• PL: list of the previously tested subsets.

• Bln. list of the best k subsets.

• k: where the best k subsets (A; < na) will be used to influence the feature subsets of 
the next iteration.

• Sj = {m, • %}: A list that contains the selected feature subset for ant j

The flowchart of the proposed ANTDE is shown in Fig.4.3. In the first iteration, each ant 
will randomly choose a subset of m features, where rn is the desired number of features. 
In the second and following iterations, each ant will start with rn — p features that are 
randomly chosen from the previously selected A-best subsets, where p is an integer that 
ranges between 1 and rn — 1. In this way, the features that constitute the best A; subsets 
will have more chance to be present in the subsets of the next iteration. Nevertheless, it 
will still be possible for each ant to consider other features as well. For instance, ant j will 
consider those features that achieve the best compromise between previous knowledge, i.e., 
pheromone trails, and local importance. The local importance of feature is measured 
with respect to the features of S0 (features that have already been selected by ant j). The 
selection measure (SM) used for this purpose is defined as:

Otherwise
(4.8)

where LlfJ is the local importance of feature ft given subset Sj. The parameters r/ and ip 
control the effect of trial intensity and local feature importance respectively.

LI-’ = I(C\fi) x (4.9)
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where

DSi _ min
fseSj HUi)

1

IT E
/,es,

3 ( ncyhjA Y
V/(C;/j) + /(C;/s)y

(4.10)

The parameters a, A. and 7 are constants, // (f,) is the entropy of f,. is the
mutual information between fi and /,s is the mutual information between the
class labels and fj, and \Sj\ is the cardinal of Sr Thus, by using our proposed mutula 
information in the previous chapter and the MIEF measures in section 3.7.4, we Isit below 
the steps of the proposed ANTDE algorithm:

Is the stopping 

criterion met?

Estimate the pheromone intensity for each variable 

(feature)

Sort the features according to their pheromone 
intensities,
Replace redundant features by the first few features 

with highest pheromone intensities.

Define the number of ant, na 
Define stopping criterion 
Initialize pheromone intensity, T 
f or each ant. /, randomly generate a subset of m 

variables Sj

Construct solutions based on Eq. 4.9 & Eq. 4.10. 
Evaluate the selected subset of each ant 

Sort subsets according to their performance 

Update the list of previously tested subsets, PL 
Apply the DE operator based on Eq. 4.6 & Eq. 4.7

Evaluate the new solutions and decide to keep the 

original solution by the ants or the newly updated 
solutions by using DE operators 
Update the list of previously tested subsets, PL 

Update BL (list of A-best subsets)

Use BL to randomly produce m - p variable subsets 

for each ant

Figure 4.3: Flowchart of the proposed ANTDE algorithm
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1. Initialization:

• Start with a fixed small amount of pheromone for all ants. rt . cc, where cc is
a constant.

• Define the maximum number of iterations.

• Define k. where the A-best subsets will influence the subsets of next iteration.

• Define p. where rn — p is the number of features each ant will start with in the 
second and following iterations.

2. If in the first iteration,

• For j 1 to na,

— Randomly assign a subset of rn features to Sj.

• Goto step 4.

3. Select the remaining p features for each ant:

• For mm- rn-p • 1 to m.

- For j — 1 to na,

* Given subset Sj, Choose feature /* that maximizes SMfJ

* b j — Sj U fi

4. Evaluate the selected subset of each ant using the chosen classification algorithm:

• For j 1 to na,

— Compute the Mean Square Error (AJSEj) of the classification results ob
tained by classifying the features of Sj using an LDA classifier.

• Sort the subsets according to their MSE. Update the minimum MSE (if 
achieved by any ant), and store the corresponding subset of features.

• Update the list of the previously tested subsets. PL — [.PL,Sj\, where (j = 1 : 
na).

5. Apply the DE operator represented by Eq.4.6 and Eq.4.7 once in each iteration.

• If redundancies exist in the feature subsets.

- Sort the features according to the pheromone intensities t,; associated with 
each feature.

— Replace redundant features by the first few features with highest pheromone 
intensities

• Evaluate the new solutions and decide whether to keep the original solution 
found by ACO or the new ones resulting from the DE operator.
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6. Update BL (the list of the k best subsets).

7. For each feature fi. update the pheromone trail according to the following formula:

T-i — d] R\, + u2R>i + u.3(1 — Rn) + a4 (4-11)

where

• «i, «2: «3, and a4 are constants.

• Ru: ratio indicating the occurrence of f) in BL.

• R‘2i: ratio between the occurrence of /, in the best half subsets and the overall 
occurrence of /p

• Rsi: ratio indicating the overall occurrence of f,.

8. Using the feature subsets of the best k ant:

• For j . 1 to na.

— Randomly produce rn - p feature subset for ant j, to be used in the next 
iteration, and store it in Sj.

9. If the stopping criterion is not met, goto 3.

The rationale behind Eq.4.11 is to estimate the pheromone intensity of f2. Ru shows the 
contribution of fi toward the best k subsets. Roi indicates the degree that fx contributes 
in forming good subsets. Hence, a new subset formed by combining }\ with other features 
might become the best subset . The term (1 - R^) aims at favoring exploration, where this 
term will be close to 1 if the overall usage of fx is very low. The reader can refer to [9, 13] 
for the appropriate selection of the parameters mentioned above.

4.3.4 Experiments and Results

The proposed ANTDE is validated on two biosignals driven applications. In the first 
experiment, the performance of the proposed ANTDE is compared with other population 
based feature selection techniques on an EEG dataset collected from 56 channels. In the 
next part of the experiment, the ANTDE is also tested on an EMG dataset and compared 
with other feature projection techniques.

4.3.4.1 Experiment-1: A Comparison with Feature Selection Techniques

The dataset utilized in this experiment is DATASET-EEG2 from the Appendix-A total 
of 406 trials were used, 208 for left movement and 198 for right. The wavelet packet 
transform was used to extract features from this dataset. The feature extraction process
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utilized in this section is different from the one mentioned in Appendix-A that will be 
used in the future experiments. According to Al-Ani and Al-Sukker [10], there is a small 
variation between the classification accuracy of feature subsets with the desired number of 
features ranging between 3 and 9. As using a small number of features is more desirable, 
a subset of 3 features that represent the energy values of the frequency bands 4 - 8. 8 - 16 
and 16 - 24 Hz will be used. Features were extracted from the nodes representing these 
frequency bands according to Eq.3.40 that we proposed in chapter three. The total number 
of features extracted were 168 features (56 channels x 3 features /channel). The first 300 
patterns were assigned for training and the rest of the data, 106 patterns, for testing. The 
goal here is to check the performance of the different feature selection methods in a problem 
with large number of features.

The proposed ANTDE was tested against all of the following methods: the ant colony 
based feature subset selection by Al-Ani [9] (referred to as ANT), Genetic Algorithm 
(referred to as GA), and the binary particle swarm optimization (referred to as BPSO). 
The results of the comparison are given in Fig.4.4. The desired number of selected features 
was varied between 3 and 99 features. Each of the mentioned algorithms was utilized with 
a population size of 50 members and executed for ten times when selecting each feature 
subset. For example when selecting 9 features, each method was used ten times and the 
average result is reported here. It is also worth to mention that the same initial population 
was used for all the methods. The objective function for all the methods was to minimize 
the classification error achieved by a linear discriminant analysis classifier.

In order to analyze the results, one can start by first looking at the performance of the 
methods when selecting a small feature subset. Both of the ANT and ANTDE achieved 
higher classification accuracies than GA and BPSO despite the fact that all methods started 
from the same initial population as shown in Fig.4.4. This is expected as both ANT and 
ANTDE employ an All based heuristic measure. The ants are guided using A4IEF into 
the vicinity with features that best interact together. Since the A4IEF measure uses a 
sequential procedure to evaluate the importance of features, this is expected to give good 
results when selecting small number of features. However, one of the reasons why the 
performance of the ANT algorithm becomes very near to that of GA when selecting large 
number of features is due to the fact that the MIEF becomes less accurate in estimating 
the true All when the number of features increase. The other reason is the fact that 
ACO actually builds its solutions using a sequential approach, which can be good when 
dealing with small number of features, but with large dimensionality this may not lead 
to the optimal solution. The ANTDE on the other hand can further exploit and explore 
around the initial solution provided by the ants, as it also employs a parallel DE based 
search procedure, thus providing a powerful mixture of both. In general, within all of the 
selected feature subsets the performance of BPSO and GA was almost always worse than 
ANT, while ANTDE performance was almost always the best. The ANTDE was the only
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*

Number of Features

Figure 4.4: A comparison of ANTDE with other feature selection techniques like ANT, 
GA. and BPSO on the EEG dataset

algorithm that achieved a maximum accuracy of 93.11% while the maximum accuracies 
achieved by the other methods were 91.03%, 90.7%, and 87.04% for ANT, GA, and BPSO 
respectively.

In order to prove the statistical significance, we utilized the same measures reported in 
section.3.7.5.3, these are

• Mean classification accuracy (Acc): This is reflected by the same results shown in 
Fig.4.4 for all of the feature selection methods proving the successfulness of the 
proposed AxNTDE.

• Geometric mean error ratio.

• Win-tie-loss.

• Two-way analysis of variance (ANOVA), with the significance level set to a 0.05.

The results for running each of the Geometric mean error ratio, Win-tie-loss in addition 
to the ANOVA test results with (significance level set to 0.05) are reported in Table.4.1 
below.

Table 4.1: Statistical significance tests results
Test ANTDE vs. ANT ANTDE vs. GA ANTDE vs. BPSO

Geometric mean error 0.8412 0.7775 0.6767
17 20 20

Win-tie-loss 0 0 0
3 0 0

ANOVA p- 1.6992x IQ-s p=3.6888 x 10“"’ p=0
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The statistical significance tests results shows that the proposed ANTDE managed to 
almost always achieved better results than all other methods even the original ANT. This 
is simply proved by the Win-tie-loss results in which, the ANTDE outperformed the ANT. 
GA. and BPSO in 17. 20. and 20 times respectively from a total of 20 searches for different 
subsets of features. According to the results of the statistical significance tests above, the 
ANTDE algorithm highly outperformed all other algorithms and this was further proved 
by the ANOVA test results showing a clear statistical significance of ANTDE on all other 
methods as the value of p is shown to be significantly smaller than 0.05 when comparing 
the ANTDE with other methods.

4.3.4.2 Experiment-2: A Comparison with Feature Projection Techniques

In this section, the proposed ANTDE is compared with other dimensionality reduction 
techniques, specifically with feature projection techniques. Two datasets are utilized in 
these comparisons of varying number of samples and features. The details for these exper
iments are reported below.

In the first part of this experiment: The aim of this experiment is to show that, in 
situations where there are a large number of candidate features from which only a small 
subset is the most relevant for the specific classification problem, feature subset selection 
can provide much better performance than feature projection techniques. This is justified 
by the fact that feature projection tools combine all of the available features into a small 
subset of features. In such a process features that are highly relevant may become less 
relevant when combined with many other irrelevant features. Thus we might not be able 
to accurately discover the knowledge embedded in such a dataset by using projection 
techniques. One possible example on this case is given below.

The dataset utilized in this experiment is DATASET-EMG1 from Appendix-A. Three 
feature sets were extracted, these are the TDAR1, TDAR2, and the WT feature sets that 
are prepared as described in the Appendix-A. The proposed ANTDE was utilized to select 
subsets of 5, 10. 15, and 20 features, with a population size -TO, and the number of 
iterations —25. On the other hand, a set of feature projection tools from the literature 
were utilized to project the features into the most discriminant c -1 features, i.e., 5 features 
in this experiment as we have 6 classes. Specifically these are, the ULDA [300], orthogonal 
linear discriminant analysis (OLDA) [299], arid locality preserving projection (LPP) [124]. 
The classificat ion accuracy achieved by reducing the dimensionality of each of the extracted 
feature sets by each of the above feature projection techniques and the proposed ANTDE 
are reported in Table.4.2. In the case of ANTDE, 4 different results are reported, these 
represent the results of selecting 5, 10, 15 and 20 features, and for each case 10 runs were 
made and the average is reported here. The fitness function for the proposed ANTDE was 
to minimize the classification error achieved by the LIBLINEAR SVM classifier, using a
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leave-one-out cross validation (LOOCV) scheme for testing due to the small size of this 
dataset.

Table 4.2: Classification accuracy results of ANTDE compared to other techniques on the 
EMG dataset

ULDA OLDA LPP ANTDE-5 ANTDE-10 ANTDE-15 ANTDE-20
TDAItl 91.67 91.67 90.56 92.89 96 97 97.33
TDAR2 87.22 88.33 86.11 92.77 96.11 96.61 97.27

WT 86.11 87.22 87.22 93.88 94.88 94.27 92.22

In order to analyze the results, one can start by observing the difference between the 
accuracy results achieved by the different feature projection methods with both the TDAR1 
and TDAR2 feature sets. It is very clear that with the first feature set, TDAR1, the utilized 
feature projection methods were capable of producing higher classification accuracies than 
that they achieved with TDAR2. The justification for this is that when combining a large 
number of features, it is difficult for the projection techniques to emphasize the effect 
of the highly relevant features that best interact together. This is due to the fact that, 
as mentioned above, when combining different features, the highly relevant features may 
become less relevant in the context of other features. Thus we might loose important 
information in such a case, and this is clearly obvious when we have small number of 
samples. This effect is even more clear if we look at the results achieved with the WT 
feature set by the ANTDE. When selecting a subset of 5 or 10 features from the total 
extracted WT feature set, the accuracy was higher than that achieved with 20 features. 
Thus the effect of considering more irrelevant features is clearly affecting all of the methods, 
but its effect on the ANTDE is much less than that on the projection techniques. This 
is justified by the fact that ANTDE seeks to select the subset of features in which the 
irrelevant features has the lowest effect on the relevant features, or in simple words we try 
to select the subset of features that best interact together. According to the above results, 
the concept of adding more features to extract more knowledge from the signals is not 
always valid, and unless a suitable dimensionality reduction method is used then this will 
impair the performance of the system.

Additionally, extracting c - 1 vectors by the projection methods may not always be the 
optimal solution, as we have proved here that by slightly increasing the number of the 
selected features to 10 or 15 we can get higher classification accuracies from all the feature 
sets extracted.

Thus according to all of the above results it can be noticed that the proposed ANTDE 
w^as very successful in achieving powerful classification accuracy results that is even more 
powerful than that achieved by the state of the art feature projection methods. Finally, to 
provide fair comparison, it is important to mention that the ANTDE employs an iterative 
approach while the feature projection techniques provide an analytical solution by means 
of solving an eigne-decomposition problem.
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In the second part of this experiment: The EMG dataset utilized in this section 
is DATASET-EMG4 from Appendix-A. Seven distinct limb motions were performed by 
thirty subjects, these are: hand open (HO), hand close (HC), supination (S), pronation 
(P). wrist flexion (WF), wrist extension (WE), and rest state (R). data from the first two 
trials (trials 1 and 2) were used as training set and data from the remaining four trials 
were divided equally into two trials for validation (trials 3 and 4) and two trials for testing 
(trials 5 and 6). Accordingly, the testing scheme is slightly different from the one used in 
[41] which utilized the first two trials (trials 1 and 2) for training and the other four trials 
for testing (trials 3 to 6). The justification behind employing the three way data split is 
to make sure that the chosen features are not causing an over-fitting in the results, and 
that the system can work well with future unseen data. Thus the three way data split 
would be quite suitable for this purpose. Additionally the objective function for ANTDE 
was set to the mean of the training and validation errors added to their maximum value, 
to guarantee that there is no bias towards the minimization of any of these two errors.

The feature extraction process with this dataset is described in section.A. 1.4.1 from 
Appendix-A. Both of the TDAR and the WT feature sets are utilized in this experiment. 
In the original research utilizing this dataset, both of the ULDA and PCA were utilized as 
dimensionality reduction tools. Thus the performance of features projected with both of 
the ULDA and PCA will be compared against those selected by the proposed ANTDE.

The desired number of features was set to be equal to only 10 features for ANTDE and 
PCA, while ULDA provides only c -1, where c is the number of classes, i.e., 6 features only. 
Classification is performed using a linear discriminant analysis classifier. The advantage of 
this classifier is that it does not require iterative training, thus avoiding the potential for 
under- or over-training. The WT and TDAR classification accuracy results from all of the 
thirty subjects were tabulated and the average classification accuracy with one standard 
deviation as dispersion bars are shown in Fig.4.5 for both the validation and the testing 
sets. It should be mentioned here that the output of the EMG pattern recognition system 
is usually smoothed using a majority vote post processing technique. It has been found 
that applying majority vote in EMG classification problems represents a necessary step 
as it can achieve an enhancement in the EMG classification accuracy of about 2% [40]. 
Another step usually utilized in EMG recognition problems is to remove the transitional 
data between classes. This is due to the fact that the system is in an undetermined state 
between contractions. The results shown for both the validation and the testing sets were 
given first without a majority vote (referred to as Initial), then with a majority vote (MV), 
followed by results with the transitional data between classes removed (NT), and finally 
with both majority vote and removal of the transitional data (MV+NT).

When analyzing the results, it was obvious that the hit rates obtained by both ULDA 
and the proposed ANTDE algorithms highly outperform PCA. This is expected as the 
later does not take the relation between the features and the class label into consideration.
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Figure 4.5: Validation and testing classification results achieved with ANTDE, ULDA, and 
PCA across different feature sets

On the other hand, ULDA projects the data into directions that maximize the ratio of the 
between scatter matrix to the within scatter matrix. One issue to be mentioned regarding 
ULDA is that the resulting dimensionality is limited to c - 1 where c represents the number 
of classes (seven for this case). Although this might be an advantage since it highly reduces 
the number of projected features; but it could also serve as a limitation to this technique. 
In simple words, in certain problems, projecting the data into c - 1 new feature may not be 
an optimal solution as we might lose important information for this particular dimension.

The ANTDE, one the other hand, selects feature subsets by means of a hybrid technique 
that employs a mutual information based measure. This will enhance the chance of se
lecting subsets of maximum relevance to the problem, whose features carries the minimum 
amount of redundancies in the information content. As a result, the ANTDE achieved the 
highest classification accuracies across different feature sets. This in turn proves that if the 
interaction property between the features in the selected subset is high, then this could
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result in a very powerful combination of features. In other words, it is important to search 
for features that complement each other.

In order to provide a statistical comparison between the performance of the various 
dimensionality reduction methods mentioned above, we used the same measures proposed 
in section.3.7.5.3. these are:

• Mean classification accuracy (Ace): This is reflected by the same results shown in 
Fig.4.5 above for both feature sets and for both validation and testing. The numerical 
classification accuracies for both the validation and testing sets are also given in 
Table. 4.3.

• Geometric mean error ratio: The geometric mean error ratio achieved by the ANTDE, 
in comparison to ULDA and PCA for both validation and testing sets are given in 
Table.4.4. The achieved test results are shown all to be of values less than 1. this 
in turn proves that there is an improvement achieved by using the ANTDE on the 
results reported by all other methods, thus proving the effectiveness of ANTDE.

• Win-tie-loss: The Win-tie-loss results across thirty subjects classification accuracies 
are in turn given in Table.4.5. This results of running this test also implies that the 
ANTDE is capable of competing with the state of the art ULDA feature projection 
method to achieve better or very close results.

Table 4.3: Validation and testing accuracies averaged across thirty subjects (using MV+NT 
column)

Feature Set Data Divisions ANTDE ULDA PCA
WT Validation 94.8647 93.3521 91.1182

Testing 93.1497 92.4129 89.5213
TDAR Validation 94.0577 92.3804 86.6696

Testing 92.6659 91.7613 85.5894

Table 4.4: Geometric mean error ratios of the proposed ANTDE against different methods
Feature Set Data Divisions ANTDE vs. ULDA ANTDE vs. PCA

WT Validation 0.7216 0.5494
Testing 0.9428 0.7022

TDAR Validation 0.7380 0.3945
Testing 0.9219 0.4908

Furthermore, in order to provide a rigorous validation or comparison with existing tech
niques for dimensionality reduction, the confusion matrix for all the subjects was also 
computed for the different feature sets. A plot of the diagonal values of the class-wise 
classification accuracy matrices with both the TDAR and the WT feature is presented in 
Fig.4.6 including the validation and testing sets results. The figure indicates that for al
most all classes ANTDE achieved better performance than ULDA and that both ANTDE 
and ULDA clearly outperform PCA.
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Table 4.5: Win-tie-loss results of the proposed ANTDE against different methods
Feature Set Data Divisions ANTDE vs. ULDA ANTDE vs. PCA

28 30
WT Validation 0 0

2 0
16 26

WT Testing 0 0
14 4
27 30

TDAR Validation 0 0
3 0

22 29
TDAR Testing 0 0

8 1

I IULDA
I IANTDE

I IULDA
I |ANTDE

(a) Validation accuracy using WT features (b) Testing accuracy using WT features

I I ULDA
I IANTDE

I IULDA
I | ANTDE

(c) Validation accuracy using TDAR features (d) Testing accuracy using TDAR features

Figure 4.6: Diagonal values of the confusion matrices achieved with ANTDE, ULDA, and 
PCA across different feature sets
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4.4 Thesis Contribution-3: Feature Subset Selection Using 
Differential Evolution

Despite the good performance offered by the proposed algorithm above, there is a need for 
a more powerful feature selection algorithm that can exhibit the following properties:

• Unlike the GA and PSO based variations of feature subset selection, there is need for 
a feature selection algorithm that avoids the use of binary representation of features. 
Since we have already explored one possible non-binary representation using DE, we 
were able to develop the ANTDE as a novel mixture of two algorithms. This section 
will further develop a stand-alone DE-based feature selection algorithm, without the 
need for the ants.

• Unlike the ANT and ANTDE that utilized the concept of mutual information to guide 
the search, there is a need for a feature selection algorithm that can be as much as 
independent as possible of any other estimation technique. The reason behind such a 
need is to save the computational memory requirements needed to store the estimated 
mutual information utilized by those methods. This section comes out with a new 
algorithm that estimates the importance of features in an evolving scheme, i.e., no 
need for mutual information any more as we are going to estimate the importance of 
features using statistics developed within the iterations.

• Despite the good performance of both the ANT and ANTDE algorithms, it is im
portant to mention here that both methods can be more computationally expensive 
than GA and PSO. This is justified by that the ants utilized in ANT algorithm and 
partly in ANTDE build their solution using a greedy approach to solution construc
tion. Additionally, the proposed ANTDE algorithm utilizes concepts from both ACO 
and DE. Although such a combination provided powerful performance in many ex
periments but such a combination will further increase the associated computational 
cost. Thus, there is a need for powerful feature selection method exhibiting low com
puting efforst like GA and PSO while exhibiting powerful performance like ANT and 
ANTDE.

According to the above points, a novel feature selection algorithm is developed in this 
section based on a combination of DE optimization technique and a statistical feature 
distribution measure that we propose in the following sections. The new algorithm, abbre
viated as DEFS, utilizes the DE float number optimizer in the combinatorial optimization 
problem of feature selection. The DEFS will be used to search for optimal subsets of fea
tures in datasets with varying dimensionality. It will then be utilized to aid in the selection 
of WPT best basis for classification problems, thus acting as a part of a feature extraction 
process.
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Since the DE optimization technique has already been described in section.4.3.2, the 
next section will present our proposed DE-based feature selection algorithm.

4.4.1 The Proposed DE-based Feature Selection Method

In order to utilize the float number optimizer of DE in feature selection, a number of 
modifications have been suggested. The block diagram of the proposed DEFS method 
is shown in Fig.4.7. Like nearly all Evolutionary Algorithms (EAs), the proposed DEFS 
is a population-based optimizer that attacks the starting point problem by sampling the 
objective function at multiple, randomly chosen initial points, referred to in Fig.4.7 as 
initial population. Thus an initial population matrix of size (NP x DNF) containing NP
randomly chosen initial vectors. xz, i — {(), 1. 2.....NP — 1} is created, where DNF is the
desired number of features to be selected. In the .proposed DEFS method, we made the 
search space limited between 1 and the total number of features (NF). Thus, along each 
dimension for individual /, the lower boundary of the search space, referred to by L. is 
L I, while the upper boundary for the search space, referred to by //, is H - NF. Thus 
even if DE is a float number optimizer, we initialize it with sample float numbers drawn 
from this space that would represent the initial population matrix, and then round the 
values acquired in future populations to the nearest integers.

The next step in the method is to generate a set of new vectors from the original 
population, referred to in Fig.4.7 as mutant population, in which each vector is indexed 
with a number from 0 to NP - 1. Like other population-based methods, DEFS generates 
new points that are perturbations of existing vectors with the scaled difference of two other 
randomly selected population vectors. For each position in the original population matrix, 
a mutant vector is formed by adding the scaled difference between two randomly selected 
population members to a third vector, according to Eq. 4.5. It is not unusual in iterations 
to have big differences that would produce values outside the problem space; and hence 
this issue needs to be addressed. Unlike the original DE that uses a constant scale factor, 
the proposed DEFS allows the scale factor to change dynamically as follows:

c\ x rand
max(xjrj g, Xj:r2,g)

where c\ is a constant that is < 1. The effect of this is to allow the population members to 
oscillate within bounds without crossing the optimal solutions and thereby aiding them to 
find improved points in the optimal region. Additionally, a system constant with stipulation 
is implemented as

xj4.g
NF
1

if x3,.g > NF
h xj,i,g < 1

(4.13)
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Figure 4.7: Block diagram of the proposed DEFS algorithm.
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This is similar to modifying the distance that each particle moves on each dimension per 
iteration in PSO. To produce the trial vector, uq, a crossover operation is implemented 
between the resultant mutant vector, vq. and the population vector of the same index, 
xq. In the selection stage, the trial vector competes against the population vector of the 
same index, Xq. The corresponding position in the population matrix will contain either 
the trial vector, uo (or its corrected version), or the original vector, xq. depending on 
which one of them achieved a better fitness (i.e.. lower classification error rate in our case). 
The procedure repeats until each of the NP population vectors have competed against a 
randomly generated trial vector. Once the last trial vector has been tested, the survivors of 
the N P pairwise competitions become parents for the next generation in the evolutionary 
cycle.

Due to the fact that a real number optimizer is being used, nothing will prevent two 
dimensions from settling at the same feature coordinates. As an example, if the resultant 
vector is [255.13 20.54 85.54 43.42 254.86], then the rounded value of the resulting vector 
would be [255 21 86 43 255]. This result is completely unacceptable within the feature 
selection problem, as a certain feature (feature index 255) is used twice. In order 
to overcome such a problem, we propose a new features distribution factor to aid in the 
replacement of the duplicated features. A roulette wheel weighting scheme is utilized [121]. 
In this scheme a cost weighting is implemented in which the probabilities of each feature 
are calculated from the distribution factors associated with it. The distribution factor of 
feature /j within the current generation y, referred to as FDh,j is given by Eq.4.14 below:

where PDj is the number of times that feature fj has been used in the good subsets, 
i.e., subsets whose fitness is less than the mean fitness of the whole population. NDj is

subsets whose fitness is higher than the mean fitness of the whole population. NF is 
the total number of features, a\ is a suitably chosen positive constant that reflects the 
importance of features in PD, and DNF is the desired number of features to be selected. 
PDj and ND3 are shown schematically in Fig.4.8. The figure shows a population in which 
the first four members achieved a fitness which is less than that of the mean fitness of the 
whole population. Thus, to construct the features distribution probabilities, consider as an 
example the first dimension (or feature) that has been used in all of the four members (thus
a PD — 4/10), while being used only twice in the rest of the members (thus ND ..2,TO).
The rationale behind Eq. 4.14 is to replace the replicated part of the trial vector according

NF - DNF 

NF
(4.14)

the number of times that feature fj has been used in the less competitive subsets, i.e.
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to two factors. The PDj/(PDj + NDj) factor indicates the degree to which fj contributes 
in forming good subsets. On the other hand the second term in Eq. 4.14 aims at favoring 
exploration, where this term will be close to 1 if the overall usage of a specific feature is 
very low. Meanwhile, ((NF — DNF)/NF) is utilized as a variable weighting factor for 
the second term, in such a case the importance of unseen features will be higher when 
selecting small number of features and smaller when selecting large number of features.

Instead of only feeding the feature distribution factor of the current population to the 
roulette wheel, it is decided to use the relative feature distribution as well. The relative 
FD factor is basically the difference between the FD factors of the current and previous 
generations. This will help in reducing the possibility of certain features dominating the rest 
of the features. The following steps were implemented to compute the relative distribution 
factors supplied to the roulette wheel

• Divide the estimated distribution factors for the current and the next iterations bv
FDnthe maximum value, i.e., FD,, - m^F3Dg), and FDS+1 ~

• Compute the relative difference according to the following equation

T = (FDg+1 - FDg) x FDg+1 + FDg (4.15)

The above equation gives higher weights to features that make noticeable improve
ment in the current iteration in comparison to the previous one. It also aims at 
keeping features that are found to be highly relevant in both iterations, even without 
making noticeable improvement. It was found that this would in general give better 
results that using either of the FD factor or the relative FD factor when considered 
individually.

• Add some sort of randomness in this process to avoid selecting the same features 
every time, and to emphasize the importance of unseen features

T = T- 0.5 x rand( 1, NF) x (1 - T); (4.16)

Fit (Error) Population

~~l /
3 1 1 0 1 0 1 0
2 1 0 0 0 0 0 0
1 1 0 1 1 1 1 1
4 1 0 1 0 1 1 0
10 0 0 0 1 1 1 0
17 0 1 0 0 0 0 1
16 1 1 1 0 0 1 1
9 0 0 0 0 0 1 1
14 0 1 1 0 1 1 0
13 1 0 1 0 0 1 1

Positive Distribution (PD)

> PD. 4 1 2 2 2 3 1 
10 101010101010

Negative Distribution (ND)

2331254 
10 101010101010

Figure 4.8: The feature distribution factors
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For the rest of the iterations, the distribution factors are updated within each iteration as 
FDg FDg+i, and FDg+\ holds newly computed values within each iteration representing 
the number of time each feature was utilized as was computed by using Eq.4.14.

Considering the earlier example with a duplicated feature, the aim is to correct the 
current trail vector [255 21 86 43 255] and replace one of the occurrences of feature 255 
with another feature that is most relevant to the problem. Let's presume that the features 
ranked by the roulette wheel according to the highest distribution factors are [55. 255. 21. 
210. 68, 74]. After excluding features that appear in the trial vector, the rest can be used 
to replace the duplicated features of the trail vector. Thus for our example, the trial vector 
would be represented by [255 21 86 43 55].

4.4.2 Experimental Results

In order to test the performance of the proposed DEFS it was decided to implement some 
of the well-known feature selection algorithms from the literature, these are:

1. Ant Colony based Feature Selection: The method chosen here was the one proposed 
by Al-Ani [9], and referred to it from now forward as ANT. The method requires the 
estimation of the mutual information between each feature and the class label Jcx • 
between each two features Ixx, between each two features with the class label Icxx , 
and the entropy of each feature Hx. This algorithm has been compared with a range 
of evolutionary algorithms proving its powerful performance [9].

2. Binary PSO based Feature Selection: Two methods are adopted here, these are the 
swarmed feature selection, referred to as BPSOl by [95], and the improved binary 
PSO, referred to as BPS02, by [51]. The BPSOl already proved to outperform 
the real valued GA (thus no comparison with real valued GA is presented here). 
The reader can refer to [51, 95, 137] for a complete discussion about the parameters 
selection.

3. Binary GA based Feature Selection: being a well known feature selection algorithm 
with numerous articles in this area, it is decided to include this algorithm in the com
parison. This is referred to as GA in the experiments. A number of experiments were 
made to choose the crossover and mutation parameters that worked the best with 
different datasets and the results reported here represent the best values achieved. 
The reader can refer to [121] for a complete discussion about the selecting of the GA 
parameters.

Each of the DEFS, ANT, BPSOl, BPS02, and GA algorithms was made to start from 
the same initial population. For all experiments described below, a population size of 
50 was used by all of the feature selection methods, while the stopping criterion was 
defined as reaching the maximum number of iterations, which was set to 100. The chosen
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fitness function was the classification error rates achieved by a suitable classifier. In the 
experiments, four different types of classifiers were considered: the K Nearest Neighbor 
(A:NN) classifier, Liblinear classifier (linear SVM) that is capable of handling large scale 
classification problems, LDA classifier, and the naive Bayes classifier (NB). A combination 
of different classifiers will be employed within each section.

Different sets of experiments are employed, the goal here is to determine the performance 
of the proposed DEFS on different datasets in different situations.

4.4.2.1 Experiments on Large Scale Datasets

In this section, we prove the effectiveness of DEFS by means of classification accuracies 
and present the statistical significance within next sections. Different datasets with varying 
dimensionality are utilized to check the performance of the proposed DEFS algorithm. The 
first four are available online from http: //research. janelia. org/peng/proj/mRMR/, and 
the rest are available online from http://www.gems-system.org. The goal here is to prove 
the capability of the proposed method when applied on datasets with different cornpleeities. 
Details of these datasets are given below:

Table 4.6: Description of the datasets employed
Dataset // Features V Classes 4j- Samples

Lung 325 7 73
Colon 2000 2 62

Lymphoma 4026 9 96
9_Tumors 5726 9 60
11 Tumors 12533 11 174

Brain Tumor 1 5920 5 90
Brain Tumor2 10367 4 50

Prostate Tumor 10509 2 102
Lung Cancer 12600 5 203

Due to the small number of samples associated with the above mentioned datasets, a 
10-fold cross validation technique was used during the experiments on these datasets. Since 
the appropriate size of the most predictive feature subset is unknown, the desired number 
of features was allowed to vary within a certain range. Furthermore, to prove that the 
proposed method can work well with different classifiers and that the performance is not 
limited to a certain classifier, two sets of experiments were implemented. In the first, a 
/cNN classifier was employed, while a linear SVM classifier was employed in the second 
(available online from http://www.csie.ntu.edu.tw/~cjlin/liblinear/).

Before starting with the process of feature subset selection we calculated the memory 
required by each of the above mentioned feature selection algorithm to represent the popu
lation matrix. As an example, we assume that we only need to select a subset of 50 features
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by all of the above algorithms from all of the above mentioned datasets. For a population 
size of 50 members, the memory requirements by all of the algorithms are reported in 
Table.4.7 below with the ANTDE memory requirements being the same as the ANTDE. 
These requirements were computed bv creating the population matrices in Mat lab envi
ronment and observing the memory size for each matrix by the commnad "whos". All of 
the DEFS, ANT, and ANTDE required the same memory size always as they always seek 
a subset of 50 members and due to the fact that they represent the population matrix 
as number of population members (5) x dimensions of the population (50 for DEFS and 
ANT, NF for GA, BPSOl, and BPS02) where NF is the total number of features.

Table 4.7: Memory requirements by each of the feature selection methods computed in 
Mat lab environment and reported in KBytes

Datasets DEFS ANT GA BPSOl BPS02
Lung 20 20 130 130 130
Colon 20 20 800 800 800

Lymphoma 20 20 1610.4 1610.4 1610.4
NCI 20 20 3884.8 3884.8 3884.8

9 Tumors 20 20 2290.4 2290.4 2290.4
11 Tumors 20 20 5013.2 5013.2 5013.2
14 Tumors 20 20 6003.6 6003.6 6003.6

Brain Tumor 1 20 20 2368 2368 2368
Brain Tumor2 20 20 4146.8 4146.8 4146.8

Prostate Tumor 20 20 4203.6 4203.6 4203.6
Leukemia.2 20 20 4490 4490 4490

Lung Cancer 20 20 5040 5040 5040

It is very clear that both of the DEFS, ANT, and ANTDE requires much lower memory 
than that required by all of the other algorithms that employ the binary representation. 
Thus there is a huge saving in the memory requirements by the porposed DEFS that is even 
more efficient than that of the ANT and ANTDE. This is due to the fact that although both 
the ANT and ANTDE are shown here to require the same memory size as the DEFS but 
it they both need extra memory to store the mutual information matrices required by the 
ANT and ANTDE to update the pheromone. Additionally, the proposed DEFS requires 
much lower computational time than the ANT and ANTDE, as it was mentioned earlier 
that the ANT (and partly ANTDE) employ a greedy approach to solutions construction, 
while the proposed DEFS employs a parallel optimization scheme. The next step is to 
compare the performance of the different methods of feature subset selection.

All of the GA, BPSOl, and BPS02 along with ANT are used to select the most promis
ing feature subsets for each of the datasets shown in Table.4.6. The desired number of 
feature was varied between 3 and 25 for the first four datasets and between 5 and 50 for 
the remaining datasets. This was mainly done because it has been noticed that no im
provement can be achieved when selecting larger number of features. For each subset size
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the experiment was repeated 30 times, and the average classification results are shown in 
Fig.4.9, Fig.4.10, and Fig.4.11.
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Figure 4.9: Average classification accuracies across thirty runs for each subset size across 
different datasets.

In order to analyze the results, one can start by looking at the performance of each of the 
BSPOl, BPS02, and GA. It is very clear that for almost all datasets the performance of
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Figure 4.10: Average classification accuracies across thirty runs for each subset size across 
different datasets.

BPSOl and BPSO‘2 algorithms is quite similar. The performance of GA on the other hand 
is close to that of BPSOl and BPS02 in some datasets and a bit better in others. Since the 
probabilities of crossover and mutation in GA play an important role in the performance, 
several values were tested. These were made to change linearly and the values that achieved
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Figure 4.11: Average classification accuracies across thirty runs for each subset size across 
different datasets.

the best performance were used in the experiments. The performance of DEFS proved to 
be better than that of BPSOl, BPSO‘2, and GA algorithms on all considered datasets. 
On the other hand, the performance of DEFS is shown to be competing with that of the 
ANT algorithm across the different datasets, with DEFS showing slightly better results.
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One main difference between the ANT and DEFS in spite of the very similar performance 
is that the DEFS highly reduced the computational cost that is required by the ANT 
algorithm. There are many factors that highly increase the computational cost of the ANT 
algorithm, these can be stated as: Firstly, the computation of the mutual information and 
the corresponding memory requirements to store these matrices. As a simple example, on 
a Pentium 4 PC with 1 GByte of memory, it was impossible to run the Mat-lab code of the 
ANT on datasets with more than 5000 features as it ran out of memory (thus the ANT 
was omitted when dealing with huge datasets). Secondly, due to the sequential nature of 
the ANT-based feature selection algorithm and the ant colony optimization algorithms in 
general, the computational time was higher than that of DEFS, BPSOl, BPS02. and GA, 
that all have a parallel component in their nature. As an example, consider a problem 
with the total number of features being 4000 and the required subset size to be 50. If 
the ANT algorithm already selected 5 features then in order to select the sixth feature it 
should estimate the pheromone intensities between the already selected and the remaining 
3995 features. The same process is applied to select the 7’th feature and so on to complete 
the subset of 50.

Thus all the results prove the effectiveness of the proposed DEFS in searching datasets of 
varying dimensionality for subsets that best interact together. Although all of the methods 
started from the same initial population, the DEFS clearly outperformed the other methods 
(BPSOl, BPS02, and GA) due to its continuous exploration ability that is aided by the 
statistical measure, while at the same time achieving close results to ANT but requiring 
less computational cost than the ANT.

4,4.2.2 Experiments on Datasets with Highly Redundant Features

Due to the fact that estimation of distribution algorithms (EDAs) that employ probability 
vectors usually allowr only a very limited representation of dependencies between features, 
as stated by Pelikan [231], then it is tempting to validate the performance of DEFS on 
datasets with a large degree of dependency between features. Although the proposed DEFS 
is not exactly an EDA algorithm since it maintains a population of candidate solutions 
(unlike the EDAs that replaces the population with a probability distribution), but the 
DEFS can be thought of as a mix of EDAs and real-valued GAs. Within this mixture, 
the estimated probability vector is used to replace the invalid (or duplicated) parts of the 
population members. Thus validating the performance of DEFS in a situation where the 
degree of dependency is high will be important.

For this task, the Madelon dataset from the UCI repository was chosen. It is a two- 
class classification problem with sparse binary input features. There are 500 features in 
this dataset from which only 5 are useful and the rest are either redundant or irrelevant. 
The original contributors of this dataset subdivided this dataset into a training set with
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2000 patterns, and 600 patterns for validation. A k-NN classifier was utilized by the 
original contributors of this dataset (see [115] for more details), thus in this experiment a 
fc-NN classifier with k = 3 was also utilized. The DEFS, ANT, BPSOl. BPS02, and GA 
algorithms were used to search for the most important subset of 5 features, and this was 
repeated 30 times.

The averaged classification accuracies achieved by these algorithms are illustrated using 
a box plot as shown in Fig.4.12. Although the DEFS employs some sort of estimation of 
distribution technique, but within the DEFS a roulette wheel is being utilized with the 
estimated relative frequencies based probability vector to add some sort of randomness to 
the selected feature subsets. Thus, it was possible for the DEFS to account for these redun
dancies and achieve the best performance compared to the other algorithms, as evidenced 
by the statistical box plot results. Thus, one can conclude that the DEFS has a. better 
exploration capability that can direct the search toward the vicinity of the most promising 
solutions. This is mainly influenced by the two terms of Eq.4.6. The results also prove 
that GA has the highest fluctuations among the three methods and it probably means that 
its performance is sensitive to the initial population when having highly redundant and 
irrelevant feature set with large size.

In order to prove the statistical significance of the proposed method, the classification 
results achieved by these algorithms were applied to a two-way ANOVA test. As a results, 
the classification performance is significantly different when using each feature selection 
algorithm. The performance of the ANT, BPSOl, BPS02, and GA was inferior to the 
DEFS by 1.1% (p.. 3.81 x 10”8), 1% (p 1.22 x 10“5), 1.01% (p 0.01), and 1.93% (p

1.68 x 10“5) respectively.

4.4.2.3 DEFS in Wavelet Packet based Feature Extraction

A newer approach to feature extraction from the WPT is based on Evolutionary Algo
rithms, or simply EA’s. Previous attempts include the utilization of genetic algorithm to 
search the wavelet packet tree for the best combination of features that interact together 
[10]. In this experiment, we aim at extracting features from different nodes and from dif
ferent trees (channels) at the same time. As a case study, the DATASET-EEG2 is utilized 
again this section. Features were constructed according to the approach mentioned in 
Appendix-A. In such an approach, the windowed samples from each channel were decom
posed into a four level of decompositions using the Svmmlet family of wavelets resulting in 
a total 1736 features extracted from the 56 channels (56 channels x 31 features,/channel).

Although that one can apply the proposed FITWPT proposed in chapter three to opti
mize the 56 wavelet packet trees before applying the proposed DEFS, but the goal here is 
to determine the true capability of each of the evolutionary feature selection algorithms on 
such a multi-dimensional EEG problem. The resulting dataset represents a highly challeng
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Figure 4.12: Results acquired from experiments on Madelon dataset across 30 runs

ing task to the feature selection algorithms, where the multi-dimensionality aspect adds to 
the complexity of the problem in extracting features that best interact together to enable 
best description of subjects’ intention.

The selection of feature subsets was performed using the GA, BPSOl. BPS02, ANT 
and DEFS algorithms. For the five population-based algorithms, the desired number of 
features was set to vary between 5 and 90. The total number of iterations was set to 200. 
The experiments were repeated 30 times and three different classifiers were utilized namely: 
LDA, Liblinear, and Naive Bayesian Classifiers. The averaged classification results of the 
selected subsets are shown in Fig.4.13.

In order to interpret the results, one can start by noticing that DEFS outperformed the 
other methods regardless of the classifier employed. The justification behind the enhanced 
performance is that DEFS has a better chance to escape from local minima. This is 
mainly caused by the fact that the float-optimization engine of the DEFS will always cause 
replication of certain features, thus there is always a need for finding suitable replacement 
for the replicated portions, which is done using the probability vector and the roulette 
wheel. Accordingly, there is a sort of continuous exploration and exploitation capability 
associated with the DEFS search procedure. Also, because the probability is being updated 
with each iteration (in a similar manner to the updating of the pheromone within the ANT), 
this process will give the DEFS a better capability of finding the features that constitute 
the best subsets.

On the other hand, the ANT showed good performance on small subsets while showing

DEFS BPS01 BPS02
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a degraded performance with large subsets. This is due to the fact that ANT builds an 
approximation of the subsets importance using mutual information, which is done using 
a histogram approach that can become less reliable as the number of features increases. 
Another factor could be the sequential nature of the ANT algorithm.

The performance of GA was found to be not very competitive when selecting small 
number of features. This could be related to the cross-over and mutation operators, as they 
may fail to lead the search for the best small subset toward the global minima when dealing 
with huge datasets. However, as the number of selected features increases, the performance 
of GA got better, and in fact it managed to achieve better results than BPSOl, BPS02, 
and even ANT. The reason for the unstable performance of both of BPSOl and BPS02 
based feature selection might be justified by the fact that both algorithms can get stuck 
into local minima when dealing with large datasets.

Liblinaar ClassifierLOA Classifier

DEFS

BPSOl BPS01
BPS02 BPS02

- * GA- *-GA

35 45 55 65 75
Number of Features

85 90 85 90

(a) LDA classification results (b) SVM classification results
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(c) Bayesian classification results

Figure 4.13: Average EEG signals classification accuracies using the WPT based features

Thus one can deduce that the performance of DEFS was more acceptable than all other 
methods in this experiment.
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4.4.3 DEFS-based Channel Selection Scheme

In this section, we choose a number of features to represent each of the available channels 
and fix it. Then a search for the channels that provide the best accuracy is carried out. In 
such an approach, by identifying the optimal channels, we will be able to determine the 
best number and locations of the electrodes that provides the best solution for our problem. 
Two datasets are considered for this application, one EEG dataset (DATASET-EEG2) and 
one EMG dataset (DATASET-EMG2). Due to the fact that in the EMG case the problem 
is much easier due to the smaller number of channel (16) compared to that of the EEG 
(56). thus we start, first with the EMG signals dataset. A wrapper evaluation function is 
utilized in this section, in which the classification accuracy of the LIBLINEAR classifier is 
utilized. Finally, in both of the following experiments a population size of 50 was utilized 
with the number of iterations set to 15 with the EMG data and 30 with the EEG data due 
to the larger number of channels.

4.4.3.1 EMG Channel Selection

In the original research for this dataset was collected by Levi et til. |118J, the optimal 
channel subsets were investigated to identify the regions of the forearm where the optimal 
channels were located. This was done using a brute-force method in which every possible 
combination of n channels was processed and the channels which provided the highest 
classification accuracy were selected as the channel subset . Due to the fact that in problems 
with large number of channels, the brute-force scheme of channel selection requires a lot 
from the computational cost point of view, we present here an automatic channel selection 
scheme based on the proposed DEFS.

Both of the TDAR and the WPT feature sets were extracted according to the scheme 
mentioned in Appendix-A with DATASET-EMG2. The DEFS was utilized to search for 
the best combination of 3,4, and 5 channels that best interact together. For each subject, 
such a combination of channels was found and the corresponding accuracies are tabulated in 
Table.4.8 below. The average classification results were also computed with the standard 
deviation, these are in turn shown in Fig.4.14 as bar plot with the standard deviation 
included as error bars. These results show that with the use of only three channels we 
were able to acquire very high classification accuracy results that reached 96.8526 with the 
TDAR feature set and 97.6181 with the WPT feature set. These results suggest that surface 
electrodes placed over the extensors/supinator, flexor carpi ulnaris, and flexor digitorum 
subliminus are essential in providing powerful classification accuracy and that about 3 or 
4 channels are enough for this task. This is due to the fact that the inclusion of additional 
channels did not achieve any significant enhancement in the classification accuracy. Thus 
we got similarly results to the brute-force attack within only 10 iterations, thus providing 
a rapid and systematic approach to the EMG channel selection problem.
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Table 4.8: Channel accuracies with different feature sets-and different number of channels
Subject TDAR-3 TDAR-4 TDAR-5 WPT-3 WPT-4 WPT-5

AW 94.3857 95.8075 97.7762 94.1305 94.7138 98.4324
LH 99.4532 99.8177 100 99.3802 100 100
KS 93.7659 98.9428 100 96.9741 98.9792 99.5261

MW 97.5939 97.7032 98.0678 97.2293 98.8334 98.323
SM 98.724 99.7083 100 99.7083 100 100

WM 97.3751 98.9428 99.4896 98.2865 99.5261 99.6354

Figure 4.14: Channels mean classification accuracy with standard deviation

4.4.3.2 EEG Channel Selection

In the approach proposed by Al-Ani and Al-Sukker [10], the obtained results indicated that 
there was a small variation between the classification accuracy of feature subsets with the 
desired number of features ranging between 3 and 9. Based on these results, the authors 
suggested that a subset of 3 features that represent the energy values of the frequency 
bands 4 - 8, 8 - 16 and 16 - 24 Hz could be used. The same approach was utilized in 
section.4.3.4.1 and our results indicated that the maximum accuracy achieved in such a 
case was 93.11% by the proposed ANTDE. According to the literature review presented in 
chapter two, even higher frequency bands are important when discriminating between the 
imagination of hand movements. Thus we propose to consider another representation for 
each of the WPT trees when searching for the best channels. The second representation 
cover 9 frequency bands, these are: 0-4 Hz, 4-8 Hz, 8-12 Hz, 12-16 Hz, 16-20 Hz, 20-24 Hz, 
24-28 Hz, 28-32 Hz, and 33-64 Hz, thus covering the whole spectrum of the signal. Both 
of these representations are shown in terms of the WPT tree in Fig.4.15 below. Since the 
sampling was made at 128 Hz, thus the frequency at node (0,0) ranges from 0-64 Hz. This 
in turn decomposed into 0-32 Hz in node (1,0) and 33-64 Hz in node (1,1) and so on for 
the rest of the nodes. Thus the frequency bands 4 - 8, 8 - 16 and 16 - 24 Hz are covered
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by nodes (4.1). (3,1), and (3,2) in Fig.4.15.a. On the other hand, the frequency bands of 
0-4 Hz. 4-8 Hz, 8-12 Hz, 12-1(3 Hz, 16-20 Hz. 20-24 Hz. 24-28 Hz. 28-32 Hz, and 33-64 Hz 
are covered by the terminal nodes in Fig.4.15.b with node (1,1) also included.

Each of these two tree representations was utilized alone with all channels. Features 
were fixed along all channels and the DEFS was utilized to search for the best combina
tions of channels that can provide the highest classification accuracy results within such 
representations. The desired number of channels was made to vary from 2 to 30 with 
both representations. The classification accuracy results within both cases are shown in 
Fig.4.16. These results clearly indicate that the second representation covering 9 frequency 
bands was more successful in achieving higher classification accuracies. According to the 
literature this is completely true, as both Mu and Beta rhythms off the EEG signal (re
ported in section.2.3.1) were included in addition to the higher frequencies that were shown 
recently to be important for discriminating between the imagination of movements [105]. 
Additionally, we have also utilized both of the BPSOl and GA for the same task to prove 
the effectiveness of the proposed DEFS as shown in Fig. 4.17. Due to the small size of 
the problem, being of 56 channels only, the BPSO performance is shown to be better than 
GA, this is justified by the fact that PSO performance in general starts degrading when 
the dimensionality increases, but for small problems it is still acceptable in comparison 
to GA. On the other hand, the proposed DEFS exhibited better performance than both 
techniques even for small problems. The results also show that the selection of 17 channels 
from the total of 56 were enough to produce very powerful classification results, although 
a smaller number of channels can also be utilized. Thus there is a trade-off between the 
achieved accuracy and the number of channels utilized.

When mapping back the selected channels to the original locations of the sensors on 
the human brain in Fig.A.6 it was found that channels 26 (C3) and 32 (C4) and its 
direct neighbors (like channel 20 and channel 31) were essential for providing the highest 
classification accuracy. When comparing these results with the literature, it was found 
that the literature reports that channels C3 and C4 are the most important for motor 
imaginary tasks, this in turn validates the accuracy of the results achieved by the proposed 
DEFS in the channel selection problem.

4.5 Summary

In this chapter, two new feature selection methods were proposed that were successfully 
capable of producing a promising subset of features with high discriminatory power from 
the original feature set. In the first method, a sets of artificial ants were utilized in a 
mixture with the differential evolution based operators to overcome the greedy approach 
for finding solutions that the original ant colony optimization method employs. These ants 
were directed to the vicinity of the most promising solutions bv means of the fuzzy mutual
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Figure 4.15: Two possible representations for the WPT trees.

information estimation measure proposed in chapter three. The method was compared 
with a set of different feature selection and projection methods proving its superiority 
in terms of the solution optimality and statistical significance. In the second method, 
it was decided to further reduce the computational cost by presenting a novel DE-based 
feature selection method that was independent of any information estimation technique, 
thus reducing the computational requirements for storing such information. The proposed 
DEFS method estimated the importance of features in an evolving scheme in which we 
proposed a novel features distribution measure that aided the DEFS in selecting the most 
promising features for classification. The DEFS method was also compared with other 
dimensionality reduction methods on various datasets with thousands of features to prove 
its performance. The method was also utilized to aid in the selection of the wavelet packet 
best basis for classification providing very accurate results. Finally, an extension to the 
DEFS method was also proposed in which we fixed the feature subset that represents 
each channel and searched for the best channel for classification. It was found that the 
selection of only 3 channels from a total of 16 channels in the EMG classification problem 
can accurately separate between 10 classes of the forearm movements. Additionally, the 
EEG channel selection results also proved that channels C3 and C4 were essential for the 
classification task and that a subset of 17 channels from a total of 56 channels provided 
the highest classification accuracy results.
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Chapter

Dimensionality Reduction Using 
Fuzzy Discriminant Analysis

5.1 Introduction

Accurate and computationally efficient biosignals driven controllers of prosthetic devices 
have been the focus of a great deal of research in recent years. Although many attempts 
exist in literature to develop such controllers, deficiencies still exist. One of the major 
challenges in developing such controllers is finding an optimal feature set that can best 
discriminate between the different classes in the problem. However, since the both of 
the EMG and EEC signals are recorded using multi channels, the feature vector size can 
become very large. Hence a dimensionality reduction method is needed to identify an 
informative, yet small size feature set.

One possible candidate for dimensionality reduction is feature selection that was given in 
the previous chapter. Feature selection tools are known to be semantics preserving [142]. 
Based on this property, it is possible to map the selected most discriminant subsets of 
features to the original channels mounted on the human brain or forearm. Thus, we were 
able to identify the most important locations on the brain or the forearm (depending on 
the utilized signal, EMG or EEG) on which to place the electrodes to get the most useful 
data for classification.

The other set of dimensionality reduction tools includes feature projection, which in
cludes methods that transform the underlying meaning of the data [140]. In simple words, 
this class of dimensionality reduction tools include methods that are employed in situations 
where the semantics of the original dataset are not needed by any future process. Since 
we have already identified the most important features/channels by mapping back the se
lected features/channels, thus we can now proceed in the knowledge discovery process by
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employing methods that transforms the original representation of the extracted data into 
a more useful form. This is due to the fact that the motivation is toward the evaluation of 
signal features in ways which are not tied to accurate estimates of signal characteristics, 
but rather to the intrinsic quality of the features as control signals for a desired device.

This chapter is oriented toward the development of feature projection algorithms to aid 
in the discovery of the knowledge embedded in both the EMG and EEG signals in order to 
identify valid, novel, potentially useful, and ultimately understandable patterns in the data 
extracted from those signals. This is driven bv the fact that most datasets will contain 
a certain amount of redundancy that will not aid knowledge discovery and may in fact 
mislead the process. Thus the aim of this projection step is to map the original data to a 
space of significantly lower dimension with limited loss of the information present in the 
original data.

Two new feature projection algorithms will be presented in this chapter based on novel 
attempts in fuzzy discriminant analysis. In order to proceed with the description of the pro
posed algorithms, an introduction to Fisher’s EDA will be given first, as this is considered 
as a fundamental building block. As preliminary step to LDA description, it is required 
first to identify some of the possible reasons for utilizing feature projection techniques.

5.2 The Need for Feature Projection

An important question regarding dimensionality reduction would be when to prefer feature 
projection on selection and for what reasons. One of the most important advantages of 
using feature selection was based on the fact that we were able to map back the selected 
features to the corresponding channels from which such features were constructed. Thus 
by properly selecting features, it is possible to identify only a subset of the available 
channels and their by the locations on the human brain or forearm (on which such channels 
were positioned) that are most relevant to the problem at hand. Feature selection proved 
in recent years to be powerful alternatives to feature projection in different problems of 
knowledge discovery. However, the following can be considered as limitations that in certain 
situations might urge us to search for alternatives to feature selection, these include (but 
not limited too):

1. Wrapper based feature selection algorithms employ an iterative approach to find the 
best subsets of features that can achieve the highest classification accuracy. Depend
ing on the computational cost of the selected classifier that acts as a wrapper method, 
the computational cost of such algorithms might grow very high. To avoid such a 
problem, simple and powerful classifiers like LDA and LIBLINEAR were utilized in 
most of the experiments. The LIBLINEAR classifier was recently proved to be able 
to classify more than 20000 samples with more than 40000 dimensions in about 2
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seconds, a proof is available on http://www. csie.ntu.edu.tw/~cjlin/liblinear/. 
Thus such a point did not have much effect on our proposed feature selection al
gorithms. Despite this, it is desirable to find an analytical solution to the problem 
rather than using the iterative approach, in such a case feature projection provides 
the required solution.

2. The second and most important limitation to feature selection is that in situations 
when the information is liberally dispersed amongst the original feature set. feature 
selection algorithms cannot provide powerful performance in comparison to feature 
projection. In such a case, using feature projection will consolidate this informa
tion much more effectively than feature selection. Additionally, feature selection 
will require so many features to provide adequate discrimination that the resulting 
dimensionality subtends poor generalization. This is simply not the case with fea
ture projection methods especially those based on discriminant analysis, that usually 
projects the original data into c -1 vectors, where c is the number of problem classes.

After identifying such situations we proceed to the description of discriminant analysis.

5.3 Fisher’s Linear Discriminant Analysis (LDA)

Fisher's linear discriminant analysis, or simply LDA from now on, seeks directions on which 
the given data points of different classes are far from each other, while requiring data points 
of the same class to be close to each other. Consider a classification problem with l samples 
given as X|,X2, ...,x/ where X 6 9Rn, that belong to c classes, where <y? 6 {1,2, ...,c}, and 
i — 1,...,/, is the associated class label. The goal here is to use the training samples to 
find the optimal hyper-plane that can recognize the test points, i.e., the classifier will have 
good generalization capability. The objective function of LDA is given as follows [96, 271 j:

G — arg rnax trace (5.1)

given that Sb is denoted as the between class scatter matrix, this is given by

C

(5.2)

and S\y is denoted as the within class scatter matrix, this is given by

c. it

(5.3)
i=1 k— 1

where x^ is the k'th sample in the Fth class, v.t is the mean of the patterns belonging
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to class i, x is the total samples mean vector, and lt is the number of samples in the Pth 
class. Additionally, the total scatter matrix St can be defined as

k=l

Thus we have St — Sw + Sb [96]. The objective function of LDA in Eq.5.1 can also be 
given as

The optimization problem in Eq.5.5 is equivalent to finding the eigenvectors of the 
following generalized eigen-problem associated with maximum eigenvalues, given that St 
is nonsingular:

Since the rank of Sb is bounded by c - 1. there are at most c - 1 eigenvectors corresponding 
to the nonzero eigenvalues |96|.

5.3.1 Limitations of LDA

There are a certain number of limitations associated with the classical LDA mentioned 
above. First of all, in order to get a stable solution of the above generalized eigen-problem, 
St (or Sw if using Eq.5.1) are required to be nonsingular, which is not the case in many 
real world problems. Examples include, the under-sampled problem, i.e., when the number 
of features is larger than the number of samples. In the under-sampled problem, one is 
usually confronted with the problem that Sw £ 3^nxn is always singular, where l is always 
smaller than n. One of the most well known approaches to overcome this problem is to 
perform dimensionality reduction in two stages. LDA is performed after another stage of 
dimension reduction, for example Swet, and Weng [265] employs PCA as a preprocessing 
step to LDA, while Torkkola [273] utilized SVD as a preprocessing step. Such approaches 
employ the LDA objective function in Eq.5.1. Since the rank of the Sw is bounded by
1 — c [19], the PCA or SVD approach should reduce the dimension to at most l — c [36]. A 
variation to this approach is the regularized LDA [193]. In the regularized LDA a constant
2 is added to the diagonal elements of the within class scatter matrix Sw, Sw — Sw + zl, 
where 2 > 0, where / is an identity matrix. It is easy to see that the new Sw is nonsingular, 
but the main problem is finding the optimal value of 2.

The second limitation to classical LDA is that it does not pay attention to the decor

(5.4)

(5.5)

Sb x = AA'/’X (5.6)
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relation of the data. Hence it may not always give the optimal results especially when 
the datasets contain a large degree of information redundancy. When there is a certain 
degree of redundancy among the features, S\v is again singular and thus LDA fails gain. 
In order to overcome this limitations. Ye et al. [300] proposed the ULDA. ULDA employs 
the generalized singular value decomposition (GSVD) method to handle under-sampled 
data and the features that it produces in the transformed space are uncorrelated. J. Ye 
[299] further generalized the ULDA to an OLDA. The features in the reduced space of 
ULDA are uncorrelated, while the discriminant vectors of OLDA are orthogonal to each 
other. Although the performance of many of these algorithm is very acceptable, but it was 
reported by Cai et al. [36] that the computation of all of the above algorithms involves the 
SVD of the data matrix, which is computationally expensive in both time and memory for 
high dimensional large scale data sets.

The third limitation is that the classical LDA treats all the point as if each of them 
belongs to one of the classes only in a crisp manner, while in reality each point might 
belong to the different problem classes with a certain degree of membership. This is 
explained in the next section.

5.4 Fuzzy Linear Discriminant Analysis (FLDA)

A variation of Fisher’s classical LDA is the fuzzy linear discriminant analysis (FLDA) [285] 
that emerged as a classification tool, proving to present better performance than LDA in 
certain problems. The goal of FLDA is to determine the linear discriminant function that 
provides the maximum separation of fuzzy groups in a real space. In FLDA each point, Xk, 
belongs to each of the c classes with a certain membership. The fuzzy within class scatter 
matrix Sw, fuzzy between class scatter matrix Sb ■ and the fuzzy total class scatter matrix
St are given as [285, 289]:

C /?;
Sw = Pit (Xfc ~ w) (xk - V:)T

z=l fc=l
(5.7)

c lr
SB = Y1Y1 Vik (w - x) (v* - Y)t

i=1 k=1
(5.8)

C li
St = S S Vik (xfc - x) (xfc - X)T

i=l k=1
(5.9)

where m (given that rn > 1) is the fuzzification parameter, Bik is the membership of 
pattern k in class i. is the Dili sample, is the mean of the patterns belonging to class
i. x is the mean of the training samples.
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_ ^ Ylk=1 /9:/cxfc 
---------i m

(5.10)

(5.11)

Although the initial work on FLDA dates back to 1986 |285], there were only few at
tempts in the literature to propose variations to the original FLDA classifier. Inspired by 
the work of Watada et al. [285], an approach that utilizes the k-nearest neighbor (kNN) 
rule to estimate the required memberships in the fuzzy linear discriminant analysis was 
proposed by Chen et al. [44] for use with chemical datasets. The authors mentioned ex
plicitly that several runs should be made in order to decide the best value of k and the 
other membership parameter utilized in their approach. A different approach in estimating 
the FLDA memberships using the kNN rule was proposed by Kwak et al. [169]. The main 
difference between the FLDA versions in both [44] and [169] is that a preprocessing step 
employing PCA is utilized by the latter. This in turn forms a fuzzy variation to classical 
subspace LDA [265]. It is generally known from the literature that the limitation of this 
approach is that the application of PCA may leads to loosing useful information as the 
PCA+LDA approach keeps only a certain number of principal components in the PCA 
step to make Sw nonsingular. In another attempt and inspired by fuzzy support vector 
machine principles, another technique for estimating the memberships in FLDA was first 
applied, then a kernel technique was introduced to perform the nonlinear mapping [289]. 
The experimental results calculated by Wu and Zhou [289] proved that the kernel fuzzy 
discriminant analysis (KFDA) can achieve better performance than FLDA. but it required 
higher computational cost due to the use of the kernel matrices.

Despite the good performance reported by some of the above methods, most of the above 
limitations to classical LDA still apply on FLDA. In addition, both of the LDA and FLDA 
assume that all of the features (or dimensions) along which the samples are drawn are of 
equal importance. In real life, certain features might be more important to the classification 
problem at hand than others. As a simple example, in the experiment made in chapter 
three with dataset DATASET-EMG2 it was found that there are certain regions on the 
human forearm from which the extracted features have the highest mutual information 
with the class label. Furthermore, this result was validated with the channel selection 
approach proposed in the previous chapter. Thus, features extracted from those channels 
are more important for the problem at hand than other features. Both of LDA and FLDA 
lack such a capability of giving a certain degree of importance to features rather than 
to samples as in FLDA. Additionally, both LDA and FLDA are not capable of dealing 
with linearly non-separable data points without using the kernel trick as both of these 
techniques assume that the data points are linearly separable. On the other hand, the
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computational memory requirements for the kernel matrix grows when the total number 
of samples increase, thus it becomes a memory demanding process.

In the next sections, two contributions of this thesis in the field of feature projection are 
presented that overcome the above limitations of LDA and FLDA. In the first approach, 
an orthogonal fuzzy neighborhood preserving algorithm is presented that avoids the use of 
SVD in comparison to ULDA and OLDA. The method is inspired by the locality preserv
ing discriminant analysis, in which the objective is to preserve the distance between the 
samples of the same class when projecting. In addition, the method incorporates the fuzzy 
memberships into the calculations to account for the contribution of each of the samples in 
all classes. In the second contribution, a novel weighting scheme is incorporated in fuzzy 
discriminant analysis to account for the importance of the different features. This is in 
turn accomplished using a. relatively new evolutionary technique of optimization called Dif
ferential Evolution (described in previous chapter). An extension to discriminant analysis 
in general is also given in which a new approach is proposed to account for the nonlinearity 
in the data points by mixing a one layer neural network with fuzzy discriminant analysis.

5.5 Thesis Contribution-4: Orthogonal Fuzzy Neighborhood 
Discriminant Analysis

A new dimensionality reduction method is proposed in this section called the Orthogonal 
Fuzzy Neighborhood Discriminant Analysis (OFNDA). The block diagram of the pro
posed method is shown in Fig.5.1. in which the first step is to pre-process the data by 
applying PCA. The goal here is to remove any possible redundancy that can make Sw sin
gular before starting the discriminant analysis. In such a step we simply keep all the princi
pal components to avoid any information loss. In comparison with the known PCA+LDA 
approach from the literature, the PCA+LDA removes certain principal components and 
thus loses information [19].

In the PCA stage, the transformation matrix related to PCA denoted as Gpca is simply 
obtained by applying the eigen decomposition on the covariance matrix of the input (Eq.5.4

r
Input

Features

Figure 5.1: The proposed feature projection method.
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mentioned above). For the FNDA stage, the first task will be to compute the membership 
values of the samples in all of the classes. For such a task, we simply refer to the membership 
function derived in the third chapter and use Eq.3.49 for this task. The computation of 
the proposed FNDA proceeds then as follows, starting with the fuzzy within class scatter 
matrix given in Eq.5.7 as:

c /,

S\v = Y2Y2 m (X/'' ~ v*) (x* " v?)
i= 1 k-

c h

i'vv = E E (x*'x£ - v>xf - x*vf + V’VT)

(5-12)

(5.13)
i=1 k=]

Su- = V
i= 1

Fik*k*i - vi ^^xfc ~ vr X! +
_/c=l /c=J /c—1 k= 1 .

(5.14)

Using Eq.5.10 we replace 5][:=1 /i^x[ with vf ^Zfc=1 /hfc, and Ylk=i Rikxk with 
v< Ylk=i IRk- Thus Eq.5.14 can be re-written as

= e
?:=i

which in turn simplifies to

h h /, 5
glkXkx[ - VZV?T ^ Hik - Vjvf ^ /life + V,v/ ^ /i,fc

_/c=l A;=l k=1 fc=l .

(5.15)

c r
>5iv = ^ Rikxkxk

i— 1 ,fc=l

Evf Mifc
fc=i .

(5.16)

Using Eq.5.10 again we replace both vz and with their equivalent, thus the above 
equation turns into

Aw = Y1
i=1

E
Lfc=i

T
Rik^-k^k

Hk=l ) ( £/=l \ O'

/ V El=iw,- / A
(5.17)

5V = E
i=1

U
IRk^k^l

k—1

Then if we get —j-l----  out as a common factor we get
E /= i

5’w - ^
i=l zE/=1 Rij

li li li li
/* " Rij 'y ^ Rik’X-k’X-k ~ 'y ^ Rik^-k /* ^ Rij^-j 
j=1 fc=l fc=l j=l

(5.18)

(5.19)
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S\v = Y
2=1 ZDj=l Fij

l? 6 li li
^ Rij ^ ^ Rikxkxk ^ ^ Rikxk ^ ^ Rijxj 

L ;/= l fc=l fc=l j=l

6: li

r, Rij tlikxkxk ~b r, /h'fc RijxjXj
j=1 fc=l *=1 .7 = 1

(5.20)

Then by using some of the mathematical series identities, the above equation simplifies 
to

s -. li
2=1

1

2 E/=i Rij

li U
' Rij ^ Ri.kxkxk

Ij Ij lj li
2 ^ ^ Rikxk 

k=l j=1 fc=l i—l

(5.21)

Rijxj “b Ahfc Rijxjxj

Then by organizing the above equation we get

C li
*5VV = y ^ ^ ^ y ^ — 2RniRij'X.]gX.j + RikRi]xjXj \ (o.22)

2=1 2E/=1 Rij j = 1 Ar=l

Now we get the membership values outside

c li li
Sw = V —r--------------V V RikRij [xkxk - 2xa:xJ + Xj-xJ] (5.23)

2=1 2 E/=l fc = l , = 1
and this in turn linally simplifies to

(5.24)

Thus, Eq.5.24 above indicates that the objective of the new Sw is to minimize the 
distance between samples of the same class when projecting them, thus preserving the 
neighborhood. Additionally, in a similar manner to FLDA the proposed new Sw also 
incorporates the membership values thus considering the samples contribution in the class 
when preserving their distances.

According to He et al. [125], based on the strong law of large numbers the above equation 
can be further simplified into one that employs matrices multiplications rather than using

Am - Y
ii h

2=1 2 E/=l Rij k=1 j=1
y ^ y ^ RikRij (xk Xj) (xfc Xj)
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summations.

In order to simplify Eq.5.24 and the subsequent equations, we provide the following two 
definitions

Definition-1: Bt is the fuzzy amount of elements in fuzzy class q, this is equal to the 
summation of the membership values of the samples that belong to class c?; in the same 
class, and is given by:

d
Bi = Y mk (5-25)

k=1

Definition-2: N is the fuzzy amount of elements in all fuzzy classes, and this is given 
by:

C
n = Y.b< (5-26)

1=1

If we replace fin-f'ij hi Eq.5.24 by Ukj and given that we already have the exterior sum 
in terms of i, then

C lj Ij

Sw = xj) (** - xt)T uu
i= 1 Z 1 k= 1 j=1

(5.27)

1 h
B\v (x* XJ')(X/'- “ xi)T UD

*=i z fcj
(5.28)

■Sw = 5] 2R ( ^ *k*kukj + Y xjxJ UD - Y XfcXJ UD - xJxkUkj (5.29) 
*=1 ? V fcj fcj k.j k,j )

h li

Bw = X] 2Zf S XfcX^X^XJUD
i=1 1 \ k k,j /

(5.30)

Sw = ]T — x.nxf - x,ux
i=l

Svr = £j_ (^x-LiXf)

(5.31)

(5.32)

where L] — D — U is derived in the same manner as the Laplacian matrix in [125]. D is
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a diagonal matrix; its entries are column sums of U (or row sums since U is symmetric), 
Dkk — YLk Ukj- X-i is a matrix that contains the samples of the tth class, where the k'th 
column of matrix Xt is x^.

Now in a similar approach to the derivation of Sw, we derive the between class scatter 
matrix starting with the fuzzy version of Sb-

c l,

Sb = Y Y drfc (vjvf - xvf - v,xT + XXT) (5.33)
i=1 k=1

Now by distributing the membership term we get

SB = Y
i=i

Y dikV,vJ - X Y VikvJ ~ XT Y IHkVi + XXT Y Fik 
_k=l k=1 k= 1 /c=l .

(5.34)

Then by substituting Eq.5.10 and Eq.5.11 in the above equation would simplify it to

Sb = E
i=1

k k li liY dikVX- - XX7 Y Srk - xxT ^ glk + xxr^] Fik
lk=l k=1 fc=l fc=l

Since two of the terms in the above equation cancel each other, then

(5.35)

Sb = YY /hfcVivf - ^ /i?fcXX
t=l A:=l i=l k=1

T (5.36)

Now, the value of x from Eq.5.11 is employed to get

C liSB=YY
i=l k= 1

EE'1*! fE‘LlEV'‘’"XtN) (5.37)
k h A Et, Et, / V Et, Et, w* /

Ns =
i Ylk=i Hk 

/ Cli Web '

(/A
\ i=l / \ j = l fc=l /

/ C lj \ / c li

EEw* EE«A
\ j=l A:=l / V i=l fc=l

(5.38)
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Sb =
b

--- EE E
2^;j = l Z^k-1 djk i=l j-1 \ k=l

Fjk

Ylk-1 AHk'X-k j I Y2k=1 djk-X-k

^ ^ dik 
k= 1 >

v*v?

Ylk=zl Fjk j ( X2at=1 Fik

(5.39)

Based on Eq.5.25 and Eq.5.26, Sb can be written as

Sb NEEb‘b>
*=1 3 = 1

vivi
1 1

- V*VJ - ^V*V4 + -Vj-Vj (5.40)

Now, by arranging the terms and their corresponding subscripts the above equation 
simplifies to

1 1
2 v?v? - V; Vj + — vj vj

and finally we reach to the last term for Sb that is given as

(5.41)

J c c

Sb = 2N E E B‘BJ (v> - v>) <v> - vj) (5.42)
*=1 j = l

The above equation can be also written in terms of matrices multiplications using the 
same approach employed with Sw- If we simply replace Bt Bj with B7J then

V7; - Vj Vi - Vj (5.43)

T

Sb = 2iv ( E b»jv'vA -2 E v»vjbu + E B«v./vJ (5.44)
tj —1 i,j=l M=1

5b = 2^1 E - E v«v;B«j (5.45)
4J = 1 4J = 1
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1 , .. ^
Sb = jj ' v(vf E„ - V ViVjBij

i,3=l
(5.46)

Sb = — ( VEVr - VBVt (5.47)

Sb = ivL,Vr 
1\ (5.48)

where L2 = E — B and E is a diagonal matrix: its entries are column sums of B (or row 
sums since B is symmetric), Etl — ]TN By- The rth column of matrix V is v,;.

The new version of total scatter matrix is constructed by adding Eq.5.24 and Eq.5.42, 
that is •

Using either Eq.5.1 or Eq.5.5 mentioned earlier we can get the transformation matrix 
^fnda related to FNDA. In order to get the complete transformation matrix G. we simply 
multiply Gfnda by the transformation matrix from the PCA stage Gpca■ Then a QR- 
decomposition is applied on the resultant matrix to acquire a new transformation matrix 
Q. that is G — QR. In such an equation, R is an upper triangular matrix and Q is an 
orthogonal matrix, i.e., one satisfying QTQ — /, where Qr is the transpose of Q and / 
is the identity matrix. Finally, the resultant transformation matrix for the proposed two 
stages algorithm is Gofnda — Q-

The proposed OFNDA provides many interesting features that a good feature projection 
method should exhibit. Firstly, it provides an orthogonal projection matrix without the 
use of SVD, unlike OLDA [299] that is based on SVD. This is due to the fact that an eigen 
decomposition is employed in both stages of the proposed method. Secondly, the proposed 
OFNDA is also capable of preserving the local structure of the within-class samples thus 
sharing a similar property with the Neighborhood Preserving Embedding (NPE) [290]. 
Thirdly, like NPE and LPP methods, the proposed OFNDA can base its calculations on 
computing the distance between each of the samples and its k nearest neighbors, thus 
reducing the computational cost required to compute the distance between each sample 
and all other samples. In addition to that, the method also takes the relation between the 
samples and the classes into consideration by introducing the memberships of the samples 
in the classes within the new scatter matrices, thus sharing a similar property with FLDA

St — Sb + Sw (5.49)

[285],
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5.5.1 Experiments and Results

In order to present a fair evaluation of the proposed OFNDA. some of the well-known LDA 
variants are included in the experiments. Details of the experiments carried out are listed 
below:

• Comparison with other Methods: The proposed OFNDA will be compared 
against two groups of other techniques: the first group includes methods that have 
already been applied into myoelectric control like ULDA. and PCA. The second 
group include techniques that were not utilized before within the myoelectric control 
systems, like Fuzzy Discriminant Analysis (referred to in this section as FLDA1) 
[289]. I<NN based Fuzzy Linear Discriminant Analysis [44] (referred to in this thesis 
as FLDA2). These methods are included to test their suitability within such a 
problem. We also included in the comparison the NPE [290]. and LPP [125] (both 
were also utilized in the previous chapter) since both NPE and LPP proved to be 
powerful, neighborhood preserving, feature projection techniques in comparison to 
LDA and its variants.

• Datasets Employed: Since this work aims to present a novel variation to the 
existing techniques, then a comparison with the existing techniques on benchmark 
datasets is necessary before testing the proposed method on EMG datasets. For this 
reason, two sets of experiments are conducted. In the first, the proposed OFNDA is 
tested on datasets acquired from the UCI machine learning repository (www. ics .uci . 
edu/~mlearn/mlrepository. html) with different number of samples and features. 
Then an EMG dataset collected from seven subjects is employed.

• The Type of Classifier Employed: Different classifiers are used to test the per
formance of the proposed OFNDA. In the first experiment on the UCI datasets, both 
of the A NN with k 5, and the SVM are employed. It is important to mention here 
that the linear version of the SVM utilized in this thesis is the LIBLINEAR classifier 
acquired from http://www.csie.ntu.edu.tw/~cjlin/liblinear/. On the other 
hand, the nonlinear version of SVM is acquired from http://torch.cs.dal.ca/ 
~saeed/, this is referred to as SVM only in comparison to the linear version denoted 
as LIBLINEAR. In the second experiment on EMG data, both of the LIBLINEAR 
and an MLP trained with back-propagation are utilized.

• Testing Method Employed: The general testing scheme employed is a three way 
data split. Although such a testing scheme is not required with classifiers like A NN 
or LIBLINEAR, but this testing scheme is necessary when using MLP to avoid any 
possible over-fitting. Thus the testing scheme is fixed across all classifiers. In such 
a scheme, each of datasets utilized is first randomized and then divided into three 
sets: training, validation, and testing sets. A projection matrix is calculated based 
on the training set and then all the data segments (training, validation, and testing)
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are multiplied by this projection matrix to achieve dimensionality reduction. The 
classifier then is trained and validated (for MLP) to optimize the weights of the 
hidden layers. Finally a completely unseen testing set is utilized to measure the 
generalization capability of the proposed system.

5.5.1.1 Experiments on UCI datasets

Each dataset taken from the UCI Repository is randomized first and then subdivided into 
three parts, with the percentage of the data forming each of the training, validation and 
testing given as 20%, 20% and 60% respectively. This is done in order to test the gener
alization capability of the proposed system. The classification error rates were computed 
using three different classifiers and the averages of 15 runs for each dataset along each 
classifier are reported in the tables below. The results given in Table.5.1 were obtained 
using a A NN classifier with the number of neighbors being 5, the classification error rates 
in Table.5.2 were obtained by employing the LIBLINEAR classifier, and those reported in 
Table.5.3 were obtained by employing an SVM classifier on the same datasets.

Table 5.1: Error Rates Achieved on UCI Datasets Employing A:NN Classifier, with k 5
Dataset Divisions OFNDA LPP NPE PCA ULDA FLDAl FLDA 2

Hepatitis
Train 20.8889 8.4444 13.5556 31.1111 8.4444 8.2222 10.6667

Validate 40.0000 45.0000 45.2083 50.0000 45.0000 45.2083 42.5000
Test 39.3548 43.4409 42.9391 45.2330 43.4409 43.6559 42.5806

Heart
Train 13.0818 8.0503 11.8239 22.6415 7.9245 8.0503 11.0692

Validate 18.6667 19.8788 25.6970 32.0000 20.2424 19.5152 19.2727
Test 21.1523 22.6337 27.9835 37.6955 22.5103 22.5514 21.3169

Ionosphere
Train 10.4348 1.3527 6.8599 16.9082 1.3527 1.3527 4.2512

Validate 18.3099 18.1221 19.4366 21.784 18.1221 18.216 19.5305
Test, 18.7678 19.0837 20.0948 23.1912 19.0837 19.1785 19.7156

Wine
Train 3.0392 0.0000 1.1765 12.5490 0.0000 0.0000 1.1765

Validate 6.3063 4.6847 9.5495 22.5225 4.6847 4.6847 7.3874
Test 6.1682 5.6075 8.9720 23.6137 5.6075 5.2960 6.7290

Sonar
Train 0.6667 0.0000 7.6667 31.5000 0.0000 0.0000 1.8333

Validate 38.1395 39.0698 37.3643 47.5969 39.0698 39.0698 40.9302
Test 34.1333 39.4133 41.1200 47.2000 39.4133 39.4133 41.8667

Terina
Train 2.5714 0.8571 1.7143 5.6190 0.8571 0.7619 5.4286

Validate 7.3973 10.0457 15.3425 11.7808 10.0457 9.8630 18.3562
Test 7.1938 8.7752 13.3643 11.5969 8.7752 8.6512 17.2093

All of the above implementations of dimensionality reduction methods, except with 
ULDA, utilized an initial PCA step to remove redundancy, keeping all eigen-vectors except 
those with nearly zero eigen value. Despite that fact of using PCA as a preprocessing step, 
the proposed OFNDA was capable of producing a better performance, on average, than 
all other methods. The results also show that the performance of OFNDA was more 
consistent across different classifiers than all other methods. This is in turn valid with all 
datasets, and with the three different classifiers. It is also very clear from the above results 
that error rates achieved by all other methods can be categorized in different groups. For
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Table 5.2: Error Rates Achieved on UCI Datasets Employing SVM Classifier 
(LIBLINEAR)

Dataset Divisions OFNDA LPP NPE PCA ULDA FLDA 1 FLDA 2

Hepatitis
Train 6.0000 5.3333 7.3333 37.7778 5.5556 7.1111 5.7778

Validate 42.5000 41.4583 44.1667 46.0417 41.2500 45.8333 41.8750
Test 41.7921 43.5125 43.6559 46.595 43.5125 40.6452 43.7276

Heart,
Train 8.9308 8.4277 14.3396 28.9308 8.4277 8.4277 11.1950

Validate 19.5152 19.6364 23.7576 31.1515 19.6364 19.5152 20.3636
Test 19.0123 20.0000 23.9918 34.1152 19.8765 19.7942 19.0947

Ionosphere
Train 1.5459 2.4155 3.1884 35.2657 2.6087 2.5121 3.8647

Validate 16.8075 18.7793 17.7465 36.5258 18.3099 18.5915 17.9343
Test 17.9463 19.2417 18.9258 38.5782 19.1469 19.1469 18.9889

Wine
Train 0.1961 0.0000 0.1961 16.0784 0.0000 0.1961 1.7647

Validate 3.964 5.2252 6.8468 23.4234 4.1441 4.5045 5.5856
Test 4.8598 5.2336 7.5389 26.2305 6.4174 6.7290 8.0374

Sonar
Train 0.0000 0.0000 0.0000 38.0000 0.0000 0.0000 0.1667

Validate 37.2093 38.1395 38.2946 51.1628 38.2946 38.4496 40.0000
Test 36.0000 37.6533 37.7600 44.2133 37.7067 37.6533 38.3467

Terma
Train 0.1905 0.2857 0.5714 8.1905 0.1905 0.4762 4.6667

Validate 4.4749 8.4932 11.3242 12.146 8.7671 8.3105 17.1689
Test 4.3721 9.5194 11.6589 11.876 9.3953 9.7674 17.5504

Table 5.3: Error Rates Achieved on UCI Datasets Employing SVM Classifier (SVM)
Dataset Divisions OFNDA LPP NPE PCA ULDA FLDA 1 FLDA2

Hepatitis
Train 11.7778 7.1111 3.3333 30.4444 7.1111 7.1111 10.4444

Validate 40.4167 44.5833 47.9167 46.8750 44.5833 44.3750 45.8333
Test 42.5806 44.8746 44.5878 48.3154 44.8746 44.8746 45.8065

Heart
Train 11.195 8.4277 11.3208 27.5472 8.4277 8.4277 10.9434

Validate 19.6364 21.0909 26.4242 34.3030 21.0909 20.9697 18.9091
Test 19.4239 22.716 28.1893 35.6379 22.716 22.5514 20.7819

Ionosphere
Train 1.5459 1.0628 1.0628 15.5556 0.8696 1.0628 2.8019

Validate 10.7042 18.3099 11.1737 26.2911 18.6854 18.3099 19.1549
Test 10.3002 19.0205 11.0900 26.2875 19.8104 19.1153 18.0095

Wine
Train 0.0000 0.0000 0.2101 6.5126 0.0000 0.0000 1.4706

Validate 4.6332 6.7568 10.0386 22.3938 6.7568 6.7568 9.4595
Test 5.3405 6.2083 9.012 21.5621 6.2083 6.6088 9.5461

Sonar
Train 0.0000 0.0000 0.0000 28.1667 0.0000 0.0000 5.3333

Validate 29.4574 33.7984 35.1938 50.2326 33.7984 33.7984 37.8295
Test 33.0133 35.5733 34.9867 48.2667 35.5733 35.5733 38.8800

Terma
Train 0.8571 0.1905 0.2857 3.2381 0.1905 0.2857 2.4762

Validate 6.3014 7.8539 9.9543 10.0457 7.8539 7.3059 17.1689
Test 5.9225 8.4341 10.9457 10.3256 8.4341 8.5891 17.9535

example the performance of LPP. ULDA. and FLDA1 was proved to be close to each other 
in many cases. On the other hand, both NPE and FLDA2 were shown to compete with 
each other in many other cases, while both showing better performance than PCA. The 
performance of PCA is justified by the fact that certain eigen-vectors were removed in 
order to produce the same number of features like that offered by the discriminant analysis 
based methods (which is c - 1, where c is the number of classes). In such a case, it is 
very clear that with PCA we are losing important information, as the optimum number of
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eigen-vectors to keep is hard to define within each problem. Thus it is recommended to use 
PCA as a preprocessing step in which we simply keep all the eigen-vectors (as done with 
OFNDA) rather than a separate dimensionality reduction, unless a fairly large number of 
eigen-vectors are employed. This is done in the next experiment.

5.5.1.2 Experiments on EMG Datasets

In this experiment, a dataset of EMG signals collected by the author of this thesis from 
seven subjects is utilized, this is referred to in Appendix-A as DATASET-EMG3. Ten 
different movements were performed by the subjects, these are: Wrist Felxion (WF), Wrist 
Extension (WE). Hand Close(HC), Hand Open (HO), Forearm Pronation (FP), Forearm 
Supination (FS). Key Grip (KG), Chuck Grip (CG), Radial Deviation (RD), and finally 
Ulnar Deviation (UD). More information about this dataset can bee found in Appendix-A.

The proposed EMG pattern recognition system is shown in Fig.5.2. The EMG data 
were collected using only 2 EMG electrodes or channels, this was done in order to reduce 
the computational requirements for designing a real-time EMG recognition system. A 
continuous windowing scheme was utilized, in which an analysis window of size 384 samples 
(384/2048 — 187.5 msec) was incremented by 64 samples (64/2048 31.3 msec). Thus,
the system would generate an output class decision in less than the 300 msec threshold 
defined in the literature. The total of 300 msec delay was avoided in this experiment, as 
there exists debate in the literature about this value [90]. Thus it was decided to make 
the analysis window length as small as possible, i.e., 187.5 msec (smaller values caused a 
degradation in performance) to prove the accuracy and speed of information processing of 
the proposed system.

Features were extracted from each analysis window by the TDAR approach mentioned 
in Appendix-A in section.A. 1.3.1.

As a dimensionality reduction step, the performance of the proposed OFNDA was com
pared with all of the LPP, PCA, ULDA, OLDA, and FLDA1. In the final portion of the 
EMG recognition system, two classifiers are proposed as possible candidates, these are: 
LIBLINEAR and MLP mentioned earlier.

Raw EMG Class
Dimensionality

Reduction
Feature

Extraction Classification

TDAR OFNDA, LPP, PCA, MLP, LIBLINEAR
ULDA, OLDA 

FLDA

Figure 5.2: EMG pattern recognition system

The first part of this experiment involves the utilization of an MLP artificial neural
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network with 15 hidden layer nodes which was trained using the backpropagation algorithm 
and the LIBLINEAR classifiers. This is done in order to check the significance of utilizing 
a classifier that is capable of nonlinearly separating the different classes , i.e., the MLP, in 
comparison to LIBLINEAR. which as its name implies a linear classifier. The classification 
accuracy results were computed using OFNDA and MLP for different problem classes, i.e., 
5, 6. 7, 8, 9, and 10. The different classes of movements considered when working with less 
than the total number of classes are shown in Table 5.4. These were selected based on a 
sequential manner, i.e., removing one class at a time (different classes selection can also be 
made here). The plot given in Fig.5.3 shows the classification accuracy of both LIBLINEAR 
and MLP both with features projected with OFNDA. Additionally, no postprocessing steps 
were implemented, thus the given results are the actual hit rates achieved by the classifier.

Table 5.4: The different classes of movements considered in the experiments
Classes of Movements WF WE HC HO FP FS KG CG RD UD

5 V si c V si
6 c V •j v7 sj sj
7 V V sj si I si I
8 V si y/ sj si I I sj
9 si V7 c I I sj s! s! sj
10 c •j s! si sj s! si si V7

MLP
LIBLINEAR

Number of Classes

Figure 5.3: Classification accuracy with different classifiers

In order to check the significance of using MLP and test the hypothesis that the groups 
of the classification accuracy results for features projected with OFNDA and classified with 
two different classifiers as not two different from each each other, a two-way analysis of
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variance (ANOVA) test was utilized with the significance level being 0.05. The //-value 
was found to be p 0.7069. this in turn provides a strong indication that there was no 
difference in the accuracies achieved bv both classifiers. Thus both of the linear model 
provided by LIBLINEAR and the nonlinear model provided by MLP achieved the same 
results. One advantage for LIBLINEAR over MLP is that it does not requires any iterative 
process, thus avoiding the possibility of overfitting.

In the next part of this experiment, the classifier type was fixed to LIBLINEAR. as 
this classifier is much faster than MLP. and it is also implemented in C • and linked to 
Mat lab as mex file implementation. The performance of all of feature projection techniques 
were tested on the extracted TDAR feature set with the LIBLINEAR classifier. In order 
to give the reader an idea about the capability of a two channel system in separating 
different forearm movements, it was decided to again test the system performance on 
different number of classes or movements. In simple words, the classification accuracy 
results (together with the estimated standard error) reported in the Fig.5.4 shows the 
system performance with the different features projection techniques on 5. 6, 7, 8, and 
9 separately from the total 10 classes. The number of projected feature was set to c - 1 
for LPP and PCA, while this is the default for all of the OFNDA, OLDA, ULDA, and 
FLDA1. This was done in order to first provide a fair comparison between the methods, 
and secondly to check if the generalization of the classifier is achieved by dimensionality 
reduction or better projection that leads to good clustering or a mixture of both.

According to the classification accuracy results given in Fig.5.4, one can clearly catego
rize the performance of the different feature projection techniques into four groups. The 
first is occupied with OFNDA offering the best performance in terms of the classification 
accuracy across different number of classes. The second group is occupied by both ULDA, 
and OLDA since their performance is very close to each other, while achieving slightly 
lower accuracy than OFNDA (that avoids the use of SVD). The third category includes 
both of the LLP and FLDA1, were again both achieve close results to each other while 
showing lower performance than that of both ULDA, and OLDA. The last group includes 
the PCA that offered the worse performance across the different number of classes. The 
performance of PCA is justified by the fact that it projects the data along the directions 
of maximal variance only, i.e.. it does not take the class label into considerations. On 
the other hand, LPP should be seen as an alternative to PCA. LPP aims at preserving 
the local neighborhood structure of the high dimensional data that lies on a low dimen
sional manifold embedded in the ambient space, while PCA aims at preserving the global 
Euclidean structure [124]. Also LPP shares many of the data representation properties 
of nonlinear techniques such as Laplacian Eigen-maps or Locally Linear Embedding thus 
offering better performance than PCA.

It is important to mention that the classification results obtained using the features 
projected by LPP and PCA are shown to be worse than that of the baseline (using the total
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feature set without projection). The justification for this behavior is that both methods 
project the original feature set into a new domain or representation with the same number 
of features as the original feature set. Thus, the use of smaller number of features, i.e., c— 1 
features, does not necessitates providing good classification accuracies, as the information 
in the transformed domain may be dispersed along some of the remaining dimensions. 
This in turn results in losing certain information required for classification, as it is hard to 
decide the optimal number of features. On the other hand, OFNDA, OLDA. and ULDA 
project the original feature set into a new domain with only c — 1 dimensions (features), 
thus dimensionality reduction is embedded in the projection process. At the same time, 
the reduced feature sets produced by these methods proved to present better classification 
results than LPP and PCA. In other words, OFNDA, OLDA. and ULDA have the potential 
to produce better clustering of data when using the reduced feature sets.

FLDA1 on the other hand, projects the fuzzy representations of the data along directions 
which maximizes the class separability, but still the performance of FLDA1 was not pow
erful enough to compete with OFNDA, OLDA or OLDA or even the baseline. This may be 
justified by the membership function estimation employed and the inability of FLDA1 to 
preserve the local structure. In fact, a quick look at the implementation of both ULDA and 
OLDA, available at http://www.cs.uiuc.edu/homes/dengcai2/Data/data.html. shows 
that both techniques almost share the same implementation. The only difference is that 
in the last step of OLDA a QR decomposition is utilized to further transform the set of 
uncorrelated features obtained bv ULDA into orthogonal features, thus both ULDA and 
OLDA show competent results. Finally, the proposed OFNDA share many properties with 
many of the other methods. It first applies PCA to remove redundancies, then it operates 
to preserve the within class structure of the data, and also takes into account the contri
bution of the different data point into different classes by means of fuzzy memberships. 
Thus OFNDA was capable of achieving the highest classification accuracy across different 
number of classes.

In order to remove the subject effect, and to prove the statistical significance of the 
proposed method, a two-way analysis of variance (ANOVA) test was applied on the results 
achieved by all of the methods in comparison to OFNDA. The significance level was set to 
0.05 and the ANOVA test was applied to the results achieved by all of the methods on all 
subjects when dealing with the problem of five and ten classes only, i.e., the best and the 
worst case scenarios. The ANOVA test, results are given in Table 5.5. As a result, for a 
five classes problem the classification performance is significantly different when using each 
projection method. The performance of all of the Baseline, LPP, PCA, ULDA, OLDA, 
FLDA1 are inferior to the proposed OFNDA by 1.0359%(p — 0.118 x 10—4), 1.7693% (p — 
0.155 x 10“4), 2.6516%(p - 0.001), 0.8085%(p - 0.004), 0.4821%(p - 0.007), 1.9583%(p

0.003) respectively. For a ten classes problem, The performance of all of the Baseline, 
LPP, PCA, ULDA, OLDA. FLDA1 are inferior to the proposed OFNDA by 2.8210%(p —
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| Five Gasses |

Baseline OFNDA LPP PCA ULDA OLDA FLDA1

(a) Five classes problem

Baseline OFNDA LPP PCA ULDA OLDA FLDA1

(c) Seven classes problem

Baseline OFNDA LPP PCA ULDA OLDA FLDA1

(e) Nine classes problem
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| Eight Classes |

Baseline OFNDA LPP PCA ULDA OLDA FLDA1

(d) Eight classes problem

Baseline OFNDA LPP PCA ULDA OLDA FLDA1

(f) Ten classes problem

Figure 5.4: Average classification accuracy achieved across seven subjects using different 
methods and number of classes
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0.567 x HP3), 3.2832% (p 0.0003), 6.8857% (p 0.090 x HT3), 1.4765%(p - 0.234 x 
nr3), 2.0427%(p 0.005). 3.7482%(/j 0.190 x 10~4).

Table 5.5: Two-way analysis of variance test results
OFNDA vs. Baseline LPP PCA ULDA OLDA FLDA1
5 classes o.i 18 x nr4 0.155 x 10~4 0.001 0.004 0.007 0.003
10 classes 0.567 x 10-J 0.0003 0.090 x 10-J 0.234 x 10~'5 0.005 0.190 x 10-4

It. is very clear now from all of the above results that the proposed OFNDA is capable of 
showing a powerful performance across different datasets, different classifiers, and different 
number of classes. In the final step, we computed the computational time required for 
all of the above methods to compute the projection matrix based on the total training 
set (with different number of classes and number of samples being > 8000 sample). This 
was done in Mat lab computing environment on a Pentium-4 computer with 3 GBvte of 
memory with an Intel Dual Core Processor of 2.5GHz speed. The time requirements for all 
of the methods is given in Table 5.6 below for different number of classes. These results can 
also be categorized into three groups. The first group included both of PCA and FLDA1 
which required the smallest computational time, but achieved the lowest classification 
accuracy. The second group included both LPP and the proposed OFNDA requiring 
modest computational cost. The performance of OFNDA was proved to be the best across 
different experiments and even better than that of LPP while achieving slightly lower 
computational cost. The final group included both of ULDA and OLDA requiring the 
highest computational cost while achieving classification accuracies that are lower than 
that of OFNDA. Faster implementation of the proposed algorithm can be achieved by 
implementing it in C instead of Mat lab. On the other hand, the execution time during the 
feed-forward testing phase for all methods is almost equal, as the input only needs to be 
multiplied by the precomputed projection matrix.

Table 5.6: Computational time required by different methods in seconds within Mat lab
Classes OFNDA LPP PCA ULDA OLDA FLDA1

5 0.436251 1.612513 0.022914 4.266414 4.552535 0.134639
6 0.520305 1.608130 0.035585 6.036291 6.748724 0.176762
7 0.624495 2.253788 0.034346 9.484427 9.591041 0.163620
8 0.749455 2.965596 0.040623 12.09180 13.60594 0.184392
9 0.897155 3.356770 0.068074 14.95333 15.23165 0.246782
10 0.989086 3.396165 0.094155 16.67203 16.79855 0.182326

Finally, we present here the effect of dimensionality reduction on the classifier’s com
putational time. In order to provide a unified platform under which the computational 
time is estimated, all the files (Matlab m files and the imported mex files from C++) were 
converted into executable files. It is important to divide the overall classification time into: 
(i) time required for training (off-line time) and (ii) time required for testing (on-line time). 
In order to give as estimation for those values, we computed the time to train the classifier 
with the training set (> 8000 sample) and the average time required to process each new
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frame of the testing data (that is needed to make a control decision). Each of those clas
sifier computational time values was computed first without dimensionality reduction and 
later with dimensionality reduction. The computational time for both cases is reported in 
Table 5.7 below, in which the feature extraction time (being 2.4 msec per one frame or 
window of EMG data) was removed for simplicity as it applies on both the off-line and 
on-line phases.

Table 5.7: Classifier computational time with and without dimensionality reduction in 
seconds

Without dimensionality reduction With dimensionality reduction
Off-line train On-line test Off-line train On-line test

Classifier train Classifier test Projection train Classifier train Projection test Classifier test
0.4182 1.0269 x 10~4 0.9880 0.1951 8.6603 x 10“° 6.6735 x 10-°

The above table indicates that the off-line training time of classification with dimension
ality reduction (being 0.9880 + 0.1951 = 1.1831 sec) is clearly higher than that without 
dimensionality reduction (0.4182 sec). Given that the training time is irrelevant for clinical 
applications, as it has no bearing on performance, then the extra off-line computational 
time can be considered as an expense incurred for accuracy improvement. On the other 
hand, in order to prove that the use of OFNDA can provide computational time saving 
during the online testing phase, one can simply add the time taken to project the new test
ing sample (the time to multiply it by the precomputed projection matrix during off-line 
training, being 8.6603 x 10~6 sec) to the time taken by the classifier to test the class label 
of the new sample with reduced dimensionality, being 6.6735 x 10~5 sec. Since the result 
of this addition (7.5395 x 10~° sec) is smaller than the time for classifying one sample 
without OFNDA (1.0269 x 10“4 sec), then there is an actual saving in computational 
cost per each sample. Hence, for on-line applications, dimensionality reduction can in fact 
reduce the time needed to classify unseen patterns, and this becomes more apparent in 
problems with large number of channels (i.e., large number of extracted features).

As can be noticed from all of the above that in addition to the statistically significant 
classification results achieved by OFNDA, there was also some enhancement in the system 
computational cost.
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5.6 Thesis Contribution-5: Evolutionary Fuzzy Discriminant 
Analysis

As mentioned before, the experiments implemented in the previous chapter revealed that 
certain regions on the human forearm and the brain contribute more to the biosignal 
classification problem than other regions. From the classification point of view, it seems 
reasonable to give more importance to the features extracted from electrodes placed on 
such regions, than all other features. Thus magnifying the effect of the relevant features 
on the given classification problem. At the same time the effect of the rest of the features 
should not be neglected. Thus there is a need for a computational scheme that can deal 
with such an issue. One direct solution would be to employ both feature selection and 
projection. In such an approach one would select the best features for classification and 
then further reduce their dimensionality by a suitable projection technique. But, in such 
a case the effect of all other features is neglected. A more suitable approach would then 
suggest to employ a feature weighting scheme, since feature selection is a special case of 
feature weighting in which the weights given for features are either 1 (feature is selected) 
or 0 (feature is neglected).

In this section, a differential evolution based fuzzy linear discriminant analysis method 
(termed as DEFLDA) for feature projection is developed. A novel weighting approach is 
presented within DEFLDA to overcome many of the earlier mentioned problems with both 
LDA arid FLDA (reported in section.5.3.1 and section.5.4) by assigning a weighting factor 
Wj for each feature. In such an approach, features that are most relevant to the problem 
will be weighted with higher importance than other features. Thus rather than applying 
PCA to minimize redundancies, we employ a weighting process that aims to maximize the 
interaction between features. In order to identify these weights, a Differential Evolution 
optimization technique is utilized, as explained below.

In order to give a formal description of the problem, consider a classification problem with 
l samples given as xi, X2,..., x/, where X 6 and that each sample belongs initially to one 
of the pre-defined c classes. In DEFLDA each sample, x^, belongs to each of the c classes 
with a certain membership. This is represented as /i^, i.e., the membership of sample k 
in class i. The goal is to find an optimal hyper-plane using the training samples that can 
recognize the test points, i.e., the classifier will have a good generalization capability. The 
proposed new fuzzy within class scatter matrix Sw: fuzzy between class scatter matrix Sb, 
and the fuzzy total class scatter matrix St are given as follows:

(5.50)
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C 12
Sb VV

i—l k-1

c /,

St = Fit
i—l k=1

(5.51)

(5.52)

where rn (given that rri > 1) is the fuzzification parameter, x/c is the value of the 
A 'th sample, v?; is the mean of the patterns belonging to class i given by Eq.5.10. © 
refers to the Hadamard product, w is the weight vector assigned to all features that is 
w = [w\. UJ2,..., Wj]. where j is the total number of features, x is the mean of the training 
samples given by Eq.5.11.

In this section, the value of the membership is calculated using a possibilistic fuzzy 
clustering approach. The cost function of the possibilistic clustering approach is adopted 
from [218], as given below.

I c cl

J(0: V) = E E *«**. »i) + E E*1" "*t)m (5-53)
k=1 i=l i—l k=l

where d(.) refers to the Euclidean distance, 0t is the i th cluster center, r/j is a positive 
constant that is suitably chosen for each class. As can be noticed that the first term in 
Eq.5.53 is the same objective function used in the probabilistic clustering approach, while 
the second term is added to reduce the effect of outliers. In order to find the membership 
values from the above equation, then the values of the clusters centers are needed. A 
direct way would be to differentiate Eq.5.53 with respect to , but this in turn would 
cancel the second term leaving only the first term. A general look at the first term of 
Eq.5.53 reveals that it represents the fuzzy within class scatter matrix S\y given in Eq.5.7 
if the weight is removed. Thus applying the values of the clusters’ means ensures that the 
objective function given by Eq.5.53 would settle at a global optimum value. Then in order 
to compute the membership values, a differentiation of the resultant function with respect 
to Ujk needs to be done as follows.

: ^ ■■ = rnu]'^] d(xk. vt) - rmji( 1 - Uik)m~l = 0 (5.54)
OUik

This would in turn result in the following function

1
Uik i

| _J_ ^d(xk,Vj)^ m-1

The values of rn, i — {1, 2, 3,..., c] were chosen to be equal to the maximum distance 
between the samples belonging to that class and the class center.

(5.55)
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After computing all the variables. DEFLDA finds the vector G that would maximize the 
ratio of the between class scatter matrix to the within class scatter matrix by solving the 
following equation:

G — arg max trace ((GTS\yG) 1GtSbG) (5.56)

Lhe solution can be readily computed by applying an Eigen-decomposition on Sd} Sb - 
provided that the within class scatter matrix S\y is nonsingular. Due to the fact that 
the within class scatter matrix can be singular for real world problems, then a regularized 
version of S\y is employed that is given by S\v — S\v + zl, where / is the identity matrix. 
The value of the variable z is included in the genome representation of the population 
members as will be explained next. In this way the scatter matrix is guaranteed to be 
nonsingular. Since the rank of the between class scatter matrix is bounded from above by 
c - 1. there are at most c - 1 discriminant vectors by DEFLDA.

5.6.1 Feature Weight Optimization using Differential Evolution

As the DE was previously explained in section.4.3.2, this section will start directly with a 
description of the DEFLDA implementation followed by the experiments.

DE is employed within the proposed technique to search for the optimal weight values for 
each feature in a closed loop control scheme as shown in Fig.5.5. In simple words, each of 
the DE population members constitutes one possible representation for the weights and the 
regularization parameter 2 which is used to overcome the singularity problem. A wrapper 
approach is implemented in which the classification error rates will be used as a fitness 
function to reflect the goodness of each member of the DE population. Each time three 
randomly chosen members will be mixed together according to the DE approach mentioned 
in section.4.3.2 . The fitness of the newly generated trial vector (new representation for the 
weights) will be tested to decide whether to keep the original vector or the newly generated 
trial vector.

In order to gain a good insight into the actual process that is taking place, the content of 
the DE based weights optimization block in Fig.5.5 is described in more details in Fig.5.6. 
As mentioned earlier, each of the current population members represents one possible 
encoding for the weights and the parameter z for solving the singularity problem. The 
idea is to generate new vectors by randomly selecting three population members (vectors), 
differentiate two of them, scale the result by a factor F, and add the result to the third 
vector. The result of these simple steps is called a mutant vector. The mutant vector is 
then mixed (crossover operation) with the original vector to create a new variant with a 
better fitness, if possible. The result of the crossover is called a trial vector. The original 
vector is replaced by the trial vector if the latter proves to present lower classification error
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Figure 5.5: Differential evolution based weights optimization for DEFLDA

rate, this is illustrated by the step given in Fig.5.6.
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fitness function (errors rates) they achieved.

7-Generate new population

Figure 5.6: DE based weights optimization algorithm

5.6.2 Experiments and results

Two sets of experiment were implemented to test the effectiveness of the proposed DE
FLDA. The details of the experiments are similar to those mentioned with OFNDA, these 
are.
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• Comparison with other Methods: The DEFLDA will be compared against all of 
the PC A. Fuzzy Discriminant Analysis (referred to in this section as FLDA1) [289]. 
ULDA [300]. OLDA [299], NPE [290]. LPP [125].

• Datasets Employed: Two sets of experiments are conducted. In the first, the 
proposed DEFLDA is tested on datasets acquired from the UC1 Machine Learning 
Repository with different number of samples and features. Then an EMG dataset 
collected from thirty subjects is employed.

• Testing Method Employed: The general testing scheme employed is a three way 
data split. The dataset utilized is divided into three sets: training, validation, and 
testing. An initial projection matrix is calculated based on the training set. Then a 
validation set is used in order to optimize the weights to produce the optimum projec
tion matrix that can minimize the mean of the training and validation errors. Finally 
a completely unseen testing set is used to measure the generalization capability of 
the proposed system.

• The Type of Classifier Employed: Three different classifiers are used to test, the 
performance of the proposed DEFLDA. In the first experiment on the UCI datasets, 
both of the A NN with k 5. and the SVM are employed. Due to the huge size 
of the EMG dataset and in order to save the computational requirements, an LDA 
classifier is employed with the EMG dataset. This is also attributed to the fact 
that the original group who collected this dataset employed LDA classifier. Thus it 
was decided to use the same classifier to compare the DEFLDA results with those 
reported in the literature using the same dataset, and the same classifier.

5.6.2.1 Experiments on UCI Datasets

Each dataset taken from the UCI Repository is randomized and divided into three parts, 
with the percentage of the data forming each of the training, validation and testing given 
as 20%, 20% and 60% respectively. This was done in order to test the generalization ability 
of DEFLDA and all other methods when trained with small datasets. The classification 
error rates, given in Table.5.8, were obtained using a ANN classifier with the number of 
neighbors being 5, and the classification error rates, given in Table.5.9, were obtained by 
employing an SVM classifier on the same datasets. The average of ten runs is reported in 
Table.5.8 and Table.5.9.

It is obvious from both tables that the proposed DEFLDA was able to outperform all 
other techniques, on all datasets, and with the two different classifiers. The results also 
indicate that the performance of both ANN and SVM were not too different. This is 
due to the fact that the SVM classifier needs sufficient number of patterns to achieve 
good performance which is not the case with the selected datasets. Despite this fact, the
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proposed DEFLDA achieved significantly better results (in terms of classification accuracy) 
than all other methods with a maximum enhancement being > 4% with both classifiers 
for certain datasets (like Vowel and Hepatitis).

Table 5.8: Error Rates Achieved on UCI Datasets Employing ANN Classifier, with k —5
Dataset Divisions PCA FLDA1 ULDA OLDA NPE LPP DEFLDA

Ionosphere
Train 17.1843 1.8634 1.8634 1.8634 7.6605 1.8634 2.6915

Validate 27.9678 18.3099 18.3099 18.3099 19.3159 18.3099 6.2374
Test 25.2539 18.5511 18.5511 18.5511 18.8896 18.5511 15.7075

Wine
Train 2.9412 0.8403 0.0000 0.0000 0.0000 0.0000 0.0000

Validate 7.3359 2.7027 3.8610 3.4749 5.7915 3.8610 2.3166
Test 6.4086 5.2070 6.5421 6.5421 6.6756 6.4086 3.0708

Balance
drain 12.5576 6.7972 7.0277 6.9125 6.7973 6.9125 4.7235

Validate 26.3039 12.6984 12.3583 12.4717 13.3787 12.4717 7.7098
Test 26.5905 14.2095 13.4095 13.6762 14.9333 13.5619 13.0286

Vowel
Train 20.9572 17.9841 21.3923 19.5069 20.1595 19.9420 13.1254

Validate 47.5233 39.9139 50.6820 40.4881 46.9490 44.3647 24.8385
Test 49.8316 42.3280 51.9721 44.0596 49.4709 46.6330 37.4940

Hepatitis
Train 23.8095 8.0952 6.6667 6.6667 11.4286 6.6667 10.9524

Validate 34.8214 43.7500 42.8571 42.8571 45.0893 42.8571 14.7321
Test 39.0169 45.0077 46.2366 46.2366 42.8572 46.2366 37.3272

Hepatitis
Train 4.3651 0.3968 0.1984 0.0000 2.5794 0.1984 0.1984

Validate 10.6178 6.3707 8.6873 7.7220 9.0734 7.7220 2.5097
Test 9.4156 5.9740 8.5065 6.1688 10.1948 7.1429 5.3896

Table 5.9: Error Rates Achieved on UCI Datasets Employing SVM Classifier (SVM)
Dataset. Divisions PCA FLDA1 ULDA OLDA NPE LPP DEFLDA

Ionosphere
drain 15.4590 1.4493 1.4493 1.4493 0.9662 1.2078 4.8309

Validate 24.9779 19.4836 19.4836 19.9531 11.2676 19.4836 7.2770
Test 25.5134 20.0632 20.0632 20.3791 13.4281 20.1422 13.7441

Wine
Train 0.9804 0.9804 0.0000 0.0000 0.0000 0.0000 0.0000

Validate 8.1081 6.3063 7.2072 7.6577 6.3063 7.2072 1.8018
Test 7.0093 5.6075 5.4517 6.0748 5.4517 5.7632 4.5171

Balance
dYain 28.7635 6.3172 8.0645 7.9301 6.4516 7.7957 6.0484

Validate 37.3016 13.3598 12.0371 12.5662 11.6402 12.0371 7.9365
Test 35.2445 11.6445 11.2889 12.0445 11.1556 12.3111 10.1333

Vowel
Train 1.2690 0.6768 4.1455 0.8460 1.1844 3.8917 0.5922

Validate 24.1206 25.8794 26.8007 25.0419 28.1407 23.6181 15.9966
Test 25.5892 26.8238 28.2828 24.6914 26.1504 23.5129 18.0135

Hepatitis
Train 36.1111 7.2222 6.6667 6.6667 2.7778 6.6667 4.4444

Validate 50.5208 44.7917 43.2292 43.2292 46.3542 43.7500 20.3125
Test 46.7742 43.0108 42.4731 42.4731 41.0394 42.2939 37.8136

Hepatitis
drain 5.5556 1.8519 0.4630 0.4630 0.2315 0.4630 0.9259

Validate 9.9099 7.6577 8.1081 6.5316 6.5316 8.1081 1.1262
Test 12.1212 6.5151 7.1212 5.9849 5.6818 6.3636 4.9243

5.6.2.2 Experiments on EMG Datasets

The EMG dataset utilized in this section is DATASET-EMG4 from Appendix-A. Seven 
distinct limb motions were performed by thirty subjects, these are: hand open (HO), hand
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close (HC), supination (S), pronation (P). wrist flexion (WF), wrist extension (WE), arid 
rest state (R). In the first experiment, fixed divisions of the trails among the training, 
validation, and testing sets were used. Thus, for each subject, data from the first two 
trials (trials 1 and 2) were used as training set and data from the remaining four trials 
were divided equally into two trials for validation (trials 3 and 4) and two trials for testing 
(trials 5 and 6). Accordingly, the testing scheme is slightly different from the one used in 
[41] which utilized the first two trials (trials 1 and 2) for training and the other four trials 
for testing (trials 3 to 6). The justification behind employing the three way data split is 
to make sure that the chosen weight values are not causing an over-fitting in the results, 
and that the system can work well with future unseen data. Thus the three way data split 
would be quite suitable for this purpose.

As a first part of the EMG pattern recognition system mentioned earlier, two sets of 
features were extracted from the dataset, these are the TDAR and the WT feature sets 
described in section.A. 1.4.1. Data points that were 256 msec before or after a change in 
limb motion were removed from the training set to avoid transitional data.

Dimensionality reduction is implemented using the proposed DEFLDA, ULDA, and 
PCA. The type of the classifier was also set to be LDA. The performance of EMG pat
tern recognition system was evaluated using both the TDAR and WT feature sets. The 
extracted features were reduced in dimensionality with DEFLDA, ULDA and PCA for all 
thirty subjects. It should be mentioned here that, within this experiment the DEFLDA, 
ULDA, and PCA were applied on the datasets acquired from each subject alone, i.e., the 
model has been trained on each subject separately. The results acquired from all subjects 
were tabulated and the average classification accuracies with one standard deviation as 
dispersion bars are shown in Fig.5.7 for the TDAR and WT feature sets. These results 
are shown for both the validation and testing sets and were given first without a majority 
vote (referred to as Initial), then with a majority vote (MV), followed by the transitional 
data between classes removed (NT), and finally with both majority vote and the removal 
of the transitional data (MV fNT). The figure clearly indicates that better classification 
accuracies were achieved by the proposed DEFLDA with even smaller deviation than that 
achieved by other methods. The numerical classification accuracies for both the validation 
and testing sets are also given in Table.5.10. These results show an enhancement by slightly 
more than 2% on the testing results achieved by using ULDA and by more than 5% on the 
testing results achieved by using PCA, averaged across all subjects on both feature sets.

Table 5.10: Validation and testing accuracies averaged across thirty subjects
Feature Set Data Divisions DEFLDA ULDA PCA

WT Validation 96.3966 93.3521 89.9081
Testing 94.7102 92.4129 88.2954

TDAR Validation 95.2096 92.3804 83.5152
Testing 93.7549 91.7613 81.9422
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Figure 5.7: Average classification accuracy achieved across thirty subjects using different 
methods

In order to remove the subject effect, the classification accuracies (using the WT feature 
set as it achieved higher results) from all subjects were applied to a two-way ANOVA 
test. As a result, the classification performance is significantly different when using each 
projection method. The PCA is inferior to the DEFLDA by an average of 6.49% (p 
1.33 x 10"') for validation and 6.42% (p 8.01 x 10—8) for testing. This means that the 
PCA-reduced features have low class separability. On the other hand, the DEFLDA is 
superior to ULDA by an average of 3.04% (p 5.59 x 10 8) for validation and 2.3% (p
0.000847) for testing, i.e., the DEFLDA has a better capability in separating the features 
from different classes.

It is clear from all the results above that the DEFLDA outperformed all other methods, 
even the state of the art ULDA projection technique. This is due to the fact the DEFLDA 
assigns higher importance to good features and lower importance to bad features. At 
the same time, using classification accuracy as a judgment criterion on the weights values
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assures that the projection matrix is closer to the optimal one than the projection matrices 
of all other techniques. Also the DEFLDA assigns lower fuzzy membership values to 
outliers, thus reducing their effect. Another issue to be mentioned here is that with all of 
the feature projection techniques, the WT features achieved higher accuracies than that 
achieved by the simple TDAR features. But from computational cost point of view the 
performance of the system with the TDAR features is still highly accepted.

In order to provide a rigorous comparison with existing techniques of dimensionality 
reduction, the confusion matrix for all the subjects was also computed for the different 
feature sets. A plot of the diagonal values of the confusion matrices averaged across thirty 
subjects (class wise classification accuracy) with both the TDAR and the WT features are 
presented in Fig.5.8, with the validation and testing sets results across different features 
sets. All the results indicate that there were more significant enhancements when applying 
DEFLDA than ULDA. and both clearly outperform PCA. The PCA did not do well due 
to the fact that it only tries to minimize the redundancy between the features and it does 
not take the relation between the features and the class label into consideration.

When working with the six trials from session four, one may presume that there is a 
temporal evolution of the EMG signal due to both training and fatigue. Thus it would 
be interesting to use a random combination of trials for training, validation, and testing. 
Thus, another set of experiments are conducted, in which a random combination of trials 
are utilized each time. The results for this random training scheme are shown in Table.5.11. 
This table presents a set of experiments conducted with random distribution of the six trials 
using the WT features since they provided better results than the TDAR features. As an 
example, in the first case in the table, trials 3 and 6 were used for training, trials 1 and 
2 for validation, and trials 4 and 5 for testing and so on for other cases. The table also 
clearly indicates that the performance of DEFLDA was better than that of other methods 
within all experiemnts with different data divisions.

Finally, it is worth mentioning that the DEFLDA employs an iterative approach in 
searching for the optimum weight values, while this is not the case with ULDA and PCA. 
Due to the fact that the proposed method is implemented using an iterative approach, the 
computational cost of the proposed method would, as expected, be more expensive than 
both ULDA and PCA during the off-line training phase. Faster implementation of the 
proposed algorithm can be achieved by implementing it in C instead of Matlab. On the 
other hand, the execution time during the on-line testing phase for all methods is almost 
equal, as the input only needs to be multiplied by the transformation matrix.

According to all of the obtained results, the proposed DEFLDA technique proved to be 
successful in achieving better performance than other feature projection methods, including 
the state of the art ULDA.
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Figure 5.8: Diagonal values of the confusion matrix averaged across 30 subjects

Table 5.11: Classification accuracy results from different experiments when varying the 
segments of the dataset used for validation, and testing

Experiments Data Divisions Trials DEFLDA ULDA PCA
1 Validation T1 k T2 99.0187 97.1807 93.6023

Testing T4 k T5 95.5219 94.3934 91.0715

2 Validation T1 k T2 k T4 97.6826 94.8944 91.1290
Testing T3 k T5 94.9457 93.3410 88.9492

3 Validation T6 97.1054 92.7127 88.1147
Testing T1 k T2 k T4 k T5 95.5897 94.3582 91.1094

4 Validation T5 97.3928 93.5577 89.6019
Testing T6 96.3663 94.5576 89.8779

5 Validation T3 k T4 96.8012 94.8593 91.1889
Testing T5 95.8968 93.9167 89.8269

5.7 Extending Fuzzy Discriminant Analysis to the Nonlinear 
Version

Although dimensionality reduction via many versions of discriminant analysis based feature 
projection algorithms, like ULDA, OLDA, FLDA, OFNDA, and DEFLDA, can present a
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set of well clustered features in the reduced space, but all of these algorithms assume that 
the original data set is linearly separable. This is simply not the case with many real 
world problems. Motivated by extracting nonlinear features, there were few attempts in 
the literature to solve this problem by employing kernel based approaches [195, 291, 185]. 
The application of the kernel trick simply maps the original data into another domain in 
which the linearly non-separable data are now assumed to be linearly separable. Then 
the discriminant analysis based algorithms are applied on the mapped data points. Due 
to the computational memory requirements associated with the kernel based approaches, 
especially for very large datasets, then it would be a tempting task to search for alternative 
methods with nearly similar performance to perform the nonlinear mapping.

In this section, a new nonlinear discriminant analysis technique is presented based on a 
hybrid of Artificial Neural Networks (ANN) and FLDA. In order to overcome the nonlinear
ity problem, a one layer feed-forward ANN is combined with FLDA acting as a non-linear 
projection layer for which the parameters are optimized with DE optimization technique. 
The combination of these two algorithms, referred to as NFDA, acts as nonlinear dis
criminant analysis. The proposed approach is validated on a prosthetic robot arm control 
problem and compared with other techniques.

5.7.1 Nonlinear Fuzzy Discriminant Analysis based Feature projection

Earlier studies on the relation between discriminant analysis and the MLP used for clas
sifications date back long time ago. Several studies were made to illustrate why nonlinear 
adaptive feed-forward layered networks with linear output units can perform well for pat
tern classification [98, 286]. These studies proved that within MLP, each layer of weights 
can be thought of as performing projections that try to separate as best as possible the 
different classes, so they can be linearly separable by the cells in the last layer. All of these 
studies suggest that the MLP actually consist of two projections: A Non-linear projection 
from input-to-hidden and from each hidden-to-hidden layer and a second projection being 
linear from the final hidden-to-output layer [122],

Several studies followed, but the main trend was decomposed into two parts. The first 
focused on enhancing the functionality of multilayer feed-forward neural networks perform
ing the nonlinear discriminant analysis [38, 171]. The second trend, as mentioned earlier, 
focused on Fisher’s discriminant analysis itself as a statistical technique and mixing this 
technique with kernel function to perform the nonlinear mapping [185, 195, 291]. Although 
many of these studies can perform well as a nonlinear discriminant analysis tool, but up 
to the authors’ knowledge there were no studies that combined neural networks with the 
statistical discriminant analysis to form a dimensionality reduction tool. Thus the main 
focus of this section is to combine these two techniques and compare the performance of 
the proposed nonlinear method with other techniques.
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The basic structure proposed in this section is shown in Figure. 5.9 sharing similar 
architecture with the multilayer perceptions with one hidden layer. Also since the final 
layer implements a linear mapping, the final layer was replaced with our new version of 
FLDA. The main reason behind this is to reduce the computational cost associated with 
the optimization process, since the connection weight values are evolved using the DE 
optimization technique. Thus, the weights of the hidden layer are optimized according to 
the given problem. Then FLDA acts upon the output of this hidden layer to perform the 
rest of the projection task. In the next section, the DE based optimization is introduced.

Since both FLDA and DE were previously explained in section.5.4 and section.4.3.2 
respectively, then we assume that the reader is already familiar now with both techniques, 
and head directly to the implementations and experiments.

Each member of the DE-population hold two pieces of information. The first is a possible 
representation for the weights attached to each connection in the network, and the second 
is variable 2 to be added to the diagonal value of the within class scatter matrix to prevent 
it from being singular. In simple words, the connection weight matrix is represented by 
a linear genome formed by concatenating each of its rows. A population of 100 members 
was initially randomly generated. In order to bound the search space, the weight values 
were limited to a range between -1 and +1. This constraint also helps reduce the chance 
that the evolutionary process will produce a forced model with extreme weight values. The 
evolution process starts after initialization according to the DE equations as explained in 
section.4.3.2 and shown in Figure.5.10 (A modified version of the one published by Price et 
al. [240]). After computing the values of the connection weights for each node, the output 
of each node will be computed according to the following equation:

/n — 1
MjW = ft Fw'iXi " (5.57)

In this equation, fij(t) is the output of node j at time t, Xi is the element ?' of the input, 
and ft is the nonlinear transfer function chosen as the sigmoid function in this section. 0j 
is the threshold value associated with each neuron, that can also be included in the genome
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Figure 5.9: Block Diagram of the proposed projection technique
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Figure 5.10: DE based weight optimization technique

One of the points that should be taken into consideration with feed-forward neural 
networks employing a sigmoid function is that care should be taken so that the maximum 
input to the nonlinear transfer function will not cause the output to saturate. Another 
point that affects the performance of the network is the number of nodes or neurons in 
the hidden layer. It is important to use enough neurons to capture the nonlinearities in 
the input, however, using too many neurons may cause an over fitting. In such a case the 
proposed neural network will not be able to generalize well on unseen data [274].

Since the weights of the proposed neural network that are evolved using the DE opti
mization technique require a fitness function to evaluate the importance of each member of 
the population, then the classification accuracy achieved by a suitable classifier (reported 
in the experiments section below) is used here as a fitness function.
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5.8 Experiments and Practical Results

The dataset utilized in this experiment was collected by the author and is referred to 
as DATASET-EEG3 in the Appendix-A. In this experiment, a windowing scheme was 
adopted in which a sliding window was incremented each time and features were extracted 
from each window. Different window lengths (128. 256, and 384 samples) were adopted to 
test the effectiveness of the proposed technique under various situations. These windows 
were incremented by 64 samples each time. The extracted feature set is described in 
section.A.2.3.1 od Appendix-A..

In the dimensionality reduction stage, different techniques were employed to present a 
fair comparison. These included: Kernel Discriminant Analysis (KDA)[18|, Kernel Princi
pal Components Analysis (KPCA)[255|. Neighborhood Preserving Embedding (NPE) [290], 
and Kernel Locality Preserving Projection (KLPP) [123]. Also included was the MLP 
trained with back propagation algorithm. The MLP was added as it employs a nonlinear 
mapping internally within its hidden layers, thus a comparison with MLP was necessary. 
All of these methods were compared with the one proposed in this paper, referred to as 
NFDA. The testing scheme employed included a three way data split in which the total 
data was divided into training, validation , and testing. The objective function was to 
minimize both the training and validation errors and the difference between them. Then 
the network was tested with the completely unseen testing set to measure the general
ization capability of the system. An important note to mention here is the number of 
neurons utilized within the hidden layer, which was roughly set to three times the number 
of features, as this proved to present powerful results.

In the first part of this experiment, for each subject the training and validation sets were 
made equal to the first 40% of the total data only, i.e., 20% for the training set and 20% 
for the validation set. The rest of the data comprising 60% of the total extracted feature 
set was assigned to the testing set. This was done in order to check the generalization 
capability of the system when trained with small data size. In this case, the average 
classification accuracy results across five subjects are shown in Fig.5.11. These results 
were computed for three different analysis windows lengths comprising 128 samples (i.e., 
128/256 Hz - 0.5 sec), 256 samples (i.e., 256/256 Hz 1 sec), and 384 samples (i.e., 384/256 
Hz — 1.5 sec) each increased with 64 samples (i.e., 64/256 — 0.25 sec). In order to analyze 
the results, one can start by looking at the effect of the windows length on the classification 
accuracies achieved by all methods. When considering a window length of 128 sample, the 
performance of each of the KDA, KPCA, and MLP is shown to be worse than that of the 
NPE, ULDA, and OLDA. These methods were in turn outperformed by KLPP which is 
in turn outperformed by NFDA. This is justified by the fact that the performance of each 
of the KDA, PCA. and MLP is sensitive to the analysis windows length and that these 
methods usually requires fairly large amount of training data in order to generalize well on
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unseen testing data, while this wasn’t the case with the current experiment. Additionally, 
it is also known that the MLP cannot escape a local minima if it encounters one during 
its iterative training procedure. On the other hand, KLPP is shown to outperform these 
methods and this may be justified by its ability to preserve the local structure of the data 
points in addition to the use of the kernel trick. When increasing the analysis windows 
length to 256 or 384 samples, the performance of KDA is clearly enhanced (showing better 
performance than NPE, KPCA, and MLP) and is capable to compete with ULDA and 
OLDA, while all of these methods (i.e., KDA, OLDA, and ULDA) are still performing 
worse than KLPP and NFDA. In comparison, the performance of NFDA was optimized 
with DE to find the nonlinear mapping that can well separate the problem classes. Thus, 
NFDA was able to provide a better separation between the data points from different 
classes across different windows lengths.

ULDA OLDA KDA KPCA MLP NPE KLPP NFDA

(a) Window Length =128 msec

ULDA OLDA KDA KPCA MLP NPE KLPP NFDA

(b) Window Length -256 msec

I I Testing

ULDA OLDA KDA KPCA MLP NPE KLPP NFDA

(c) Window Length =384 msec

Figure 5.11: Classification accuracies averaged across 5 subjects with 20%, 20%, 60% 
divisions

In the next part of this experiment, the data divisions size for the training, validation, 
and testing were varied. The training set was made to be 60% of the total data, and the
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rest 40% was equally divided between the validation set 20% and the testing set 20%. This 
was made in order to have a better look at the performance of methods like KDA that 
is dependent on the training data size. The average classification accuracies across five 
subjects are shown in Fig.5.12. It is very clear that the performance of all the methods 
was enhanced, due to the increase of the training set size, and this is especially obvious for 
KDA. In comparison the proposed NFDA was again capable of maintaining its superior 
performance even in this case giving a testing accuracy of 78.33%, 82.97%, and 85.77% for 
a window length of 128, 256, and 384 samples respectively. Again this is due to the use of 
a DE-based nonlinear layer that made it possible for NFDA to achieve the best results.
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Figure 5.12: Classification accuracies averaged across 5 subjects with 60%, 20%, 20% 
divisions

Thus, all of the reported results prove the capability of the proposed hybrid NFDA when 
dealing with different window lengths, and also its effectiveness on different datasets.
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5.9 Summary

The main focus of this chapter was to present the developed novel dimensionality reduction 
algorithms based on the well known concept of discriminant analysis. Specifically, three 
new algorithms were presented in this chapter. The first one was based on an analytical 
solution to the feature projection problem and it was referred to as OFNDA. The main idea 
of OFNDA was to preserve the locality of the samples within each class when projecting, 
while taking the samples contribution into different classes into considerations. The second 
algorithm was referred to as DEFLDA, it was based on a novel weighting scheme for 
discriminant analysis. In such a case, features that were most relevant to the problem 
were identified by means of an evolutionary optimization technique known as differential 
evolution. At the same time, DEFLDA was able to account for redundancies and the 
singularities in the scatter matrices, thus providing feasible solutions. Finally, a nonlinear 
extension to fuzzy discriminant analysis was also presented, based on a mix of neural 
networks and FLDA. All of the presented algorithms were fairly tested against many of 
the state of the art feature projection techniques from the literature. The superiority of 
the proposed algorithms were quantified by means of classification accuracy, and tested 
statistically by means of statistical significance tests.
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Chapter 6
Summary, Conclusion, and Future 
Research

In this chapter, the summary of the thesis and the major findings of the research performed 
are given. Then, the future research that may be conducted in relation to this thesis area 
of research is also described.

6.1 Thesis Summary

This thesis proposed five novel contributions in the field of pattern recognition based 
prostheses controllers. These contributions are categorized into three different categories 
of research in pattern recognition as given below.

• Feature Extraction: A new feature extraction algorithm was proposed in chap
ter 3 based on utilizing the wavelet packet transform. A novel information content 
estimation method was proposed based on new measures of information entropy and 
mutual information. Starting with a new membership function definition, the esti
mated memberships of each of the samples in all of the problem classes were utilized 
to develop a novel concept of fuzzy entropy. This was then further generalized into the 
concept of fuzzy mutual information. Features were extracted from the constructed 
wavelet packet trees bv means of the log of the energy of the wavelet coefficients 
at each node from the tree. The proposed fuzzy entropy and mutual information 
measures were then utilized to select the features that have the highest mutual infor
mation with the class label. The method was applied on different datasets EMG and 
EEG datasets. When comparing with the currently available methods for wavelet 
packet based feature extraction, it was found that the proposed method can highly 
outperform such methods by means of the classification accuracy of the extracted
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features. An information evaluation function from the literature was also utilized to 
test the goodness of the proposed measure in comparison to the statistical approach 
for estimating the mutual using histograms. It was found that when working on 
small datasets the proposed fuzzy entropy and mutual information were much more 
accurate in estimating the information contents with less computational cost than 
that of the simplest statistical approach from the literature. On the other hand, it 
was also found that for huge datasets the accuracy of both measures were very close 
to each other indicating that our approach exhibited more consisting performance 
across different situations.

• Feature selection: The problem of feature and channel selection has been discussed 
in chapter 4, in which two novel feature selection algorithms were suggested. In the 
first algorithm, a novel attempt was proposed based on a combination of ant colony 
optimization and differential evolution. Since the ants require some sort of estima
tion of the importance of the features, the proposed fuzzy mutual information was 
utilized again to guide the ants toward the vicinity of the most promising solutions. 
This was implemented by means of a mixed filter-wrapper feature selection method. 
Due to the sequential nature of the ants, a differential evolution operator was ap
plied on the initial solutions of the ants thus providing a parallel search mechanism 
that further explore and exploit around the initial solutions provided by the ants. 
The proposed ANTDE algorithm was tested on different EMG and EEG datasets 
collected from different subjects. The classification accuracy results proved the sig
nificance of the solutions provided by the proposed ANTDE in comparison to many 
other population based feature selection algorithms from the literature. Addition
ally, statistical significance tests results were also provided. In the second algorithm, 
based on the initial results provided by the ANTDE, a novel method based utilizing a 
float-number optimizer for a combinatorial optimization task was suggested. The de
veloped DEFS method highly reduced the computational requirements of the feature 
selection problem in comparison to many other methods from the literature. The 
concept of pheromone and the process by which we accumulate the pheromone was 
converted into an estimation of distribution task that was utilized within a roulette 
wheel structure in the DEFS. The DEFS was tested on various datasets of different 
dimensionality. It was found that the solutions provided by the DEFS were always 
the best or very close to the best in most of the cases. The proposed DEFS was 
then also utilized in a feature extraction process, in such a problem an initial set of 
features was extracted from the wavelet packet tree. Then the DEFS was utilized to 
discover the combination of features from different channels (i.e., different trees) that 
best interact together to solve a specific problem. Additionally, the proposed DEFS 
was also generalized further into a channel selection method and tested on EEG and 
EMG channel selection problems proving accurate results.

199



6' Summary. Conclusion, and Future Research

• Feature Projection: In order to provide a suitable dimensionality reduction
method for the case when the information is dispersed along the dimensions of the 
dataset, two novel feature projection methods based on fuzzy discriminant analysis 
were proposed in chapter 5. In the first method, an orthogonal fuzzy neighborhood 
discriminant analysis was developed. In this method, the objective function was to 
preserve the distance between the samples of the same class while increasing the 
distances between their corresponding means when projecting the data into lower 
dimensionality. At the same time, the concept of fuzzy memberships was also incor
porated to account for the samples contribution into the different classes in addition 
to the distance between the samples. The corresponding equations were derived and 
the generated equations were further developed into the matrix notation. The pro
posed OFNDA was tested against a set of other dimensionality reduction methods 
from the literature on datasets collected from many subjects proving its superior
ity. In the second method, a novel weighting approach was developed in which the 
extracted features are assigned certain weights when projecting. The justification 
behind this method was that there are certain regions on the human forearm on 
brain from which the extracted information is highly relevant to the specific prob
lem. Thus it was decided to employ differential evolution again to aid in discovering 
the best weight values for the available features. In such an attempt, highly accurate 
results were obtained as the approach can be thought of as a combination of feature 
selection and projection, since feature selection is a special case of feature weighting. 
Again testing results on many real datasets proved the significance of the proposed 
method. An extension was also given to the nonlinear projection by utilizing a one 
layer neural network to perform the nonlinear mapping rather than using the kernel 
trick. It was found that a properly trained neural network layer can provided com
petent classification results to those provided by the kernel trick while saving a lot 
from the computational cost point of view.

6.2 Recommendation for Future Research

It is possible that other methods for feature extraction, feature selection, and feature 
projection may improve the results achieved by the methods proposed in this thesis. The 
following issues are recommended for future research in the field of this thesis.

* In the feature extraction step, shift invariant WT and WPT methods may offer 
improved performance. A major drawback associated with the WT and WPT is that 
they lack the shift-invariant property [79, 282, 301], as mentioned in section 3.6.5. 
Thus, a small shift in the input signal will cause a remarkable change or alteration 
in the coefficients of the WT and WPT leading to a more complex dispersion in the 
time-frequency plane. An approach to overcome such a limitation was proposed in
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this thesis achieving good results in comparison to many other approaches from the 
literature. However, attempting to overcome this limitation within a new transform, 
exhibiting a low computational complexity property, is highly desirable. This in turn 
can enhance the quality of the extracted features leading to an enhancement in the 
system's classification accuracy.

• In the feature selection step, despite the good performance of the proposed ANTDE 
and DEFS algorithms, but such algorithms still need further adjustment to be able to 
find the optimal feature subset size directly. Although for the feature extraction step 
one can employ a predefined subset size but for most real world problems the optimal 
feature subset size is unknown. Such a property is included in GA algorithm, but the 
performance of GA was proved to be worse than that of ANTDE and DEFS when 
testing on different datasets and with different classifiers. Thus, further investigation 
is required to create a new algorithm that can exhibit similar performance to ANTDE 
and DEFS, while being able to automatically discover the optimal feature subset size.

• In the feature projection step, despite the good performance of the proposed OFNDA 
and DEFLDA methods, but such methods can be further improved for future 
BCI systems. Obtaining more natural representations of the original multidimen
sional data structure requires using tensor decomposition approaches so that multi
liner ar models can retain additional dimensions or modes (including channels, time- 
frequency. trials, and conditions) to produce structures that are unique and admit 
interpretations that are neurophysiologically meaningful. Thus, the study of meth
ods like Nonnegative Tensor Factorization and Nonnegative Tucker Decomposition 
11791 for feature extraction/dimensionality reduction can provide many advantages. 
These include that such method can yield components that are common across the 
space, time, or frequency domains. At the same time, it can discriminate between 
different conditions without prior knowledge of the frequency bands and temporal 
windows for a specific subject. Additionally, the multidimensional data are factored 
or decomposed directly and approximated by a sum of rank-one nonnegative tensors 
that can be better modelled and interpreted by means of nonnegative and, ideally, 
sparse or smooth components.

• All of the datasets utilized in this research, either collected by the author or acquired 
from other research groups, were based on single movements or imaginations of single 
movements at a time. In order to provide a more powerful control scheme that 
would make the prosthesis act in a more natural way, we need datasets of combined 
motions. In simple words, the performance of all of the proposed methods in this 
thesis and the ones from the literature need to be validated on datasets with each 
class representing multiple movements, for example forearm pronation with wrist 
flexion as one class. In such an approach, there is a need to assign a certain degree 
of believe or membership to each of the movements implemented within each class so
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we can derive tlie prosthesis' motors to respond to these commands of movements.

• A study should be made on the benefits associated from using type-2 fuzzy sets 
that were developed very recently and were shown to be more capable to deal with 
uncertainties than type-1 fuzzy sets employed in this research. A comparison between 
both techniques will also be required to validate its performance on different EEG and 
EMG datasets. This will include developing a newer measure for mutual information 
estimation and fuzzy discriminant analysis in which we have utilized the tvpe-1 fuzzy 
memberships.

• Exploring new applications by means of classifying the EMG or EEG signals. One 
possible application would include attempts to measure the EMG signals from sub
jects with swallowing problems, known in the biomedical area as patients with dys
phagia. This is a general term used to describe the inability to move food from the 
mouth to the stomach. In such an application we need to measure the EMG signals 
from the muscles located on the area surrounding the human neck (this kind of data 
can also be used in speech therapy studies). Accordingly, a study should be made 
to describe the swallowing physiology, and to treat impaired swallowing function in 
dysphagic patients. Despite the increased utilization of the EMG signals, limited 
information is available for investigators and clinicians regarding the validity and 
reliability of interpreting the EMG data in reference to swallowing.

6.3 Conclusion

In this thesis, five new methods were developed that proved to enhance the performance 
of the pattern recognition algorithms utilized within the prostheses devices controllers. 
Specifically, one feature extraction method, two feature selection methods, and two feature 
projection methods were developed.

In the feature extraction step, the wavelet packet transform was utilized with a new 
information estimation measure by the author of this thesis. Comparisons with the most 
powerful wavelet packet based feature extraction methods were presented proving the ac
curacy and the efficiency of the proposed extraction method on various datasets of different 
datasets.

In the feature selection step, we developed two new methods to discover the knowledge 
represented by the features extracted from the EEG and EMG signals. The first method 
was based on a combination of ant colony optimization and differential evolution. The 
method was further generalized by utilizing the DE alone with concepts drawn from the 
ants thus providing a powerful and a computationally very efficient method for feature 
selection. The methods proposed outperformed all of the other methods from the literature 
on various datasets and with different classifiers.
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Finally, in the feature projection step, we developed two new methods based on fuzzy 
discriminant analysis and applied these on different EEG and EMG datasets. A comparison 
with the state of the art ULDA, OLDA. LPP. NPE were made in which the proposed 
methods proved to outperform such methods.

The techniques developed as part of this work have been recognized as major contribu
tions in the area of pattern classification by the experts in the field. The future research 
directions discussed above are surely going to take these contributions further as the need 
to develop automated intelligent systems increases.

Additionally, the work performed in this thesis was cited bv the Australian media. Sev
eral newspapers and websites wrote about the novel ideas proposed in this research to 
enhance the life of amputees and help them restore their ability of interacting with the 
outer world by means of intelligent pattern recognition models.
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Appendix

Datasets Description

The datasets utilized in this research to test, the effectiveness of the proposed algorithms 
are described in this appendix. These datasets will be used interchangeably, and the testing 
scheme applied will be mentioned in the corresponding sections. Below are the details for 
each of these datasets.

Note: Unless otherwise stated, the type of the extracted feature set is given within the 
section corresponding to each of the datasets. This is due to the fact that these datasets 
are employed within many sections. Thus to avoid redundancy we opted to explain the 
feature extraction process utilized with many datasets in the below sections.

A.l Electromyogram (EMG) Datasets Descriptions

Several EMG datasets were acquired for the purpose of validating the performance of the 
proposed algorithms in this thesis. Different methods were applied on these datasets in the 
literature. Whenever possible, the same testing scheme will be utilized in order to measure 
the significance of the proposed algorithms in this thesis in comparison to the literature 
one. Below are the descriptions of the EMG datasets.

A.1.1 DATASET-EMG1

The first dataset was acquired from the robotics and Neural Networks Laboratory in the 
San Diego State University (SDSU) [76, 77]. The focus here is on the synergetic control of 
groups of finger joints that correspond to the basic prehensile motion. In this dataset, EMG 
signals from four channels are sampled and recorded (from several subjects) as the raw 
signal data. Four electrodes were placed above the relevant extensor muscles on the upper 
forearm, which are associated with the specified grasp types: Extensor Pollicis Group.
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Extensor Communis Digitorum, and Extensor Carpi Ulnaris. There are six categories of 
grasp types: small cylinder (SC), large cylinder (LC), small ball (SB), large ball (LB), small 
disk (SD) and a key (SK). The types of grasps considered in this database are: Cylindrical 
grasp, Precision grasp, lateral key grasp, and Spherical grasp, as shown in Fig.A.l. Each 
of the six categories has thirty recorded grasp instances respectively, thus there are in total 
180 recorded grasp instances that will be used for feature extraction.

Lateral

Figure A.l: Grasp types represented by the prehensile EMG dataset.

A. 1.1.1 Feature Extraction

Three methods were utilized for feature extraction. In the first method, a combination 
of the parameters of a 6’th order Autoregressive model (6 features), root mean square (1 
feature), waveform length (1 feature), mean average value (1 feature), skewness (1 feature), 
and time-varying Hjorth parameters described in [131] (6 features) are considered. Thus we 
have 16 features /channel, and for a total of 4 channels we have the total number of features 
64 — 16 features/channels x 4 channels. This combination of features is simply referred 
to as TDAR1 to differentiate it from the one below, i.e., Time Domain AutoRegressive 
features.

The second feature set includes the above combination in addition to the spectral mo
ments of the time domain signal (4 features) [278]. Thus we have 20 features/channel, and 
for a total of 4 channels we have the total number of features 80 20 features/channels x
4 channels. This combination of features is simply referred to as TDAR2 to differentiate it 
from the one above. The goal from this combination is to increase the size of the extracted 
feature set by mixing the different features and then utilize the different dimensionality 
reduction tools to discover the best subsets of features for classification.

The third feature set is constructed by means of the wavelet transform, in which the
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mean of the coefficients at the terminal nodes of the wavelet tree is considered as features. 
In simple words, a Symmlet family of wavelet was utilized with 5 levels decomposition 
tree upon which Eq.3.40 was utilized for feature extraction. Thus from each channels 6 
features were constructed, and for a total of 4 channels the total number of features is 24 

6 features/channel x 4 channels. This feature set is referred to as the WT feature set.

A.1.2 DATASET-EMG2

The second EMG dataset was acquired from the University of New Brunswick in Canada. 
These are the same datasets that were employed bv Levi et al [118], representing a steady- 
state EMG data. The datasets were acquired by using 16 electrodes mounted around 
the human forearm as shown in Fig.A.2. There are ten motions associated with three 
degrees of freedom (DOF's) of the wrist, two different hand grips, and a rest state. In 
particular they are: forearm pronation, forearm supination, wrist flexion, wrist extension, 
radial deviation, unlar deviation, key grip, chuck grip, hand open, and a rest state as 
shown in Fig.A.3. Each session of the dataset consisted of two trials or two repetitions of 
each motion. Six subjects (abbreviated as ’AW’, ’KS\ TIT, ’MW, ’SM\ and 'WMj were 
prompted to complete medium force isometric contractions of 5 seconds duration followed 
by a brief rest period. Each record was 256 ms in duration (256 points sampled at 1024 
Hz, pre-filtered between 10-500 Hz using a 4th order Bessel band pass filter with a gain of 
2000 and a CMRR greater than 96 db/channel).

supinator teres

extensor carpi ulnaris
extensor digitomm communis

Surface Electrodes

flexor digitorum sublimas

flexor carpi ulnaris

3 pronator teres

Figure A.2: A cross-section of the upper forearm showing the surface electrodes locations 
on human forearm [118].
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Key Chuck Rest Forearm Forearm
Grip Grip State Pronation Sup nation

Figure A.3: Ten classes of motion acquired from 16 EMG surface electrodes.

A. 1.2.1 Feature Extraction

Two methods were utilized for feature extraction. In the first method, features were ex
tracted by means of the wavelet packet transform (WPT). The EMG records were decom
posed using a Symmlet family of wavelets with four levels of decomposition. This in turn 
resulted in generating 16 subspaces at the last decomposition level and those were chosen 
as features along each channel (total of 256 features 16 channels x 16 features/channel).

In the second method, a mixture of Time Domain and AutoRegressive (TDAR) model 
parameters were utilized as the feature set. Specifically, a 6th order AR model parameters, 
was utilized with the root mean square (1 feature), integral absolute value (1 feature), 
mean average value (1 feature), slop-sign changes (1 feature), and number of zero crossings 
(1 feature). Thus a total of 11 features/channel. For a total of 16 channel, the total number 
of features are 176 features — 11 features/channel x 16 channels.

Thus the above sets of features are referred to as the WPT and the TDAR feature sets.

A.1.3 DATASET-EMG3

The third dataset was collected by the author of this thesis. This EMG dataset was 
recorded using two EMG channels and processed by the MvoTrac Infinity encoder from 
Thought Technology Ltd with a sampling rate of 2024 sample/sec. Two electrodes were 
placed on the human forearm, the position of these electrodes are shown in Fig. A.4 below. 
There are ten classes of the forearm movement in this dataset. These are summarized 
here as: Wrist Felxion (WF), Wrist Extension (WE), Hand Close (HC), Hand Open (HO), 
Forearm Pronation (FP), Forearm Supination (FS), Key Grip (KG), Chuck Grip (CG). 
Radial Deviation (RD), and finally Ulnar Deviation (UD). Seven subjects participated in 
the data collection process, and for each subject there were six trials of the same movement.

207



A Datasets Description

When collecting the data, the subjects were asked to produce each of the ten specific 
movements with a moderate constant force, and hold that movement for a period of 25 
seconds in each trial. There were six trials or repetitions of each movement, thus generating 
more than enough data to test the system generalization capability.

(a) position of first electrode pair (b) position of second electrode pair

Figure A.4: Bipolar electrodes placement on the right forearm

A. 1.3.1 Feature Extraction

Features were extracted from each analysis window by means of a combination of the first 
six autoregressive coefficients (6 features), the root mean square value (1 feature), waveform 
length(1 feature), mean absolute value(l feature), the sample skewness of the windowed 
data (1 feature), the slope sign change feature (1 feature), number of zero crossings (1 
feature), and the integral absolute value (1 feature). This in turns forms a features set that 
consist of 13 features per channel, thus for 2 channels problem the total number of features 

number of channels (2) x number of features/channel (13) - 26 features. This feature 
set was referred to as the TDAR i.e., a combination of Time Domain AutoRegressive 
feature set.

A. 1.4 DATASET-EMG4

The third dataset utilized in this research is the same one that was originally collected by 
Goge et al [103] from Carleton University. Eight channels of surface EMG were collected 
from the right arm of thirty normally limbed subjects (twelve males and eighteen females). 
Each subject underwent four sessions, with one to two days separation between sessions. 
Each session consisted of six trials. Seven distinct limb motions were used, hand open 
(HO), hand close (HC), supination (S), pronation (P), wrist flexion (WF), wrist extension 
(WE), and rest state (R). The positions of the electrodes are as shown in Fig.A.5. In the
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original research utilizing this dataset [41, 103], data collected from only the fourth session 
was used as session four should have the least amount of variability and the majority of 
any learning effects. For this reason specifically, only the six trials from session four are 
considered in this thesis too.

Figure A.5: Electrodes placement on the right arm within the third dataset.

A. 1.4.1 Feature Extraction

Two sets of features are extracted from this dataset. The first set of extracted features in
cluded a combination of the first four autoregressive coefficients and the root mean square 
value as the feature vector (feature set size is 40 - 8 channels x 5 features/channel). 
This feature set was referred to as the TDAR i.e., a combination of Time Domain 
AutoRegressive feature set. It is worth mentioning here that the TDAR feature extrac
tion code that is written in Matlab is the same as the one used by the original group that 
collected and utilized this dataset [41, 103]. This will in turn support us to determine the 
significance of the results acquired by the proposed algorithms in this thesis.

The second feature set extracted included the mean of the square values of the wavelet 
coefficients using a Symmlet wavelet family with five levels of decomposition (feature set 
size is 48 — 8 channels x 6 features/channel). This feature set was referred to as the WT,
i.e., Wavelet Transform based feature set. The analysis window size was 256 msec, that is 
incremented every 32 msec.

A.2 Electroencephalogram (EEG) Datasets

Three EEG datasets were utilized in this thesis: the first one was acquired from the BCI- 
Competition website, the second one was acquired from another University, and the third 
was measured specifically for the purpose of this research by the author of this thesis. 
Below are the corresponding details for each of them.
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A.2.1 DATASET-EEG1

This data set continuous signals of 118 EEG channels from one healthy subject who sat 
in a comfortable chair with arms resting on arm-rests. The data set contains only data 
collected from the 7 initial sessions. The first 3 sessions are given with labels as training set. 
Visual cues (letter presentation) indicated for 3.5 seconds which of the motor imageries 
tasks including left hand (L) or right foot (R) the subject should perform. Only cues 
for the classes left and foot are provided for the competition thus we consider it as a 
two class problem. Continuous EEG signals of sessions 4 to 7 are given without any cue 
information (neither target class nor timing) as test set. Due to the huge size of this 
datasets that didn't fit within Mat lab running on a Pentium-4 with 3 GByte of memory, 
then only the training set was utilized in our experiment. The dataset is referred to as 
Data set IVb (motor imagery), and is available at http://ida.first.fhg.de/projects/ 
bci/competition\_iii/desc\_IVb.html.

A.2.1.1 Feature Extraction

A continuous windowing approach was utilized to aid in the feature extraction process. In 
such an approach, a sliding window of 2 seconds length was incremented by .25 second 
each time, where the sampling frequency was equal to 1000 Hz, thus the approach will 
provide an output decision from the classifier within each quarter of a second. Different 
feature sets were extracted from each analysis window with this dataset. This is done in 
oder to test the performance of the proposed F1TWPT method proposed in chapter four 
with other methods from the literature. For this purpose, we the considered the following 
as possible feature sets for which the implementation of most of them are included in the 
BioSig toolbox (an open source software library for biomedical signal processing available 
at http://biosig.sourceforge.net/):

1. Parameters of AutoRegressive (AR) Model: this feature set represents the parameters 
of an AR model of order 6.

2. Wackermann: This feature set was proposed by Wackermann [281] and it includes 
calculations of the global held strength, the global frequency, and a measure of spatial 
complexity.

3. Short Time Thomson Transform (STTT): the multiple windows spectrum estimation 
scheme proposed by Thomson [272] for low bias and low variance estimation is also 
utilized her as a possible feature set. The number of windows utilized was 8 with an 
overlap rate of 20%.

4. Short Time Fourier Transform (STFT): in which a signal is divided into short seg
ments and Fourier Transform is applied to each segment. The number of segments 
utilized was 8 with an overlap rate of 20%.
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5. Barlow Parameters (Barlow): these include activity, mobility, and complexity of the 
EEG signals as described bv Goncharova and Barlow [104].

6. Hjorth parameters (Hjorth): these include activity, mobility, and complexity of the 
EEG signals as described by B. Hjorth [131].

A.2.2 DATASET-EEG2

The first Electroencephalogram (EEG) dataset was obtained from the Department of Med
ical Informatics at the University of Technology. Graz, in Austria. It is the same one used 
in (245. 10]. EEG signals were recorded for three right-handed females with 56Ag/AgCl 
Electrodes using monopolar montage, with reference electrode on the right ear and the 
grounding electrode on the forehead. Electrodes location on the head is shown in Fig.A.6. 
The subjects were placed in an armchair and asked to imagine right or left finger move
ments according to stimuli on screen. A total of 8 seconds of data were recorded at 128 Hz 
sampling rate, 2 seconds before the stimuli and 6 after it. A total of 406 trials were used. 
208 for left movement and 198 for right. The data were recorded while subjects imagined 
finger movement. The recordings were triggered with a beep.

Figure A.6: Electrodes placement on the right arm within the third dataset.

A.2.2.1 Feature Extraction

Sampled windows from each channel were decomposed into a four level of decompositions 
using the Svmmlet family of wavelets as shown in Fig.A.7. Features were extracted from 
all of nodes of the generated WPT trees according to Eq.3.40 that we proposed in chapter
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four. Since a single analysis window will form 31 nodes (considering the feature of the first 
node) then the total number of features extracted from the samples from 56 channels is 
1736 (56 channels x 31 features channel).
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Figure A.7: Wavelet packet decomposition of the 56 EEG channels

The resulting dataset represents a highly challenging task to the feature selection al
gorithms, where the multi-dimensionality aspect adds to the complexity of the problem 
in extracting features that best interact together to enable best description of subjects’ 
intention.

A.2.3 DATA SET-EEG 3

The second EEG dataset was collected by the author of this thesis in cooperation with 
another doctoral student "Akram Al-Sukker". The data collection procedure was approved 
by the Research and Development office ethical committee at the University of Technology, 
Sydney (UTS). The EEG dataset was recorded using two EEG channels and processed by 
the ProComp2 encoder from Thought Technology Ltd. Five subjects participated in the 
experiments. Electrodes were placed on the C’3 and C4 locations that are known to show 
the most prominent changes for motor imagery data. Each user was instructed to imagine 
three different classes of the arm movement, these are: Elbow Flexion, Pen Grip, and Hand 
Open as shown in Fig.A.8. The users were asked to perform 12 trials of imagining each 
of these classes. Within each trial, a total of 30 seconds of data were recorded at 256 Hz 
sampling rate.
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Class-3: Hand Open Oass-2: Pen Grip Class -1; Etbmv Fkxirn

Figure A.8: Different classes of hand movements that the user imagined

A.2.3.1 Feature Extraction

The extracted feature set included a combination of AR features with additional time do 
main features like skewness (SKEW), mean average value (MAY), waveform length (WL) 
and root mean square (RMS). The total number of extracted features were 10 from eacl 
channel, thus 20 features were extracted from the two channels (10 features/'channel (,
AR + SKEW + MAY WL + RMS).

A.3 Ethical Approvals

Two ethical approvals were acquired for the purpose of this research, the first for measuring 
the EEG data and the second for the EMG data. The reference number for each of thos*. 
two clearances is:

• EEG Pattern Recognition - clearance number is UTS HREC REF NO. 2008-141A.

• EMG Pattern Recognition - clearance number is UTS HREC REF NO. 2009-181A
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