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Abstract 

New understanding of the brain function and increasing availability of low-cost-non-invasive 

electroencephalograms (EEGs) recording devices have made brain-computer-interface (BCI) 

as an alternative option to augmentation of human capabilities by providing a new non-

muscular channel for sending commands, which could be used to activate electronic or 

mechanical devices based on modulation of thoughts. In this project, our emphasis will be on 

how to develop such a BCI using fuzzy rule-based systems (FRBSs), metaheuristics and Neural 

Mass Models (NMMs). In particular, we treat the BCI system as an integrated problem 

consisting of mathematical modelling, machine learning and classification. Four main steps are 

involved in designing a BCI system: 1) data acquisition, 2) feature extraction, 3) classification 

and 4) transferring the classification outcome into control commands for extended peripheral 

capability. Our focus has been placed on the first three steps.  

This research project aims to investigate and develop a novel BCI framework encompassing 

classification based on machine learning, optimisation and neural mass modelling. The primary 

aim in this project is to bridge the gap of these three different areas in a bid to design a more 

reliable and accurate communication path between the brain and external world.  

To achieve this goal, the following objectives have been investigated: 1) Steady-State Visual 

Evoked Potential (SSVEP) EEG data are collected from human subjects and pre-processed; 2) 

Feature extraction procedure is implemented to detect and quantify the characteristics of brain 
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activities which indicates the intention of the subject.; 3) a classification mechanism called an 

Immune Inspired Multi-Objective Fuzzy Modelling Classification algorithm (IMOFM-C), is 

adapted as a binary classification approach for classifying binary EEG data. Then, the DDAG-

Distance aggregation approach is proposed to aggregate the outcomes of IMOFM-C based 

binary classifiers for multi-class classification; 4) building on IMOFM-C, a preference-based 

ensemble classification framework known as IMOFM-CP is proposed to enhance the 

convergence performance and diversity of each individual component classifier, leading to an 

improved overall classification accuracy of multi-class EEG data; and 5) finally a robust 

parameterising approach which combines a single-objective GA and a clustering algorithm 

with a set of newly devised objective and penalty functions is proposed to obtain robust sets of 

synaptic connectivity parameters of a thalamic neural mass model (NMM). The 

parametrisation approach aims to cope with nonlinearity nature normally involved in 

describing multifarious features of brain signals. 
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Chapter 1 

Introduction 

1.1 General Background 

New understanding of the brain function and increasing availability of low-cost-non-invasive 

electroencephalograms (EEGs) recording devices have made brain-computer-interface (BCI) 

as an attractive option in order to augment human capabilities by providing a new non-muscular 

channel for sending commands which could be used to activate electronic or mechanical de-

vices based on modulation of thoughts. In this project, the emphasis will be on how to develop 

such a BCI using fuzzy rule-based systems (FRBSs), metaheuristics and Neural Mass Models 

(NMMs). In particular, we will treat the BCI system as an integrated problem consisting of 

mathematical modelling, machine learning and classification. Four main steps are involved in 

designing a BCI system: 1) data acquisition, 2) feature extraction, 3) classification and 4) trans-

ferring the classification outcome into control commands for extended peripheral capability. 

Our focus has been placed on the first three steps. Although there exist a wide range of ap-

proaches addressing BCI, a systematic way of designing an ensemble classifier using prefer-

ence-based multi-objective metaheuristics and FRBSs has not been found in the previous stud-

ies. Furthermore, the idea of using a set of biologically plausible parameters offered by NMMs 

for classification purpose has not been attempted so far. In light of the above, in addition to 

specifically designed data acquisition and feature extraction steps, this project has also been 
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centred around three main topics, viz. FRBS-based classifier for multiclass classification, 

multi-objective ensemble classification and parameterising NMMs.  

 1.2 Project Description 

This research project aims to investigate and develop a novel BCI framework encompassing 

classification based on machine learning, optimisation and neural mass modelling. The primary 

aim in this project is to bridge the gap of these three different areas in a bid to design a more 

reliable and accurate communication path between the brain and external world.  

Traditional ways of studying BCI often include acquiring appropriate brain signals and estab-

lishing classification models based on the features extracted from the acquired data (Mason 

and Birch 2003). Although the acquired signal types and features for classification are varied, 

they represent the state-of-the-art in BCI towards interfacing human intentions with the outside 

world. Different BCI applications often require different brain signals which are categorised in 

five frequency bands, namely a) Delta (<4 HZ), b) Theta (4-7 HZ), c) Alpha (8-15 HZ), d) Beta 

(16-31 HZ), and e) Gamma (32+ HZ) (Buzsáki 2006). Appropriate feature extraction methods 

(Mallat 1989, Al-Fahoum and Al-Fraihat 2014) have to be chosen in an ad-hoc manner in order 

to achieve satisfactory classification accuracy.  

The ad-hoc way of choosing which features should be included for classification put a signifi-

cant constraint on studying BCI as these features normally do not reflect the physiological 

mechanisms underlying brain activities. Therefore, these biologically implausible features are 

data dependent, i.e. prone to be sensitive to subjects and varying environmental conditions, 

inevitably leading to the requirement of a fairly large number of participating subjects and 

stringent experimental conditions. NMMs may help to overcome this problem by modelling 

the areas of the interest of the human brains. Furthermore, NMMs offer a set of biological 
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plausible connectivity parameters. Those biologically plausible parameters de facto offer an 

effective way of simulating various brain signals across different subjects under varying testing 

environments (e.g. with different noise and interruptions).  

The significance of this modelling capability lies in: 1) speeding up the research progress by 

saving the time spent on recruiting and training the right subject, as well as on repeating the 

recording process until sufficient and satisfactory data are acquired; 2) providing more data 

under various experimental conditions which are not attainable in real experiments due to time, 

personal and environmental constraints. 

There are two important facts that need to be taken into account while using neural mass mod-

els: 1) Choosing the right model for a particular application; there is an extensive literature 

review on using neural mass models; although mostly in medical applications (such as diag-

nosing epilepsy and seizure (Lopes da Silva et al. 1974), they provide direct references for 

simulating brain signals for non-medical applications (Petersen et al. 2014) .2) Parameterising 

neural mass models; depending on the particular application domain, part or all of the model’s 

parameters need to be parameterised so that the output of the model reflects the underlying 

mechanisms of brain activities; the parametrised model should present certain robustness to the 

dynamic and changing environment both external and internal to the model (Paenke and Branke 

2006, Salomon et al. 2014, Zareian, Chen, and Bhattacharya 2016) 

Obtaining sets of optimal and robust connectivity parameters underpinning the model with its 

output reflecting experimental EEG data is prerequisite for a successful BCI application. The 

recorded EEG data in this case is used as a reference so that the model can capture the key 

features (e.g. the spikes, local minima between spikes, inflection points, and the number/order-

ing/positions of them that take place in a cycle (Nevado-Holgado et al. 2012)) of the measured 

signals, producing an output containing the same features. A data fitting procedure involves 
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the four main steps which are listed as follow: 1) signal pre-processing 2) segmentation 3) 

feature extraction, and finally 4) obtaining the optimal parameter sets for the neural mass 

model. As the connectivity parameters are governed by mathematical modelling of brain activ-

ities, they are not purely data-driven parameters. Therefore, obtaining the optimal parameters 

through the data fitting procedure offers a potentially alternative route of using the connectivity 

parameters as the direct features for classification purpose.  

In designing a BCI system, the first three aforementioned data fitting steps are also the main 

steps at the classification stage. Therefore, the same steps are also adopted in the development 

of FRBS-based multiclass and ensemble classifiers. FRBS is an approach that combines both 

human knowledge and machine learning to account for complex systems’ knowledge acquisi-

tion. To further improve the transparency and generalisation capability of FRBSs, FRBSs have 

been hybridised with different learning algorithms including neural networks (Jang 1993) (J. 

Chen and Mahfouf 2012) and multi-objective metaheuristics. A particular line of research fo-

cused on hybridising multi-objective metaheuristics with FRBSs aims to simultaneously im-

prove models’ transparency and generalisation capability (J. Chen and Mahfouf 2012). Multi-

objective metaheuristics are very suitable for that task as it derives a set of Pareto solution by 

simultaneously evolving the structure and parameters of the FRBS. In this project, a particular 

multi-objective FRBS modelling approach (J. Chen and Mahfouf 2012) has been chosen for its 

good performance in generalisation and ability to express the knowledge of the elicited model. 

The approach was originally designed for regression problems but have been adapted for binary 

classification in this project.  

BCI systems normally involve more than two control commands that are associated with cor-

responding brain activities, leading to a multi-class classification problem. Instead of having a 

single classifier that can relate respective brain activities to different control commands, it has 
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been shown that by decomposing a multi-class problem into a set of binary classification prob-

lems, the overall classification accuracy can be improved if appropriate aggregation methods 

are used at the end (Eichelberger and Sheng 2013). In light of this, we decomposed the multi-

class classification problem into six binary classification problems corresponding to EEG sig-

nals subject to different stimulus at different frequencies and adopted an arrogation method to 

give the overall classification result.  

As the multi-objective FRBS-based classification approach leads to a set of FRBS-based clas-

sifiers with varying structures and parameters, we further exploit that property to develop the 

adapted FRBS-based approach into an ensemble classification framework. It has been shown 

that as long as individual component classifiers are sufficiently different from each other and 

accurate enough, using an appropriate committee voting strategy will lead to an classification 

result that is no worse (often better) than the performance of each component classifier (Xin 

Yao and Yong Liu 1998). Therefore, the concept of preference-based search has been further 

incorporated into the learning process so that the search is focused only on the region that can 

produce a set of accurate enough FRBSs, resulting in a better convergence at the end of the 

search process (Yi et al. 2018). By taking into account diversity as one of the objectives, the 

proposed ensemble classification framework can simultaneously improve the diversity and 

classification accuracy of each individual component classifier, leading to a better overall clas-

sification accuracy.  

In light of the above, the overarching aims of this project are: 

1) Design experiments for extracting Steady-State Visual Evoked Potential (SSVEP) signals, 

which were in line with the requirement of Neural Mass Modelling.  

2) Develop a feature extraction procedure to detect and quantify the characteristics of brain 

activities which indicates the intention of the subject.  
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3) Develop an ensemble classification mechanism based on multi-objective fuzzy rule-based 

systems and preference-based search algorithms in order to classify the feature vectors in the 

right classes with the aim to increase the classification accuracy rate. 

4) Develop a robust NMMs parameterisation approach based on metaheuristics and clustering 

algorithms and a data fitting procedure using the extracted features in 2). 

5) Investigate the difference in the identified connectivity parameters subject to different stim-

ulus. 

1.3 Original Contributions 

The original contributions of this thesis are of the followings: 

❖ A classification mechanism called an Immune Inspired Multi-Objective Fuzzy Model-

ling Classification algorithm (IMOFM-C), which was originally designed for regres-

sion problems, is adapted as binary classification approach for classifying multi-class 

Electroencephalogram (EEG) data. 

❖ An aggregation method called Decision Directed Acyclic Graph Distance (DDAG-Dis-

tance) is proposed to aggregate the outcomes of IMOFM-C binary classifiers.  

❖  Building on IMOFM-C, a preference-based ensemble classification framework 

known as IMOFM-CP is proposed to enhance the convergence performance and diver-

sity of each individual component classifier, leading to an improved overall classifica-

tion accuracy of multi-class EEG data.  

❖ The proposed ensemble classification mechanism has been rigorously tested with 

benchmark problems and has been applied to the classification of Steady-State Visual 
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Evoked Potential (SSVEP) EEG data of 4 human subjects, showing improved classifi-

cation accuracy against that of individual component classifier.  

❖  A robust parameterising approach which combines a single-objective GA and a clus-

tering algorithm with a set of newly devised objective and penalty functions is proposed 

to obtain robust sets of synaptic connectivity parameters of a thalamic neural mass 

model (NMM). The parametrisation approach aims to cope with nonlinearity nature 

normally involved in describing multifarious features of brain signals 

❖ The parameterised NMMs with the proposed parametrisation approach has been tested 

by fitting NMMs to the real EEG recordings. Preliminary investigation into the feasi-

bility of using the fitted connectivity parameters for the classification purpose has also 

been carried out by comparing the difference in different sets of fitted connectivity pa-

rameters that were fitted to EEG recordings at different frequency bands.    

1.4 Outline of the Thesis 

The thesis is organized as follows: 

Chapter 2 gives a basic introduction to the relevant aspects of brain functions, neuroscience, 

Brain-Computer-Interface (BCI) and state-of-the-art in BCI studies. The emphasis is then given 

to the general aspects of machine learning algorithms, in particular classification mechanisms 

and metaheuristics algorithms. Finally, an overview of Neural Mass Models (NMMs) as an 

appropriate approach to acquiring a deep insight into high-level brain rhythms, resulting in a 

better simulation of brain dynamics, is provided.  

Chapter 3 presents the experimental protocol for Electroencephalogram (EEG) data acquisi-

tion. The data pre-processing procedure for enhancing the quality of the recorded signals prior 
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to the feature extraction has also been explained in detail. Finally, the feature extraction proce-

dure is presented that prepares the feature vectors for the classification algorithms introduced 

in the remaining chapters. 

Chapter 4 discusses the implementation of an Immune Inspired Multi-Objective Fuzzy Mod-

elling approach for binary classification problems (IMOFM-C), which is originally designed 

for regression problems. In this chapter, IMOFM has been adapted for classification of multi-

class SSVEP EEG data. IMOFM-C has been exploited to elicit a set of accurate and interpret-

able FRBSs which provide the basis for designing effective ensemble classifiers in Chapter 5. 

Furthermore, One-Against-One (OAO) decomposition-based approach is explained which is 

used to decompose the multi-class EEG data into six binary classification problems. Finally, 

The DDAG-Distance aggregation approach is proposed to aggregate the outcomes of IMOFM-

C based binary classifiers. The proposed IMOFM-C classification mechanism has been tested 

on the SSVEP EEG data recorded from 4 human subjects and two benchmark datasets. Com-

paring to various baseline classification algorithms, such as adaptive neuro fuzzy inference 

system (ANFIS), artificial neural networks (ANNs),the CART decision tree algorithm, and 

Support Vector Machines (SVM), the proposed IMOFM-C based multi-class classification al-

gorithm presents superior performance in terms of both accuracy and interpretability.   

Chapter 5 presents a preference-based ensemble classification framework known as IMOFM-

CP which is developed based on the IMOFM-C classification mechanism introduced in Chap-

ter 4. IMOFM-CP is designed to promote the diversity among the elicited classification models 

within preferred and small Regions of Interest (ROIs) on the Pareto-front, IMOFM-CP better 

utilises the power of each individual classification model as a member of a committee classifier 

(i.e. ensemble classifier). IMOFM-CP is applied to both benchmark problems and the real-

world multi-class EEG data sets. The results of IMOFM-CP are compared to those based on 

IMOFM-C. The results confirm the fact that aggregating a set of elicited classifiers leads to 
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more accurate classification performance than that of the individual classifier or, in the worst 

cases, equally good classification performance. 

Chapter 6 presents a robust optimisation approach for parameterising a thalamic neural mass 

model that simulates brain signals such as those observed in EEG and local field potentials. 

The parameterisation approach proposed in this chapter is based on a single-objective Genetic 

Algorithms (GAs) incorporating more recent concepts in robust optimisation and a clustering 

algorithm. The proposed approach aims to tackle the stochastic nature of the extrinsic inputs. 

The clustering algorithm is used to identify several potential regions that corresponds to certain 

brain activities as reflected in the real EEG data. This systematic approach facilitates a more 

rigorous search of the wider parameter space under conditions of uncertainties introduced by 

stochastic extrinsic model inputs, as well as by minor variations in parameter values that sim-

ulate environmental and inter-individual differences in the model. 

Finally, concluding remarks, new perspectives and future directions are given in Chapter 7. 
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Chapter 2 

Brain-Computer-Interface and 
Neural Mass Modelling 

The aspect of Brain-Computer-Interface (BCI) has constantly captured popular imagination. 

The feasibility of the idea in using brain signals rather than peripheral parts of the human body 

to interact with the external environment has fascinated generations of scientists, especially the 

neuroscientists alike in recent years (Kandel 2000, Schiff 2011). Deep understanding of com-

plex functionalities of the human brain structure is a vital and often the first step towards having 

a successful BCI system. Although such an attempt has been pursued alongside the BCI tech-

nology since more than three decades ago (Georgopoulos et al. 1982), the understanding of 

human brain functionalities is still remained as one of the fast growing and open research areas. 

Traditional ways of studying BCI often include acquiring appropriate brain signals and estab-

lishing classification models based on the acquired data (Mason and Birch 2003). However, in 

designing a successful BCI system with satisfactory classification accuracy, a fairly large num-

ber of participating subjects and experiments are required which put a significant constraint on 

studying BCI. Neural mass models can help to overcome this problem by modelling the Region 

of the interest (ROI) of the human brains. Furthermore, they allow us to reconstruct ROIs that 

are inaccessible to measurement. This de facto offers an effective way of simulating various 

brain signals across different subjects under varying testing environments (e.g. with different 

noise and interruptions). 
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This project represents one of the first attempts to bridge the gap between the traditional BCI 

approaches based on machine learning algorithms and neural mass models. In chis chapter, we 

first review the basics of neuroscience. The main principals underlying BCI are reviewed in 

Sections 2.1 to 2.4. Machine learning algorithms including linear and non-linear classification 

algorithms are discussed in Section 2.5. The review of the most established neural mass mod-

elling approaches along with different parameterisation techniques are provided in Section 2.6. 

The review in this chapter is meant to be comprehensive but non-exclusive.  

2.1 Brain Functions and Basic Neuroscience  

Over the past two decades, the study of brain functions, involving information processing in a 

complex network of neurons, has attracted a significant attention among researchers in neuro-

science (Rao 2013). Information processing underlying different brain functions, such as sen-

sory, motor and cognitive functions, is carried out by a large group of interconnected neurons, 

which are the cells in charge of encoding, transmitting and integrating signals inside or outside 

the nervous system.   

The typical structure of a neuron includes: 1) a cell body (the soma); 2) a tree-like structure 

with branches called dendrites connected to the soma; dendrites propagate the electrochemical 

stimulation received from other neural cells to the soma; and 3) a single branch called the axon 

that conveys the electrical impulses from the soma to other neurons (Rao 2013). Neurons com-

municate with each other through connections of the dendrite-axon pairs. Such connections are 

known as synapses through which signals (typically as chemical) are transmitted. Synapses can 

be excitatory or inhibitory. An excitatory synapse causes an increase in the local membrane 

potential of the postsynaptic cell which is called the excitatory postsynaptic potential (EPSP). 
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An inhibitory synapse causes a decrease in the local membrane potential of the postsynaptic 

cell which is known as the inhibitory postsynaptic potential (IPSP) (Rao 2013). 

In the task of transmitting the information between neurons, changes occur in the electric po-

tentials of neurons at rest. Such potential is called the resting membrane potential. When a 

neuron receives sufficiently strong inputs (the net effect of EPSP and IPSP) from other neurons, 

a short-lasting event occurs, leading to a rapid rise and fall in the membrane potential known 

as an action potential. The action potentials are the units of information transmissions, which 

occur at the interneurons levels and are characterised by certain amplitudes and durations. The 

transmitted information is believed to be encoded in the frequencies of action potentials known 

as the firing rate, as well as the timings of action potentials (Deco et al. 2008). 

Regarding the brain organisation, the human nervous system is mainly divided into the central 

nervous system (CNS) and the peripheral nervous system (PNS). PNS consists of neurons con-

nected to skeletal muscles, skin and sense organs, and neurons that control visceral functions 

such as the pumping of the heart and breathing. Another important part of the human brain is 

neocortex which is part of the cerebral cortex, arranged in six layers and is involved in higher 

functions such as sensory perception (sight, hearing, taste, smell and touch), generating motor 

commands (planning, controlling and execution of voluntary movements), spatial reasoning 

(ability to mentally manipulate 2-dimentioanl and 3-dimaentional figures), conscious thoughts 

and language. The main type of neuron in the cortex is excitatory pyramidal neurons and the 

other one is inhibitory interneurons  (Rao 2013). The CNS consists of the brain and the spinal 

cord. The spinal cord conveys the motor-control signals from the brain down to the muscles 

and sensory feedback information from the muscles up to the brain. The top surface and the 

centre of the brain, where thalamus is located, is regarded as the relay station, conveying all 

the information from the sensory organs to the neocortex  (Rao 2013).Thalamus consists of 

two main components: 1) the dorsal thalamus consisting of nuclei with relay cells projected to 
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neocortex; and 2) the ventral thalamus consisting of thalamic reticular nucleus (TRN). Another 

cellular component of the thalamus, apart from relay and reticular cells, is the interneurons 

(INs) (Sherman 2006). It is believed that thalamus, apart from being the relay station, is also 

involved in active feedback loops with the neocortex through many cortico-thalamic feedback 

connections known to exist between these two regions of the brain  (Rao 2013). 

Human brain shows neural oscillations which are rhythmic patterns generated through the in-

teraction of neurons. These rhythmic patterns are classified into different frequency bands: 1) 

delta (1-4Hz) for the deep sleep state, 2) theta (4-8 Hz) for the deep meditation and light sleep, 

3) alpha (8-13Hz) for wakeful relaxation with closed eyes, 4) beta (13-30 Hz) for waking con-

sciousness and critical reasoning state, and 5) gamma (30-70 Hz) for burst of insight and high 

level of information processing (Buzsáki 2006). These oscillatory patterns serve as important 

indicators (through different amplitude and rhythmic patterns) to the onset of certain patholog-

ical changes and intentions, such as in detecting neurological disorders including the seizure, 

epilepsy, and Alzheimer disease (Parvez and Paul 2014 , Al-Jumeily et al. 2015, Bhattacharya, 

Coyle, and Maguire 2011) , and in classifying different intentions in BCI (Akilandeswari and 

Nasira 2014).    

When a group of neurons generate neural oscillations, they can be measured through different 

techniques (Sen Purkayastha, Jain, and Sardana 2014), among which Electroencephalogram 

(EEG) is one of the most popular ones, receiving much attention since its inception (J. R. 

Wolpaw and Wolpaw 2012) and will be expanded in more details in Section 2.3. This provides 

direct and non-invasive access to the reference signals at ROIs and sheds light on more accurate 

neural mass modelling.     
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2.2 Brain-Computer Interface (BCI) 

Brain’s Central Nervous System (CNS) interacts with the external world by generating neuro-

muscular or hormonal outputs. BCI is a computational system that measures activities of the 

CNS and converts such activities into artificial outputs. The artificial outputs replace, enhance 

or improve natural CNS outputs. The artificial outputs ultimately change the interaction be-

tween the CNS and its external environment (J. R. Wolpaw and Wolpaw 2012). Therefore, BCI 

represents one of the significant and latest solutions that extends human’s controlling capabil-

ities directly by the means of brain signals. The main steps involved in order to create a com-

munication link between the brain and external world include: 1) recording brain signals with 

either invasive or non-invasive recording techniques (Gert Pfurtscheller, Brendan Allison 

2010); 2) signal pre-processing and feature extraction; and 3) classifying the feature vectors 

into appropriate commands for interacting with the outside world (Rao 2013, Wolpaw and 

Wolpaw 2012, Shih, Krusienski, and Wolpaw 2012). BCI has been used for different types of 

applications including medical and non-medical ones (Abdulkader, Atia, and Mostafa 2015).   

In medical applications, BCI tries to overcome functional deficits. An example of this is to 

design a vision based non-invasive BCI for grasping an object using a robotic arm. In this case, 

a user wearing an EEG headset chooses an object from a scene image displaying in a visual 

stimuli grid. After going through the main steps mentioned above, the command will be gen-

erated and sent to the robotic arm, and the action will be performed. This kind of the BCI 

system can help patients suffering from certain forms of disability which makes them unable 

to perform their daily tasks independently or without the aid of a human carer. It is particularly 

useful for patients suffering from a brainstorm stroke or amyotrophic lateral sclerosis, who 

eventually become completely locked-in and are unable to move any muscles in the body 

(Pathirage et al. 2013). 
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Another example for using BCI in medical applications is for treating a number of cognitive 

neurological disorders such as predicting and controlling seizure. In these works, real-time de-

tection and prediction algorithms (Osorio, Frei, and Wilkinson 1998), responsive simulation 

(Morrell 2011) and closed-loop control systems for the seizure detection are employed (Xin-

Chun Zhang 2013). They are incorporated into BCI to monitor the onset of the seizure. Upon 

its detection, appropriate drugs can be delivered to supress the seizure before it spreads to other 

parts of the brain (Qi et al. 2014, Luijtelaar 2013, Rao 2013). 

There has been a significant rise in the number of non-medical applications. One notable ex-

ample is to monitor alertness of humans during the performance of critical tasks, such as driv-

ing (Mardi, Ashtiani, and Mikaili 2011). Having the technology to monitor the vigilance of 

drivers can prevent catastrophic accidents which are caused due to tiredness or drowsiness 

driving. It has seen many EEG-based BCI studies applied to monitoring brain signal transitions 

from an alert state to a state indicating lack of alertness (Wang and Li 2012, Rao 2013). 

2.3 Measuring Brain Activities (Non-Invasive vs. Invasive 

Techniques) 

There are two classes of methods in measuring brain activities, namely invasive and non-inva-

sive techniques. Invasive techniques take measurements from individual neurons of the brain. 

Therefore, some forms of surgery to remove a part of the skull are required. An electrode is 

then placed in the brain to replace the removed part of the skull. As this method involves a 

brain surgery, it can cause pain during the surgery and require a recovery process. It also runs 

the risk of infections. However, the major benefit of invasive techniques over non-invasive 

ones lies in its capability to record action potentials in the millisecond timescale. Intracellular 
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recording technique is an example of invasive technique which measures the voltage and cur-

rent across the membrane of the neurons. In this technique, a tip of a fine microelectrode must 

be inserted inside the cell in order to record the membrane potential. A microelectrode is a 

simple wire with a sharp pin or other electrical conductor which are used to make the contact 

with the brain tissue  (Rao 2013). Non-invasive techniques measure indirect correlations of 

neural activity such as the blood flow which occurs at hundreds of milliseconds. Non-invasive 

techniques do not involve a brain surgery. Among many non-invasive techniques, EEG is one 

of the most popular non-invasive measuring techniques which applies the electrodes onto the 

scalp for the recording purpose.  EEG records the brain’s spontaneous electrical activity over 

a period of time from the multiple electrodes placed on the scalp  (F.H.Lopes Da Silva 1982). 

To conduct EEG recording experiments, an internationally recognised method, known as the 

10-20 international System, is developed (Rao 2013). 10-20 international system defines the 

locations of the scalp electrodes in the context of an EEG test (as shown in Figure 2.1) (Acharya 

et al. 2016).  

  

Figure 2.1 10-20 International System (Acharya et al. 2016). 
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Here, “10” and “20” correspond to the distances between the adjacent electrodes which are 

either 10% or 20% of the total front-back or right-left distances of the skull. The letters, F, T, 

C, P and O, stand for Frontal, Temporal, Central, Parietal and Occipital lobes respectively 

(Acharya et al. 2016).  

2.4 EEG Brain Signals 

2.4.1 Event Related Potentials (ERPs) 

Event Related Potentials (ERPs) are very small voltages generated in the brain structures in 

response to stimuli (Sur and Sinha 2009). It is believed that sensory stimuli events can cause 

time-locked changes or ERPs which are seen in the activities of neural population. One of the 

main techniques for detecting event-related potentials is averaging as it is believed that ERPs 

activities have fixed time delays to the stimuli, while the ongoing EEG activities behaves like 

additive noise; moreover, the averaging technique enhance the signal to noise ratio. The P300 

wave is one of such ERPs and is usually elicited using the oddball paradigm. The oddball par-

adigm is an experimental designed platform used for ERP research, in which a sequence of 

repetitive audio or visual stimuli are represented and infrequently interrupted by a deviant stim-

ulus (J. Wolpaw and Wolpaw 2012). An example of such an experimental platform is the P300 

speller (Guan, Thulasidas, and Wu 2004). The presence of stimulus in an oddball paradigm 

will produce a positive peak as the response with a latency between 250 to 750 milliseconds 

(Comerchero and Polich 1999). The electrodes that P300 are usually recorded from comply 

with the 10-20 international system. The amplitude of the P300 wave is in the range of 2 to 5 

µV. Considering its low amplitude with respect to the background activities of the brain, EEG 

is averaged over multiple trials to enhance the amplitude of the P300 signal and for a better 
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detection of P300 (Amiri et al. 2013). Figure 2.2 shows an example of the average P300 re-

sponse versus the average background EEG (Non- P300). As P300 can be detected through 

non-invasive and portable devices, P300-based BCIs have received a growing interest over the 

past two decades as an inexpensive and reliable platform (J. Wolpaw and Wolpaw 2012).  

 

Figure 2.2 An example of the average P300 response versus the average background EEG. 

2.4.2 Induced Activities (ERD/ERS) 

Unlike ERP activities, induced activities are triggered by visual stimuli in which there might 

be time locked changes but not phased-locked. In another words, induced activities make fre-

quency changes in ongoing EEG activity which can lead to decrease or increase of amplitude 

in a specific frequency. This event can be interpreted as increasing or decreasing of the syn-

chrony of the underlying neural populations; the former called Event-Related-Synchronisation 

(ERS) and the latter is known as Event-Related-Desynchronisation (ERD) (Pfurtscheller and 

Lopes da Silva 1999). As it is shown in Figure 2.3, ERD corresponds to decrease in power, 

while ERS shows an increase in signal power (Lemm, Müller, and Curio 2009) 
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Figure 2.3 An example of Event Related Synchronisation (ERS) and Event Related-Desyn-

chronisation (ERD) distinguished from constant baseline level (black dashed line).  

2.4.3 Steady State Visual Evoked Potential (SSVEP) 

Steady-State-Visual Evoked Potentials (SSVEPs) are stable oscillations in voltage that are 

evoked by sudden visual stimuli such as a light flash or appearance of an image. The successive 

stimulus representations evoke similar responses and the overlap of these responses produces 

a steady-state oscillation  (Middendorf et al. 2000). SSVEPs can be measured by traditional 

averaging method or frequency analysis in which peaks at the frequency of stimulation and 

also other harmonic frequencies appear. SSVEP has been used as one of the main brain signals 

for designing BCIs (Middendorf et al. 2000, Cheng et al. 2002, Kelly et al. 2005) as it demands 

less attention and is less sensitive to artefacts as long as the frequencies of the artefacts are not 

overlapping with the stimulus frequencies (Leow, Ibrahim, and Moghavvemi 2007). In a stand-

ard SSVEP based BCI system, a visual field is provided which represents concurrent visual 

stimuli for a user. Each stimulus has a specific frequency which makes it different from other 

stimuli. User is asked to fixate on a specific stimulus depending on a desired BCI output (e.g. 

type a letter, control a device, etc.) that each stimulus represents. The peak will be seen in the 
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frequency spectrum which matches the rate of the stimulus that the user was fixating on and 

the desired BCI output will be produced. 

Figure 2.4 illustrates an example of SSVEP response around frequencies of 14 Hz (a) and 21 

Hz (b), which are evoked by 14Hz and 21Hz stimuli respectively.  

 

 

Figure 2.4 An example of SSVEP signals a) 14 Hz Stimuli and b) 21 Hz stimuli 
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2.5 Machine Learning for BCI 

The field of machine learning plays a vital role in the development of BCI. It encompasses 

techniques that can learn to map neural activities into appropriately generated commands. Gen-

erally speaking, algorithms in machine learning are divided into two categories: unsupervised 

and supervised learning (Htike and Khalifa 2010). In unsupervised learning, data is not la-

belled, and the algorithm is based on exploring and extracting hidden statistical structure by 

using probability density models or similarity matrices (Xu and Wunsch 2005). Clustering 

analysis falls into this category. In supervised learning, training data are provided which con-

sists of a set of inputs (i.e. features) and corresponding outputs (i.e. labels). The aim is to learn 

the underlying relationship between the features and labels from the training data. When a new 

concept appears, the algorithm will associate certain features with a label. One of the most 

common supervised learning techniques is classification algorithms. In the following, EEG 

data pre-processing and feature extraction techniques will be first reviewed, followed by unsu-

pervised learning and supervised learning. 

2.5.1 EEG Data Pre-processing  

EEG signal pre-processing needs to be conducted so that signals will be enhanced by 

eliminating known interference, such as artefacts and noise, while their spectral, temporal or 

spatial characteristics will be intensified. EEGLAB is an example of open-access toolbox 

which is commonly used to analyse EEG data (Delorme and Makeig 2004). The pre-processing 

procedure includes four main steps which have been briefly explained below.  
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1. Data Decimation: Decimation is to eliminate samples in a periodic fashion (J. Wolpaw 

and Wolpaw 2012) When the signal is digitised at higher rate than required, for more 

efficient processing and less required data storage, it can be beneficial to decimate the 

sampled signal to a minimum and effective sampling rate. 

2. Filtering: EEG signals of interest are normally in a specified range of frequencies. 

Therefore, eliminating the influence of the frequencies that lay outside the range of 

frequencies of interest is necessary. Toward this, temporal filters, including Finite Impulse 

Response (FIR), Infinite Impulse Response (IFR), and Discrete Fourier Transform (DFT) 

can be used to remove undesired effects and isolate relevant brain activities. It is worth 

mentioning that the width of the filter (i.e. the frequency range) should be selected carefully 

to prevent unnecessary loss of information. For example, if the purpose is to isolate alpha-

band brain activities a bandpass filter of 8-13 Hz will be applied. In the case of ERPs, such 

as P300, as the aim is to preserve the characteristic low-frequency information of the 

response, the high-pass cut off of 0.1-0.5 Hz and a low-pass cut off 5-40 Hz are applied. In 

the case of SSVEP, the high-pass cut off of 0.5 Hz and the low-pass cut off of 100 Hz are 

used. 

3. Segmentation: EEG signals are commonly segmented into consecutive sample blocks 

prior to the feature extraction process. The feature vectors are generated from the samples 

within each individual sample block.  

4. Artefact reduction: In EEG recordings, there are various types of artefacts which arise 

from biological sources such as muscle activities (using electromyographic (EMG)), eye 
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movements (using electrooculographic (EOG)), and heart-beat activities (using 

electrocardiographic (ECG)) (J. Wolpaw and Wolpaw 2012). Muscle activities are one the 

most significant artefact as it is very difficult to be removed or fully realised. To reduce 

artefact related to muscle activities, spatial filtering techniques can again be employed. For 

the eye-blink artefact, as it usually appears at the low-frequency, bandpass filters can be 

applied (J. Wolpaw and Wolpaw 2012). 

2.5.2 Feature Extraction Techniques 

A feature is a distinctive measurement extracted from a segment of a signal. Features are used 

to represent relevant characteristics of a signal. There are different feature extraction techniques 

in time and frequency domains. As feature extraction and machine learning techniques need to 

be synergized, the choice of feature extraction techniques will affect learning methods and 

vice-versa. In the following, several feature extraction methods relevant to this project are 

briefly reviewed.  

1. Frequency-domain approaches.  Many BCI applications rely on the features and the 

changes that can be tracked in the frequency-domain. 

a. Band power is one of the most straight-forward methods for tracking amplitude 

modulation at a particular frequency; amplitude modulation is the variation of 

amplitude which follows a specific pattern. First, the range of the frequency of interest 

is identified and isolated by using bandpass filters. Then, the power spectrum in a 

particular frequency band is computed and taken as the spectral feature for further 

analysis (Wolpaw and Wolpaw 2012, Rao 2013). 
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b. Fast-Fourier Transform (FFT) is commonly used to transfer a time-varying signal into 

the frequency domain in order to extract the frequency features of the signal.  

2. Time-domain approaches. 

a. Peak-Picking and Integration are both the basic feature extraction methods. Peak-

picking utilises the minimum or maximum values of a signal in a specific time block. 

These values serve as the features of that time block. Furthermore, signals can be 

averaged or integrated over all or part of the time block, generating features for that 

time block. 

b. Correlation and template-matching compute similarity or correlation of a signal to a 

predefined template. For a given response, the output will be high in the case of close 

resemblance of the segments to the template, and low if the segments differ from the 

template (J. Wolpaw and Wolpaw 2012). 

3. Time-frequency approach. 

Wavelet Transform (WT) approach is a time function of simple and fixed blocks known 

as wavelets. The building blocks of WT are a family of functions which are derived 

from a single generating function called mother wavelet which involves translation and 

dilation operations. Dilation is a scaling function which compress or stretches the 

mother wavelet. Translation shifts the mother wavelet along the time axis (Cvetkovic, 

Übeyli, and Cosic 2008). WT is divided into two categories, namely continuous WT 

(CWT) and discrete WT (DWT).  

In CWT, due to the continuous varying scaling and translation parameters, the wavelet 

coefficients are required to be computed for every single scale. Therefore, it results in 

huge computational time and vast amount of data (Subha et al. 2010). 
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DWT also outperforms the aforementioned time/frequency-domain approaches due to 

the following main reasons. (1) EEG signals are non-stationary and possess transient 

patterns. Traditional methods, such as FFT, is not sufficient as they only extract non-

transient information in the frequency domain. Furthermore, the time-domain 

information is not readily seen from the transformed Fourier coefficients ((Adeli, Zhou, 

and Dadmehr 2003). Whilst, DWT is a powerful time-frequency method in capturing 

transient information such as sudden short-duration signal changes which are common 

in time-varying biomedical signals (Cvetkovic, Übeyli, and Cosic 2008). (2) FFT is not 

a sufficient approach to extract frequency-domain information as it suffers from low-

frequency resolution, as well as spectral leakage due to its windowing function. DWT 

can provide time-frequency localisation with a flexible window size. A wider window 

size is used to produce good frequency localisation at the lower frequency and a 

narrower window size is used for better time-localisation at the higher frequency 

(Mallat 1989, Jahankhani, Kodogiannis, and Revett 2006).  

2.5.3 Unsupervised Learning and Clustering  

Clustering techniques are based on unsupervised learning. They do not use categorical labels 

based on prior knowledge. The absence of the prior information distinguishes clustering 

techniques from supervised learning which requires the prior knowledge (i.e. labels) (Jain 

2010). Clustering groups data instances into subsets so that similar data instances are regarded 

as within the same class and different data instances belong to different classes (Fayyad, 

Piatetsky-Shapiro, and Smyth 1996). Clustering analysis involves measurement process in 

order to determine whether two observers are similar or dissimilar. Two types of 

measurements, namely distance measures (e.g. the distance between two observers) and 
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similarity measures (e.g. the magnitude of their similarity to each other) are widely adopted 

(Späth 1980). Clustering algorithms are mainly classified into two groups. 

1. Exclusive clustering. Data are grouped in an exclusive way, into partitions, so that a certain 

data point belongs to only one particular cluster. K-means clustering is one of the main 

examples of this type (Jain 2010). K-means algorithm is one of the simplest unsupervised 

clustering algorithms. In the first stage of this algorithm, K random centres are chosen for 

each cluster. The next stage is to assign each data points to the nearest centres based on the 

distance measure. Euclidean distance is used to determine the distance between each data 

point and their cluster centres. When all data points are grouped into different clusters. The 

positions of the k centres are recalculated. This iterative process is carried out until it 

minimises the squared error function (Na, Xumin, and Yong 2010). K-means algorithm 

does not necessarily converge to the global minimum solution. It is also very sensitive to 

the initial cluster centres. Another notable algorithm falls into this realm is K-Medoids 

algorithm (Kaufman and Rousseeuw 1987) which is more robust compared to the K-Means. 

In K-medoids clustering, a data point which is the most centrally located in a cluster known 

as the medoid, is used. Instead of minimising the squared Euclidean distances, it minimises 

the sum of dissimilarities between each data point and its corresponding cluster centre.      

2. Hierarchical clustering algorithms. There are two main types (Jain 2010). Agglomerative 

clustering starts with each data point in a particular cluster and gradually merge two most 

similar clusters. On the contrary, divisive clustering starts with all data points in one cluster. 

At each step, clusters are successively spitted into smaller clusters according to some 

dissimilarity measures. 
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2.5.4 Supervised Learning and Classification  

Classification is a supervised algorithm that maps (classifies) data into one of the predefined 

classes  (Fayyad, Piatetsky-Shapiro, and Smyth 1996). In other words, classification algorithm 

requires labelled training data, consisting of known features and their corresponding labels 

(classes). When a new feature appears, the classifier assigns one of the labels to it  (Rao 2013). 

In the field of BCI, different patterns of brain activities are generated and BCI aims to translate 

these brain activities into different control commands.    

2.5.4.1 Classification Approaches 

Linear approaches. Linear approaches assume a linear separability of data points. Linear 

classifiers are generally efficient as they have less parameters to tune. However, in the presence 

of extensive noise and outliers, the linear classifiers will fail (Gandhi 2014). They also suffer 

from the ‘curse-of-dimensionality’, which occurs when the amount of sampled data required 

for describing different classes increases significantly with the increase in dimensionality of 

feature vectors (Müller, Anderson, and Birch 2003). In the following, an example of the linear 

classifiers is explained. 

Linear Discriminant Analysis (LDA): LDA is by far the most widely adopted classifier for BCI 

(Ianez et al. 2010) LDA has a very low computational requirement and is simple to implement, 

making it a suitable candidate for online BCI application. LDA classifiers project a P 

dimensional input by establishing a hyperplane which separates the input space into two half 

spaces. The decision boundary in LDA is provided by the hyperplane as defined in Eq. 2.1:    

           𝑔(𝑥)  =  𝑤𝑇 𝑥 + 𝑤0  =  0                                 (2.1) 
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The boundary between two classes is characterised by the weight vector 𝑤 and the threshold 

𝑊0 ,𝑊 and 𝑊0 are elicited from the training data. The classification for the new input 𝑥 is 

computed using Eq. 2.2. 

                  𝑦 = 𝑠𝑖𝑔𝑛(𝑤𝑇 𝑥 + 𝑤0)                                        (2.2) 

The positive sign in Eq. 2.2 determines that the input is belonging to the first class. While the 

negative sign shows that the input is in the second class. The LDA classifier aims to maximise 

the distance between two classes while minimising the interclass variance (Lotte et al. 2007, 

Cherkassky 2005). However, the prerequisite of linearity is its drawback as it cannot handle 

the complex nonlinear problems. To overcome this issue, Support vector machine (SVM) is 

often employed, which transfers the non-linear data into a high dimensional and linear 

separable space.  

Nonlinear approaches. Linear methods are not always effective, particularly for large 

complex problems with nonlinearity. To address these issues, nonlinear classifiers are chosen. 

In this section, three nonlinear classifiers are introduced including Artificial Neural Networks, 

Support Vector Machines and Fuzzy Inference Systems.  

Artificial Neural Networks (ANNs). ANNs are inspired by the structure of human brain which 

compromises individual neurons, connection weights, a summing node which sums all the 

inputs received by each neuron, and a subsequent activation function which generates the 

output (J. Wolpaw and Wolpaw 2012). A neural network presents a mapping from the input 

space to the output space. The mappings at each neuron are performed in parallel. The 

information processing in each neuron is nonlinear. Therefore, the overall mapping is 

characterised as a nonlinear process. One of the most important properties of ANNs is their 

ability to learn from the training set in order to generate a certain output given a new input. In 

the training process, every example has an input pattern associated with a desired output 
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pattern. To train the network, an example from the training set is provided to the network and 

the generated output is observed. If the generated output is different from the actual output, the 

weight connections are modified to minimise the difference between the actual output and 

generated outputs (Forslund 2003). The structure of an ANN consisting of a single unit neuron 

is illustrated in Figure 2.5  (J. Wolpaw and Wolpaw 2012), in which the inputs on the left are 

weighted and summed. If the sum reaches the threshold as defined in the activation function, 

an output will be produced.  

 

Figure 2.5 The structure of single neuron neural networks  (J. Wolpaw and Wolpaw 2012). 

Theoretically, ANNs are capable of approximating any linear/nonlinear functions provided 

sufficient neurons and hidden layers are included (Carpenter and Grossberg 1991). However, 

the increase in the number of neurons increases the complexity of ANNs. The most well-known 

form of ANNs is the multi-layer perceptron (MLP) (Carpenter and Grossberg 1991)which is 

an example of multi-layer feedforward neural ANN as shown in Figure 2.6 (J. Wolpaw and 

Wolpaw 2012). In this example, an ANN compromises of three inputs representing different 

dimensions of feature vectors, several hidden layers in between the inputs and outputs. The two 

outputs represent two possible BCI commands.  
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Figure 2.6 An example of multi-layer Perceptron neural network (J. Wolpaw and Wolpaw 

2012) 

In the mapping process, the inputs are fed to the network and the output is produced. As every 

individual weight needs training, leading to a large amount of time for the training process (J. 

Wolpaw and Wolpaw 2012). 

Support Vector Machines (SVMs): SVMs can be applied to both linear separable and non-

separable problems. SVM classifiers aim to find the optimal hyperplane that is maximising the 

margin between the two classes. In the simplest case, linear SVM classification is trained with 

the data which are linearly separable and generates a hyperplane that defines the border 

between two different classes. In the non-separable case, a nonlinear mapping of data to a 

sufficiently high dimensional space is conducted first so that the two classes are linearly 

separable after the mapping. Then, a classic linear SVM can be applied for such a non-separable 

problem (Rao 2013, Hofmann 2006, Lotte et al. 2007). However, SVM suffers from the 

following issues: 1) in the nonlinear case, having the accurate mapping is critical; otherwise, 

the poor mapping will significantly affects the classification accuracy; 2) mapping data into a 

high-dimensional space can lead to a data loss; and 3) SVM is a black-box classifier, meaning 

the human knowledge cannot be easily incorporated. 
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Fuzzy Inference Systems (FISs)and Fuzzy Rule Based Systems (FRBSs): In real world, most of 

the systems show not only non-linearity but also uncertain behaviours. Fuzzy systems can 

overcome these issues by incorporating human knowledge into the sensory measurements and 

mathematical models (Jun 2010).To achieve this, fuzzy logic is introduced via the concept of 

the fuzzy set  (Jun 2010) providing a set of qualitative rules that can express nonlinear 

input/output relationships (Chiu 1994). A formal definition of the fuzzy set is given by Zadeh 

(1956) (L.A. Zadeh 1965) as below. 

“Let 𝑋 be a space of points (objects), with a generic element of 𝑋 denoted by 𝑥. Thus, 𝑋 = {𝑥}. 

Then a fuzzy set (class) A in 𝑋 is characterised by a membership (characteristic) function fA (𝑥) 

which associates with each point in 𝑋 a real number in the interval [0,1], with the value of fA 

(𝑥) at 𝑥 representing the grade of membership of 𝑥 in A.”  

A membership function is a function that assigns a membership value to each point in the input 

space which determines whether the element belongs to a particular fuzzy set and to what 

degree (degree of certainty) (Jun 2010). Membership value of a classical set can only be a 

discrete value, i.e. either 0 or 1, which reflects the black or white situations. While, fuzzy 

membership blurs this discrete division and leads to extra smoothness (Jun 2010). 

Fuzzy Inference is the process of formulating the mapping from a given input to an output, 

where the mapping provides the basis from which the decisions can be made. Fuzzy inference 

systems are also known as Fuzzy Rule-Based Systems (FRBSs). FRBSs are based on classical 

rule-based systems (Riza et al. 2015). A FRBS is usually represented by rules of the following 

form  "𝐼𝑓 𝐴 𝑡ℎ𝑒𝑛 𝐵" , where 𝐴 and 𝐵 are fuzzy sets and they are called antecedents and 

consequents of the rule, respectively. The general process of fuzzy inference system (FRBSs) 

is illustrated in Figure 2.7 (Jang 1993). 
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.  

Figure 2.7 Fuzzy Inference System (FRBS) 

As it shown in Figure 2.4 the fuzzy inference includes: 1) a ‘rule base’ containing set of fuzzy-

if-then rules; 2) a ‘database’ which defines the membership functions of the fuzzy sets; and 3) 

a ‘decision-making’ stage which performs the inference operation based on the rules and two 

interfaces which perform fuzzification and defuzzification. In the fuzzification step, it takes the 

crisp input and converts it into a fuzzy input. In the defuzzification step, a fuzzy set, 

representing the inferenced result, is transformed into a crisp value (Jun 2010). 

The two most popular types of FRBSs are the Mamdani-type (Mamdani 1974), and Sugeno-

type (Takagi and Sugeno 1985). Mamadani-type is based on Zadeh’s fuzzy algorithms for 

complex systems (Lotfi A. Zadeh 1973). These two types are different in the way that outputs 

are determined. The consequent part of the Mamdani-type is a fuzzy set while the consequent 

part of the Sugeno-type is a set of functions with the argument that are the linguistic variables 

of the antecedent part  (Jun 2010).  

In the work by Lotte (Fabien et al. 2007), FISs have been used for classification of EEG signals. 

They initialise the rule based of the classifier through clustering. At the time of applying the 
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trained classifiers, they extracted the band power features of the EEG data recorded from the 

particular electrodes and based on the feature, two fuzzy rules were extracted. It is stated in 

this work that, the FIS classifier outperforms the linear classifier and is as accurate as the SVM 

classifier. Further advantageous, such as being interpretable and extendable, make it suitable 

for a real-time BCI application. 

2.5.4.2 Ensemble-based Classification 

Ensemble learning is an umbrella term for methods that combine multiple classifiers to make 

a decision in supervised machine learning tasks. An ensemble classifier can be of any type of 

machine learning algorithms e.g. ANN, SVM, FIS, etc. The main premise of ensemble learning 

is that by combining multiple classifiers, the errors of a single classifier will likely be 

compensated by other classifiers, hence, the overall prediction performance of the ensemble 

would be better than that of a single classifier (Sagi and Rokach 2018). 

In recent years, ensemble learning is considered as the state-of-the art approach for solving a 

large amount of machine learning challenges as shown in an extensive comparison of 179 

classifiers from 17 families using 121 datasets from UCL (Fernández-Delgado et al. 2014).  

Ensemble methods often improve the overall predictive performance due to several main 

reasons (Dietterichl 2002, Sagi and Rokach 2018): 

• Overfitting avoidance: In the case of having a small amount of training data, a single 

classifier is prone to predict all of the training data perfectly correct while its prediction 

for the unseen data can be very poor. Therefore, using an ensemble of classifiers and 

averaging the prediction of each classifier reduce the risk of poor prediction for the 

unseen data and hence improve the overall prediction accuracy. 
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• Computational Advantage: a single classifier that explores the search space may get 

stuck in local minima; however, using an ensemble of classifiers would reduce the risk 

of trapping in the local minima.  

• Representation: The search space for a single classifier can be limited, therefore, the 

optimal prediction for an unseen data might not be achieved. However, combining 

multiple classifiers can explore more search space and hence, a better prediction can be 

obtained for unseen data.    

• Class imbalance avoidance: In many classification problems, there are cases where one 

class has more samples comparing to the other classes. In such cases, the classifier can 

bias the prediction in favour of the majority class and ignoring the minority classes 

(Japkowicz and Stephen 2002). In a work by (Galar et al. 2011), it showed combining 

the random under sampling techniques with ensemble approaches e.g. bagging or 

boosting may significantly improve the prediction accuracy for problem with class 

imbalance  (Sagi and Rokach 2018).  

The key principals of designing an ensemble of classifiers are: 

1. Diversity: An ensemble of classifiers can perform superior than a single classifiers by 

use of various “inductive biases” (Deng et al. 2013). Therefore, the participating 

classifiers should be sufficiently diverse to improve the overall prediction accuracy.  

2. Accuracy: To design a diverse and accurate ensemble of classifiers, the accuracy of 

each individual classifiers should be as high as possible.    

There are several main approaches for generating diverse and accurate ensemble models: 

1. Classifiers combined with evolutionary algorithms: Combining machine learning based 

classifiers with evolutionary algorithms (EAs) is one of the main approaches in 
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literature to form a diverse yet accurate ensemble of classifiers. The evolutionary 

process of this approach will generate a population of classifiers which are different 

from each other and hence contribute to their diversity.  

Evolutionary algorithms are generic population based-metaheuristic optimisation 

algorithms. Genetic Algorithm (GA) is the most popular type of evolutionary 

algorithms which are used in optimisation problems.  There are two main types of 

optimisation, i.e. Single-Objective Optimisation (SOP) and Multi-Objective 

Optimisation (MOP). SOP is the basis of all types of optimisation. Many real-world 

decision-making problems need to achieve several goals simultaneously, e.g. 

maximising profit, minimising risk, etc. The main goal of SOP is to find an optimal 

solution which corresponds to the minimum or maximum of a single objective function 

that converts all different objectives into one. This type of optimisation is useful as a 

tool to provide insights  into the nature of the problem for decision makers (Savic 2002). 

However, many real-world problems are inherently of a multi-objective nature with 

often conflicting goals. Therefore, in multi-objective optimisation with conflicting 

objectives, there is no single optimal solution. Instead, the interaction between different 

objectives results in a set of trade-off solutions, known as non-dominated or Pareto-

optimal solutions (Savic 2002). The Pareto optimal solutions are the points exist along 

the Pareto front. The concept of Pareto front or set of optimal solutions in the space of 

objective functions in MOP problems represents a set of solutions that are non-

dominated to each other but superior to the rest of the solutions in the search space.  In 

other words, a solution is called non-dominated or a Pareto-optimal solution if none of 

the objective functions can be improved in values without degrading some of the other 

objective values. 
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An example of combining the machine learning-based classification algorithms with 

EAs is a work by Xin Yao’s work in 1998, in which a simultaneous evolution of ANN 

architectures and weights was introduced. Four linear combination methods were 

investigated for combining different individuals in the last generation into an ensemble 

(Xin Yao and Yong Liu 1998). Later, in 2004, Arjun Chandra and Xin Yao, introduced 

the DIVerse and ACcurate Ensemble learning algorithm (DIVACE), which formulates 

the ensemble learning of ANNs as a multi-objective problem explicitly (Chandra and 

Yao 2004). In DIVACE, the two objectives against which the performance of the 

ensemble is optimised are accuracy and diversity.  

2. Bagging: Another approach for creating a diverse set of classifiers is through data 

resampling. Breiman’s bagging (short for bootstrap aggregating) is one of the earliest 

ensemble algorithms designed based on data resampling (Breiman 1996). In Bagging, 

diversity can be achieved through randomly generated different subsets of training data 

with replacements from the entire training data. Then, each generated subset of training 

data is used to train a different classifier of the same type. Finally, generated individual 

classifiers will be combined using a majority vote of their decisions (Polikar 2006). 

Bagging is commonly used when the available training data has a limited size. In this 

scenario, relatively large portions of the samples (e.g. 75% or higher) are drawn into 

each subset to make sure each subset has adequate samples of training data. Therefore, 

there is a significant overlap between individual training subsets and many of the same 

instances appear in most subsets at least once or multiple times. There are different 

variations of the bagging algorithm such as Random Forest and Pasting Small Votes 

(Polikar 2006). 

3. Boosting: Boosting is another ensemble approach designed based on the data 

resampling strategy (Schapire 1990). The basic idea of this algorithm is to improve the 
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performance of the weak classifier by repeatedly running it on the various distributed 

training data. Therefore, the classifiers generated by the weak learners are combined 

through majority voting and form a single strong classifier which can achieve a higher 

accuracy than the best classifier in the ensemble (Rokach 2010). AdaBoost is one of 

the variants of the boosting algorithm proposed by Freund and schapire (Freund and 

Schapire 1997). The main idea of AdaBoost algorithm is to be more focused on the 

patterns that are harder to classify. In this approach, initially all the patterns are assigned 

the same weight or will be given the same amount of focus. However, gradually 

throughout an iterative process, the given weights to the misclassified patterns will be 

increased, while the weights for the correctly classified patterns will be decreased. As 

a result, the weak learner is more focused on the difficult patterns of the training set by 

performing additional iterations, generating more classifiers. Finally, the outputs of the 

generated individual classifiers will be combined through the weighted majority voting 

to yell the final decision on each data instances (Rokach 2010). 

2.6 Neural Mass Modelling  

Neural field modelling is one of the approaches that facilitate studying the brain and modelling 

neural signals, in which the oscillations can be explained and described using rigorous mathe-

matical modelling tools (Schiff 2011). However, understanding the rhythmic oscillations is not 

a trivial task due to the presence of intrinsic membrane properties, non-linearity and the inter-

action of synaptic conductance (Rao 2013).Therefore, choosing an appropriate approach for 

modelling the neural populations plays an important role in investigating neural oscillations. 

There are two types of modelling approaches: detailed modelling (microscopic) and reduced 
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one (macroscopic). In detailed modelling, the aim is to capture the complexity of each individ-

ual neurons and synaptic connectivity. Several principles have been proposed for the detailed 

modelling: 1) using models of single neurons that contain dendrites, soma and part of the axon; 

and 2) in order to reflect the actual size of the network of neurons, there is a need to use enough 

neurons and different types of interneurons, leading to an increased model complexity. The 

reduced modelling only involves a smaller number of neurons as it aims to investigate the vital 

features for a particular dynamic behaviour. Neural mass models are based on the reduced 

modelling and it has been widely studied and used compared to detailed modelling. The appli-

cation areas of neural mass models have been broadened over the past decades, such as mod-

elling alpha rhythms for medical applications (Lopes da Silva et al. 1974), and studying pattern 

changes due to the variation of the synaptic connectivity between different population cells of 

the human brain (Basabdatta Sen Bhattacharya, Coyle, and Maguire 2011b). 

The working principles in modelling a single neural mass model or a neural population are as 

follows: 1) a neural population has an average membrane potential, u, which is the result of 

different inputs received by a neural mass; 2) the received inputs are represented as average 

pulse densities (the average firing rate) which can be either inhibitory (from other neural 

masses in the model) or excitatory (from external sources outside the model); and 3) the output 

of a neural mass is also represented as an average pulse density. In the process of generating 

an output of a neural population, two main transformations - post-synaptic-potential (PSP) and 

potential-to-rate (e.g. using the Sigmoid function) - are adopted. Post-synaptic potential (PSP) 

is a temporary change in the electric polarization of a neuron. As a result of chemical transmis-

sion of a nerve impulse at the synapse, the PSP can lead to a firing of a new impulse (Purves 

et al. 2001)  An average pulse density which represents the input to the model is converted to 

a membrane potential by the PSP transformation function. Each of the obtained potentials are 

multiplied by constant values representing the average number of synapses into the population. 
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The average membrane potential (u) of the model is achieved by summing all the excitatory 

inputs and subtracting the inhibitory ones. Finally, the average membrane potential is converted 

to an average pulse density using the potential-to-rate function.  

PSP is a linear transformation and defined by a second-order differential equation which is 

characterised by its impulse function. Lopes da Silva  (Lopes da Silva et al. 1976) first modelled 

the impulse response of a real PSP. Van Rotterdam  (van Rotterdam et al. 1982) simplified it 

using Eq. 2.3  (Hebbink 2014). Here, α and β are constants and different in excitatory and 

inhibitory cases. α represents the maximal amplitude of PSP and is in millivolts, while, β is in 

s-1. 

ℎ(𝑡) = { 𝛼𝛽𝑡𝑒
−𝛽𝑡                                    𝑡 ≥  0         

   0                                                  𝑡 <   0          
  (2.3) 

The second transformation is the sigmoid function which represents a nonlinear component in 

the model. Sigmoid is the gain function and in charge of converting the average membrane 

potential of a neural population (u) into an average pulse density. The sigmoid function is de-

fined in Eq. 2.4 (Hebbink 2014) . e0  is half of the maximal firing rate of the population. v0 is 

the average membrane potential for which half of the population fires. r represents the steep-

ness of the sigmoid function.   

          𝑆(𝑢) =
2𝑒0

1+𝑒𝑟(𝑣0−𝑢)
                                        (2.4)                      

 

The common functions in most of the proposed neural mass modelling approaches are defined 

in Eq. 2.3 and Eq. 2.4 and are explained briefly in section 2.6.1. 

The schematic diagram of these transformations is descripted in Figure 2.8 (Hebbink 2014). 
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Figure 2.8 A schematic diagram of a neural mass (Hebbink 2014)Excitatory and inhibitory 

inputs to the model are represented as the average pulse density and are converted into the 

membrane potentials using PSP (i.e. either EPSP or IPSP respectively). The potentials are mul-

tiplied by constant values (C) which represent the average number of synapses coming to the 

neural population. The average membrane potential (u) is computed by summing up all the 

excitatory potentials and subtracting the inhibitory ones. Finally, the average membrane poten-

tial is converted into an average pulse density using the sigmoid function.  

2.6.1 Neural Mass Modelling Approaches  

2.6.1.1 Lopes da Silva’s neural mass model 

 In this work  (Lopes da Silva et al. 1974), the α-rhythm activities was investigated by model-

ling the thalamic module. The thalamic module consists of two neural masses, namely the tha-

lamic cortical relay (TCR) cells and interneurons (INs); the TCR cell receives an external ex-

citatory input and an inhibitory input from INs. INs only receive an excitatory input from the 

TCR cell. The transformation of the average membrane potential to an average pulse density 

was carried out using Eq. 2.3 and Eq. 2.4. A simplified schematic diagram of a thalamic neural 

mass model is illustrated in Figure 2.9 (Hebbink 2014). 
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Figure 2.9 A schematic diagram of a neural mass model of the thalamus module (Hebbink 

2014). The positive signed arrow represents the excitatory input and the negative signed arrow 

represents the inhibitory input. 

2.6.1.2 Jansen and Rit’s neural mass model of the cortical module 

Jansen’s neural mass model (Ben H. Jansen, Zouridakis, and Brandt 1993, B H Jansen and Rit 

1995) is based on the work of Lopes Da Silva (Lopes da Silva et al. 1974, Lopes da Silva et al. 

1976) and Van Roterdam (van Rotterdam et al. 1982). In this work (B H Jansen and Rit 1995), 

they developed the model further following a biologically inspired mathematical framework to 

simulate the recorded EEG signals, in particular the α-rhythm activities. The cortical module 

consists of three neural populations, namely pyramidal neuron (the main population), excita-

tory and inhibitory INs. The pyramidal cell is the only population that receives not only the 

external excitatory input, but also the inhibitory feedback from the inhibitory INs and the ex-

citatory feedback from the excitatory INs. Both the inhibitory and excitatory INs receive the 

excitatory input from the pyramidal cell. 
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Figure 2.10 (a) A neural mass model of cortical module proposed by Jansen and Rit (Grimbert 

and Faugeras 2006). The model shows the interaction of the pyramidal cell with the excitatory 

and inhibitory INs. (b) Block presentation of cortical module with the mathematical operations 

performed in this module.  

In Figure 2.10, the schematic diagram of the proposed neural mass model is illustrated 

(Grimbert and Faugeras 2006).  In which, 𝑝(𝑡) represents the external excitatory input to the 

model; the post-synaptic-potentials 𝑝𝑖, where 𝑖 = 1,2,3, are modelled with ℎ𝑖(𝑡) or ℎ𝑒(𝑡) 

which convert the average pulse density to an average excitatory or inhibitory post-synaptic-

potentials using Eq. 2.3; 𝑦0, 𝑦1 and 𝑦2, represent the outputs of three post-synaptic blocks, and 

the sigma blocks represent the sigma function defined in Eq. 2.4 which converts the average 

membrane potential  to an average pulse density as the model’s outputs; the constants 𝐶𝑖 rep-

resent the strength of the synaptic connections between the populations.  
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According to the PSP function defined in Eq. 2.3, if 𝑥(𝑡) is the input to the system, 𝑦(𝑡) is the 

convolution product ℎ ∗ 𝑥(𝑡).  Therefore, the corresponding differential equation can be de-

fined as in Eq. 2.5 (Ben H. Jansen, Zouridakis, and Brandt 1993, Grimbert and Faugeras 2006). 

Ӱ(𝑡) = 𝛼𝛽𝑥(𝑡) − 2𝛽ẏ(𝑡) − 𝛽2𝑦(𝑡)           (2.5) 

In the excitatory case, 𝛼 and 𝛽 in Eq. 2.5 can be specified as 𝐴 and 𝑎 respectively. Where in 

the inhibitory case, 𝛼 and 𝛽 are represented by 𝐵 and 𝑏 respectively. The second-order differ-

ential equation can be redefined as a system of two first-order equations as defined in Eq. 2.6 

(B H Jansen and Rit 1995, Grimbert and Faugeras 2006), 

{
ẏ(𝑡) = 𝑧(𝑡)                                             

 ż(𝑡) = 𝛼𝛽𝑥(𝑡) − 2𝛼𝑧(𝑡) − 𝛼2𝑦(𝑡)
            (2.6) 

As it is mentioned earlier, 𝑦0, 𝑦1 and 𝑦2 represent the outputs of three post-synaptic blocks and 

their derivatives are noted as 𝑦3, 𝑦4 and 𝑦5; writing two equations similar to Eq. 2.6 for each 

post-synaptic-potentials results in six first-order differential equations. The dynamics of Jansen 

and Rits’s model are explained by the differential equations as defined in Eq. 2.7 (B H Jansen 

and Rit 1995, Grimbert and Faugeras 2006).  

{

  ẏ0(𝑡) = 𝑦3(𝑡)

  ẏ1(𝑡) = 𝑦4(𝑡)

  ẏ2(𝑡) = 𝑦5(𝑡)
                           

{

ẏ3(𝑡) = 𝐴𝑎𝑆𝑖𝑔𝑚[𝑦1(𝑡) − 𝑦2(𝑡)] − 2𝑎𝑦3(𝑡) − 𝑎
2𝑦0(𝑡)          

ẏ4(𝑡) = 𝐴𝑎{𝑝(𝑡) + 𝐶2𝑆𝑖𝑔𝑚[𝐶1𝑦0(𝑡)]} − 2𝑎𝑦4(𝑡) − 𝑎
2𝑦1(𝑡)

ẏ5(𝑡) = 𝐵𝑏𝐶4𝑆𝑖𝑔𝑚[𝐶3𝑦0(𝑡)] − 2𝑏𝑦5(𝑡) − 𝑏
2𝑦2(𝑡)                

 

The model’s output is represented by the potential of the pyramidal population (𝑦 =  𝑦1 − 𝑦2) 

as it is believed that the pyramidal cell in the cortex has the biggest influence on the EEG signal 

(Kandel 2000). 

 

(2.7) 
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2.6.1.3 Wendling’s neural mass model of the cortical module 

In this work (Wendling et al. 2002), the focus has been placed on studying high-frequency EEG 

activities (i.e. the gamma band) which is the most characteristic electrophysiological pattern 

seen in focal seizures of people affected by epilepsy. According to (White et al. 2000, 

Whittington et al. 2000), the generation of gamma activities are linked to the behaviour of 

inhibitory INs, particularly, two types of Gamma-Aminobutyric-Acid (𝐺𝐴𝐵𝐴𝐴,𝑠𝑙𝑜𝑤,and 

𝐺𝐴𝐵𝐴𝐴,𝑓𝑎𝑠𝑡) inhibitory post-synaptic-potential (IPSP). Therefore, a new computational mac-

roscopic model of EEG activities is introduced to include a physiological relevant fast inhibi-

tory feedback loop. The cortical module is modelled with four subsets of populations including: 

pyramidal cells, excitatory INs, inhibitory INs with slow synaptic kinetics known 

as 𝐺𝐴𝐵𝐴𝐴,𝑠𝑙𝑜𝑤, and inhibitory INs with fast synaptic kinetics known as 𝐺𝐴𝐵𝐴𝐴,𝑓𝑎𝑠𝑡. Regarding 

these two types of inhibitory INs, 𝐺𝐴𝐵𝐴𝐴,𝑓𝑎𝑠𝑡 is near the soma and is a rapidly activated and 

decaying IPSP mediated by somatic synapses. 𝐺𝐴𝐵𝐴𝐴,𝑠𝑙𝑜𝑤 is on the dendrites and is a slow 

rising and decaying IPSP mediated by dendrites synapses. Therefore, the two classes of inhib-

itory INs give rise to the two mentioned IPSPs and mainly contribute to the generate gamma 

rhythms.  

Figure 2.11 (Wendling et al. 2002) shows the modelling of the cortical module, in which the 

pyramidal cell receives an external excitatory input 𝑝(𝑡), representing the influence from 

neighbouring areas. 𝑝(𝑡) is modelled by Gaussian white noise. The pyramidal cell also receives 

an excitatory input from the excitatory INs and inhibitory input from the two classes of inhib-

itory INs. The excitatory INs and both classes of inhibitory INs receive excitatory feedbacks 

from the pyramidal cell. The output of the model is the summated post-synaptic potentials in 

the pyramidal cell and is translated as an EEG signal.   



45 
 

 

Figure 2.11 Neural population modelling of the cortical module by Wendling (Wendling et al. 

2002). 

In Figure 2.12, the mathematical operations performed in the cortical module is illustrated with 

four subsets, the pyramidal cell, excitatory INs and two classes of inhibitory INs (Wendling et 

al. 2002). 

The 2nd order linear transfer function converts the average pulse density of the input to an 

average post-synaptic membrane potential for either slow inhibitory, excitatory or fast inhibi-

tory with respective impulse response, ℎ𝑒(𝑡) =  𝐴 𝑎. 𝑒
−𝑎𝑡,  ℎ𝑖(𝑡) = 𝐵 𝑏. 𝑒

−𝑏𝑡 , and ℎ𝑔 (𝑡) =

 𝐺 𝑔. 𝑒−𝑔𝑡, where, 𝐴, 𝐵 and 𝐺 represent the synaptic gains. ,  and  represent time constants in 

excitatory, slow inhibitory and fast inhibitory cases.  
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Figure 2.12 The computational model of the cortical module presented in Figure 2.7 (Wendling 

et al. 2002). 

For transferring the average postsynaptic potential to an average pulse density potential, a static 

nonlinear s (v) function defined in Eq. 2.4 is used. 𝐶1-𝐶7 , represent the average number of 

synaptic connectivity between the four populations. As mentioned in Jansen and Rit’s model-

ling, each linear transfer function introduces a pair of the first order differential equations as 

defined in Eq. 2.8 (Wendling et al. 2002), where 𝑊 = 𝐴, 𝑊 = 𝐵, 𝑊 = 𝐺, and 𝑤 = 𝑎, 𝑤 =  𝑏, 

and 𝑤 = 𝑔 represent the excitatory, slow inhibitory and fast inhibitory cases respectively; 𝑥 (𝑡) 

and 𝑧(𝑡) represent the input and output of the linear transfer function respectively.  

                                              Ż1(𝑡) =  𝑧2(𝑡) 

   ż2(𝑡) = 𝑤𝑔𝑥(𝑡) − 2𝑤𝑧2(𝑡) − 𝑤
2𝑧1(𝑡)                 

Writing differential equations defined in Eq. 2.8 for each subset results in a set of ten differen-

tial equations showed in Eq. 2.9 (Wendling et al. 2002) that govern the dynamics of the 

(2.8) 
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Wendling’s population model. This set of equation is solved by classical numerical integration 

methods (i.e. Runge-Kutta) (Honeycutt 1992). 

In summary, Wendling’s model is an extended version of Jansen and Rit’s work in which a 

new class of inhibitory INs with a fast-synaptic kinetics is introduced.  

ẏ0(𝑡) = 𝑦5(𝑡) 

ẏ5(𝑡) = 𝐴𝑎𝑆[𝑌1(𝑡) − 𝑦2(𝑡) − 𝑦3(𝑡)] − 2𝑎𝑦5(𝑡) − 𝑎
2𝑦0(𝑡) 

ẏ1(𝑡) = 𝑦6(𝑡) 

ẏ6(𝑡) = 𝐴𝑎 {𝑝(𝑡) − 𝐶2𝑆[𝐶1𝑦0(𝑡)]} − 2𝑎𝑦6(𝑡) − 𝑎
2𝑦1(𝑡)                                                               (2.9) 

ẏ2(𝑡) = 𝑦7(𝑡) 

ẏ7(𝑡) = 𝐵𝑏𝐶4𝑆[𝐶3𝑦0(𝑡)] − 2𝑏𝑦7(𝑡) − 𝑏
2𝑦2(𝑡) 

ẏ3(𝑡) = 𝑦8(𝑡) 

ẏ8(𝑡) = 𝐺𝑔𝐶7𝑆[𝐶5𝑦0(𝑡) − 𝐶6𝑦4(𝑡)] − 2𝑔𝑦8(𝑡) − 𝑔
2𝑦3(𝑡) 

ẏ4(𝑡) = 𝑦9(𝑡) 

ẏ9(𝑡) = 𝐵𝑏𝑆[𝐶3𝑦0(𝑡)] − 2𝑏𝑦9(𝑡) − 𝑏
2𝑦4(𝑡). 

It is believed the both classes of inhibitory INs significantly contribute to the generation of 

high-frequency EEG signals (the gamma frequency band). The model showed that it is capable 

of generating six different types of EEG activities in close resemblance to the real EEG activ-

ities recorded interictally or ictally (in EEG, the recording during a seizure is referred as ictal, 

and interictal represents the period between seizures). These six types include: Types 1 and 2 

representing the normal background activities and sporadic spikes which are observed in real 

signals during interictal periods, Types 3 and 4 representing the sustained spikes and slow 
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rhythmic activities, both seen during seizures, Types 5 representing low-amplitude discharges 

usually appeared at the start of ictal periods, and finally Type 6 representing slow quasi-sinus-

oidal which resembles the real ictal activity which often follows the rapid ictal activity in time. 

Producing these types of activities depends on variations of the model parameters such as 𝐴, 

𝐵, 𝐺, which respectively represent the excitatory, slow inhibitory and fast inhibitory synaptic 

gains from INs to the pyramidal cell. The visual inspection of the results and also estimating 

the power spectral feature show that the model is capable of simulating realistic epileptiform 

pattern even without carrying out the precise curve fitting in the simulation. 

2.6.1.4 Basadatta’s neural mass model of the thalamo-cortico-thalamic cir-

cuit. 

This work (Basabdatta Sen Bhattacharya, Coyle, and Maguire 2011b) presents a computational 

model of thalamo-cortico-thalamic (TCT) circuit which consists of a thalamic module and a 

cortical module in order to simulate the alpha rhythms and study EEG abnormality associated 

with the Alzheimer’s disease (AD). It is known that TCT plays a vital role in the generation of 

brain rhythms (Basabdatta Sen Bhattacharya, Coyle, and Maguire 2011b). The TCT loop is 

structured as two parts, namely the thalamus and cerebral cortex, in which neural pathways 

connect them together in a loop format. Thalamic nuclei are populated by two types of neurons, 

namely the Thalamo-cortical relay cells (TCR) and the IN cells. Thalamic Reticular Nucleus 

(TRN) is located in the way that all the thalamo-cortical and cortico-thalamic axons pass 

through it and make excitatory synapses on its cells.  

In the cortical module, there are four types of cells, the pyramidal cells (PY), Excitatory INs 

(eINs), slow inhibitory INs (sINs) and fast inhibitory INs (fINs). TCR and IN populations re-

ceives excitatory inputs from the retinal and cortical cells; the IN and TRN cells make inhibi-

tory synapses on the TCR cells. The interaction of the pyramidal cell in the cortical module 
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with three other subsets is the same as it is explained in Wendling’s model (Wendling et al. 

2002) except having additional excitatory synapses connected to the pyramidal cell from an 

external source and the TCR cell in the thalamic module. The Brain Reticular Formation (BRF) 

is another major source of the input to thalamic and cortical modules, which makes excitatory 

synapses on the TCR cells and inhibitory synapses on the IN and TRN cell populations. Figure 

2.13 (Basabdatta Sen Bhattacharya, Coyle, and Maguire 2011b) illustrates the synaptic organ-

isational structure in the TCT circuit. 

 

Figure 2.13 The synaptic organisational structure in the thalamo-cortico-thalamic circuit 

(Basabdatta Sen Bhattacharya, Coyle, and Maguire 2011b). 

 

Figure 2.14 The computational model of the thalamic module (Basabdatta Sen Bhattacharya, 

Coyle, and Maguire 2011b). 
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In Figure 2.14, the computational model of the thalamic module is shown. The excitatory post-

synaptic-potential (EPSP) and inhibitory-post-synaptic-potential (IPSP) describe synaptic re-

sponse as defined in Eq. 2.10 (Basabdatta Sen Bhattacharya, Coyle, and Maguire 2011b), 

where, �̅� represents the inhibitory or excitatory synapse; 𝜏�̅� indicates the delay in the rise time 

of the synaptic function and the amplitude of the synapse is presented by 𝐻�̅� (𝑡). The mem-

brane potential is converted to an average pulse density using the sigmoid function as defined 

in Eq. 2.4. 𝐶 parameters are constant values representing the average number of synapses be-

tween the populations. 

                                   ℎ�̅� (𝑡) =
𝐻�̅� 

𝜏�̅�
 𝑡𝑒

−
𝑡

𝜏�̅�                                             (2.10) 

The extrinsic input to the cortical module is from the neighbouring cortical voxels simulated 

with white Gaussian noise.  The computational model of the cortical module disconnected from 

the thalamic module is shown in Figure 2.15. 

 

Figure 2.15 The computational model of the cortical module (Basabdatta Sen Bhattacharya, 

Coyle, and Maguire 2011b). 
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The results showed that the model is capable of generating the alpha rhythms. By varying the 

synaptic connectivity parameters (𝐶) in the thalamic module, the model can simulate the ef-

fects of AD on the brain synaptic circuitry as the power spectrum within the alpha rhythms can 

be observed.  

2.6.1.5 Induced activities modelling 

 Regarding the modelling of induced activities, computational model of thalamo-cortical 

networks was used (Pfurtscheller and Lopes da Silva 1999, Neuper and Pfurtscheller 2001, 

Basab Bhattacharya, Coyle, and Maguire 2012) to investigate the mechanisms underlying the 

event known as focal ERD surrounded ERS within the alpha band. It is observed (Pfurtscheller 

and Lopes da Silva 1999) that in an experiment of paying attention to a specific sensory 

modality the corresponding alpha activity decreases, which is known as desynchronisation of 

the alpha activity. For example, when a subject is instructed to make a particular task such as 

cue-guided movement of the hand or the foot, the power spectral within the alpha band at the 

focal area of the brain will be decreased. While, in the neighbouring area of the brain that 

corresponds to the same or other modalities of information processing, an increase in the power 

spectral within the alpha band will be observed. This event is known as focal ERD surrounded 

ERS within the alpha range.  

An example of modelling a thalamo-cortical network for ERD/ERS events is presented in 

(Basab Bhattacharya, Coyle, and Maguire 2012). In this work, the aim is to investigate the 

ERD/ERS behaviours of the subjects affected by AD within the alpha band. It is believed that 

in AD patients, there is an increased latency in the cortical response corresponding to an event 

which affects their ERD/ERS behaviours compared to young healthy adults (Basab 

Bhattacharya, Coyle, and Maguire 2012). The reason for modelling the thalamo-crotical 

network for this purpose can be justified by considering several facts: 1) it is believed that 
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ERD/ERS events are related to the task that require attention such as visual perception or limb 

movement and it is the thalamus which links perception to the action; 2) all sensorimotor 

pathways have branches that are afferents (in the nervous system, afferent nerves carry nerve 

impulses from the sense organs toward the nervous system) to the thalamic nuclei; and 3) 

studies show that thalamus plays a vital role in generating the cortical alpha band (Murray 

Sherman and Guillery 2001). Figure 2.16 (Basab Bhattacharya, Coyle, and Maguire 2012) 

illustrates a single model of the thalamo-cortical network, including two subsets: the thalamo-

cortical-relay (TCR) and the thalamic-reticular-nucleus (TRN). The TCR cell receives an 

excitatory input from the retinal which is simulated by the white Gaussian noise.  

 

Figure 2.16 The computational model of the thalamo-cortical network including TCR and 

TRN populations (Basab Bhattacharya, Coyle, and Maguire 2012). 



53 
 

The synaptic response is described by ℎ(𝑡) as defined in Eq. 2.3. 𝑒 and 𝑖 are excitatory and 

inhibitory synapses respectively. The average membrane potential is converted to an average 

pulse density 𝐸(𝑡), using the sigmoid function as defined in Eq. 2.4. 𝐶 represents the average 

number of synaptic connectivity between the populations.  

In order to simulate ERD/ERS events, multiple cascaded models were used which is shown in 

Figure 2.17 (Basab Bhattacharya, Coyle, and Maguire 2012). 

 

Figure 2.17 The computational model of two thalamo-cortical networks in order to simulate 

the generation of ERD/ERS events. The model consists of a target module (the top model) and 

a neighbouring module (Basab Bhattacharya, Coyle, and Maguire 2012). 
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The above computational model consists of two thalamo-cortical networks: 1) a target module, 

and 2) a neighbour module. The two modules are connected through inhibitory connectivity 

parameter 𝐶4, simulating the mutual inhibition in the neighbouring population of thalamo-

cortical neurons. 𝑀 (𝑡) is a modulatory input which simulates the cholinergic input to the 

thalamus from the brainstem companied with an event such as visual, mental, or motor activity 

tasks. The modulatory input has an excitatory connectivity with the TCR cell population 

through 𝐶5 and inhibitory connectivity with the TRN cell population through 𝐶6 in the target 

module. It is worth mentioning that the neighbouring module does not receive direct afferents 

from the modulatory input. In the target module, the modulatory input caused a reduction in 

the power and synchronisation. While in the neighbouring module, a power enhancement and 

increasing in synchronisation were observed. 

In summary, the above model is capable of generating focal ERD surrounded ERS events.  

2.6.2 Parameterisation (Data-fitting) Techniques for Neural Mass Models  

There are a large number of parameters in the differential equations of the NMMs discussed in 

Section 2.6.1. Therefore, parameterisation methods are used to find the best combination of 

parameter values so that the NMMs can reproduce the recorded EEG data. In the following, 

relevant parameterisation techniques are explained. 

2.6.2.1 Kalman Filters-based Approaches 

One of the methods for parameterisation of NMMs is based on Kalman Filters (KF). Extensions 

and generalisations to KF have also been developed, such as Extended Kalman Filter (EKF), 

Unscented Kalman Filter (UKF) and Cubature Kalman Filter (CKF). KF algorithm (Kalman 
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1960) is a recursive filter that can be applied to a linear dynamic system in order to obtain the 

estimation of the model’s parameters. It is a two-step procedure containing prediction and 

update (correction). In the prediction step, at each discrete time increment, a linear operator is 

applied to the previous state to generate the new state with some noise mixed in. Then, a further 

linear operator mixed in with more noise generates the observed output from the hidden or true 

state. In the update step, the estimation is updated based on the computed Kalman gain which 

is the weighted mean representing the certainty about the estimation. The recursive 

characteristic of this algorithm makes it possible to run in real time as it only needs the best 

previous state estimation, present input measurements and the uncertainty matrix, rather than 

the entire history. 

Due to the fact that KF cannot handle nonlinearities, EKF is introduced (Einicke and White 

1999) which also follows the predictor/corrector steps of KF. However, the state and 

observation models in EKF are nonlinear functions. EKF (Einicke and White 1999) performs 

linearization around the best answer from the previous point by computing the first derivative 

of the state and observation functions (Jacobian matrix) at each time step. Although claimed to 

be able to handle nonlinearities, the algorithm suffers from the following constraints: a) the 

system functions should be differentiable; b) only moderate nonlinearities and uncertainty can 

be handled; c) it cannot cope with high dimensional problems; d) it is sub-optimal and biased 

estimator due to the linearization step; and  e) computing the Jacobian matrix is an error-prone 

and computational expensive process. 

Based on the fact that EKF cannot handle highly nonlinear systems as well as non-

differentiable functions, Julier and Uhlmann (Julier and Uhlmann 1997) proposed UKF with a 

better accuracy and easier implementation compared to EKF. UKF does not need to linearize 

the nonlinear functions and compute the Jacobian matrix. In UKF, a set of sample points called 

sigma points are carefully chosen around the mean via unscented transform technique. These 
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sigma points are then propagated through the nonlinear functions so that the posterior 

estimation can be obtained accurately. Although UKF can handle nonlinear and non-

differentiable systems, it requires the prior knowledge about the noise-condition (Mean and 

variance) that is added to the measurement model which is still a constraint likewise for other 

types of KF methods (KF, EKF, UKF). 

CKF is another type of KF methods proposed by Arasaratnam and Haykin which is based on 

spherical-radial cubature rule (Arasaratnam and Haykin 2009). The cubature rules help to 

address the multi-dimensional integral issues. In general, CKF is preferred over UKF due to its 

more stable performance. However, since CKF used the third-degree spherical-radial cubature 

rule, it is not as accurate as UKF in real-life applications. Furthermore, computing the formula 

can cause inconveniences in high-dimensional state-estimation problems (Xin-Chun Zhang 

2013). 

More details of using the KF-based approaches for parameterisation of neural mass models can 

be found in Chapter 6. 

2.6.2.2 Least Square based Approaches 

Least squares based approaches follow a standard approach in regression analysis to 

approximate the solution of a system by minimizing the sum of the squared differences 

between the fitted and observed values. As the number of observations (samples) is normally 

bigger than the number of unknowns, the system to be approximated is overdetermined. 

The minimum of the sum of squares is found by setting the gradient to zero. Therefore, if the 

model contains m independent variables, there are m gradient equations to work out the best 

value for the coefficient pertaining to each independent variable.  

https://en.wikipedia.org/wiki/Regression_analysis
https://en.wikipedia.org/wiki/Maxima_and_minima
https://en.wikipedia.org/wiki/Gradient
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The most important application is in data fitting. A simple example is the linear regression in 

which the coefficients of the regression equation are ‘trained’ through the available data. For 

complex systems, the linear regression may not be sufficient, which leads to the need for the 

non-linear regression techniques .Furthermore, simple regression and least-squares methods 

are inefficient if the problem has substantial uncertainties in the independent variable. In such 

cases, instead of fitting errors in the least squares sense, a modified fitting procedure to mini-

mise the errors in variables is needed. 

More details of using the least-squares based approaches for NMM parameterisation can be 

found in Chapter 6.  

Melissa Zagvalia’s work. In this work (Zavaglia et al. 2006), a neural mass model of the cortical 

module based on Wendling’s work is used. In terms of modelling a Region of Interest (ROI), 

three populations named as POPLF, POPMF and POPHF are connected in parallel to generate 

rhythms in low, mid and high frequency bands respectively. Each population receives input 

simulated as the white Gaussian noise with different variances. Before the fitting procedure, 

real data were recorded from two subjects performing finger movements of the right hand and 

the execution of a working memory task. In Figure 2.18, the parallel arrangement of the three 

populations in a ROI is shown.  

𝒑1 represents the input (white the Gaussian noise) to each population. 𝒗𝒐𝒖𝒕 is the cortical EEG 

of the ROI and is obtained as the mean value of the membrane potentials 𝒗0  of pyramidal 

neurons in three populations, which is defined in Eq. 2.11 (Zavaglia et al. 2006). 

          𝑣𝑜𝑢𝑡(𝑡) =  1/3∑ 𝑣0
𝑘

𝐾=𝐿,𝑀,𝐻 (𝑡)                         (2.11) 

https://en.wikipedia.org/wiki/Curve_fitting
https://en.wikipedia.org/wiki/Independent_variable
https://en.wikipedia.org/wiki/Errors-in-variables_models
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Figure 2.18 Parallel arrangement of three populations in a ROI of the cortical module (Zavaglia 

et al. 2006). 

In the fitting procedure, the simulated EEG of the ROI and real data were compared in 

frequency domain. The minimisation of the least squared difference between the power 

spectrum densities (PSDs) in the range of 3-50 HZ was carried out. Parameters involved in 

parameterisation procedure include the mean values, standard deviation and values of fast 

inhibitory average gains of synapses for all three populations.    

It is shown that the model can simulate different EEG rhythms by only modifying the time 

constants parameters and fitting the positions of individual rhythms by modifying the average 

gain of fast inhibitory synapses. To improve the model in order to capture the complexity of 

the cortical EEG, three populations were connected in parallel. This fitting procedure  suffers 

the following problems: a) a large number of parameters and increased complexity of the model 

in order to simulate the dynamics of a single ROI; therefore, the accuracy of the 

parameterisation will be affected as least squares method is not performing well in those 

complex situations; b) no physiological explanation supported the obtained results. It is only 
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demonstrated that the model can achieve a precise match for the power spectra; and, c) the 

parameterisation procedure is based on the linear assumption while in reality neural systems 

are characterised by their nonlinearity. 

A simplified version of the model (Zavaglia et al. 2008) involving a small number of 

parameters was developed. However, the other two of the aforementioned issues still remained. 

Furthermore, the parameterisation procedure was carried out in a trial-and-error manner.  

2.6.2.3 Genetic Algorithm (GA) based Approaches 

Genetic Algorithms (GAs) were originally proposed by John Holland (Holland 1992) in order 

to find a good solution to a given optimisation problem. They are general purpose search 

algorithms which use principals inspired by natural selection and survival of the fittest to 

evolve solutions to problems. GAs start the process on the randomly generated population of 

individuals and evolve that population through operations such as selection of the individuals 

as the parents for the next generation, combination of parents to form the children of the next 

generation, and random changes to the population of the next generation (Goldberg 1989). The 

next generation is generated by applying these operations. For each generation, a collection of 

chromosomes which are representations of individuals within the population are evaluated 

against the objective functions. As this process iterates, the population evolves toward the 

optimal solution. In many areas and specifically in the field of artificial intelligence, GAs are 

considered as one of the most viable approaches to find the near global optima of a complex 

problem. The algorithm does not require any prior knowledge of the problem.  

GAs are particularly suitable in dealings with the Multi-objective optimisation problems, where 

there are conflicting objectives and the interaction between different objectives leads to a set 

of compromised solutions which are known as Pareto-optimal solutions (Savic 2002). The 
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existence of a pool of candidate solutions and the parallel processing mechanism make GAs an 

ideal candidate to find Pareto-optimal solutions at the same time, without converting the MOP 

problem into the SOP problem. Another two notable advantages of GAs lie in their ability in 

dealing with ill-defined objective functions without the need of having close-form and 

differentiable objective functions and provide near optimal solutions.   

More details of using the GA-based approaches for parameterising NMM and generate fuzzy 

rule-based classifiers can be found in Chapters 4, 5 and 6.  

2.7 Conclusion    

 In this chapter, basic of neuroscience and the main principals of BCI research, machine 

learning algorithms (in particular linear and non-linear classification algorithms),  neural mass 

modelling approaches, and different techniques including least squares and metaheuristic based 

approaches for parameterising NMMs and eliciting nonlinear classifiers are reviewed. The 

techniques described in this chapter are by no means exhaustive. In the following chapters, the 

implementations of the mentioned techniques are presented. In particular, Chapters 4 and 5 

describe a multi-objective immune algorithm for eliciting fuzzy rule-based and ensemble 

classifiers, and Chapter 6 presents a GA based approach for parametrising NMM 
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Chapter 3 

Experimental EEG Data 

The primary objective of this chapter is to introduce the process of the Electroencephalogram 

(EEG) data recording which have been used for creating the datasets for further experiments 

that are implemented in this project and are explained in the next chapters. In this chapter, the 

process of data acquisition has been explained followed by the pre-processing procedure for 

the collected EEG data. Finally, the pre-processed data were used in the feature extraction 

procedure to create the feature vectors for the classification algorithm developed in the next 

chapter.  

3.1 EEG Data Acquisition  

In this project, a non-invasive technique known as EEG has been used for the data acquisition 

procedure. Steady State Visual Evoked Potential (SSVEP) signal has been selected as the EEG-

signal type among the other EEG-paradigms as have been explained in Chapter 2. SSVEPs 

demand not only less training, but also offer high information transfer rate (ITR) and are less 

sensitive to artefacts (X. Chen et al. 2015). SSVEPs are stable oscillations in voltage that are 

elicited by visual stimuli such as a light flash (J. Wolpaw and Wolpaw 2012). To acquire 

SSVEPs, a subject is provided with a visual field which represents constant visual stimuli. Each 

stimulus has a specific frequency and the subject is asked to fixate on a specific frequency. Due 

to the subject fixation on a specific stimulus, a peak will be seen in the frequency spectrum 

around the same frequency as that of the stimulus, as well as at its harmonics. SSVEPs are 
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normally present in a frequency range of 1Hz to 100 Hz (Lin et al. 2007).  In the remaining 

part of this Section, the full procedure of EEG recording used in this study has been explained.  

3.1.1 Subjects 

Ten subjects, including seven males and three females within the age of 19-34 years-old, 

participated in the experiments. All the subjects had normal or corrected-to-normal visons. 

Subjects have been trained prior to the experiments. All experiments were conducted in 

accordance with the Declaration of Helsinki and the British Psychological Society guidelines. 

Ethical approval for the study was obtained from the School of Psychology Ethics committee, 

University of Lincoln.  

3.1.2 Experiment Set-up 

An MSI (MS-7788) computer, with i7-3990CPU Intel processor, NVida GeForce GTX 650 

graphics card, and a 64-bit Windows 7 operating system, was used to create and display the 

stimuli. The stimuli were displayed using a 22-inch Illyama HM204DTA Vision Master Pro 

514 Diamondtron U3-CRT monitor, with a Bits # signal processor (Cambridge Research 

Systems, Cambridge, UK), which was calibrated using an LS100 Minolta photometer. The 

maximum luminance of the display was 2.58𝑐𝑑 𝑚2⁄ , and the minimum luminance of the display 

was 151.10𝑐𝑑 𝑚2⁄ . The screen refresh rate was 85𝐻𝑧, and the resolution of the display was 

1024 × 768 pixels. MATLAB 2015a (The Mathworks Inc., Natick) and the Psychtoolbox v3 

functions (Brainard 1997, Pelli 1997, Kleiner et al. 2007) were used to generate and display 

the stimuli. A Biosemi 64-channel Active-Two system was used to record EEG signals. 

Electrodes were placed according to the 10-20 system (Malmivuo and Plonsey 1995) using an 

EEG cap. Eight additional electrode were placed on the right and left mastoids, infra and supra-
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orbital, and on the outer canthi of the eyes. Electrically conducting gel was used to reduce 

impedance. 

3.1.3 Data Recording 

Subjects were seated 1m away from the display screen in an electrically insulated and sound-

attenuated room. Subjects were asked to wear custom-made glasses to partially obscure their 

vision. Custom-made glasses used in this experiment with an effect of blurring vision to reduce 

effective contrast and to remove sharp luminance gradients was employed to approximate a 1-

dimensional stimulus. The necessity of generating 1-dimensional stimulus in this research is due 

to the input-type requirement of the neural-mass-model that has been used for this project to 

reproduce the EEG signals. Figure 3.1 shows the EEG data recording from one of the subjects 

while he was sitting in an electrically insulated and sound-attenuated room during the experi-

ment. Figure 3.2 shows the SSVEP signals generated as the responses to different stimuli.  

At the beginning of the experiments, subjects were asked to close their eyes for two minutes and 

the alpha-brain activity signals were recorded. Subsequently, the main experiment of recording 

SSVEPs started. Subjects initiated each trial by pressing the SPACE bar. The stimuli were cre-

ated by sinusoidally varying the contrast of the display, at frequencies of either 10Hz, 14Hz, or 

21Hz, emulating flashing light. The presence of each individual stimulus (one trial) lasted 10 

seconds. There were 5 repetitions for each stimulation frequency within a block. The stimuli 

within each block were presented in a random order to minimise the subject’s anticipation of 

the next stimuli of a certain frequency. Each subject viewed a total of 13 blocks, with short 

breaks in between each block. Subjects were asked to remain as still as possible during the 

recording to minimise movement artefacts.  
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 Figure 3.1 Subject is sitting in an electrically insulated and sound-attenuated room for the 

SSVEP recording experiment.     

Figure 3.2 SSVEP signals are generated based on the responses to three different stimuli 

frequencies. 
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Figure 3.3 SSVEP recording experiments where a subject is looking at a display emulating 

flashing lights at frequencies of 10Hz, 14Hz and 21Hz, resulting in the SSVEP signals as the 

responses to different stimuli.  

Figure 3.3 shows the process of generating the SSVEP signals as the responses to stimuli at 

frequencies 10Hz, 14Hz, and 21Hz during the SSVEP recording experiment. 

After EEG data acquisition, the pre-processing procedure explained in Section 3.2, needs to be 

implemented in order to enhance the recorded signal further by removing unwanted brain-

activities and preserving the relevant information. 

3.2 EEG Data Pre-processing 

EEG signal pre-processing needs to be conducted so that signals will be enhanced by 

eliminating known interference, such as artefacts and noise, while their spectral, temporal or 

spatial characteristics will be intensified. In this study, EEG data were analysed using 

EEGLAB, an open-access toolbox for EEG data analysis (Delorme and Makeig 2004).   



66 
 

EEGLAB is an interactive MATLAB toolbox with a collection of over 300 functions for 

processing continuous and event-related EEG and other electrophysiological data. It 

incorporates Independent Component Analysis (ICA), time/frequency analysis, artifact 

reduction, event related statistics and other useful modes for visualising the averaged and 

single-trial data. EEGLAB can run under various operating systems, i.e. Windows, Linux, 

Unix, and Mac OS X, and its Graphic User Interface (GUI) allows users to process their high-

density EEG data flexibly and interactively (Delorme and Makeig 2004).  

 The pre-processing procedure includes three main steps which have been briefly explained 

below.  

1. Data Decimation: Decimation is the elimination of samples in a periodic fashion (J. 

Wolpaw and Wolpaw 2012). When the signal is digitised at higher rate than required, for 

more efficient processing and less required data storage, it can be beneficial to decimate 

the sampled signal to a minimum effective sampling rate. In this study, EEG signals are 

initially recorded at the 2048 Hz sampling rate and decimated to 256 Hz in the pre-

processing procedure.    

2. Filtering: EEG signals of interest are normally in a specified range of frequencies. 

Therefore, eliminating the influence of the frequencies that lie outside the range of 

frequencies of interest is necessary. Toward this, temporal filters, including Finite Impulse 

Response (FIR), Infinite Impulse Response (IFR), and Discrete Fourier Transform (DFT) 

can be used to remove undesired effects and isolate relevant brain activities. It is worth 

mentioning that the width of the filter (i.e. the frequency range) should be selected carefully 

to prevent unnecessary loss of information. In this research, we used FIR filtering with a 

frequency range of 0.1Hz to 50 Hz. The Figure 3.4 shows the FIR filtering implemented 

on the EEG recording of one of the subjects.  
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Figure 3.4 FIR filtering in the range of 0.1-50 Hz on the recorded SSVEP signal. 

3. Segmentation: EEG signals are commonly segmented into consecutive sample blocks 

prior to the feature extraction process. The feature vectors are generated from the samples 

within each individual sample block. In this study, the recorded SSVEP signals from each 

subject are first separated based on the specific event using the build-in functions within 

the EEGLAB® toolbox.  In this work, three stimuli at 10 Hz, 14 Hz, and 21 Hz represent 

the events within the EEGLAB® framework. The event selection will result in dividing the 

collected EEG signals into three separate SSVEP signals, in which each one contains the 

responses corresponding to a specific stimulus frequency. Then, the generated event based 

SSVEP signals will be segmented into segments each lasting 2.5 second for further 

analysis. After segmentation of the event-based SSVEP signals, removing the mean 

baseline value from each segment can be beneficial when the baseline differences between 

data segments (e.g., those arising from low-frequency drifts or artefacts) are present. These 

are not meaningfully interpretable, and it is useful be removed from data to avoid affecting 

the data analysis (Delorme and Makeig 2004). It is worth mentioning, for the recorded 

alpha brain activity of each subject, as they do not contain any events, they could not 

process in EEGLAB®. The segmentation of the alpha signals into the 2.5-second-long 

segments were implemented separately in MATLAB®.   



68 
 

4. Artefact Reduction: In EEG recordings, there are various types of artefacts which could 

arise from biological sources such as muscle and eye movements, and heartbeat activity. 

The movement of muscle is one the most significant artefact and very difficult to be 

removed or fully realised (J. Wolpaw and Wolpaw 2012). In this research, artefact 

reduction has been implemented using the build-in functions within the EEGLAB® 

toolbox. Therefore, Trials containing artefacts were removed using an automatic rejection 

procedure, by setting a threshold of +/-100mV. Eye movements were corrected using the 

Gratton-Coles procedure (Gratton, Coles, and Donchin 1983).  

 

Figure 3.5 Example of artefact removal of the segments in the SSVEP signal with 14Hz 

stimulus frequency. Segments 6 and 7 shaded in yellow are marked for trial rejection as 

they contain artefact. 

Figure 3.5 shows an example of artefact removal on some segments of the SSVEP signal 

with 14 Hz stimulus frequency. As it can be seen, segments 6 and 7 shaded in the yellow 

colour are marked for rejection as they contain artefacts. 

After pre-processing the recorded EEG signals, the remained segments are ready for the feature 

extraction procedure explained in Section 3.3 to generate the feature vectors that can represent 

the signal characteristics in the best meaningful way. Figure 3.6 shows an example of different 
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segments of the recorded EEG signals from a subject in frequency-domain after data-

preprocessing.  

 

Figure 3.6 Example of segments of the recorded EEG signals from a subject in frequency-

domain after data-preprocessing. a) A segment of Alpha brain-activity with relative power 

spectral density at 10 Hz; b) A segment of SSVEP signal with relative power spectral density 

at 10.25 Hz responds to 10 Hz stimulus and harmonic at 21.25 Hz; c) A segment of SSVEP 

signal with relative power spectral density at 14 Hz responds to 14 Hz stimulus and harmonic 

at 28 Hz; d) A segment of SSVEP signal with relative power spectral density at 21.25 Hz 

responds to 21 Hz stimulus and no harmonic.  

3.3 Feature Extraction 

A feature is a distinctive measurement extracted from a segment of a signal. Features are used 

to represent relevant characteristics of signal. Therefore, feature extraction is a vital step in 

EEG signal processing as selecting the relevant features has direct impact on classification 
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performance. In this study, discrete wavelet transforms (DWT) method has been used to obtain 

such representations, extracting the features of interest from the recorded SSVEP signals.  

3.3.1 Discrete Wavelet Transform (DWT) 

DWT method has been used in this study due to its unique properties comparing to the other 

approaches such as Fast Fourier Transform (FFT), Autoregressive Modelling (AR), and Short-

Time Fourier Transform (STFT). DWT outperforms the aforementioned feature extraction 

approaches due to the following main reasons: 1) EEG signals are non-stationary and possess 

transient patterns. Therefore, traditional methods, such as FFT which is only suitable for 

extracting non-transient information in frequency-domain, is not capable of capturing the 

transient patterns. Furthermore, the time-domain information is not readily seen from the 

transformed Fourier coefficients (Adeli, Zhou, and Dadmehr 2003). Whilst, DWT is a powerful 

time-frequency method in capturing transient information such as sudden short-duration signal 

changes which are common in time-varying biomedical signals (Cvetkovic, Übeyli, and Cosic 

2008). 2) FFT is not a suitable approach to extract frequency-domain information as it suffers 

from low-frequency resolution, as well as spectral leakage due to its windowing function. 

Although the AR approach is a frequency-domain method and can provide a better frequency 

resolution and overcome the spectral leakage problem of FFT (Al-Fahoum and Al-Fraihat 

2014), AR requires proper selection of a model order.  AR gives a poor spectral estimation if 

the model order is not selected properly. As the FFT and AR approaches provide only 

frequency-domain information, the STFT approach can be used to provide time and frequency 

localisation at the same time and overcome the spectral leakage problem of FFT by using a 

Hanning window. However, the fixed window size of STFT does not address the uncertainty 

nature of EEG signal. For example, if the window size is too narrow, it reduces the frequency 
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resolution and if the window size is too wide the time resolution is poor (O.A Rosso, Martin, 

and Plastino 2002). DWT can overcome the aforementioned problems as it can provide time-

frequency localisation with a flexible window size. A wider window size is used to produce 

good frequency localisation at the lower frequency and a narrower window size is used for 

better time-localisation at the higher frequency (Mallat 1989, Jahankhani, Kodogiannis, and 

Revett 2006).  

DWT is based on the Wavelet Transform (WT) approach which represents a time function in 

terms of simple and fixed blocks, known as wavelets. The building blocks are a family of 

functions which are derived from a single generating function called mother wavelet which 

involves translation and dilation operations. In WT, dilation is known as a scaling function 

which compress or stretches the mother wavelet and translation shifts the mother wavelet along 

the time axis (Cvetkovic, Übeyli, and Cosic 2008).  WT is divided into two categories, namely 

continues (CWT) and discrete (DWT). However, in CWT, due to the continuous varying of 

scaling and translation parameters, the wavelet coefficients are required to be computed for 

every single scale. Therefore, it results in huge computational time and vast amount of data 

(Subha et al. 2010). In light of this, in this study, DWT approach has been selected as the 

feature extraction method. 

Due to its multi-scale feature, DWT can decompose the signal into the number of scales. DWT 

computes a set of wavelet coefficients which can be used to reconstruct the original signal and 

provide information as a direct estimation of local energies at different decomposition scales. 

The scaling function 𝜑𝑗,𝑘(𝑛) and detailed function 𝜓𝑗,𝑘(𝑛) used in DWT are defined in Eq. 3.1 

and Eq. 3.2 respectively. 

 𝜑𝑗,𝑘(𝑛) = 2
𝑗

2ℎ(2𝑗𝑛 − 𝑘)                (3.1) 

𝜓𝑗,𝑘(𝑛) = 2
𝑗

2𝑔(2𝑗𝑛 − 𝑘)                 (3.2) 
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Where 𝑔(𝑛) and ℎ(𝑛) represent the high- and low-pass filters respectively. 𝑛 = 0, 1, 2, 𝑀 −

1; 𝑗 = 0, 1, 2, 𝑗 − 1;  𝑘 = 0, 1, 2, 2𝑗−1; j=𝑙𝑜𝑔2(𝑀) and M is the length of the signal. 

The outputs of the low- and high-pass filters are the approximation and details coefficients of 

the signal (Omerhodzic et al. 2013).The approximation coefficient 𝐴𝑖 is defined in Eq. 3.3 and 

details coefficient 𝐷𝑖 is computed using Eq. 3.4, with 𝑖 = 1,2, , … , 𝑙 indicating the 

decomposition level starting from level 1 to l. 

𝐴𝑖 =
1

√𝑀
∑ 𝑥(𝑛)𝑛 ∙  𝜑𝑗,𝑘(𝑛)        (3.3) 

𝐷𝑖 =
1

√𝑀
∑𝑥(𝑛)

𝑛

∙ 𝜓𝑗,𝑘(𝑛)         (3.4) 

The multi-scale decomposition process of an input signal 𝑥(𝑛) is shown in Figure 3.6.  

 

Figure 3.7 The multi-scale decomposition procedure of DWT. 

As can be seen from Figure 3.7, at each stage of the decomposition scale, two digital filters and 

two down samplers by a factor of 2 are used. The outputs of the high- and low- pass filters are 

passed to down samplers of the first stage which provide the detail 𝐷1 and approximation 𝐴1, 

respectively. 𝐴1 is further decomposed and this process continues until it reaches the specified 

maximum decomposition level l (Cvetkovic, Übeyli, and Cosic 2008). 
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In DWT, choosing the suitable wavelet and the number of decomposition level is very 

important for processing the input signal. The number of decomposition level is determined by 

the dominant frequency of the signal. Therefore, those parts of the signal that correlates well 

with the frequencies necessary for classification of the signal are retained in the wavelet 

coefficients (Subasi 2007). In this study, Daubechies 4 (db4) is selected due to its smoothing 

feature which is suitable for detecting changes of the EEG signal (Adeli, Zhou, and Dadmehr 

2003, Omerhodzic et al. 2013). The number of decomposition levels is set to 5 in order to 

decompose EEG signals into five frequency bands. The frequency band of each decomposed 

level 𝐷𝑙 is defined in Eq. 3.5. Where, 𝑓𝑠 is the sampling frequency rate and l represents the 

decomposition level. In this work, the sampling frequency rate is 256Hz.      

                                                                        𝐷𝑙 = [
𝑓𝑙
2
⁄ , 𝑓𝑙]     (3.5) 

                  𝑓𝑙 =
𝑓𝑠
2𝑙+1                         
⁄  

 

TABLE 3.1 

FREQUENCY BANDS CORRESPONDING TO EACH DECOMPOSITION LEVELS 

 

Levels          Frequency range (Hz) Frequency bands 

𝑫1 (64-128) noises 

𝑫2 (32-64) gamma 

𝑫3 (16-32) beta 

𝑫4 (8-16) alpha 

𝑫5 (4-8) theta 

𝑨5 (2-4) delta 

 

The decomposition levels and corresponding frequency bands are shown in TABLE 3.1. The 

signals are decomposed into five details (𝐷1 − 𝐷5) and one approximation (𝐴5).  

 Figure 3.8 shows the 5-level decomposition process of a SSVEP segment with 14 Hz stimulus.  
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Figure 3.8 5-level decomposition of SSVEP signal using DWT. The segment is decomposed 

into five details (𝐷1 − 𝐷5) and one approximation (𝐴5). 

3.3.2 Feature Vector Preparation 

A feature vector consists of a set of all features that represents the signal with the least 

minimum loss of information (Cvetkovic, Übeyli, and Cosic 2008). In this study, SSVEP 

signals with three different stimulation frequencies at 10Hz, 14Hz and 21Hz, and the baseline 

signals with a peak at 10Hz from 10 subjects are used in the feature extraction procedure using 

the DWT method described in Section 3.3.1. It is also worth mentioning that in this study, the 

features are extracted from only O1 channel of the ten subjects.  It is believed that SSVEPs 

have higher amplitudes at O1, O2 and OZ channels (Pastor et al. 2003). 

Based on the DWT method, discrete wavelet coefficients for each SSVEP recording under 

different stimulation frequencies from ten subjects have been computed based on Eq. 3.4 for 

three sub-bands, i.e. gamma (𝐷2), beta (𝐷3), and alpha (𝐷4). The selections of three sub-bands 

is based on the stimulation frequencies of SSVEP signals and their harmonics, which are 

located in these sub-bands. The discrete wavelet coefficients for the recorded baseline signals 

from every subject have also been computed for the same three bands.  
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Three main features characterised by relative wavelet energy, Shanon wavelet entropy, and the 

mean power of details coefficients are computed for the three sub-bands based on their obtained 

wavelet coefficients. The reason to create the feature vectors based on these three features 

instead of using the computed wavelet coefficients directly is to reduce the dimensionality of 

the feature vectors and better represent the time-frequency distribution of the recorded signals. 

A brief deception of these three features are given in below: 

1. Relative Wavelet Energy: The energy of wavelet coefficients at each decomposition level 

represents the strength of the signal. The wavelet approximation coefficient (𝐴𝑖) and detail 

coefficients (𝐷𝑖) of a signal at the ith level are obtained based on Eq. 3.3, and Eq. 3.4, 

respectively. Therefore, the energy of detail and approximation are computed using Eq. 

3.6. and Eq. 3.7. respectively. Where, 𝐸𝐷𝑖  represents the wavelet energy of detailed 

coefficients; 𝐸𝐴𝑖 represents the wavelet energy of approximation coefficients at the ith  

Level; and N, represents the number of details coefficients. 

𝐸𝐷𝑖 = ∑ |𝐷𝑖𝑗|,   𝑖 = 1,2, … . 𝑙
𝑁
𝑗=1                  (3.6) 

      𝐸𝐴𝑖 = ∑ |𝐴𝑖𝑗|,   𝑖 = 𝑙                        
𝑁
𝑗=1         (3.7) 

 

The total energy is calculated using Eq. 3.8, where,𝐸𝑇 represents the total energy of the 

signal.  

                                   𝐸𝑇 = (∑ 𝐸𝐷𝑖
𝑙
𝐼=1 +𝐸𝐴𝑙 )                                (3.8) 

Therefore, the relative energy (𝐸𝑅𝑒𝑛𝑔𝑖) at the ith level can be obtained using Eq. 3.9. 

Relative energy provides information regarding the energy for the specific frequency band 

and gives a degree of similarity between segments of a signal (Garg et al. 2011). 
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𝐸𝑅𝑒𝑛𝑔𝑖 =
𝐸𝐷𝑖

𝐸𝑇
                                     (3.9) 

2. Shanon Wavelet Entropy: Wavelet entropy is based on Shanon entropy (Shannon 1948), 

Shanon wavelet entropy gives a degree of order/disorder of the signal (Osvaldo A. Rosso 

et al. 2001). Shanon wavelet entropy (𝑆𝑊𝑖) at the 𝑖th level is computed using Eq. 3.10. 

𝑆𝑊𝑖 = −(∑𝐸𝑅𝑒𝑛𝑔𝑖 ∙ log 𝐸𝑅𝑒𝑛𝑔𝑖)        (3.10) 

3. Mean Power of Details Coefficients: Mean power of details coefficients ( 𝑚𝑒𝑎𝑛𝑝𝑖) 

represents the local wavelet power spectrum at the 𝑖th level (specific frequency band) which 

provides a degree of cumulative information of variation at each level of decomposition 

(Subramani, Sahu, and Verma 2006).  𝑚𝑒𝑎𝑛𝑝𝑖 is computed using Eq.  3.11. 

𝑚𝑒𝑎𝑛𝑝𝑖 =
1
𝑁𝑖⁄ (∑ 𝐷𝑖𝑗

2𝑁
𝑗=1 )   (3.11) 

 

TABLE 3.2 

DATASETS PREPARED FOR EACH SUBJECT BASED ON THE EXTRACTED 

FEATURES. 

Therefore, for each subject and the recorded signal, a dataset consisting of all features is 

represented as a matrix of size 𝑆 × 𝑁 where, S represents the number of segments (i.e. the 

number of data points in the dataset) in a specific signal and N represents the total of nine 

Subjects SSVEP 10 Hz SSVEP 14 Hz SSVEP 21 Hz Baseline 10Hz 

S1 105 × 9 125 × 9 134 × 9 59 × 9 

S2 159 × 9 156 × 9 143 × 9 59 × 9 

S3 267 × 9 297 × 9 303 × 9 63 × 9 

S4 133 × 9 104 × 9 132 × 9 59 × 9 

S5 233 × 9 374 × 9 370 × 9 59 × 9 

S6 268 × 9 166 × 9 154 × 9 59 × 9 

S7 258 × 9 269 × 9 350 × 9 59 × 9 

S8 51 × 9 47 × 9 60 × 9 59 × 9 

S9 83 × 9 80 × 9 105 × 9 59 × 9 

S10 128 × 9 131 × 9 232 × 9 59 × 9 
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extracted features for each segment. The datasets prepared for ten subjects are summarised in 

TABLE 3.2.  

3.4 Conclusion 

In this chapter, the full procedure of the EEG-data acquisition has been explained. The pre-

processing data procedure for enhancing the recorded signals prior to the feature extraction has 

been presented. Finally, the feature extraction procedure based on the DWT method has been 

explained in which the feature vectors are generated and prepared for the classification 

algorithm presented in chapter 4.  
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Chapter 4   

 Classification of Multi-class EEG 
data using Immune Multi-

Objective Fuzzy Modelling  

In this chapter, an Immune Inspired Multi-Objective Fuzzy Modelling (IMOFM) mechanism, 

which was originally designed for regression problems, is adapted for classification of multi-

class EEG data. IMOFM features a multi-stage modelling procedure combining a gradient 

based local search and a metaheuristic based multi-objective search algorithm. Due to this 

multi-stage modelling procedure, IMOFM leads to not only a high prediction accuracy but also 

a simplified model structure. 

Simplification of the model structure is carried out by removing redundant (unnecessary) 

components within the model and this generally leads to a better generalisation capability and 

improved interpretability of the model. Two main contributions of this chapter are as follows:  

1. The multi-objective modelling framework of IMOFM has been exploited to encourage the 

diversity of the elicited models which can be used in designing effective ensemble 

classifiers in Chapter 5. There are several diversity measures which are closely linked to 

either parameter or structure optimisation procedures of IMOFM. These diversity measures 

can be used as one of the objective functions to elicit the desired FRBSs. However, 

choosing the most appropriate diversity measure is a nontrivial task, as it pertains to the 

inherent mechanisms of IMOFM and lays down the foundation for designing effective 

ensemble classifiers in the next chapter. 
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2.  A decomposition-based approach is employed to classify multi-class EEG data. There are 

two main approaches to deal with multi-class problems, namely the decomposition-based 

method and All-At-Once (AAO) method. The decomposition-based method is based on 

creating binary classifiers for different pairs of EEG signals. Each pair of EEG signals is 

generated using a different pair of stimuli. The decomposition-based method generally 

leads to high classification accuracy and is therefore the choice of this project. Based on 

the binary classifiers, different aggregation approaches, including variants of majority 

voting and Decision Directed Acyclic Graph, are proposed and investigated. Comparing to 

various baseline classification algorithms, such as the adaptive neuro fuzzy inference 

system (ANFIS), artificial neural networks (ANNs), and the CART decision tree algorithm, 

the proposed IMOFM based multi-class classification framework presents superior 

performance in terms of both accuracy and interpretability.  

In the following, we first introduce the multi-class classification problem. The proposed binary 

classification mechanism using IMOFM is then discussed along with the choice of the objective 

functions and their impact on accuracy, diversity and interpretability of the elicited classifiers. 

Building on the binary classifiers, the aggregation approaches and the proposed multi-class 

classification framework are then discussed. Finally, the experimental and comparison results 

are presented.  

4.1 Multi-class Classification  

As discussed in Chapter 3, there are four different classes including Class 1 for Alpha brain 

activities, Class 2 for the SSVEP signal with the 10Hz stimulus, Class 3 for the SSVEP signal 

with the 14Hz stimulus and Class 4 for SSVEP signal with the 21Hz stimulus.  
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It is shown that for the multi-class classification problem, decomposition-based methods can 

simplify the decision making as they distinguish between only two classes rather than dealing 

with more than two classes at the same time (Galar et al. 2011). Following this line of methods, 

a multi-class problem is first decomposed into several easier-to-solve binary classification 

problems. Unlike decomposition-based approaches, in All-At-Once (AAO) approaches, the 

decision has to be made with respect to all the classes at once, leading to a significant increase 

in the computational cost comparing to decomposition-based approaches (Tsujinishi, Koshiba, 

and Abe 2004). It is also worth mentioning that, the generalisation capability of AAO 

approaches have been reported to be poorer than decomposition-based approaches, particularly 

in comparison to one type of decomposition-based approaches, i.e. the One-Against-One 

(OAO) approach which will be discussed below (Tsujinishi, Koshiba, and Abe 2004).  In light 

of the above reasons, decomposition-based approaches have been chosen in this work for 

classification of multi-class EEG data.   

There are two main decomposition-based approaches: One-Against-One (OAO) and One-

Against-All (OAA) approaches. Both OAO and OAA approaches decompose a multi-class 

problem into several binary classification problems. In this work, OAO is used due to its 

generalisation capability. Following the OAO approach, for the multi-class EEG data we have 

in this work, six different binary classifiers have to be trained for each subject in order to cover 

the complete combination of different classes. These classifiers include: CF1 to classify 

between Classes 1 and 2, CF2 to classify between Classes 1 and 3, CF3 to classify between 

Classes 1 and 4, CF4 to classify between Classes 2 and 3, CF5 to classify between Classes 2 

and 4, and CF6 to classify between Classes 3 and 4. 
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4.1.1 Decomposition based Methods  

Classification tasks have been applied to different real-world applications, many of which 

involve multi-class classification, e.g., sign language recognition tasks (Aran and Akarun 

2010), classification of EEG signals  (Guler and Ubeyli 2007) and medical applications such 

as cancer diagnostics (Anand and Suganthan 2009). Decomposition based methods divide the 

multi-class problem into a series of binary classification problems that simplify the decision 

boundaries of the multi-class problem (Galar et al. 2011). The two most well-known methods 

within this category are OAA and OAO. In the OAO approach, it divides the multi-class 

problem into binary classes which include all the possible combinations of pairwise classes. 

Therefore, the OAO approach breaks down the multi-class problem into distinguishing classes 

within each pair of classes. Similar to the OAO approach, the OAA approach also divides the 

multi-class problem into binary classes. However, each binary classifier needs to distinguish 

one of the classes from all other classes (Rifkin and Klautau 2004). In the learning phase of the 

OAO approach, the training set for each binary classifier only includes the samples from the 

corresponding two classes. Therefore, OAO requires less training time. On the contrary, 

training a binary classifier based on OAA requires that the samples are from all classes, of 

which one will be considered as positive and all other classes negative. Therefore, training an 

OAA based classifier is computationally more expensive than using the OAO approach. It is 

also worth mentioning that having a training dataset consisting of samples from either a single 

class or all other classes will produce an imbalanced dataset, leading to some undesirable 

effects in the trained classifiers (Galar et al. 2011, Eichelberger and Sheng 2013).  

Both of the above decomposition-based methods require an extra step to combine or aggregate 

the results from the binary classifiers in order to provide the final decision. A brief review of 
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aggregation techniques, in particular those for the OAO approach, are provided in the next 

section.  

4.1.2 Aggregation Methods 

Given a classification problem, if 𝑁 represents the number of classes, a training data set is 

denoted as {(𝑋1 , 𝑦1), … (𝑋𝑖 , 𝑦𝑖)… (𝑋𝐷 , 𝑦𝐷)}, where, 𝑋𝑖 ∈ 𝑅
𝑚 represents the feature vector of 

the 𝑖th data point, 𝐷 is the number of data points in the training data set, and 𝑦𝑖 = {1,… . . 𝑁}, 

is the class label of the 𝑖th data point. Therefore, a multi-class classification task is to construct 

a mapping 𝐹: 𝑋 → {1, …𝑁} using the labelled training data set through the training process. As 

the OAO method is used in this work, the focus in this section is placed on the aggregation 

methods for OAO.  

1. Voting Strategy: In this approach, each binary classifier contributes to a vote for the 

predicted class. The summation of the votes for each class will be computed. The class with 

the maximum votes will be the predicted class for the testing sample.   

2. Averaged voting strategy: In this approach, each binary classifier contributes to a vote for 

the predicted class in the same way as what the voting strategy does. The votes for each 

classifier will be added and averaged and the averaged vote will be considered as the final 

label.  

3. Decision Directed Acyclic Graph (DDAG): DDAG is based on the Directed Acyclic Graph, 

which is an oriented graph with no cycles (Platt, Cristianini, and Shawe-Taylor 1999). 

DDAG’s structure is based on the rooted binary tree with the maximum 2 children. In a 

classification task based on DDAG, e.g. there are 𝑁 = 4, classes, therefore, there are 6 

binary OAO based classifiers, one for each pair of classes, hence there exists  𝐾 = 6 
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internal nodes. The prediction 𝑦,  for a sample 𝑋 ∈ 𝑅𝑚, is determined by a binary classifier 

with a mapping function of  𝑓𝑖𝑗(𝑋), as defined in Eq. 4.1 (Zhou, Wang, and Fujita 2017), 

where 𝑐mapping is a constant, and  i and j represent two different classes.  

𝑦 = {
𝑖,          𝑓𝑖𝑗(𝑥)  ≥ 𝑐

𝑗,        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  
                              (4.1) 

An example of using DDAG for aggregating OAO based binary classifiers with 𝑁 = 4, i.e. 

4 classes, is shown in Figure 4.1.  

 

Figure 4.1 An example of using DDAG for a multi-class classification problem 

with N = 4. 

In this example, the classification of a sample 𝑋 starts at the root node which represents a 

binary classifier with the mapping function of  𝑓1,4(𝑋). If  𝑓1,4(𝑋)  ≥ 𝑐, 𝑋 does not belong 

to class 4 and the node exits the right edge to the next node with a binary classifier with the 

mapping function of 𝑓1,3(𝑋). Similarly, if  𝑓1,4(𝑋)  < 𝑐, 𝑥 does not belong to class 1 and 

the root node exits the left leg to the next node where the mapping function of   𝑓2,4(𝑋) will 

be evaluated. The above process repeats until it reaches the final leaf node. The path taken 
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through DDAG is known as the evaluation path (Platt, Cristianini, and Shawe-Taylor 

1999). The mapping functions in DDAG are carried out based on a list. At the root node, 

in the beginning of the classification, the list is initialised containing all the classes. In the 

example shown in Figure 4.1, at the root node, the initial list 𝑙 = {1,2,3,4} contains four 

classes. The binary classifier at the root node distinguishes class 1 vs class 4, which 

corresponds to the first and last classes in the initial list. If the evaluation of 𝑋 using 𝑓1,4(𝑋)  

indicates that 𝑋 belongs to class 1, then class 4 will be eliminated from the list and the 

updated list will be 𝑙 = {1,2,3}  for the next node. The binary classifier with the mapping 

function of  𝑓1,3(𝑋)  at this next node distinguishes between the first and last classes within 

the updated list 𝑙 = {1,2,3}, i.e. class 1 vs class 3. If the predicted class for 𝑥 is not class 3, 

the list will be updated for the next node by eliminating class 3, i.e. 𝑙 = {1,2}. At this new 

node, the binary classifier with the mapping function of  𝑓1,2(𝑋)  distinguishes between the 

two remaining classes, i.e. class 1 vs class 2. If  𝑥 does not belong to class 2, class 2 will 

be removed from the list. The only remaining class in the final list is class 1, which is the 

final predicted class for X. The termination condition for DDAG is when there is only one 

class in the list. Therefore, with  𝑁 classes, 𝑁 − 1 nodes will be evaluated in order to predict 

the final class label.  

It is worth mentioning that the list in DDAG is only used to update the remaining class 

labels at each level of the evaluation path. These class labels in the list form a pool of 

candidate classes based on which the mapping function (i.e. the binary classifier) will be 

chosen. In DDAG, choosing the binary classifier at each node using the first and last classes 

in the list is only making sense when these two classes are the most distinguishable classes 

from each other within the list. In light of this, in (Takahashi, Takahashi, and Abe 2003), 

at each node, the binary classifier with the minimum classification error for the training 

dataset is selected as long as the two classes of this binary classifier are included the list. If 
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𝑋 does not belong to one of the classes that class will be eliminated from the list for the 

next node.  

In this work, several variants based on (Takahashi, Takahashi, and Abe 2003) are proposed to 

select the binary classifier for each node according to the list. The details of these variants and 

results will be presented in Sections 4.3 and 4.4.4 respectively.  

4.2 Binary Classification based on IMOFM 

4.2.1 IMOFM  

In this section, Immune Inspired Multi-Objective Fuzzy Modelling (IMOFM) algorithm, which 

was originally proposed for regression problems (J. Chen and Mahfouf 2012), is first adapted 

for binary classification of EEG data. IMOFM is a metaheuristic based multi-objective fuzzy 

modelling approach which offers high prediction accuracy as well as a simple/interpretable 

model structure. IMOFM utilises a multi-objective metaheuristic to remove the redundant 

(unnecessary) components of the predictive model, leading to better generalisation capability 

and interpretability of the model. Like ANNs and other nonlinear classification algorithms, 

Fuzzy Rule based Systems (FRBSs) are the universal approximator (Benítez, Castro, and 

Requena 1997), that is fit for the classification task in this work. However, there are several 

distinct features that justify the choice of IMOFM as the classification algorithm in this work 

rather than other machine learning based classification algorithms. (1) IMOFM employs 

interpretable FRBSs to represent the system under investigation (J. Chen and Mahfouf 2012). 

Moreover, through the simplification stage, the generalisation capability of FRBSs is 

improved, effectively avoiding the overfitting problem. (2) FRBSs, in general, provide a good 

platform to deal with noisy, imprecise or incomplete information which is often presented in 
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many human-cognition systems (Cordón, del Jesus, and Herrera 1999). FRBSs allow 

modelling the uncertainty associated with input measurements, as well as with providing the 

relationship between the input features and output classes (Pota, Esposito, and De Pietro 2017). 

(3) IMOFM, through multi-objective search, encourages diversity of the elicited FRBSs, 

paving the foundation to develop ensemble fuzzy classifiers (see Chapter 5), which can further 

improve the classification accuracy. In the following, the key steps involved in IMOFM are 

briefly reviewed.  

IMOFM involves three stages, in which the first two stages aim to generate an initial accurate 

approximate FRBS. In the first stage, an evolutionary based K-means clustering algorithm is 

used to extract the FRBS from the dataset. This initial FRBS can be further improved as 1) it 

contains redundant fuzzy sets and rules; therefore, the elicited FRBS offers low interpretability; 

and 2) the parameters of the FRBS can be further tuned to give more accurate predictions. With 

respect to the latter point, a constrained Back-Error-Propagation (BEP) algorithm is used in the 

second stage to improve prediction accuracy of the initial FRBS. With respect to the first point, 

the improved FRBS will be used to seed the initial population in the third stage.  Since, the 

membership function parameters and the rule-based structure cannot be simultaneously 

optimised in Stages 1 and 2, only a sub-optimal FRBS can be obtained. Therefore, in the third 

stage, a multi-objective optimisation problem can be formulated to simultaneously refine the 

parameters of the membership functions as well as the structure of FRBSs. The choice of 

different objectives will be explained in Section 4.2.2.  

It is worth mentioning that in the third stage, IMOFM applies simplification procedures to 

remove redundancy both in the rules and fuzzy sets. The simplification steps include removing 

unimportant rules, merging similar rules, removing universal fuzzy sets, and merging similar 

fuzzy sets. More details for the aforementioned steps can be found in (J. Chen and Mahfouf 

2012). 
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As mentioned earlier, IMOFM is originally designed for regression problems. Therefore, the 

defuzzified output of a Mamdani FRBS will go through a post-processing procedure so that the 

defuzzified output will be rounded up or down to either 1 or 0 in this work, representing two 

different class labels in our classification problems. 

4.2.2 Interpretability of FRBSs 

Interpretability of FRBSs can be defined as understandability or transparency of the generated 

rules (Yaochu Jin 2000). The interpretability of FRBSs depends on several aspects (Y. Jin 

2000, Ishibuchi and Yamamoto 2004). (1) Comprehensibility of fuzzy sets.  In order to have 

understandable fuzzy rules, fuzzy sets should be distinguishable so that a meaningful linguistic 

term can be associated with them. (2) Simplicity of FRBSs, which means the number of input 

variables involved in each rule and the total number of fuzzy if-then rules should not be 

excessive. (3) The fuzzy rules in the rule base should be consistent. If there are rules which are 

significantly contradictory to each other, it is difficult to understand the rules and it will confuse 

the users. In IMOFM, the interpretability of FRBSs has been achieved through (1) simplifying 

the rule-based structure, and (2) refining the membership function parameters of FRBSs.  

The interpretability aspect of FRBSs is one of the essential requirements in a modelling 

process, with another one being the accuracy of the model. However, these two requirements 

cannot always be processed at the same time and a good balance between them is the best 

outcome that one can achieve  (Jun 2010). In general, reducing the complexity of the model 

structure will adversely affect the prediction accuracy of the model. Therefore, the accuracy vs 

interpretability issue of fuzzy modelling can be formulated as a multi-objective optimisation 

problem, in which the predictive error and the complexity of the FRBS are minimised 

simultaneously. 
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The interpretability aspects as implemented in IMOFM are closely related to the diversity 

concept, in particular the structural diversity (Sharkey 1999, Brown and Brown 2004 , Masisi, 

Nelwamondo, and Marwala 2008). Therefore, several diversity measures that are widely used 

in constructing ensemble neural networks (Liu and Yao 1999, Chandra and Yao 2004, Chandra 

and Yao 2006) are discussed in the next section. We will investigate in the next section if these 

diversity measures are fit as part of the objective functions comparing to the interpretability 

measure.  

4.2.3 The Objective Functions 

The decision on formulating a multi-objective optimisation problem is depending on the 

ultimate aim of designing a well-performed classification algorithm. Therefore, the accuracy 

of prediction should be one of the vital objectives.  As mentioned in the previous section, we 

treat the classification problem as a regression problem initially. After the rounding up/down 

of the defuzzified output, a class will then be assigned to the data sample under investigation. 

Therefore, the accuracy of prediction can be defined in Eq. 4.2, which is to minimise the root 

mean squared error (RMSE) (J. Chen and Mahfouf 2012). 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟 = √
∑ (𝑦𝑖

𝑝𝑟𝑒𝑑𝑖𝑐𝑡
−𝑦𝑖

𝑟𝑒𝑎𝑙)
2

𝑁
𝑖=1

𝑁
    (4.2) 

 

As it can be seen from Eq. 4.2, the accuracy of FRBSs can be improved by minimising the 

RMSE between the predicted value  𝑦𝑖
𝑝𝑟𝑒𝑑𝑖𝑐𝑡

and the real class label 𝑦𝑖
𝑟𝑒𝑎𝑙 for the training 

sample Xi..  

Another commonly used objectives for designing a classification mechanism based on FRBSs 

is the interpretability of FRBSs. Ishibuchi, in designing pattern classification algorithms 
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(Ishibuchi, Nakashima, and Murata 2001) and later on in designing a fuzzy ensemble classifier 

(Ishibuchi and Nojima 2006) based on FRBSs, formulated a combination of three objectives, 

including maximising the number of correctly classified patterns, minimising the number of 

fuzzy rules and minimising the total number of antecedents. The first objective concerns the 

classification accuracy similar to the RMSE defined in Eq.4.2. The last two are related to the 

interpretability of FRBSs.  The interpretability of FRBSs in this work is defined in Eq.4.3. By 

reducing the redundancy in the FRBS structure, the complexity of FRBS will be minimised, 

leading to improved interpretability of the obtained FRBSs (J. Chen and Mahfouf 2012).  

𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 =  𝑁𝑢𝑚𝑅 + 𝑁𝑢𝑚𝑠𝑒𝑡 + 𝑅𝐿                (4.3) 

Where, NumR is the number of rules. Numset is the number of fuzzy sets. RL is the summation 

of the rule length of each rule.  

Diversity is another commonly used objective for designing an ensemble of classifiers 

(Kuncheva and Whitaker 2003). By evolving as diverse as possible and accurate enough 

classifiers through a multi-objective optimisation procedure, a set of classifiers can be 

generated. By combining these classifiers, the obtained ensemble model often outperforms 

each individual classifier within such a set. In (Chandra and Yao 2004), an attempt to design 

an accurate yet diverse ensemble of neural networks has been made by formulating a multi-

objective optimisation problem with respect to diversity and accuracy as the two objective 

functions. The diversity measure in (Chandra and Yao 2004) is based on Negative Correlation 

Learning (NCL). The idea behind NCL is to encourage different individual classifiers in an 

ensemble to learn different parts of training dataset so that the ensemble can perform the 

classification task on the whole data set better than the individual classifier (Y. Liu and Yao 

1999). Apart from using NCL as a separate objective function, NCL has also been used as a 

penalty function. Minimising NCL is equivalent to minimise mutual information between the 

outputs of the classifiers, hence making them different and complement to each other (Chandra 
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and Yao 2006). Therefore, the lower the NCL value is, the higher the diversity of the classifiers 

is in an ensemble. NCL is defined in Eq. 4.4.  

 𝑁𝐶𝐿𝑐𝑙 = ∑ (𝑓𝑐𝑙
𝑖𝑁𝑢𝑚

𝑖=1 − 𝑓𝑖)[∑ (𝑓𝑗
𝑖 − 𝑓𝑖)𝑀

𝑗=1,𝑗≠𝑐𝑙 ]         (4.4)      

In Eq. 4.4, 𝑁𝑢𝑚 is the number of data points in the training set; 𝑀 is the number of classifiers 

in the ensemble; for each individual classifier 𝑐𝑙, Eq. 4.2 indicates how different classifier 𝑐𝑙 is 

from other classifiers in the ensemble. 𝑓𝑖 represents the ensemble output for training sample 𝑖.  

In (Chandra and Yao 2006), a different measure of diversity known as Pairwise Failure 

Crediting (PFC) has been proposed to design accurate, yet diverse ensemble of neural 

networks. PFC can also be used as a penalty function. However, unlike NCL that compares the 

output of a classifier only to the output of the ensemble, PFC measures the error of individual 

classifier on the training set with respect to all other classifiers in the ensemble. PFC has the 

maximum value of one and minimum value of zero. A classifier with the PFC value of one 

means it is very different from all other members in the ensemble. While a classifier with the 

PFC value of zero means that all classifiers in the ensemble are similar and they all have zeros 

as their PFC values. Therefore, in formulating a multi-objective optimisation problem, using 

PFC as one of the objectives is to maximise PFC (Chandra and Yao 2006). PFC is computed 

for each individual classifier 𝑘, as defined in Eq. 4.5  (Bhowan et al. 2013).  

𝑃𝐹𝐶𝑐𝑙 =  
1

𝑀−1
∑

∑ 𝐼(𝑙𝑎𝑖
𝑐𝑙,𝑙𝑎𝑖

𝑗
)𝑁𝑢𝑚

𝑖=1

𝐸𝑟𝑟𝑐𝑙+𝐸𝑟𝑟𝑗
𝑀
𝑗=1,𝑗≠𝑐𝑙                   (4.5) 

Where,          𝐼(𝑙𝑎𝑖
𝑐𝑙 , 𝑙𝑎𝑖

𝑗
) = {1       𝑖𝑓 𝑝𝑟𝑑 (𝑙𝑎𝑖

𝑐𝑙) ≠ 𝑝𝑟𝑑 (𝑙𝑎𝑖
𝑗
)

0       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                          
 

In Eq. 4.5,  𝑁𝑢𝑚 is the number of data points in the training set, and 𝑀 is the number of 

classifiers in the ensemble. 𝑙𝑎𝑖
𝑐𝑙and 𝑙𝑎𝑖

𝑗
 represent the predicted class labels for training sample 

𝑖. Indicator function 𝐼(∙) returns 1 if the predicted class labels between two classifiers are 
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different for a given input, or 0 otherwise. The errors, 𝐸𝑟𝑟𝑐𝑙 and 𝐸𝑟𝑟𝑗, are the number of 

incorrect predictions for classifiers 𝑐𝑙 and 𝑗 in the ensemble. 

In (Bhowan et al. 2013), the performance of the ensemble classifier based on Genetic 

Programming (GP) using PFC and NCL respectively as one of the objectives for classification 

of unbalanced datasets were compared. The results showed that PFC is more effective in 

evolving diverse classifiers comparing to NCL.  

As will be discussed in the next chapter, our aim is to design a well-performed ensemble of 

classifiers by generating diverse yet accurate classifiers. Therefore, it is important to investigate 

if these two diversity measures should be included in IMOFM. As discussed earlier, NCL and 

PFC are two explicit diversity measures that can be used to directly encourage the difference 

among the evolved classifiers. This can be achieved through optimising the parameters and/or 

structures of the classifiers. From this perspective, it is worth mentioning that the 

interpretability measure mentioned earlier in this chapter also implicitly promotes diversity 

through encouraging a set of FRBSs with varied structures.  

In light of the above discussion, along with RMSE, either NCL, PFC, the interpretability 

measure, or a combination of them are justifiable candidate objective functions to be 

incorporated in IMOFM. Therefore, it is vital to investigate the right combination of these 

objectives in formulating the multi-objective classification problem to elicit diverse yet 

accurate classifiers in the remaining part of this chapter.  In TABLE 4.1, we summarise the 

main features of these potential objective functions.  
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TABLE 4.1 

COMMONLY USED OBJECTIVES IN DESIGNING A CLASSIFICATION ALGORITHM 

Objectives Aims Approaches 

Accuracy Improve the classification 

accuracy  

Minimisation of the predic-

tion error, e.g. RMSE 

Interpretability Improve the interpretability 

of FRBSs 

Minimisation of the com-

plexity of FRBS structure  

Negative correlation 

Learning (NCL) 

Improve the diversity among 

the evolved classifiers 

Minimisation of mutual in-

formation among the mem-

bers of the ensemble 

Pairwise Crediting Failure 

(PFC) 

Improve the diversity among 

the evolved classifiers 

Maximisation of irrelevancy 

among the members of the 

ensemble  

4.3 Multi-class Classification using IMOFM based Binary 

Classifiers 

As discussed in Section 4.1.2, in this work, the aggregation method based on the DDAG 

approach is used. In (Takahashi, Takahashi, and Abe 2003) for classification of a data point in 

a testing dataset, a classifier with the least training classification error will be chosen from the 

list.  One of the drawbacks of this approach is that the binary classifier with the minimum 

training classification error is always chosen at each level of the evaluation path. The choice of 

this classifier is regardless of the testing data point. Therefore, a testing data point that does not 

belong to any of the two classes pertaining to that classifier will still be classified as one of the 

two classes, resulting in the wrong classification from the very beginning.  

In light of the above problem, an improved DDAG approach is proposed in this work utilising 

the relationship the testing data point and binary classifiers. This improved DDAG is termed 

as DDAG-Distance. In DDAG-Distance, for a binary classifier, the Euclidean distance of a 

testing data point to the centres of each rule is calculated. Among the calculated distances 

between the data point and the centres of each rules, the minimum one is used to represent the 
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distance of this testing data point to the binary classifier. Therefore, at each node of the DDAG-

Distance tree, the classifier with the minimum Euclidean distance to the testing data point will 

be chosen from the list. Compared to the DDAG approach in (Takahashi, Takahashi, and Abe 

2003), the proposed DDAG_Distance approach takes each testing data point into account with 

the aim to assign the most suitable classifier at each node for each specific testing data point.  

We have applied the DDAG-Distance approach to aggregate the IMOFM based binary 

classifiers and the results are reported in Section 4.4.4. 

4.4 Experiments 

Various experiments have been carried out to investigate:  1) the best combination of potential 

objective functions that work better with IMOFM;  the combination of objective functions 

which leads to  the FRBSs of the highest accuracy, diversity and better interpretability will be 

chosen as the objective functions used in IMOFM; 2) parameter analysis to identify the 

sufficient number of generations so that the IMOFM classification mechanism can be fully 

converged, and the optimal combination of minimum and maximum number of rules in the 

IMOFM classification mechanism; and 3) the performance of the IMOFM classification 

algorithm compared to the three  baseline algorithms including Artificial Neural Network 

(ANNs), Adaptive Neuro Fuzzy Inference System (ANFIS) and CART decision tree algorithm, 

on both binary and multi-class classification problems.  

4.4.1 Datasets 

The datasets that have been used for the above experiments include two benchmark datasets 

and the recorded EEG datasets. Without loss of generality, the results based on the EEG 

datasets of 4 subjects are randomly chosen from 10 subjects, including two males and two 
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females. There are no particular preferences in choosing these 4 subjects. The results reported 

here are consistent with those based on other subjects. 

The details of EEG data recording, EEG data pre-processing and feature extraction have been 

discussed in Chapter 3. The benchmark datasets include Australian credit card assessment 

dataset and Diabetes dataset, which are freely available on the UCI Machine Learning 

Repository. Tables 4.2 and 4.3 summarise the properties of the benchmark and EEG datasets 

respectively. The data sets are partitioned into 75% for training and 25% for testing.  

 

TABLE 4.2 

                     PROPERTIES OF BENCHMARK DATASETS 

Benchmark Dataset Number of Instances Number of Features Class Distribution 

Australian Credit 

Card Dataset 
690 14 307/383 

Diabetes Dataset 768 8 268/500 

 

 

TABLE 4.3 

                    PROPERTIES OF EEG RECORDING DATASETS 

EEG datasets Subject 1 Subject 2 Subject 3 Subject 4 

No. Instances & 

Class distribute of CF1 

164 

59/105 

218 

59/159 

330 

63/267 

192 

59/133 

No. Instances & 

Class distribute of CF2 

184 

59/125 

215 

59/156 

360 

63/297 

163 

59/104 

No. Instances & 

Class distribute of CF3 

193 

59/134 

202 

59/143 

366 

63/303 

191 

59/132 

No. Instances & 

Class distribute of CF4 

230 

105/125 

315 

159/156 

564 

267/297 

237 

133/104 

No. Instances & 

Class distribute of CF5 

239 

105/134 

302 

159/143 

570 

267/303 

265 

133/132 

No. Instances & 

Class distribute of CF6 

259 

125/134 

299 

156/143 

600 

297/303 

236 

104/132 

Number of Features 9 9 9 9 

The descriptions of the above datasets are given below. 



95 
 

1. The Australian credit card assessment. This benchmark dataset has 14 attributes which 

are used in the evaluation of credit card applications. The dataset has 690 instances with 14 

features and 1 class label (Chandra and Yao 2004). Out of the 14 features, six are 

continuous and eight are discrete. The mix of continuous and discrete features have made 

this dataset challenging. Furthermore, this dataset contains missing values which have been 

replaced either by the mode of the feature in case of district features or the mean of the 

feature in case of continuous features (Chandra and Yao 2004). The class label is binary, 

where 1 presents that the credit card is awarded and 0 otherwise. The class distribution in 

this dataset is quite balanced, where 307 instances belong to one of the classes and 383 

instances belong to the other one.  

2. The diabetes dataset. This benchmark dataset contains 8 features which are used to 

examine if a patient is diagnosed with diabetes or not. This dataset has 768 instances, each 

of which consists of 8 features and 1 class label. In this dataset all attributes are continuous. 

The class label is binary, where one indicates the positive test and zero otherwise. The class 

distribution in this dataset is unbalanced with 500 instances belong to one class and 268 

instances belong to the other one, which makes this dataset a challenging classification task 

(Chandra and Yao 2004). 

3. The EEG recorded datasets. The EEG datasets are recorded from a 21-year-old female 

subject, a 24-year-old male subject, a 24-year-old female subject and a 27-year-old male 

subject. These datasets are multi-class data with 4 different classes. Therefore, for each 

subject, there are six binary classifiers (CF1, CF2, CF3, CF4, CF5, CF6) corresponding to 

six different datasets. Each of these datasets contains 9 features and 1 class label. All 

features are continuous, and the class label is binary. The features include relative wavelet 

energy, Shanon wavelet entropy and mean power. Each of these features are calculated for 

three different frequency bands (gamma, beta, alpha). Therefore, in total, each dataset 
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contains 9 features. More details of feature extraction for the recorded EEG data can be 

found in Chapter 3. 

4.4.2 Performance Metrics 

The following performance metrics are used to carry out the parameter analysis and evaluate 

the performance of different classification algorithms. The first category is concerning the 

parameters of the IMOFM mechanism which includes Inverted Generalisation Distance (IGD) 

and Hypervolume (HV). The second category measures the classification performance, which 

include sensitivity, specificity, accuracy and the number of misclassified data points by a 

classifier. 

A brief description of the above metrics is given below. 

Inverted Generational Distance (IGD). In multi-objective optimisation problem, an 

approximation set 𝐴 = {𝑠1, 𝑠2,… . . , 𝑠|𝐴|} is evolved by a multi-objective optimisation 

algorithm, where 𝑠𝑘 represents a solution in the objective space. There is also an approximate 

true Pareto front set 𝑡𝑝 = { 𝑡1, 𝑡2,… . . , 𝑡|𝑡𝑝|} in the objective space. Therefore, Inverted 

Generational Distance (IGD) is calculated by Eq. 4.6 for 𝐴 using 𝑡𝑝 as the reference points 

(Ishibuchi et al. 2014). In Eq.4.6,  𝑑𝑖𝑠𝑡(𝑡𝑖 , 𝑠𝑘) is the Euclidean distance between 𝑡𝑖 and 𝑠𝑘 in 

the objective space. IGD in Eq.4.6 is the average distance from each point 𝑡𝑖 in the approximate 

true Pareto front to its nearest solution in the approximation set 𝐴.  

𝐼𝐺𝐷(𝑡𝑝, 𝐴) =
1

|𝑡𝑝|
∑ min {𝑑𝑖𝑠(
𝑡𝑝
𝑖=1 𝑡𝑖 , 𝑠𝑘)|𝑠𝑘 ∈ 𝐴},                        (4.6) 

Hypervolume (HV). HV measures the size of the objective space that the membered solutions 

of an approximation set 𝐴 cover (Zitzler and Thiele 1999, Riquelme, Von Lucken, and Baran 

2015). For each solution 𝑠 ∈ 𝐴,  a hypercubic space 𝑟𝑒𝑐𝑠 is constructed using the reference 

point 𝑟𝑒𝑓𝑝 and the solutions 𝑎 as the diagonal corners of the hypercube (Saraswat and Saini 
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2013). 𝑟𝑒𝑓𝑝 is defined as the vector of the worst objective function values from all dominated 

and non-dominated solutions. Therefore, HV is calculated as defined in Eq.4.7 (Saraswat and 

Saini 2013). 

       𝐻𝑦𝑝𝑒𝑟𝑣𝑜𝑙𝑢𝑚𝑒 (𝐻𝑉) = 𝑣𝑜𝑙𝑢𝑚𝑒(⋃ 𝑟𝑒𝑐𝑠
|𝐴|
𝑠=1 )                           (4.7) 

Metrics concerning the classification performance are based on the values from confusion 

matrix as defined in TABLE 4.4 and are computed based on Eq. 4.8 for binary classification 

problems and Eq. 4.9 for multi-class classification problems.  

TABLE 4.4 

CONFUSION MATRIX 

Actual Label Predicted Positive Predicted Negative 

Actual Positive True Positive (𝑇𝑃) False Negative (𝐹𝑁) 
Actual Negative False Positive (𝐹𝑃) True Negative (𝑇𝑁) 

 

In the latter case, the macro-averaging values of these metrics are used (Asch 2013).  

Sensitivity. Sensitivity measures the effectiveness of a classifier in identifying the positive 

labels, i.e. 1 in this project for a binary classification problem.  

Specificity. Specificity measures the effectiveness of a classifier in identifying the negative 

labels, i.e. 0 in this project for a binary classification problem.  

Accuracy. Accuracy measure the overall effectiveness of a classifier.  

The number of misclassified data points. The number of misclassified data points is equal to 

the summation of all the data points that have been wrongly classified as positive and negative 

labels while their correct labels are negative and positive respectively.  

As it can be seen in Eqs.4.8 and 4.9, True Positive (𝑇𝑃) represents the number of data points 

being correctly classified as label 1. True Negative (𝑇𝑁) represents the number of data points 
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that are correctly classified as label 0. False Negative (𝐹𝑁) represents the number of data points 

that are misclassified as label 0. False Positive (𝐹𝑃) represents the number of data points that 

are misclassified as label 1. 

 

 

 

 

 

For multi-class classification problems, the average of the measures calculated for each binary 

classifies are used, which is known as macro-averaging. It is believed that in macro-averaging 

every classes will be treated equally instead of favouring the bigger classes (Asch 2013). In 

Eq.4.9, 𝐶, represents the total number of classes. 

 

In the following sections, the implemented experiments will be discussed in more details and 

their corresponding computational results will be reported.  

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁 + 𝑇𝑃

𝑇𝑁 + 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
 

 
𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑_𝑝𝑜𝑖𝑛𝑡𝑠 = 𝐹𝑁 + 𝐹𝑃 

(4.8) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦_𝑚𝑎 =
∑

𝑇𝑃𝑖
𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝐶
𝑖=1

𝐶
 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦_𝑚𝑎 =
∑

𝑇𝑁𝑖
𝑇𝑃𝑖 + 𝐹𝑃𝑖

𝐶
𝑖=1

𝐶
 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦_𝑚𝑎 =
∑

𝑇𝑃𝑖 + 𝑇𝑁𝑖
𝑇𝑃𝑖 + 𝐹𝑁𝑖 + 𝑇𝑁𝑖 + 𝐹𝑃𝑖

𝐶
𝑖=1

𝐶
 

 

𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑_𝑝𝑜𝑖𝑛𝑡𝑠_𝑚𝑎 =
∑ 𝐹𝑁𝑖 + 𝐹𝑃𝑖
𝐶
𝑖=1

𝐶
 

(4.9) 
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4.4.3 Selection of the Objective Functions  

In this section, three different combinations of objective functions are investigated: 1) 

‘accuracy vs. interpretability’, 2) ‘accuracy vs. diversity (NCL)’ and 3) ‘accuracy vs. diversity 

(PFC)’. The most suitable combination that can result in a set of FRBSs of higher accuracy, 

more diversity and better interpretability will be chosen in this project. 

To this purpose, IMOFM has been tested on the two benchmark datasets: the Australian credit 

card assessments dataset and the diabetes dataset. To provide rigorous analysis and comparison 

between different combinations of objective functions, each experiment was run 20 times. In 

each run, the training and testing sets based on the benchmark datasets are randomly partitioned 

according to the proportion mentioned in Section 4.4. For each experiment, the number of 

generations was set to 900 according to the parameter analysis reported in Section 4.4.4.1. The 

maximum and minimum number of rules are set to 10 and 2 respectively according to the 

parameter analysis reported in Section 4.4.4.2. Other parameters specific to the multi-objective 

immune algorithm are kept the same as those in (J. Chen and Mahfouf 2012).  The details of 

the experiments for this section are summarised in Table 4.5. 

TABLE 4.5 

COMBINTAION OF OBJECTIVES: LIST OF EXPERIMENTS 

Combination of Objectives Benchmark Datasets Numb of Runs 

accuracy vs. interpretability  Australian Credit Card dataset 20 

accuracy vs. interpretability Diabetes dataset 20 

accuracy vs. diversity (NCL) Australian Credit Card dataset 20 

accuracy vs. diversity (NCL) Diabetes dataset 20 

accuracy vs. diversity (PFC) Australian Credit Card dataset 20 

accuracy vs. diversity (PFC) Diabetes dataset 20 

 

Tables 4.6 and 4.7 present the results of IMOFM with three different combinations of objective 

functions using the Australian credit card assessment and diabetes datasets respectively. 
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TABLE 4.6 

COMPARISIONS OF DIFFERENT COMBINATIONS OF OBJECTIVE FUNCTIONS ON 

THE AUSTRALIAN CREDIT CARD DATASET 

 

The obtained FRBSs from each combination of objective functions were averaged over 20 runs. 

In each run, the obtained FRBSs on the approximate Pareto front using the training (tr) and 

testing (ts) datasets are analysed based on their classification accuracy (see Eq. 4.8, complexity 

(see Eq.4.3) and diversity (see Eq. 4.5).  

TABLE 4.7 

COMPARISIONS OF DIFFERENT COMBINATION OF OBJECTIVE FUNCTIONS ON 

THE DIABETES SET 

 

In order to compute accuracy-best, in each run, among all the FRBSs on the Pareto front, the 

FRBS with the least RMSE will be selected. The classification accuracy of the selected best 

models will then be computed.  Finally, the classification accuracy of the best model in each 

run will be summed up and averaged across the 20 runs.  In order to compute complexity-all, 

in each run, complexity of all the Pareto front solutions is individually computed. All the 

individual complexities are then summed and averaged over all the Pareto solutions in that run, 

Metrics accuracy vs.  

interpretability 

accuracy vs. NCL accuracy vs. PFC 

accuracy-best-tr (std.) 0.9177 (0.0149) 0.9155 (0.0164) 0.9243 (0.0144) 

accuracy-best-ts (std.) 0.8448 (0.0285) 0.8512 (0.0300) 0.8477 (0.0296) 

complexity-all (std.) 126.2339 (0.0590) 178.9169 (0.1187) 241.5541 (0.1657) 

diversity-all (std.) 0.2183 (0.0477) 0.5123 (0.0521) 0.4651 (0.0854) 

accuracy-all-tr (std.) 0.9007 (0.0251) 0.7168 (0.1116) 0.8078 (0.0704) 

accuracy-all-ts (std.) 0.8476 (0.0229) 0.6837 (0.1090) 0.7531 (0.0685)  

Metrics accuracy vs. 

 interpretability 

accuracy vs. NCL accuracy vs. PFC 

accuracy-best-tr (std.) 0.8245 (0.0153) 0.8157 (0.0138) 0.8204 (0.0161) 

accuracy-best-ts (std.) 0.7565 (0.0309) 0.7583 (0.0223) 0.7604 (0.0281) 

Complexity (std.) 58.7086 (0.0372) 78.1979 (0.0604) 105.9388 (0.0653) 

diversity-PFC (std.) 0.1969 (0.0294) 0.6014 (0.0153) 0.5097 (0.0449) 

accuracy-all-tr (std.) 0.8030 (0.0096) 0.6457 (0.0382) 0.7070 (0.0306) 

accuracy-all-ts (std.) 0.7649 (0.0078) 0.6286 (0.0391) 0.6711(0.0257) 
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which will then be averaged across all 20 runs. diversity-all (PFC) computes PFC between the 

FRBSs in the Pareto front at each run, which will then be averaged across all 20 runs. For all 

the experiments carried out in this work, PFC is chosen as the measure of diversity since PFC 

has shown to be a more effective measure of diversity comparing to NCL (Bhowan et al. 2013). 

accuracy-all computes the averaged classification accuracy for all the FRBSs in the Pareto front 

at each run, which will then be averaged over 20 runs. For all the metrics reported in the tables, 

their respective standard deviations (std.) are also included.  

As mentioned in Section 4.2.3, the ultimate aim of employing a multi-objective fuzzy 

classification approach, such as IMOFM, is to design a well-performed ensemble classifier. 

Therefore, generating diverse yet accurate enough classifiers is the aim of this chapter and lays 

firm foundation for Chapter 5. In light of this aim, in this chapter, we will choose the 

combination of objective functions which can lead to a set of diverse, accurate and interpretable 

FRBSs. 

From Tables 4.6 and 4.7, it can be seen that using either ‘accuracy vs. diversity (NCL)’ or 

‘accuracy vs. diversity (PFC) can result in higher accuracy for the best model on the testing 

set. However, there are two main factors which require our attention before drawing any further 

conclusions on choosing these two combinations as the objective functions. First, employing 

these two combinations of objective functions led to a higher number of Pareto FRBSs in each 

run. More than half of the obtained FRBSs performed poorly in terms of their RMSE, which 

makes them highly inaccurate for the classification purpose. Second, the computational time 

associated with these two combinations is relatively higher than that of ‘accuracy vs. 

interpretability’. In light of the above two reasons, these two combinations of objective 

functions, i.e. ‘accuracy vs. diversity (NCL)’, and ‘accuracy vs. diversity (PFC), are not 

preferable to be utilised as the objective functions in designing an ensemble of classifier.   
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The next observation from the results is regarding the diversity values of the evolved FRBSs. 

The emphasise of ‘accuracy vs. diversity (NCL)’ and ‘accuracy vs. diversity (PFC)’ is more on 

the diversifying of the solutions rather than encouraging the accuracy. Therefore, the evolved 

FRBSs can be significantly different from each other. However, as neither NCL nor PFC are 

not directly linked to the permutation operators, i.e. rule and fuzzy set reduction operators, in 

IMOFM, the accuracy-all performance of the resulting FRBSs is sacrificed in exchange for a 

better diversity performance. However, it is worth mentioning that PFC or NCL may serve as 

a good diversity preserving mechanism in a metaheuristic based multi-objective optimisation 

framework, which will be discussed further in Chapter 5.  

It can be seen from both tables that using ‘accuracy vs. interpretability’ as the objective 

functions can result in higher accuracy-all in the obtained FRBSs, meaning that more FRBSs 

on the Pareto front can be used at the ensemble classification stage that will further improve 

the overall classification accuracy. It can also be seen from the results that ‘accuracy vs. 

interpretability’ not only encouraged the diversity of the solutions to some extent and decreased 

the complexity of the FRBSs but also evolved significantly more FRBSs with higher accuracy 

comparing to the other two combination of objectives.  

In light of the above discussions, ‘accuracy vs. interpretability’ is chosen as the objective 

functions in all the experiments of this work. 

 4.4.4 Parameter Analysis  

In this section, the sufficient number of generations to warrant a convergence of the IMOFM 

based classification mechanism and the predefined maximum and minimum number of rules 

in IMOFM are investigated. For the parameter analysis experiments in the following sections, 
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the benchmark datasets, i.e. the Australian credit card assessment dataset and diabetes dataset, 

are employed.  

4.4.4.1 The Number of Generations 

The number of generations is served as the stopping criteria when there is no significant 

improvement in the two performance measures, e.g. Hypervolume (HV) and Inverted 

Generational Distance (IGD) measures.  

For the implementation of the experiments in this section, IMOFM has been tested on the two 

benchmark datasets. To provide statistical analysis, all experiments were run 20 times 

respectively. For each run, the same training and testing sets (see Section 4.4.1) were employed. 

For all experiments, ‘accuracy vs. interpretability’ is formulated as the objective functions. The 

number of generations was set to 1200 initially for all experiments. The maximum and 

minimum number of rules were set to 10 and 2 respectively according to the experiment results 

provided in Section 4.4.4.2. Other parameters specific to the multi-objective immune algorithm 

are kept the same as those in (J. Chen and Mahfouf 2012).  

TABLE 4.8 

HYPERVOLUME VALUES-AUSTRALIAN CREDIT CARD 

Gen Mean-HV STD-HV Max-HV Min-HV HV-nondom HV-true 

100 92.3986 0.2318 99.0732 87.2879 101.8467 119.6805 

200 94.2979 0.2287 102.4948 89.5544 104.0184 119.68.05 

300 95.9963 0.2238 105.1313 91.0895 105.5529 119.6805 

400 97.7909 0.2255 107.2104 91.5517 109.8897 119.6805 

500 99.2246 0.2188 110.3287 93.2372 112.0593 119.6805 

600 100.1130 0.2213 110.7504 93.4918 113.7796 119.6805 

700 100.8228 0.2311 111.3443 93.7965 117.1403 119.6805 

800 101.3768 0.2357 111.7215 94.7745 117.3050 119.6805 

900 101.8837 0.2368 112.8497 94.9155 118.3837 119.6805 

1000 102.1841 0.2354 113.8931 95.2499 118.4098 119.6805 

1100 102.4488 0.2328 114.7504 95.2361 119.5147 119.6805 

1200 102.6067 0.2334 114.9549 95.4948 119.6805 119.6805 
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The results of this experiment were analysed over 20 runs from generation 100 to generation 

1200.  

Tables 4.8-4.11 present the HV and IGD values respectively for the Australian credit card 

assessment dataset and the diabetes dataset.  

 

TABLE 4.9 

INVERTED-GENERATIONAL-DISTANCE VALUES-AUSTRALIAN CREDIT CARD 

Gen Mean-IGD STD-IGD Max-IGD Min-IGD IGD-nondom IGD-true 

100 3.2581 0.2518 4.0630 2.7487 2.6379 0 

200 3.2573 0.2101 7.0837 2.3896 2.2744 0 
300 3.3237 0.2668 7.3028 1.9322 1.9238 0 

400 3.2836 0.2900 7.3466 1.3256 1.1581 0 

500 3.1413 0.2887 7.3264 0.9657 0.8571 0 
600 3.1850 0.3028 7.3004 0.9273 0.5890 0 

700 3.1402 0.2927 7.6384 0.8356 0.3603 0 

800 3.1460 0.2925 7.5988 0.6988 0.2321 0 

900 3.1287 0.2955 7.5965 0.6435 0.2000 0 

1000 3.1191 0.2967 7.4332 0.5701 0.1565 0 

1100 3.1666 0.3047 7.5978 0.8385 0.1212 0 

1200 3.3028 0.3195 7.4932 0.9233 0 0 

TABLE 4.10 

HYPERVOLUME VALUES-DIABETES 

Gen Mean-HV STD-HV Max-HV Min-HV HV-nondom 

 

HV-True 

100 14.8724 0.3131 16.2215 13.5863 16.6835 19.8575 

200 15.4792 0.2958 16.7643 13.6695 17.2817 19.8575 
300 15.9055 0.2873 17.3481 13.7951 17.9578 19.8575 

400 16.1983 0.2582 17.8947 13.8545 18.3729 19.8575 

500 16.4493 0.2606 17.9879 13,8453 18.6108 19.8575 
600 16.6024 0.2592 18.0892 13.9067 18.7658 19.8575 

700 16.7490 0.2561 18.2409 13.9106 19.1011 19.8575 

800 16.9046 0.2575 18.3212 13.9634 19.2434 19.8575 

900 17.0516 0.2616 18.3802 13.9572 19.5666 19.8575 

1000 17.1389 0.2632 18.4140 13.9456 19.6733 19.8575 

1100 17.2218 0.2571 18.5258 13.9393 19.7597 19.8575 

1200 17.2986 0.2560 18.5899 13.9302 19.8575 19.8575 
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TABLE 4.11 

INVERTED-GENERATIONAL-DISTANCE VALUES-DIABETES 

Gen Mean-IGD STD-IGD Max-IGD Min-IGD IGD-nondom 

 

IGD-True 

100 2.4105 0.3011 3.0909 0.4279 1.6719 0 

200 2.4867 0.2478 4.2651 1.8503 1.3203 0 
300 2.5370 0.2568 4.2537 1.6547 1.2843 0 

400 2.5910 0.2936 4.2457 1.6319 1.1110 0 

500 2.5656 0.2845 4.2547 1.4607 0.9110 0 
600 2.5969 0.2981 4.2616 1.4392 0.4895 0 

700 2.5627 0.2967 4.2381 1.4075 0.4507 0 

800 2.5984 0.2775 4.4975 1.4216 0.3062 0 

900 2.6106 0.2780 4.4756 1.4361 0.2602 0 

1000 2.6094 0.2743 4.4756 1.2381 0.2602 0 

1100 2.6360 0.2863 4.5628 1.2700 0.0932 0 

1200 2.6353 0.2868 4.5628 1.2700 0 0 

 

In Tables 4.8 and 4.10, the average of HV is computed for each generation under consideration 

across 20 runs using Eq. 4.6 for all the evolved FRBSs at the Pareto front. STD-HV, Max-HV 

and Min-HV, represent the standard deviation, maximum and minimum values of the computed 

HVs.  

To compute HV, the reference points are defined as a vector of the worst objective function 

values from all dominated and non-dominated solution from generation 100 to generation 1200 

across all the 20 runs. 

In Tables 4.8 and 4.10, for calculation of HV-nondom values for each generation, all the FRBSs 

at the Pareto front from each run will be put together and then the nondominated FRBSs will 

be identified representing the approximate Pareto front for that particular generation (e.g. Gen 

100). HV-true is the HV value computed for the approximate true Pareto front. To compute the 

approximate true Pareto front for each dataset, all the FRBSs in the approximate Pareto front 

from generation 100 to generation 1200 will be put together and then the identified 

nondominated FRBSs will represent the approximate true Pareto front. 
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Tables 4.9 and 4.11 present the IGD values for the Australian credit card and diabetes datasets 

respectively.  The average of IGD across 20 runs is computed for each generation under 

consideration using Eq. 4.7 for all the evolved FRBSs at the Pareto front, which is represented 

as Mean-IGD in these tables.  STD-IGD, Max-IGD and Min-IGD represent the standard 

deviation, maximum and minimum values of the computed IGDs respectively. IGD-nondom 

for each generation, is calculated for the FRBSs in the approximate Pareto front for that 

particular generation. In computing IGD for both benchmark datasets, the approximate true 

Pareto fronts are the ones explained earlier in computation of HV.   

As it can be seen from the results, generation 900 for both benchmark datasets, has proved to 

be the best trade-off between the computational expense and the quality of the solutions. After 

900, there are no significant improvements in either metrics for both datasets.  

In light of the above discussions, 900 is chosen in all the remaining experiments of this thesis. 

In the next Section, the maximum and minimum number of rules for IMOFM is investigated, 

and the computational results are provided.   

4.4.4.2 The Maximum and Minimum Number of Rules 

The aim of this section is to identify the effect of this number on the performance of IMOFM 

classification mechanism.  

In this section, experiments were implemented using two benchmark datasets. We keep the 

optimal parameter settings the same as the results from previous sections. Other parameters 

specific to the multi-objective immune algorithm are kept the same as those in (J. Chen and 

Mahfouf 2012).  
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The results of 10 different combinations (see Table 4.12) of the maximum and minimum 

number of rules for the Australian credit card assessments dataset and the diabetes dataset are 

presented in Tables 4.13-4.16. The performance metrics including HV and IGD are computed 

using Eqs. 4.6 and 4.7 in a similar way as in Section 4.4.2 Mean-HV and Mean-IGD are both 

computed the same way as in Section 4.4.2 To compute HV-nondom and IGD-nondom, for 

each combination, the approximate Pareto front for that combination (e.g. Max 10-Min 2) will 

be identified and the corresponding HV and IGD values are denoted as HV-nondom and IGD-

nondom (see Tables 4.13 and 4.15). The approximate true Pareto front for each dataset is the 

nondominated front of the approximate Pareto fronts from all the combinations, from which 

HV-true will be computed.  

To further analyse the results obtained from this experiment, accuracy is computed using Eq. 

4.9 for both training and testing sets for all the combinations (see Tables 4.14 and 4.16). For 

each combination, Mean-Best-ACC-Training and Mean-Best-ACC-Testing are computed by 

the following three steps: 1) at each run, among all the FRBSs at the Pareto front, the FRBS 

with the least RMSE is selected; 2) the classification accuracy of the selected FRBS will then 

be computed; and 3) the computed accuracy will be averaged across 20 runs. 

TABLE 4.12 

 THE MAXIMUM AND MINIMUM NUMBER OF RULES: LIST OF EXPERIMENTS 

Max-Min Rules  Datasets Numb of Runs 

Max 8-Min 2 Australian Credit Card dataset & Diabetes dataset 20 

Max 8-Min 4 Australian Credit Card dataset & Diabetes dataset 20 

Max 10-Min 2 Australian Credit Card dataset & Diabetes dataset 20 

Max 10-Min 5 Australian Credit Card dataset & Diabetes dataset 20 

Max 12-Min 2 Australian Credit Card dataset & Diabetes dataset 20 
Max 12-Min 6  Australian Credit Card dataset & Diabetes dataset 20 

Max 14-Min 2 Australian Credit Card dataset & Diabetes dataset 20 

Max 14-Min 7 Australian Credit Card dataset & Diabetes dataset 20 

Max 16-Min 2 Australian Credit Card dataset & Diabetes dataset 20 

Max 16-Min 8 Australian Credit Card dataset & Diabetes dataset 20 
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TABLE 4.13 

             HYPERVOLUME VALUES-AUSTRALIAN CREDIT CARD 

Max-Min Rules mean-HV HV-nondom HV-true mean-IGD IGD-nondom IGD-true 

Max 8-Min 2 181.3145 198.2026 215.7270 3.5990 2.7327 0 
Max 8-Min 4 160.8338 185.8350 215.7270 9.3560 7.1197 0 
Max 10-Min 2 177.6033 199.5871 215.7270 3.9595 3.0547 0 

Max 10-Min 5 155.3073 172.0046 215.7270 11.8862 10.6370 0 

Max 12-Min 2 186.0284 205.3401 215.7270 2.1800 2.6492 0 
Max 12-Min 6  146.2083 159.5339 215.7270 15.1215 13.4917 0 

Max 14-Min 2 183.7657 202.9868 215.7270 2.8549 1.2662 0 

Max 14-Min 7 136.9855 153.4587 215.7270 18.5077 16.4105 0 

Max 16-Min 2 181.0341 200.2389 215.7270 3.3579 2.0166 0 

Max 16-Min 8 130.4159 144.9955 215.7270 21.5353 17.7254 0 

 

 

TABLE 4.14 

MEAN-BEST-ACCURACY FOR TRAINING & TESING- AUSTRALIAN CREDIT CAR 

Max-Min Rules Mean-Best-ACC-Training Mean-Best-ACC-Testing 

Max 8-Min 2 0.9241 0.8471 

Max 8-Min 4 0.9251 0.8448 

Max 10-Min 2 0.9171 0.8448 

Max 10-Min 5 0.9332 0.8448 

Max 12-Min 2 0.9222 0.8474 

Max 12-Min 6  0.9347 0.8462 

Max 14-Min 2 0.9203 0.8497 

Max 14-Min 7 0.9366 0.8494 

Max 16-Min 2 0.9317 0.8451 

Max 16-Min 8 0.9417 0.8448 

 

 

 

TABLE 4.15 

HYPERVOLUME AND INVERTED GENERATIONAL DISTANCE VAUES-DIABETES 

Max-Min Rules mean-HV HV-nondom 

 

HV-true mean-IGD IGD-nondom IGD-true 

Max 8-Min 2 43.9750 47.9922 54.1647 4.4272 5.1278 0 

Max 8-Min 4 38.6719 43.2707 54.1647 4.8582 2.6811 0 

Max 10-Min 2 43.9342 48.5179 54.1647 3.7012 1.6696 0 

Max 10-Min 5 36.4606 40.0594 54.1647 4.9675 3.7308 0 

Max 12-Min 2 46.0185 49.9270 54.1647 3.3351 1.0233 0 

Max 12-Min 6  34.3757 39.1465 54.1647 5.6419 4.1815 0 

Max 14-Min 2 46.2516 50.4058 54.1647 2.4880 1.0100 0 

Max 14-Min 7 31.8621 36.0557 54.1647 6.6938 5.8132 0 

Max 16-Min 2 43.9962 49.9938 54.1647 2.5075 0.5909 0 

Max 16-Min 8 29.5458 34.9960 54.1647 7.9792 6.5033 0 
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TABLE 4.16 

MEAN-BEST-ACCURACY FOR TRAINING & TESING-DIABETES 

Max-Min Rules Mean-Best-ACC-Training Mean-Best-ACC-Testing 

Max 8-Min 2 0.8213 0.7591 
Max 8-Min 4 0.8271 0.7542 
Max 10-Min 2 0.8245 0.7565 

Max 10-Min 5 0.8345 0.7581 

Max 12-Min 2 0.8172 0.7594 
Max 12-Min 6  0.8394 0.7531 

Max 14-Min 2 0.8215 0.7523 

Max 14-Min 7 0.8457 0.7507 

Max 16-Min 2 0.8285 0.7583 

Max 16-Min 8 0.8466 0.7458 

 

The results in Tables 4.13-4.16 confirm that when the minimum number of rules is 2, the 

obtained Pareto fronts cover a wider space of the approximate true Pareto front. On the other 

hand, when the minimum number of rules is half of the maximum number of rules, the obtained 

Pareto fronts cover only a smaller fraction of the approximate true Pareto front. Therefore, 

having the minimum number of rules set to 2 will encourage the search algorithm to explore a 

wider space and find more diverse solutions which may be useful for ensemble modelling. It 

is worth mentioning that if the search space is reduced, e.g. by setting the minimum number of 

rules to half of the maximum number of rules, the chance of finding a solution with a higher 

accuracy is increased. This factor indeed inspires the incorporation of the preference-based 

search concept in Chapter 5 to focus the search on the region of the Pareto front that can achieve 

both diversity and accuracy.   

In Figure 4.2, the Pareto fronts of a randomly chosen run for two of the scenarios, i.e. Max 10-

Min 2 and Max 10-Min 5, are plotted against the approximate true Pareto fronts for both 

benchmark datasets. The minimum number of rules is set to 2 in this work for the following 

reasons that can be clearly seen from Tables 4.13-4.16 and Figure 4.1.  
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         Figure 4.2 Comparison of the Pareto fronts obtained from a randomly chosen run.  

(1) Keeping the minimum number of rules to 2 encourages the diversity among all the solutions 

as a wider search space can be explored.(2) Although the obtained Pareto fronts may end up 

closer to the approximated true Pareto front when the minimum number of the rules is set to 

the half of the maximum number of the rules, the scenarios of e.g. Max 10-Min 2 can still 

achieve comparable performance measured by RMSE.  

In order to compare and visualise the impact of the choice of the maximum number of rules on 

the convergence of the proposed classification mechanism,  the minimum number of rules is 

set to 2 and the performance metrics including Mean-HV, HV-nondom, Mean-IGD and IGD-

nondom are illustrated as Boxplots in Figures 4.3 and 4.4 for the Australian credit card 

assessments and diabetes datasets respectively.  
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Figure 4.3 Boxplots of performance metrics including HV and IGD for the Australian credit 

card assessment dataset based on the values reported in Table 4.13 against the maximum 

number of rules.   

Figure 4.3 seemly suggests that the maximum number of rules should be set to 12 as this setting 

leads to lower Mean-IGD and IGD-nondom values and higher Mean-HV and HV-nondom 

values comparing to the other settings. However, the performance difference between 10 rules 

and 12 rules is not significant.  

This observation is further confirmed by Figure 4.4, where setting the maximum number of 

rules to 10 shows a start of improvement compared to 8 rules in Mean-IGD and IGD-nondom 

metrics. However, this trend becomes steady with no significant improvement by setting the 

maximum number of rules to a higher value. 
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Figure 4.4 Boxplots of performance metrics including HV and IGD for the diabetes dataset 

based on the values reported in Table 4.15 against the maximum number of rules. 

In order to compare and visualise the impact of the choice of the maximum number of rules on 

the classification accuracy of the proposed classification mechanism, the minimum number of 

rules is set to 2 and the classification accuracy are illustrated as Boxplots in Figures 4.5 and 

4.6 for the Australian credit card assessments and diabetes datasets respectively.  

 

Figure 4.5 Boxplots of classification accuracy for the training and testing sets of the Australian 

credit card assessment dataset based on the values in Table 4.14 against the maximum number 

of rules.  
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Figure 4.6 Boxplots of classification accuracy for the training and testing sets of the diabetes 

data based on the values reported in Table 4.16 against the maximum number of rules.  

Also, in Figures 4.5 and 4.6 show a rather steady performance in terms of classification 

accuracy across all five settings for the maximum number of rules. It is worth pointing out that 

for the diabetes training sets, setting the maximum number of rules to 10 leads to the second 

highest performance in terms of Mean-Best-ACC-training although the differences from those 

of the other settings are not significant.  

In light of the above observations and taking into account the computational time of executing 

IMOFM, the maximum number of rules is set 10 in this work.  Finally, the setting of ‘Max 10-

Min 2’ is chosen in this work based on two main reasons. 1) It is computationally more efficient 

comparing to the settings of the higher maximum number of rules. 2) ‘Max 10-Min 2’ allows 

the IMOFM algorithm to explore more search space and therefore increases the diversity of the 

solutions comparing to ‘Max 8- Min 2’. In the next section, the performance of the IMOFM 

classification mechanism using the above identified objective functions and parameters is 
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compared with the baseline classification algorithms including ANNs, ANFIS and CART on 

binary classification problems.  

4.4.3 Results on Binary Classification  

For the implementation of the experiments in this section, the recorded EEG datasets from 4 

subjects were employed and the properties of the datasets for each subject and their 

corresponding classifiers are summarised in Table 4.3.  For each subject, six OAO-based binary 

classifiers (i.e.CF1, CF2, CF3, CF4, CF5, CF6) were trained.   

The two benchmark datasets, i.e. the Australian credit card assessment, and Diabetes dataset 

are also used in this section to test the performances of the developed the IMOFM classification 

mechanism. The properties of these datasets are summarised in Table 4.2. For the Australian 

credit card dataset, Class 1 represents the credit awarded and Class 2 represents otherwise. In 

the diabetes dataset, Class 1 corresponds to a patient diagnosed with diabetes and Class 2 

corresponds to a patient diagnosed otherwise. For each benchmark datasets, a OAO-binary 

classifiers were trained.   

To provide a rigorous analysis and comparison with other approaches for the benchmark 

datasets and EEG datasets for each subject, training of each classifier was run 10 times. For 

each run, the training and testing sets are randomly partitioned into 75% training and 25% 

testing. 

For comparison purpose, baseline algorithms including ANNs, ANFIS, CART, and SVM 

implemented in MATLAB® toolboxes were also run 10 times using the same training and 

testing sets. The parameters used for the ANNs algorithm were kept the same as the default 

setting. However, in order to make a fair comparison with the IMOFM-C algorithm, 

preliminary experiments were carried out to choose an optimal number of hidden layers and 
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neurons by trial and error. Therefore, the number of hidden layers was set to 1 with 20 neurons 

and the number of epochs was set to 900. For ANFIS, sub-clustering was employed to generate 

the initial fuzzy structure with 10 rules. In order to make sure, the generated fuzzy structure 

has the same number of rules as in IMOFM-C (i.e. 10 rules), the cluster influence range were 

manually tuned in the range of [0.29, 0.5]. The hybrid method was selected as the optimisation 

method and the number of epochs was set to 900. All other parameters were kept the same as 

the default setting of the ANFIS toolbox. For implementation of the CART decision tree, based 

on the empirical studies, Fine tree was used as the classifier type, which uses as many leaves 

as possible to make fine distinctions between the classes. The maximum number of splits for 

the Fine tree classifier is 100.  For implementation of SVM, Fine Gaussian SVM is used. 

Since the IMOFM classification mechanism is based on the multi-objective optimisation fuzzy 

modelling approach, the implementation of this classification algorithm, results in evolving a 

Pareto front of solutions at each run. In order to select a FRBS as the final classifier from the 

set of Pareto FRBSs and compare with baseline classification approaches, an evaluation 

procedure has been employed as follows. 1) In each run, from the nondominated FRBSs, the 

one with the lowest RMSE value was selected as the best model. 2) The selected FRBS together 

with the post-processing procedure mentioned in Section 4.2.1 was used as the classifier and 

was evaluated against the training and testing sets using different classification performance 

measures, including Sensitivity, Specificity Accuracy and the total number of miss-classified 

data points as computed in Eq. 4.9  

For the both benchmark datasets, the classification performance for each algorithm on the 

training and testing sets was evaluated by the four classification performance metrics. For the 

EEG datasets, the classification performance for each algorithm on the training and testing sets 

for each subject was evaluated by the four classification performance metrics over six 
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classifiers. In the benchmark and the EEG datasets the averaged results across 10 runs are 

reported here.  

The comparison of performance of IMOFM classification mechanism, with the baseline 

algorithms on the training (TR) and testing (TS) sets for the benchmark datasets and EEG 

datasets from 4 subjects are presented in Tables 4.17- 4.22, respectively.  

The IMOFM classification mechanism performs consistently better in the four classification 

performance metrics on the testing sets for the benchmark and the EEG datasets comparing to 

the four baseline classification algorithms. Removing redundant rules and membership 

functions is responsible for the improved generalisation capability on the testing sets. It is worth 

pointing out that all baseline algorithms tend to overfit the models to the training datasets, 

leading to the worse performance on the testing datasets. 

TABLE 4.17 

COMPARSION OF CLASSIFICATION PERFORMANCE OF TRAINING AND TESTING 

ON AUSTRALIAN DATASET 

Classifiers Sensitivity 

(TR/TS) 

Specificity 

(TR/TS) 

Accuracy  

(TR/TS) 

Miss-points 

(TR/TS) 

IMOFM-C 0.9221/0.8462 0.9221/0.8462 0.9245/0.8477 39.10/26.20 

ANNs 1/0.8119 1/0.8119 1/0.8116 0/32.40 

ANFIS 0.9518/0.8230 0.9518/0.8230 0.9525/0.8238 24.60/30.30 

CART 0.9470/0.8345 0.9470/0.8345 0.9483/0.8372 26.80/28 

SVM 0.9889/0.6182 0.9889/0.6182 0.9896/0.6355 5.40/62.70 

 

TABLE 4.18 

COMPARSION OF CLASSIFICATION PERFORMANCE OF TRAINING AND TESTING 

ON DIABETS DATASET 

Classifiers Sensitivity 

(TR/TS) 

Specificity 

(TR/TS) 

Accuracy  

(TR/TS) 

Miss-points 

(TR/TS) 

IMOFM 0.7955/0.7118 0.7955/0.7118 0.8267/0.7469 99.80/48.60 

ANNs 0.9942/0.6519 0.9942/0.6519 0.9951/0.6750 2.8/62.40 

ANFIS 0.8227/0.7002 0.8227/0.7002 0.8516/0.7354 85.50/50.80 

CART 0.9175/0.6733 0.9175/0.6733 0.9286/0.7005 41.100/57.50 

SVM 0.9872/0.5185 0.9872/0.5185 0.9911/0.6411 5.100/68.90 
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TABLE 4.19 

COMPARSION OF CLASSIFICATION PERFORMANCE OF TRAINING AND TESTING 

SUBJECT 1 

Classifiers Sensitivity 

(TR/TS) 

Specificity 

(TR/TS) 

Accuracy  

(TR/TS) 

Miss-points 

(TR/TS) 

IMOFM 0.8532/0.6878 0.8532/0.6878 0.8636/0.7138 20.8167/15.30 

ANNs 1/0.6552 1/0.6552 1/0.6779 0/17.10 

ANFIS 0.9844/0.6025 0.9844/0.6025 0.9848/0.6245 2.70/29.83 

CART 0.9077/0.6340 0.9077/0.6340 0.9181/0.6640 13.25/17.9167 

SVM 0.9605/0.5748 0.9605/0.5748 0.9679/0.6415 5.16/19.08 

 

TABLE 4.20 

COMPARSION OF CLASSIFICATION PERFORMANCE OF TRAINING AND TESTING 

SUBJECT 2 

Classifiers Sensitivity 

(TR/TS) 

Specificity 

(TR/TS) 

Accuracy  

(TR/TS) 

Miss-points 

(TR/TS) 

IMOFM 0.9336/0.8660 0.9336/0.8660 0.9362/0.8748 11.26/10.83 

ANNs 1/0.8403 1/0.8403 1/0.8490 0/11 

ANFIS 0.9834/0.8125 0.9834/0.8125 0.9834/0.8257 3.83/12.51 

CART 0.9526/0.8278 0.9526/0.8287 0.9555/0.8417 7.98/11.23 

SVM 0.9768/0.7640 0.9768/0.7640 0.9789/0.8131 4.70/12.80 

 

TABLE 4.21 

COMPARSION OF CLASSIFICATION PERFORMANCE OF TRAINING AND TESTING 

SUBJECT 3 

Classifiers Sensitivity 

(TR/TS) 

Specificity 

(TR/TS) 

Accuracy  

(TR/TS) 

Miss-points 

(TR/TS) 

IMOFM 0.8469/0.7882 0.8469/07882 0.8594/0.8105 58.88/25.81 

ANNs 0.9591/0.7451 0.9591/0.7451 0.9593/0.7700 17.7/30.95 

ANFIS 0.8990/0.7515 0.8990/0.7515 0.9047/0.7765 40.5500/30.08 

CART 0.9360/0.7515 0.9360/0.7515 0.9440/0.7769 22.55/30.38 

SVM 0.9384/0.7316 0.9384/0.7316 0.9518/0.7863 19.40/28.86 

 

TABLE 4.22 

COMPARSION OF CLASSIFICATION PERFORMANCE OF TRAINING AND TESTING 

SUBJECT 4 

Classifiers Sensitivity 

(TR/TS) 

Specificity 

(TR/TS) 

Accuracy  

(TR/TS) 

Miss-points 

(TR/TS) 

IMOFM 0.8671/0.7351 0.8671/0.7351 0.8686/0.7405 23.66/15.30 

ANNs 0.9987/0.7167 0.9987/0.7167 0.9987/0.7250 0.25/16.08 

ANFIS 0.9719/0.6876 0.9719/0.6876 0.9722/0.6925 5.18/17.83 

CART 0.9237/0.7309 0.9237/0.7309 0.9280/0.7382 12.40 /15.51 

SVM 0.9566/0.7153 0.9566/0.7153 0.9582/0.7364 7.26/15.56 
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Although we choose the best FRBS as the one with the minimum RMSE on the training set, 

this does not guarantee that it will lead to the best performance on the testing set.  

In some cases, the classification accuracy of the best FRBS on the testing set is lower than the 

worst FRBS in the same Pareto front. An example of this observation is provided in Table 4.23 

based on the CF1 classifier for Subject 1 for all 10 runs.  

As it can be seen in TABLE 4.23, in Run 1, Run 3, Run 4, Run 7, and Run 8, the classification 

accuracy of the best FRBS on the testing set is lower than that of the worst FRBS. This obser-

vation indicates that in order to derive consistent classification results, there is a need to utilise 

multiple FRBSs on the Pareto front (as will be discussed in the next chapter) as we don’t know 

which one is the best for the testing set.  

In section 4.4.5 the performance of the IMOFM classification mechanism on the multi-class 

problem is compared to the baseline algorithms including ANNs, ANFIS, CART, and SVM.  

TABLE 4.23 

PERFORMANCE OF BEST AND WORST FRBSs FOR CF1-SUBJECT 1TRAINING AND 

TESTING 

4.4.4 Interpretability of the IMOFM-C Algorithm on Binary Classification 

As it mentioned earlier in this chapter, the interpretability of the IMOFM-C classification 

algorithm is one of the significant features of this approach. Therefore, Figure 4.7 illustrates 

Runs Best-ACC-TR Best-ACC-TS Worst-ACC-TR Worst-ACC-TS 

Run 1 0.8780 0.6341 0.8049 0.7317 

Run 2 0.8943 0.7561 0.8049 0.7073 

Run 3 0.8455 0.6829 0.8293 0.7073 

Run 4 0.8699 0.6341 0.8130 0.7317 

Run 5 0.8618 0.7805 0.8211 0.6829 

Run 6 0.8699 0.7073 0.6423 0.6341 

Run 7 0.9106 0.6098 0.7967 0.7805 

Run 8 0.8293 0.7073 0.8130 0.8049 

Run 9 0.9106 0.7073 0.8455 0.7073 

Run 10 0.8130 0.6585 0.8618 0.6585 
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the rule-based of the simplest classifiers among the pareto of nondominated CF1 classifiers 

from one of the 10runs for Subject 3. 

 

 

Figure 4.7 An example of the rule-base for the simplest classifier chosen from the 

nondominated CF1 classifiers of Subject 3 from one of the ten runs.  
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The chosen classifier has two rules. Input 1 to 9 represent the total of nine features. They are 

referred to as the relative energy, entropy and mean power of detailed coefficients, which are 

respectively computed for the three frequency bands, i.e. gamma, beta, and alpha. The 

consequent of each rule represents the certainty of prediction for a given data point across the 

range of [0,1]. The higher the firing strength associated with one of the rules, the higher the 

certainty that this data point will be classified to a label belonging to the rule after the post-

processing procedure mentioned in Section 4.2.1. 

 

 

Figure 4.8. The membership functions of FRBS for the simplest classifier from a) Stage 1, b) 

Stage 2 and c) Stage 3 of IMOFM-C.   
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Figure 4.9. The membership functions of FRBS for the most complex classifier from a) Stage 

1, b) Stage 2 and c) Stage 3.   

In order to show the effectiveness of how the IMOFM-C classification algorithm improves 

interpretability in the third stage (see Section 4.2.1), the simplest classifier and the most com-

plex classifier are chosen from the pareto of nondominated CF1 classifiers of subject 3 from 

one of the ten runs. The membership functions of the initial FRBSs from the first two stages 

and the simplified membership functions from the third stage of these two chosen classifiers 

(i.e. the simplest classifier and the most complex classifier) are  shown in Figures 4.8 and 4.9 

respectively using Input 1 and 4. As shown in both figures, in Stage 3 redundant fuzzy sets 
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have been removed and merged, resulting in a compact sets of membership functions for each 

input that is easier for interpretation.  

4.4.5 Results on Multi-class Classification 

In this section, the six binary classifiers trained with IMOFM, ANNs, ANFIS, CART and SVM 

algorithms obtained in Section 4.4.3 are aggregated using the aggregation methods described 

in Section 4.3. The performance of IMOFM on the multi-class problem on the testing sets are 

evaluated using the classification performance metrics defined in Eq. 4.9 and compared with 

the baseline algorithms.  

To provide rigorous analysis, each algorithm was run for 10 times. Regarding the dataset, the 

testing sets provided at each one of the 10 runs for the six binary classifiers of each subject in 

Section 4.4.3 were put together and randomised. Finally, ten datasets consisting of all the four 

classes for each subject were created.  

For the aggregation of the six binary classifiers based on the IMOFM mechanism, DDAG-

Distance approach introduced in Section 4.3 is used. The same approach is applied to the six 

trained binary classifiers based on the ANFIS algorithm. The aggregation of binary classifiers 

based on ANNs, CART decision tree, and SVM were carried out using the original DDAG 

approach described in Section 4.1.2.  

The performance of the IMOFM classification mechanism using four classification metrics, 

are compared with the baseline algorithms for Subjects 1-4, and is presented in Tables 4.24-

4.27 respectively.  
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As it can be seen from the table of results, IMOFM perform significantly better on the multi-

class problem comparing to the baseline algorithms with respect to the four classification 

performance metrics. 

 

TABLE 4.24 

COMPARSION OF MULTI-CLASS CLASSIFIERS- SUBJECT 1 

Classifiers Sensitivity Specificity Accuracy Miss-points 

IMOFM 0.4501 0.8158 0.7314 169.2000 

ANNs 0.3795 0.7965 0.7014 188.1000 

ANFIS 0.3147 0.7734 0.6681 209.1000 

CART 0.3749 0.7981 0.6986 189.9000 

SVM 0.3476 0.7866 0.6962 191.400 

 

TABLE 4.25 

COMPARSION OF MULTI-CLASS CLASSIFIERS- SUBJECT 2 

Classifiers Sensitivity Specificity Accuracy Miss-points 

IMOFM 0.7040 0.8871 0.8400 124.8000 

ANNs 0.6497 0.8646 0.8081 149.7000 

ANFIS 0.5980 0.8508 0.7881 165.3000 

CART 0.6291 0.8660 0.8100 148.2000 

SVM 0.5747 0.8549 0.7962 159 

 

TABLE 4.26 

COMPARSION OF MULTI-CLASS CLASSIFIERS- SUBJECT 3 

Classifiers Sensitivity Specificity Accuracy Miss-points 

IMOFM 0.5525 0.8227 0.7534 344.7000 

ANNs 0.4963 0.8048 0.7285 379.5000 

ANFIS 0.5106 0.8074 0.7326 373.8300 

CART 0.5054 0.8048 0.7307 376.5000 

SVM 0.4845 0.8067 0.7339 372 

 

TABLE 4.27 

COMPARSION OF MULTI-CLASS CLASSIFIERS- SUBJECT 4 

Classifiers Sensitivity Specificity Accuracy Miss-points 

IMOFM 0.4885 0.8049 0.7206 179.4000 

ANNs 0.4442 0.7933 0.7061 188.7000 

ANFIS 0.4148 0.7825 0.6864 201.3000 

CART 0.4718 0.7996 0.7131 184.2000 

SVM 0.4719 0.8019 0.7196 180 
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4.5 Conclusion 

In this chapter, the IMOFM classification mechanism which was originally designed for 

regression problems is adapted for classification of multi-class SSVEP EEG data. The main 

contributions of this chapter are as follow. 

1) The multi-objective modelling framework of IMOFM has been exploited to elicit a set of 

diverse and accurate FRBSs which can be used in designing effective ensemble classifiers in 

Chapter 5. Towards this, three different combinations of objective functions, including 

‘accuracy vs. diversity (PFC)’, ‘accuracy vs. diversity (NCL)’ and ‘accuracy vs. 

interpretability’ were investigated. The results show that implementing the IMOFM 

classification mechanism with ‘accuracy vs. interpretability’ as the objective functions has not 

only encouraged the diversity of the solutions but also evolved significantly more accurate 

FRBSs comparing to the other two combinations. However, diversity measures could be used 

as a diversity preserving mechanism in the selection procedure of a search algorithm as will be 

discussed in the next chapter.   

2) OAO decomposition-based approach is used to decompose the multi-class problem in to six 

binary classification problems. To aggregate the binary classifiers, the DDAG-Distance 

aggregation approach is proposed. Comparing to various baseline classification algorithms, 

such as ANFIS, ANNs, the CART decision tree, and SVM algorithm, the proposed IMOFM 

based multi-class classification algorithm presents superior performance in terms of both 

accuracy and interpretability.  
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Chapter 5 

Ensemble Classifier based on 
Multi-objective Fuzzy Modelling 
for Classification of Multi-class 

EEG Data 

In this chapter, a preference-based ensemble classification framework known as IMOFM-CP 

is developed based on the IMOFM classification mechanism introduced in Chapter 4.  

In the proposed IMOFM-CP, the PAIA algorithm (see Chapter 4) is modified to incorporate 

the preference angle and reference information-based dominance (ar-dominance) (Yi et al. 

2018). The rationale of such a modification and the main contributions of this chapter are as 

follows:  

1. The modified PAIA algorithm increases the convergence speed of the population and 

reduces the number of solutions in the nonpreferred region (Yi et al. 2018). Therefore, 

classifiers in the nonpreferred region, i.e. the region that contains less accurate 

classification models, are automatically filtered out. On the contrary, classifiers in the 

preferred region, i.e. the region that contains more accurate classifiers, will undergo a more 

focused search, further improving their classification accuracy.  

2. IMOFM-CP is designed to promote the diversity among the elicited classification models 

and fully utilise the power of each individual classification model as a member of a 

committee classifier (i.e. ensemble classifier). Aggregating a set of elicited classifiers leads 

to more accurate classification performance than that of the individual classifier or, in the 
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worst cases, equally good classification performance.  Different aggregation methods are 

investigated in this chapter to identify the best one that works with IMOFM_CP. 

3. IMOFM-CP is applied to both benchmark problems and the real-world multi-class EEG 

datasets. The results of IMOFM-CP are compared to those of IMOFM_C.  

In the following, we first introduce the concept of ensemble classification, followed by a brief 

introduction to ar_MOEA, a novel multi-objective optimisation algorithm based on a 

preference-based dominance relation (Yi et al. 2018). Based on the preference-based 

dominance relation, the proposed preference based fuzzy ensemble classification mechanism 

is presented in Section 5.3. Finally, the experimental and comparison results are presented in 

Section 5.4. 

5.1 Ensemble Classification Methods 

Ensemble of classifiers are proven to have better generalisation capability than that of each 

individual classifier within the ensemble (Sagi and Rokach 2018). However, constructing a 

successful ensemble is not a trivial task. The two main components of designing an ensemble 

system are: a) generating a diverse and accurate set of classifiers, and b) aggregating the outputs 

of generated set of classifiers in a) that make up the ensemble in such a way that the correct 

decision are amplified and the incorrect ones are cancelled out (Polikar 2006). In this chapter 

the focuses are on investigating the approaches for generating diverse and accurate individual 

classifiers, the aggregation methods that deliver the best ensemble models for each binary 

classifier, and how to adapt the Decision Directed Acyclic Graph (DDAG) that has been 

introduced in Chapter 4 to combine many ensembles of binary classifiers into a multi-class 

classifier.  
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 As discussed in Chapter 2, Section 2.5.4.2, there are different approaches in literature to 

construct a diversified and accurate ensemble.  

The work in this chapter is based on forming a diverse yet accurate ensemble of classifiers is 

using evolutionary computational algorithm combined with machine learning based classifiers 

to optimise their parameters in a multi-objective optimisation manner. The evolutionary 

process of this approach will generate a population of classifiers which are different from each 

other and hence contribute to their diversity. An example of this approach can be seen in Xin 

Yao’s work in 1998, in which a simultaneous evolution of ANN architectures and weights was 

introduced. Four linear combination methods were investigated for combining different 

individuals in the last generation into an ensemble (Xin Yao and Yong Liu 1998). Later, in 

2004, Arjun Chandra and Xin Yao, introduced the DIVerse and ACcurate Ensemble learning 

algorithm (DIVACE), which formulates the ensemble learning of ANNs as a multi-objective 

problem explicitly (Chandra and Yao 2004). In DIVACE, the two objectives on which to 

optimise the performance of the ensemble are accuracy and diversity. For diversity, the 

negative correlation penalty function of NCL is used as one of the objectives. In 2006, the same 

authors, introduced a new diversity measure known as Pairwise Failure Crediting (PFC) to 

replace NCL in the DIVACE algorithm within a multi-objective formulation of the problem 

(Chandra and Yao 2006b). Unlike NCL that only compares the output of a classifier to the 

output of an ensemble, PFC measures the errors of individual classifiers on the training set with 

respect to all other classifiers in an ensemble.  

In this chapter, the aim is to use the evolutionary computational algorithm combined with 

machine learning based classifiers to optimise not only the parameters of individua classifiers 

but also their structures to achieve a set of diverse and accurate classifiers.   
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5.2 MOEA based on Preference-based Dominance Relation 

In all MOEAs, the aim is to facilitate the decision maker’s (DM’s) task by evolving better 

solutions. Integrating the preference information given by the DM into the search process is 

one of the approaches that have been recently investigated for achieving this aim (Ben Said, 

Bechikh, and Ghedira 2010). Integrating the preference information given by the DM into the 

EA makes the search process to be more focused and converged faster towards the region of 

interest (ROI) rather than searching the entire Pareto-optimal region. The preferences can be 

integrated in three ways (Ben Said, Bechikh, and Ghedira 2010): a) before optimisation (priori); 

b) during optimisation (interactively); c) after optimisation (posteriori). Interactive approaches 

have shown promising results comparing to the other two approaches, since in the interactive 

manner the search direction can be adjusted by exploiting knowledge and experience gained in 

the evolutionary process. ar-MOEA (Yi et al. 2018) a novel multi-objective optimisation 

algorithm based on a preference-based dominance relation is an example of an interactive based 

approach.  

In IMOFM-CP, the proposed search process ar-PAIA is developed based on ar-MOEA 

approach (Yi et al. 2018) and Population Adaptive Immune Algorithm (PAIA) (J. Chen and 

Mahfouf 2006). In following the main principals of ar-MOEA is first provided, followed by 

the introduction of ar-PAIA in Section 5.3.  

5.2.2 ar-MOEA 

The ar-MOEA algorithm is aimed to create a stricter partial order among the nondominated 

solutions in order to force the Pareto front toward the ROI during the search process. This aim 

has been achieved by presenting a new variant of the Pareto dominance relation, known as 

preference angle and reference information-based dominance (ar-dominance). Before 
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explaining the ar-MOEA algorithm, there are several main concepts which are described 

below. 

• Reference Point: Based on the literatures (Yi et al. 2018 ,Hadka and Reed 2013, Xiufen 

Zou et al. 2008, di Pierro, Khu, and Savi 2007, Jin and Sendhoff 2002, Köppen and Yoshida 

2007), the dominance relation-based approaches are used to address the multi-objective 

optimisation problems with the help of preference information. Reference point is one of 

the preference information which is widely used in dominance relation-based approaches 

(Kalyanmoy Deb and Sundar 2006). Generally, the reference points can be prespecified in 

two particular locations (Yi et al. 2018): a) the feasible region, in which solutions near the 

reference point might mislead the population away from the Pareto front during iteration; 

b) the infeasible region, in which there are no elitist solutions to mislead the population 

away from the Pareto front.  

• Weighted Euclidean Distance in ar-MOEA: Weighted Euclidean distance is calculated 

between the candidate solution and reference point 𝑟 based on Eq. 5.1. This metric 

evaluates the degree of population convergence (Yi et al. 2018).  Based on r-dominance 

method (Ben Said, Bechikh, and Ghedira 2010), the optimal solution falls between the 

original Pareto front and the reference point and the weighted Euclidean distance 𝐷(𝑟, 𝑥) 

is employed to determine the closeness of a certain solution to the reference point. In Eq. 

5.1, 𝑚 is the number of objectives, and 𝑓𝑗(𝑥) and 𝑟𝑗 are the values of the objective function 

and the reference point in the 𝑗th dimension, and 𝑗 = 1,2,… ,𝑚. 𝑤𝑗 is the associated weight 

with the 𝑗th objective and,  𝑤𝑗 ∈  [0,1] and ∑ 𝑤𝑗 = 1
𝑚
𝑗=1 . 𝑓𝑗

𝑚𝑎𝑥 is the upper bound and 𝑓𝑗
𝑚𝑖𝑛  

is the lower bound of the 𝑗th objective.  

𝐷(𝑟, 𝑥) = (√∑ 𝑤𝑗 (
𝑓𝑗(𝑥)−𝑟𝑗

𝑓𝑗
𝑚𝑎𝑥−𝑓𝑗

𝑚𝑖𝑛)
2𝑚

𝑗=1           (5.1) 
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• Angle Information in ar-MOEA: The angle information 𝜃(𝑟, 𝑥) is calculated between the 

candidate solutions and the reference point. 𝜃(𝑟, 𝑥) is a decision factor for population 

diversity. Based on Eq.5.2, 𝜃(𝑟, 𝑥) is calculated between the reference point 𝑟 and current 

objective vector 𝑓(𝑥) ⋅ 

𝜃(𝑟, 𝑥) = 𝑎𝑟𝑐𝑐𝑜𝑠 (
∑ |𝑓𝑗(𝑥)|∙|𝑟𝑗|
𝑚
𝑗=1

√∑ 𝑓𝑗
2𝑚

𝑗=1 (𝑥) √∑ 𝑟𝑗
2𝑚

𝑗=1

)          (5.2) 

• Adaptive Comprehensive Metric in ar-MOEA: To evaluate the ar-dominance relation of 

the solutions, first the following adaptive comprehensive metric is computed based on 

Eq.5.3 for all the solutions in the current population.  The adaptive comprehensive metric 

is used to explicitly estimate the preference rank of each solution. 

      𝜑(𝑟, 𝑥) = [𝜉(𝑡)
𝜃(𝑟,𝑥)

𝜃𝑚𝑎𝑥−𝜃𝑚𝑖𝑛
+ (1 − 𝜉(𝑡))

𝐷(𝑟,𝑥)

𝐷𝑚𝑎𝑥−𝐷𝑚𝑖𝑛
] (1 +

1

𝑒𝑚
)    (5.3) 

Where 𝑚 is the number of objectives 𝜉(𝑡) is the adaptive weight. 𝑡 is the current generation 

number.𝜃𝑚𝑎𝑥 and 𝜃𝑚𝑖𝑛 are the maximum and minimum values of calculated angel of the 

solutions from the reference point respectively. 𝐷𝑚𝑎𝑥 and 𝐷𝑚𝑖𝑛 represent the maximum 

and minimum values of the calculated distance of the solutions from the reference point, 

respectively.  

• Adaptive Weight in ar-MOEA: Adaptive weight 𝜉(𝑡) is used to make adaptive trade-offs 

between the angle and distance information at different stages of the evolutionary process. 

In the ar-dominance relation, during the early generations, the priority is given to the 

distance information in order to enhance the selection pressure on convergence. In the later 

generations, the angel information between the solutions and the reference point is 

prioritised which results in enhanced selection pressure on diversity to explore the well-
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distributed solutions. Therefore, 𝜉(𝑡) is adaptively changed during the iterative process 

based on Eq. 5.4. 

𝜉(𝑡) = 𝜉𝑚𝑖𝑛 + (𝜉𝑚𝑎𝑥 − 𝜉𝑚𝑖𝑛)𝑒
−(1−

𝑡

𝑇
)         (5.4) 

Where, 𝑇 is the maximum number of generations, and 𝜉𝑚𝑖𝑛  and  𝜉𝑚𝑎𝑥 are the minimum 

and maximum weights, respectively.  

• Adaptive threshold in ar-MOEA:  Adaptive threshold is 𝛿(𝑡), which is used to control the 

distribution range of the solutions by constraining 𝜑(𝑟, 𝑥).  Adaptive threshold is computed 

based on Eq. 5.5 and can be adaptively changed during the iterative process. In the early 

generations, the constraints can be relaxed to retain more solutions, while in the later 

generations the constraints will be tightened to focus more on the quality of the solutions. 

The adaptive threshold is used to eliminate the suboptimal solutions and guide the 

population towards the ROI in later generations (Yi et al. 2018). The default range of 𝛿 is 

[0,1]. When 𝛿 = 0, only one solution can be retained. When 𝛿 = 1, all the solutions on 

Pareto front can be retained. In Eq.5.5, 𝛿𝑚𝑎𝑥 and 𝛿𝑚𝑖𝑛 represents the upper and lower bonds 

of the threshold and 𝛿 ∈ [𝛿𝑚𝑖𝑛, 𝛿𝑚𝑎𝑥 ]. 

𝛿(𝑡) = (𝛿𝑚𝑎𝑥 −
𝑡

𝑇
(𝛿𝑚𝑎𝑥 − 𝛿𝑚𝑖𝑛)    (5.5) 

• The ar-Dominance Relation in ar-MOEA: During the iterative process, the ar-dominance 

relation of the solutions can be evaluated as shown in ALGORITHM 5.1 (Yi et al. 2018).  

In ALGORITHM 5.1 , assuming that P is the current population and p_1 and p_2, are the 

two given solutions ( p_1, p_(2 )∈P),  solution p_1 is said to ar-dominant solution 

p_(2 )(p_1 ≺_ar p_2), if it meets one of the following conditions. 
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ALGORITHM 5.1 

AR-DOMINANCE RELATIONSHIP PROPOSED IN ar-MOEA 

1: Pareto dominance comparison: between two given solution 𝑝1 and 𝑝2; 

2:      If (𝑝1 ≺ 𝑝2) then 

3:               𝒑𝟏 ar-dominance 𝒑𝟐: (𝑝1 ≺𝑎𝑟 𝑝2); 

4:      The elitist solution 𝒔 is selected as: 𝑠 ← 𝑝1; 

5:        else 

6:      If (𝑝2 ≺ 𝑝1) then 

7:               𝒑𝟐 ar-dominance 𝒑𝟏: (𝑝2 ≺𝑎𝑟 𝑝1); 

8:              The elitist solution 𝒔 is selected as: 𝑠 ← 𝑝2; 

9:     End If 

10:      End If 

11: ar-dominance relation comparison: 𝜑(𝑟, 𝑝1), 𝜑(𝑟, 𝑝2) computed using Eq. 5.3; 

12: If 𝑝1 and 𝑝2 are Pareto-equivalent && 𝜑(𝑟, 𝑝1) − 𝜑(𝑟, 𝑝2)  < −𝛿 then 

13:        𝒑𝟏 ar-dominance 𝑝2: (𝑝1 ≺𝑎𝑟 𝑝2); 

14:      The elitist solution 𝒔 is selected as: 𝑠 ← 𝑝1; 

15:   else 

16:       If 𝑝1 and 𝑝2 are Pareto-equivalent && 𝜑(𝑟, 𝑝2) − 𝜑(𝑟, 𝑝1)  < −𝛿 then 

17:                𝒑𝟐 ar-dominance 𝒑𝟏: (𝑝2 ≺𝑎𝑟 𝑝1); 

18:              The elitist solution 𝒔 is selected as: 𝑠 ← 𝑝2; 

19:        else 

20:               𝒑𝟏 and 𝒑𝟐 are ar-dominance equivalent; 

21:              The elitist solution 𝒔: 𝑠 ← 𝑟𝑎𝑛𝑑𝑜𝑚𝑙𝑦 𝑠𝑒𝑙𝑒𝑐𝑡 (𝑝1, 𝑝2); 

22:         End if 

23  End if 

 

1. In comparison of the Pareto dominance of the two solutions,  𝑝1 dominates 𝑝2 in the Pareto 

sense (𝑝1 ≺ 𝑝2). 

2. If 𝑝1 and 𝑝2 are Pareto-equivalent, the comprehensive metric is calculated using  𝜑(𝑟, 𝑝1) 

and 𝜑(𝑟, 𝑝2) respectively. Therefore, 𝑝1ar-dominant 𝑝2, if 𝜑(𝑟, 𝑝1) − 𝜑(𝑟, 𝑝2)  < −𝛿.  

• Archive Updating Strategy: The archive strategy have been widely used in different MOEAs 

such as: Pareto-Archive Evolution Strategy (PAES) (Knowles and Corne 1999), Strength 

Pareto EA (SPEA) (Eckart Zitzler and Zitzler 1999), Strength Pareto EA 2 (SPEA2) (Eckart 
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Zitzler et al. 2001) and Nondominated Sorting Genetic Algorithm Ⅱ (NSGA Ⅱ) (K. Deb et al. 

2002).  In the archive strategy, an external archive is maintained which contains a set of 

nondominated solutions that are found so far in the evolutionary process. The archive strategy 

is incorporated in MOEAs to avoid losing certain portion of the current nondominated front 

due to random effects (Eckart Zitzler et al. 2001). During the evolutionary process, an archive 

keeps updated in two steps: a) a solution in archive will be removed and replaced with  a 

solution that has been found to dominate the archive solution; b) the current size of archive is 

checked; if the maximum archive size is exceeded, then an overcrowding measure will be used 

to remove the similar solutions in the archive in order to form a well-distributed archive of 

nondominated solutions. In the ar-MOEA approach, an archive updating strategy based on ar-

dominance is proposed. The difference of the archive strategy used in this approach from the 

archive strategy that is used in NSGA Ⅱ, PEAS, SPEA and SPEA2 is in the steps that are taken 

for updating an external archive. In ar-MOEA, instead of using Pareto domination comparison 

between the candidate solutions and the archive members, ar-dominance comparison is used to 

see if any of the candidate solutions ar-dominates a member in the archive. The ar-dominated 

member in the archive will be replaced. The size of the current archive 𝐴 is obtained. If the size 

of the archive exceeds the maximum archive size 𝑛, then the members of the archive will be 

sorted in an ascending order based on their adaptive comprehensive metric values. Finally, the 

updated archive 𝐴 ́ will contain the first 𝑛 members of the sorted archive 𝐴 (Yi et al. 2018).  

Incorporating the above concepts gives the ar-MOEA algorithm. A brief description of how ar-

MOEA algorithm works is provided below. 

Firstly, the initial population is randomly generated and evaluated according to the fitness 

function. Secondly, given the reference point 𝑟, the comprehensive metric based on Eq. 5.3  is 

calculated for each solution in the current population. In the meantime, the archive updating 
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strategy discussed above will be used to update archive 𝐴. Thirdly, the offspring population is 

produced after applying the simulated binary crossover and polynomial mutation. Finally, the 

ar-dominance relationship between the solutions in the current population and the offspring 

population is compared using ALGORITHM 5.1. Such comparison results in selecting the 

elitist solutions and archive 𝐴 is updated using the discussed archive updating strategy.  

The details of the ar-MOEA algorithm is shown in ALGORITHM 5.2 (Yi et al. 2018). 

ALGORITHM 5.2 

OVERVIEW OF AR-MOEA ALGORITHM 

1: Generate initial random population 𝑷(𝒕); 

2:      Evaluate the solutions in 𝑷(𝒈𝒆𝒏) based on the fitness function; 

3:         For 𝑡 = 1 to 𝑇 do:  

4:   Calculate the comprehensive metric using Eq. 5.3: 𝜑 (𝑃(𝑡), 𝑟); 

5:     Producing offspring population 𝒄𝒉(𝒕)∗:  

     a) 𝑐ℎ(𝑡) = 𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟 (𝑃(𝑡)); 

     b) 𝑐ℎ(𝑡)∗ = 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 (𝑐ℎ(𝑡); 

6:     Ar-dominance relationship comparison between 𝑷(𝒕) and 𝒄𝒉(𝒕)∗:  

    ALGORITHM 5.1; 

7:     Select the elitist solutions: 𝑒𝑙𝑖𝑡𝑖𝑠𝑡(𝑡) = 𝑎𝑟 − 𝑑𝑜𝑚𝑖𝑛𝑎𝑛𝑐𝑒 (𝑃(𝑡), 𝑐ℎ(𝑡)∗); 

8:     Update archive 𝑨 with solutions from 𝒆𝒍𝒊𝒕𝒊𝒔𝒕(𝒕): using Archive Updating Strategy 

9:     End 

5.3 Preference based Fuzzy Ensemble Classification Mechanism   

5.3.1 Rational for Improving IMOFM-C Approach 

As discussed in Chapter 4, different objectives were tested to encourage the diversity as well 

as accuracy among the Pareto solutions. In IMOFM-C, diversity was achieved through 
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simplifying complexity of the fuzzy rule base. The adverse impact of doing so in the context 

of encouraging diversity is that potentially good models with complex structures can be 

compromised (i.e. deleted) in the early stage of evolution as a model with less complexity but 

more accuracy can dominate them.  However, models with more complex structures may 

potentially evolve as the ones with more accuracy and at the same time promote diversity. 

Therefore, if the reference point is close to the most complex structure, and the adaptive 

threshold is set up such that it filters out those less accurate models, both diversity and accuracy 

can be improved. In light of this, IMOFM-C is adapted to incorporate the preference-based 

search concept in this chapter. The adapted IMOFM-CP aims to elicit a set of diversified 

models with sufficient accuracy for ensemble modelling.  

5.3.2 Introduction of Proposed IMOFM-CP Mechanism  

The structure of IMOFM-CP algorithm is the same as IMOFM-C mechanism which is 

described in Chapter 4. However, there is a difference in their search processes. In IMOFM-

CP, the search algorithm is based on preference by incorporating the ar-dominance concept 

(i.e. ar-domince-PAIA). While in IMOFM-C, the search algorithm (PAIA) is not preference-

based.  

ar-dominance-PAIA is developed based on the ar-MOEA algorithm. The main difference 

between ar-dominance-PAIA and ar-MOEA are provided below. 

• Weighted Euclidean Distance: In ar-dominance-PAIA, the weighted Euclidian distance is 

similar to  𝐷(𝑟, 𝑥) (see Eq.5.1) used in the ar-MOEA algorithm. However, in ar-dominance-

PAIA, this metric is not using any normalisation as it is shown in Eq.5.6. The reason for 

using this metric without any normalisation is due to the preliminary experiments that were 

carried out using both normalised and non-normalised versions of this metric. The weighted 

Euclidean distance based on Eq. 5.1 could not find solutions in the preferred area when it 
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is incorporated in PAIA. While incorporating the non-normalised distance based on Eq. 5.6 

in PAIA results in exploring the solutions in the ROI as it is expected.  In order to distinct 

this metric from the one that is used in the ar-MOEA algorithm, 𝐷𝑖𝑠(𝑟, 𝑥) is defined in Eq. 

5.6 to represent the weighted Euclidean distance in ar-dominance-PAIA.  In Eq. 5.6, 𝑚 is 

the number of objectives. 𝑓𝑗(𝑥) and 𝑟𝑗 are the values of the objective function and the 

reference point in the 𝑗th dimension, and 𝑗 = 1,2, … ,𝑚. Also, 𝑤𝑗 is the associated weight 

with the 𝑗th objective. Where,  𝑤𝑗 ∈  [0,1] and ∑ 𝑤𝑗 = 1
𝑚
𝑗=1 . 

𝐷𝑖𝑠(𝑟, 𝑥) = (√∑ 𝑤𝑗 (𝑓𝑗(𝑥) − 𝑟𝑗)
2𝑚

𝑗=1           (5.6) 

• Angle Information: In ar-dominance-PAIA, the angle information is similar to 𝜃(𝑟, 𝑥) (see 

Eq. 5.2) in the ar-MOEA algorithm. However, carrying out the preliminary experiments 

and computing this metric based on Eq. 5.2 did not provide us with the results that was 

reported in (Yi et al. 2018). Therefore, in ar-dominance-PAIA, the angle information 

between the reference point 𝑟 and the current objective vector 𝑓(𝑥)is computed based on 

Eq.5.7, where instead of using the absolute values of   𝑓𝑗(𝑥) and 𝑟𝑗, their actual values have 

been used as this reflects the true angle information between 𝑓𝑗(𝑥) and 𝑟𝑗.  

 𝑎𝑛𝑔(𝑟, 𝑥) = 𝑎𝑟𝑐𝑐𝑜𝑠 (
∑ 𝑓𝑗(𝑥)
𝑚
𝑗=1 ∙𝑟𝑗

√∑ 𝑓𝑗
2𝑚

𝑗=1 (𝑥) √∑ 𝑟𝑗
2𝑚

𝑗=1

)        (5.7) 

In order to distinct this metric from the one that is used in the ar-MOEA algorithm, 

𝑎𝑛𝑔(𝑟, 𝑥) is used to represent the angle information in ar-dominance-PAIA.  

• Adaptive Comprehensive Metric: In ar-dominance-PAIA, the adaptive comprehensive 

metric is calculated based on Eq.5.8 which is different from 𝜑(𝑟, 𝑥) (see Eq.5.3) in ar-

MOEA. In order to distinct this metric from the one that is used in the ar-MOEA algorithm, 
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𝑎𝑛𝑔(𝑟, 𝑥) is used to represent the angle information in ar-dominance-PAIA. In Eq.5.8, 𝑔 

represents the current generation number, and 𝑛 represents the number of objectives.  

𝑎𝑑_𝑐(𝑟, 𝑥) = [𝜉(𝑔) ∙ (𝑎𝑛𝑔(𝑟, 𝑥)) + (1 − 𝜉(𝑔)) ∙ (𝐷𝑖𝑠(𝑟, 𝑥))] (1 +
1

𝑒𝑛
)    (5.8) 

• Adaptive Weight: In ar-dominance-PAIA, the adaptive weight matric 𝜉  is calculated in the 

same way as in ar-MOEA using Eq.5.4. Therefore, the adaptive weight is presented by the 

same symbol (𝜉)  in both the ar-MOEA and ar-dominance-PAIA algorithms.  

• Adaptive Threshold: In ar-dominance-PAIA, the adaptive threshold is calculated based on 

Eq.5.9 which is different from 𝛿(𝑡) (see Eq.5.5) in ar-MOEA. In order to distinct this metric 

from the one that is used in the ar-MOEA algorithm, 𝑡ℎ𝑟(𝑔) is used to represent the 

adaptive threshold in ar-dominance-PAIA.  

𝑡ℎ𝑟(𝑔) = ((𝑡ℎ𝑟𝑚𝑎𝑥 − ((𝑒
−(1−

𝑔

𝐺𝑒𝑛
−(𝑡ℎ𝑟𝑚𝑖𝑛)∙1.5))

6

)) ∙ (𝑡ℎ𝑟𝑚𝑎𝑥 − 𝑡ℎ𝑟𝑚𝑖𝑛))    (5.9) 

In ar-MOEA, the default range of 𝑡ℎ𝑟 is [0,1], where 𝑡ℎ𝑟 = 0 represents that only one solution 

can be retained, and 𝑡ℎ𝑟 = 1 indicates all the solutions can be retained. In the ar-dominance-

PAIA algorithm, the maximum threshold  𝑡ℎ𝑟𝑚𝑎𝑥 and the minimum threshold  𝑡ℎ𝑟𝑚𝑖𝑛 is set by 

DM to guide the solutions toward the ROI. 𝑡ℎ𝑟 ∈ [𝑡ℎ𝑟𝑚𝑖𝑛, 𝑡ℎ𝑟𝑚𝑎𝑥 ] and it will be adaptively 

changed with respect to the stage of the evolution. In Eq.5.9, 𝐺𝑒𝑛 represents the maximum 

number of generations.  

• The ar-Dominance Relation: In ar-dominance-PAIA,  during the iterative process, the ar-

dominance relation of the solutions in the current population 𝑝𝑜𝑝(𝑔) can be evaluated as 

follows: a) the dominated and nondominated solutions of the current population are 

identified as 𝑛𝑜𝑛𝑑𝑜𝑚(𝑔) and 𝑑𝑜𝑚(𝑔) respectively; b) Computing  adaptive weight 𝜉(𝑔) 

and adaptive threshold 𝑡ℎ𝑟(𝑔) based on Eqs. 5.4 and 5.9 respectively; c) calculating the 
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comprehensive metric for all solutions in 𝑝𝑜𝑝(𝑔) based on Eq. 5.8 which is represented by 

𝑎𝑟_𝑎𝑙𝑙(𝑝𝑜𝑝(𝑔)); d) forming two vectors 𝑎𝑟𝐴 and 𝑎𝑟𝐵, where 𝑎𝑟𝐵 is the inverse of 𝑎𝑟𝐴; 𝑎𝑟𝐴 

contains the comprehensive metric of nondominated solutions; the difference between 𝑎𝑟𝐴 

and 𝑎𝑟𝐵, 𝑎𝑟𝑑𝑖𝑓𝑓, will be calculated; e) the indices of those solutions that have higher 

comprehensive metric values with respect to other solutions, i.e. 𝑎𝑟𝑑𝑖𝑓𝑓 > 𝑡ℎ𝑟(𝑔) will be 

identified as 𝐼𝑛𝑑; and f) the nondominated solutions will be updated by removing those 

solutions with indices in 𝐼𝑛𝑑. The dominated solutions will be updated by adding those 

solutions removed from the nondominated set. The details of the ar-dominance relationship 

proposed in the ar-dominance-PAIA algorithm are provided in ALGORITHM 5.3 

 

ALGORITHM 5.3. 

       AR-DOMINANCE RELATIONSHIP PROPOSED IN AR-DOMINANCE-PAIA 

1      Identifying the nondominated and dominated solutions in population 𝒑𝒐𝒑(𝒈):   

           𝑛𝑜𝑛𝑑𝑜𝑚(𝑔), 𝑑𝑜𝑚(𝑔); 

2:   Calculating Adaptive weight: 𝜉(𝑔) based on Eq. 5.4; 

3:  Calculating Adaptive threshold: 𝑡ℎ𝑟(𝑔)using Eq. 5.9; 

4:  If  𝑡ℎ𝑟(𝑔) <  𝑡ℎ𝑟𝑚𝑖𝑛 then 

5:          𝑡ℎ𝑟(𝑔) = 𝑡ℎ𝑟𝑚𝑖𝑛; 

6:  End 

7: Calculating comprehensive metric for all solutions in 𝒑𝒐𝒑(𝒈): 
𝑎𝑟_𝑎𝑙𝑙(𝑝𝑜𝑝(𝑔)) = 𝑎𝑑_𝑐(𝑟, 𝑝𝑜𝑝(𝑔))  based on Eq. 5.8; 

8: Obtaining the comprehensive metric of nondominated solution from 

𝒂𝒓_𝒂𝒍𝒍(𝒑𝒐𝒑(𝒈)): 𝑎𝑟_𝑛𝑜𝑛𝑑𝑜𝑚(𝑔); 

9:  Forming two matrixes as: 𝑎𝑟𝐴 = 𝑎𝑟_𝑛𝑜𝑛𝑑𝑜𝑚(𝑔); 𝑎𝑟𝐵 = (𝑎𝑟𝐴)
′; 

10:  Differences of two matrixes: 𝑎𝑟𝑑𝑖𝑓𝑓 = (𝑎𝑟𝐴 − 𝑎𝑟𝐵); 

11: Obtaining  𝑰𝒏𝒅: 𝐼𝑛𝑑 = 𝑓𝑖𝑛𝑑 (𝑎𝑟𝑑𝑖𝑓𝑓 > 𝑡ℎ𝑟(𝑔)); 

12: Updating 𝑛𝑜𝑛𝑑𝑜𝑚(𝑔) and 𝑑𝑜𝑚(𝑔); 
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• Archive Updating Strategy: In the ar-MOEA algorithm, an archive updating strategy is 

used to retain the nondominated solutions in an external storage with a fixed population 

size and to avoid overcrowding of the solutions in the external archive. In the proposed ar-

dominance-PAIA, since the population is adaptive during the evolution, there is not  an 

archive with a fixed size. The distribution of the population in ar-dominance-PAIA is  

maintained using the network suppression function (J. Chen and Mahfouf 2006). It is worth 

mentioning that the network suppression function will consider solutions in both 

𝑛𝑜𝑛𝑑𝑜𝑚(𝑔) and 𝑑𝑜𝑚(𝑔). 

Incorporating the above principles into PAIA gives the preference-based PAIA – ar-dominace-

PAIA.  

ALGORITHM 5.4 

OVERVIEW OF AR-DOMINANCE-PAIA ALGORITHM 

 

1: Generate initial random population 𝒑𝒐𝒑(𝒈) with size  𝑰𝑵 

2: Evaluate the solutions in 𝒑𝒐𝒑(𝒈) using the ar-dominance relation: ALGORITHM 

5.3; 
3: For 𝒈 = 𝟏 to 𝑮𝒆𝒏 do: 
4:         Identify_Ab: This function is used to select a random Ab in the first Pareto front; 
5: Activation:  This function is used to activate the other antibodies with the selected 

Ab; 
6: Clonal selection: this function selects the best individuals in the population in 

terms of their affinities and ar-dominance relations (refer to ALGORITHM 5.3); 
7: Clonal mutation: this function proliferates the selected solutions according to 

their affinities; 
8 The mutated/edited offspring and their corresponding parents are mixed to-

gether; 
8: Reselection:  
8a. Selecting all the nondominated solutions based on ALGORITHM 5.3: 

 𝑛𝑜𝑛𝑑𝑜𝑚(𝑔); 
8b. If size ( 𝑛𝑜𝑛𝑑𝑜𝑚(𝑔)) <  𝐼𝑁 then  

     the next nondominated front is selected using ALGORITHM 5.3; 

End if 
8c. If size ( 𝑛𝑜𝑛𝑑𝑜𝑚(𝑔)) > 𝐼𝑁 ∥  𝑔 = 𝐺𝑒𝑛 then 

   Network suppression function is applied to remove the similar solutions; 

End if 
9  End 
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An overview of how ar-dominance-PAIA algorithm works is provided in ALGORITHM 5.4. 

First, the initial population is randomly generated. and the solutions in the current population 

are evaluated based on their ar-dominance relation using ALGORITHM 5.3. Then, inside the 

iterative process the Identify Ab, Activation Clonal selection and Clonal mutation are used in 

the same way as those in the original PAIA (J. Chen and Mahfouf 2006).  

Next, the mutated/edited offspring and their corresponding parents are mixed. Finally, the 

Reselection functions is used which contains 3 steps: a) all the nondominated solutions 

obtained based  on ALGORITHM 5.3 are selected; b) the size of the nondominated solutions 

is checked; if it is smaller than the prespecified initial population size then the next-

nondominated front which are obtained using ALGORITM 5.3 are selected; c) if the size of 

the nondominated solutions is greater than the prespecified initial population size or the 

maximum generation size is achieved, the network suppression function that is used in original 

PAIA (J. Chen and Mahfouf 2006) will be applied to remove similar solutions. As the result, a 

well-distributed near Pareto solutions within the ROI will be obtained.  

Having described the new search algorithm known as ar-dominanace-PAIA that is used in the 

proposed IMOFM_CP mechanism, the rest of the IMOFM_CP mechanism remains the same 

as the IMOFM_C mechanism as described in Chapter 4.  

5.3.3 Multi-Class Fuzzy Ensemble Classification Mechanism   

As discussed in Section 5.1, an ensemble classifier normally leads to a higher classification 

accuracy (in particular in generalisation accuracy) than that of each individual member 

classifier (or its classification accuracy will be as good as the best individual member 

classifier). Therefore, the IMOFM-CP mechanism will be used to first generate a set of fuzzy 

classifiers within the ROI for each binary classification problem. It is worth mentioning that 
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the objective functions used in IMOFM-CP are complexity and accuracy as these two 

objectives promote the diversity among a set of generated fuzzy classifiers. As the result, for 

each binary classification problem (see Chapter 4), a set of diverse yet accurate fuzzy 

classifiers will be obtained. Average voting strategy will then be employed as the aggregation 

method to combine these individual member fuzzy classifiers in a bid to improve the 

classification accuracy (in particular for the testing dataset) of each binary classification 

problem. As a result, for each binary problem, there is a corresponding ensemble binary 

classifier.  

For a multi-class classification problem, ensemble binary classifiers work in a similar way 

with the Decision Directed Acyclic Graph-Distance (DDAG-Distance) method developed in 

Chapter 4. Figure 5.1 illustrates the main steps of the proposed multi-class fuzzy ensemble 

classification mechanism. 

As shown in Figure 5.1, first, a set of diverse yet accurate fuzzy classifiers will be obtained 

using IMOFM-CP. Second, ensemble classifiers for each binary classifier are formed 

containing the generated diverse and accurate individual classifiers in the ROI. Since DDAG-

Distance requires information of the centres from a single fuzzy classifier, the best individual 

member classifier of each ensemble binary classifier is then identified.  Next, the distance from 

a testing datapoint to the centres of the best individual member classifiers from each ensemble 

will be calculated. Finally, the minimum obtained distance indicates which ensemble binary 

classifier should be used in the DDAG-Distance method for a multi-class classification 

problem. 

In the next section, the results of the proposed ar-dominance PAIA is first illustrated using two 

Multi-Objective Evolutionary Algorithm (MOEA) benchmark testing problems, viz. ZDT1 

and ZDT3.   
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Figure 5.1 The Preference-based ensemble classification mechanism (IMOFM-CP) for a 

multi-class classification problem. 

The performances of the proposed IMOFM_CP and its application to multi-class fuzzy 

ensemble classification problems have been tested and compared with the IMOFM_C 

mechanism and other baseline algorithms.  

5.4 Experiments  

5.4.1 The Results of ar-dominance PAIA on ZDT Benchmark Problems 

In this section, ar-dominance PAIA algorithm is first tested on ZDT series problems (K. Deb 

2001). For this experiment only ZDT1 and ZDT3 problems are employed to show the results 
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due to the space limitation. ZDT1 has 30 decision variables with a convex Pareto front. ZDT3 

is a 30- decision variable problem with disconnected Pareto fronts. For more details on these 

test functions interested readers can refer to (K. Deb 2001).  

Two experiments are designed to demonstrate how the reference point 𝑟, and the minimum and 

maximum thresholds  𝑡ℎ𝑟𝑚𝑖𝑛, 𝑡ℎ𝑟𝑚𝑎𝑥 for computing the adaptive threshold can effectively 

adjust the ROI  where desirable solutions reside.   

❖ Experiment 1: the effect of reference point. Three different reference points are 

employed: a) the reference point with a focus on the top left part of the search space with 

𝑟 = (1, 0.01); b) the reference point with a focus on the central part of the search space 

with 𝑟 = (0.5, 0.5) ; and c) the reference point with a focus on the bottom right part of the 

search space with 𝑟 = (0.01,1).  

The rest of parameters are set as follows. Initial population size 7, maximum generation 

size 500. For computing the adaptive threshold 𝑡ℎ𝑟(𝑔) (see Eq.5.9), 𝑡ℎ𝑟𝑚𝑖𝑛 is set to 0.2  

and 𝑡ℎ𝑟𝑚𝑎𝑥, is set to 1 . To obtain the Adaptive weight (𝜉) (see Eq. 5.4), 𝜉𝑚𝑖𝑛 is equal to 0 

and 𝜉𝑚𝑎𝑥 is equal to 1. 

Figures 5.2 and 5.3 illustrate how ar-dominance-PAIA algorithm converges to three ROIs 

on ZDT1 and ZDT3 benchmark problems respectively.   
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Figure 5.2 The performance of the ar-dominance-PAIA algorithm on ZDT1 problem with a) 

𝑟 = (1, 0.01), b) 𝑟 = (0.5, 0.5), c) 𝑟 = (0.01,1).  

 

Figure 5.3 The performance of the ar-dominance-PAIA algorithm on ZDT3 problem with a) 

𝑟 = (1, 0.01), b) 𝑟 = (0.5, 0.5), c) 𝑟 = (0.01,1).  
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As shown in Figures 5.2 and 5.3, by setting the reference point to 𝑟 = (1, 0.01), the search 

algorithm focuses on the top left part of the search space to find the most desirable solutions 

in that region of interest.  

When setting the reference point to 𝑟 = (0.5, 0.5) , the focus of the search algorithm 

changes to the central part of the search space Similarly, when setting the reference point 

to 𝑟 = (0.01,1), the focus of the search algorithm will be pushed further down to the bottom 

right of the search space and the desired solutions will be explored in that ROI.  

❖ Experiment 2: the effect of the minimum and maximum thresholds. Two different 

combinations of 𝑡ℎ𝑟𝑚𝑖𝑛 and  𝑡ℎ𝑟𝑚𝑎𝑥  for computing the adaptive threshold are employed: 

a) 𝑡ℎ𝑟𝑚𝑖𝑛 =  0.2  and 𝑡ℎ𝑟𝑚𝑎𝑥 = 1 ; b) 𝑡ℎ𝑟𝑚𝑖𝑛 =  0.98  and 𝑡ℎ𝑟𝑚𝑎𝑥 = 1 .  

The rest of parameter settings are as follows. Initial population size 7, maximum generation 

size 500. To compute the Adaptive weight (𝜉), 𝜉𝑚𝑖𝑛 is equal to 0 and 𝜉𝑚𝑎𝑥 is equal to 1. 

The reference point is fixed to 𝑟 = (1,0.2), i.e. the sesearch algorithm is expected to focus 

on the bottom right part of the search space. Different adaptive thresholds will lead to either 

wider or narrower approximate Pareto fronts.  

Figures 5.4 and 5.5 illustrate how ar-dominance-PAIA algorithm performs by setting two 

different combinations of 𝑡ℎ𝑟𝑚𝑖𝑛 and 𝑡ℎ𝑟𝑚𝑎𝑥 on ZDT1 and ZDT3 benchmark problems 

respectively.   

As shown in Figure 5.4 , by setting (a) 𝑡ℎ𝑟𝑚𝑖𝑛 =  0.2 , and 𝑡ℎ𝑟𝑚𝑎𝑥 =  1, the search 

algorithm will focus on a smaller search space, eventually leading to a narrower 

approximate Pareto front. By increasing the value of 𝑡ℎ𝑟𝑚𝑖𝑛 to 0.98 (see Figure 5.5), the 

search algorithm encourages more search space to be explored, eventually leading to a 

wider approximate Pareto front.  
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Figure 5.4 The performance of the ar-dominance-PAIA algorithm on ZDT1 problem with two 

different combinations of 𝑡ℎ𝑟𝑚𝑖𝑛  and 𝑡ℎ𝑟𝑚𝑎𝑥: a) (0.2, 1) and  b) (0.98, 1). 

 

Figure 5.5 The performance of the ar-dominance-PAIA algorithm on ZDT3 problem with stwo 

different combinations of 𝑡ℎ𝑟𝑚𝑖𝑛 and 𝑡ℎ𝑟𝑚𝑎𝑥: a) (0.2, 1) and b) (0.98, 1). 
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Setting 𝑡ℎ𝑟𝑚𝑎𝑥 =  1 enables the search algorithm to explore more search space in early 

iterations and then focus on smaller neighbourhoods for more focused exploitation as 

search approaches to the end. Obviously, setting 𝑡ℎ𝑟𝑚𝑎𝑥 to a smaller value may lead to a 

premature convergence as only smaller search space can be explored from the start of 

search.  

5.4.2 Performance of IMOFM-CP on Binary-class EEG data 

In this section, the suitable values for  𝑡ℎ𝑟𝑚𝑖𝑛, and 𝑡ℎ𝑟𝑚𝑎𝑥 in calculating the adaptive threshold 

based on Eq.5.9 to obtain a set of diverse yet accurate (in particular for generalisation) binary 

classifiers are investigated. Towards this, eight different settings which represents eight 

different combinations of 𝑡ℎ𝑟𝑚𝑖𝑛 and 𝑡ℎ𝑟𝑚𝑎𝑥 are studied. As mentioned in Section 5.4.1, 

𝑡ℎ𝑟𝑚𝑎𝑥 is fixed to 1, representing the whole Pareto front, to prevent premature convergence. 

Therefore, the focus of this section is first on finding an optimal value for 𝑡ℎ𝑟𝑚𝑖𝑛. Increasing 

the value of 𝑡ℎ𝑟𝑚𝑖𝑛 will explore more search space and increase the covered area of the 

approximate Pareto front.  However, increasing the value of 𝑡ℎ𝑟𝑚𝑖𝑛 to be close to 1 effectively 

reduces the search algorithm to the one without incorporating any preference. On the contrary, 

decreasing the value of  𝑡ℎ𝑟𝑚𝑖𝑛 allows a more focused search in the later stage of the search 

process, potentially leading to a better convergence in the ROI. In the following (see TABLE 

5.1), 𝑡ℎ𝑟𝑚𝑖𝑛, starts with the value of 0.30 (Setting 1) and is incrementally increased with a 

step size of 0.02 up to 0.4 (Setting 6). From Setting 6 onwards, the step size is changed to 0.1. 

It is worth noting that beyond 𝑡ℎ𝑟𝑚𝑖𝑛 = 0.9, the resulting approximate Pareto front is 

approaching to the whole approximate Pareto front that can be found by IMOFM-C. Therefore, 

only up to 𝑡ℎ𝑟𝑚𝑖𝑛 = 0.8 is included in this study. 
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TABLE 5.1 

PARAMETER SETTING 

 

In all these settings the combination of  𝜉𝑚𝑖𝑛 , and 𝜉𝑚𝑎𝑥 for calculating the Adaptive weight 

based on Eq.5.4 is set to 0 and 1 respectively.  

For the reference point, it is set to (0.39, 0.2). Note, (0.39, 0.2) is in the normalised objective 

space. The decision for choosing the reference point as (0.39, 0.2) is justified by our aim 

which is to find accurate enough binary classifiers with relatively simpler structures (i.e. with 

the less number of rules and similar fuzzy sets). This is inspired by the fact that binary 

classifiers with complex structures may lead to very high accuracy in training but generalise 

poorly in testing. On the contrary, binary classifiers with overly simplified structures may 

perform poorly in both training and testing. Therefore, the focus will be placed on searching 

for the classifiers which are not very complex but are still reliably accurate so that the 

generalisation capability of the ensemble classification can be increased as the result of such 

a focused and guided search.  

The parameter configurations for the ten settings are listed in TABLE 5.1 

Due to the space limit, in this section, results of IMOFM-CP with the above settings on two 

typical partitions for the classifier 4 (CF4) dataset for subject 2 are presented without the loss 

of generality. For this purpose, Partitions 1 and 2 are selected. It is worth mentioning that the 

CF4’s dataset for subject 2 are the same dataset and partitions as the ones used in Chapter 4. 

Setting (𝒕𝒉𝒓𝒎𝒊𝒏, 𝒕𝒉𝒓𝒎𝒂𝒙) ( 𝝃𝒎𝒊𝒏, 𝝃𝒎𝒂𝒙) Reference point  

1 (0.3, 1) (0, 1) (0.39, 0.2) 
2 (0.32, 1) (0, 1) (0.39, 0.2) 
3 (0.34, 1) (0, 1) (0.39, 0.2) 
4 (0.36, 1) (0, 1) (0.39, 0.2) 
5 (0.38, 1) (0, 1) (0.39, 0.2) 
6 (0.4, 1) (0, 1) (0.39, 0.2) 
7 (0.5, 1) (0, 1) (0.39, 0.2) 
8 (0.6, 1) (0, 1) (0.39, 0.2) 
9 (0.7, 1) (0, 1) (0.39, 0.2) 
10 (0.8, 1) (0, 1) (0.39, 0.2) 
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Partition 1 represents the case that even the binary classifier with the simplest structure still 

gives a satisfactory generalisation accuracy. While Partition 6 represents the case that those 

binary classifiers with simpler structures can lead to a very poor generalisation accuracy.  In 

essence, these two partitions are employed for parameter analysis in order to derive the most 

reliable 𝑡ℎ𝑟𝑚𝑖𝑛 that can effectively discard those binary classifiers that are over trained 

(normally it comes with a more complex structure) and those ones perform poorly performed 

in generalisation (normally it comes with an overly simplified structure).   

To provide a statistically reliable analysis, training of CF4 on the two portions with the 

IMOFM-CP mechanism for each setting has been run 10 times. The results are then averaged 

across 10 runs. For the comparison purpose, CF4 is also trained with IMOFM-C algorithm on 

the same two partitions for 10 times.  

Since, both IMOFM-C and IMOFM-CP classification mechanisms are based on the multi-

objective fuzzy approach, they evolve a Pareto front of solutions at each run. Therefore, two 

evaluation procedures for both IMOFM-C and IMOFM-CP have been employed as follows. 

1) In the first evaluation procedure, in each run, from the nondominated FRBSs, the one with 

the lowest RMSE value is selected as the best classifier. The selected FRBS together with the 

post-processing procedure mentioned in Section 4.2.1 in Chapter 4 is then used to classify the 

training and testing sets. The performance of the selected classifier is evaluated using the 

classification performance measures including Accuracy, Sensitivity, Specificity and the total 

number of miss-classified data points as computed in Eq. 4.9 in Chapter 4. 2) In the second 

evaluation procedure, in each run, all the nondominated FRBSs are considered as members of 

an ensemble classifier and the Averaged voting strategy is used as the aggregation method. 

The result of the ensemble classification will go through the same post-processing procedure 

as in the first evaluation procedure. The performance of the ensemble classification will be 
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evaluated against the training and the testing sets using the same classification performance 

measures.  

It is worth mentioning that in both IMOFM-C and IMOFM-CP classification mechanisms, the 

maximum generation number is set to 900, and the minimum and maximum number of rules 

are set to 2 and 10 respectively.   

The performance of IMOFM-C and IMOFM-CP classification mechanisms on the training 

(TR) and the testing (TS) sets of Partitions 1 and 6 of CF4 are presented in TABLEs 5.2-5.5 

respectively.  

In TABLEs 5.3, and 5.5, IMOFM-CP classification mechanism are evaluated with the ten 

different settings listed in TABLE 5.1 for Partitions 1 and 6 respectively. For each setting, the 

performances of the IMOFM-CP classification mechanism using both evaluation procedures, 

Best classifier, and Ensemble classification are compared with those of the IMOFM-C 

classification mechanism in TABLEs 5.2 TABLE 5.4 respectively.  

As it can be seen from the results for both classification mechanisms, the ensemble 

classification performs consistently better in all four performance classification metrics for 

testing comparing to the best classifier. Therefore, in the following, for the comparison 

between the IMOFM-C and IMOFM-CP classicisation mechanisms, the focus will be on the 

performances of IMOFM-CP using different 𝑡ℎ𝑟𝑚𝑖𝑛 settings.  

In TABLE 5.3, the ensemble classification on the testing set for the IMOFM-CP classification 

mechanism with Settings 1 and 2 (i.e. Ensemble classification 1 and 2) performs consistently 

better than the ensemble classification on the testing set using the IMOFM-C classification 

mechanism (see TABLE 5.2). However, the performance of the ensemble classification for 

IMOFM-CP with Settings 3-6 were dropped comparing to the ensemble classification for 
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IMOFM-C. Then from Settings 7 to 10, the IMOFM-CP classification mechanism with the 

ensemble classification performs better comparing to the ensemble classification on IMOFM-

C mechanism. 

TABLE 5.2 

IMOFM-C CLASSIFICATION MECHANSIM PERFOMANCE FOR THE BEST 

CLASSIFIER AND THE ENSEMBLE CLASSIFICATION ON PARTITION 1 OF THE CF4 

CLASSIFIER DATASET FOR SUBJECT 2. 

 

TABLE 5.3 

IMOFM-CP CLASSIFICATION MECHANSIM PERFOMANCE WITH TEN DIFFERENT 

SETTINGS FOR THE BEST CLASSIFIER AND THE ENSEMBLE CLASSIFICATION ON 

PARTITION 1 OF THE CF4 CLASSIFIER DATASET FOR SUBJECT 2.  

Classifiers 

IMOFM-CP 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best classifier 1 0.8229/0.7430 0.8232/0.7437 0.8232/0.7437 41.80/20.30 

Ensemble classification 1 0.8093/0.7608 0.8098.0.7615 0.8098.0.7615 45/18.90 

Best classifier 2 0.8326/0.7392 0.8330/0.7399 0.8330/0.7399 39.50/20.60 

Ensemble classification 2 0.8144/0.7570 0.8148/0.7576 0.8148/0.7576 43.80/19.20 

Best classifier 3 0.8314/0.7380 0.8318/0.7387 0.8318/0.7387 39.80/20.70 

Ensemble classification 3 0.8191/0.7468 0.8195/0.7477 0.8195/0.7477 42.70/20 

Best classifier 4 0.8453/0.7291 0.8457/0.7296 0.8457/0.7296 36.50/21.40 

Ensemble classification 4 0.8199/0.7405 0.8203/0.7412 0.8203/0.7412 42.50/20.50 

Best classifier 5 0.8343/0.7367 0.8347/0.7373 0.8347/0.7373 39.10/20.80 

Ensemble classification 5 0.8136/0.7443 0.8140/0.7450 0.8140/0.7450 44/20.20 

Best classifier 6 0.84190.7405 0.8423/0.7412 0.8423/0.7412 37.30/20.50 

Ensemble classification 6 0.8191/0.7456 0.8196/0.7464 0.8196/0.7464 42.70/20.10 

Best classifier 7 0.8419/0.7443 0.8422/0.7448 0.8422/0.7448 37.30/20.20 

Ensemble classification 7 0.8169/0.7608 0.8174/0.7617 0.8174/0.7617 43.20/18.90 

Best classifier 8 0.8432/0.7405 0.8435/0.7411 0.8435/0.7411 37/20.50 

Ensemble classification 8 0.8140/0.7608 0.8146/0.7618 0.8146/0.7618 43.90/18.90 

Best classifier 9 0.8411/0.7494 0.8415/0.7501 0.8415/0.7501 37.50/19.80 

Ensemble classification 9 0.8169/0.7582 0.8175/0.7592 0.8175/0.7592 43.20/19.10 

Best classifier 10 0.8428/0.7342 0.8431/0.7347 0.8431/0.7347 37.10/21 

Ensemble classification 10 0.8106/0.7684 0.8112/0.7695 0.8112/0.7695 44.70/18.30 

 

 

 

Classifiers  

IMOFM-C 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity  

(TR/TS) 

Miss-points 

(TR/TS) 

Best classifier 0.8479/0.7468 0.8482/0.7475 0.8482/0.7475 35.90/20 

Ensemble classification 0.8199/0.7532 0.8204/0.7540 0.8204/0.7540 42.50/19.50 
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TABLE 5.4 

IMOFM-C CLASSIFICATION MECHANSIM PERFOMANCE FOR THE BEST 

CLASSIFIER AND THE ENSEMBLE CLASSIFICATION ON PARTITION 6 OF THE CF4 

CLASSIFIER DATASET FOR SUBJECT 2. 

 

TABLE 5.5 

IMOFM-CP CLASSIFICATION MECHANSIM PERFOMANCE WITH TEN DIFFERENT 

SETTINGS FOR THE BEST CLASSIFIER AND THE ENSEMBLE CLASSIFICATION ON 

PARTITION 6 OF THE CF4 CLASSIFIER DATASET FOR SUBJECT 2.  

Classifiers 

IMOFM-CP 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best classifier 1 0.8479/0.7570 0.8443/0.7577 0.8443/0.7577 35.90/19.20 

Ensemble classification 1 0.8326/0.7696 0.8331/0.7706 0.8331/0.7706 39.50/18.20 

Best classifier 2 0.8475/0.7620 0.8479/0.7627 0.8479/0.7627 36/18.80 

Ensemble classification 2 0.8314/0.7709 0.8319/0.7717 0.8319/0.7717 39.80/18.10 

Best classifier 3 0.85/0.7582 0.8504/0.7588 0.8504/0.7588 35.40/19.10 

Ensemble classification 3 0.8390/0.7759 0.8394/0.7767 0.8394/0.7767 38/17.70 

Best classifier 4 0.8487/0.7620 0.8492/0.7628 0.8492/0.7628 35.70/18.80 

Ensemble classification 4 0.8347/0.7646 0.8352/0.7654 0.8352/0.7654 39/18.60 

Best classifier 5 0.8542/0.7582 0.8546/0.7590 0.8546/0.7590 34.40/19.10 

Ensemble classification 5 0.8301/0.7722 0.8306/0.7730 0.8306/0.7730 40.10/18 

Best classifier 6 0.8508/0.7544 0.8514/0.7552 0.8514/0.7552 35.20/19.40 

Ensemble classification 6 0.8381/0.7709 0.8387/0.7718 0.8387/0.7718 38.20/18.10 

Best classifier 7 0.8475/0.7582 0.8478/0.7589 0.8478/0.7589 36/19.10 

Ensemble classification 7 0.8339/0.7709 0.8344/0.7717 0.8344/0.7717 39.20/18.10 

Best classifier 8 0.8517/0.7506 0.8521/0.7513 0.8521/0.7513 35/19.70 

Ensemble classification 8 0.8314/0.7734 0.8320/0.7742 0.8320/0.7742 39.80/17.90 

Best classifier 9 0.8525/0.7658 0.8529/0.7664 0.8529/0.7664 34.80/18.50 

Ensemble classification 9 0.8237/0.7785 0.8243/0.7794 0.8243/0.7794 41.60/17.50 

Best classifier 10 0.8504/0.7620 0.8509/0.7626 0.8509/0.7626 35.30/18.80 

Ensemble classification 10 0.8263/0.7722 0.8268/0.7729 0.8268/0.7729 41/18 

 

For Partition 6 (TABLEs 5.4 and 5.5), the ensemble classification performances of the 

IMOFM-CP classification mechanisms in all the ten settings are consistently better than those 

of the ensemble classification with the IMOFM-C classification mechanism.  

Combining the results presented in both TABLEs 5.3 and 5.5, it can be concluded that a too 

small value of 𝑡ℎ𝑟𝑚𝑖𝑛 may lead to a degradation in the generalisation performance of the 

Classifiers  

IMOFM-C 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity  

(TR/TS) 

Miss-points 

(TR/TS) 

Best classifier 0.8453/0.7519 0.8456/0.7525 0.8456/0.7525 36.50/19.60 

Ensemble classification 0.8280/0.7646 0.8284/0.7654 0.8284/0.7654 40.60/18.60 
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resulting ensemble classifier. Indeed, the best performing ensemble classifier for Partition 1 is 

Ensemble classification 10 where 𝑡ℎ𝑟𝑚𝑖𝑛 = 0.8. Although the best performing ensemble 

classifier for Partition 2 is Ensemble classification 3 (TABLE 5.5), Ensemble classification 10 

still gives comparable generalisation accuracy. The improvement in both partitions is achieved 

as over trained and overly simplified classifiers are located outside the ROI. In light of the 

above, for the IMOFM-CP classification, it can be confirmed that, with carefully configured 

𝑡ℎ𝑟𝑚𝑖𝑛(along with the right choice of the reference point), IMOFM-CP can further improve 

the generalisation performance comparing to IMOFM-C.  

Based on the results provided above, in order to choose a setting which works well across all 

the partitions for all the six classifiers (CF1, CF2, CF3, CF4, CF5, CF6), Setting 10 has been 

chosen for the implementation of the IMOFM-CP classification mechanism for the remaining 

experiments in this chapter.  

The comparison of performances of the IMOFM-CP classification mechanism with the 

IMOFM-C classification mechanism for both best classifier and ensemble classification on all 

the 10 partitions of the training and testing datasets of the six classifiers for Subject 2 are 

presented in TABLEs 5.16 to 5.11 respectively. For each classification mechanism, each 

classifier is trained on 10 different partitions of each classifier dataset and their performances 

using the four classification performance metrics are averaged over 10 partitions and reported.  

TABLE 5.6 

COMPARIOSN OF CLASSIFICATION PERFORMANCES OF THE IMOFM-C AND 

IMOPFM-CP CLASSIFICATION MECHANISMES ON TRAING AND TESTING USING 

10 PARTITIONS OF THE CF1 DATASET FROM SUBJECT 2 

Classifiers 

 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best classifier IMOFM-C 0.9951/0.9582 0.9909/0.9371 0.9909/0.9371 0.8/2.30 

Ensemble IMOFM-C 0.9933/0.9618 0.9882/0.9446 0.9882/0.9446 1.10/2.10 

Best classifier IMOFM-CP 0.9951/0.9691 0.9909/0.9538 0.9909/0.9538 0.8/1.70 

Ensemble IMOFM-CP 0.9951/0.9709 0.9909/0.9592 0.9909/0.9592 0.8/1.60 
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TABLE 5.7 

COMPARIOSN OF CLASSIFICATION PERFORMANCES OF THE IMOFM-C AND 

IMOPFM-CP CLASSIFICATION MECHANISMES ON TRAING AND TESTING USING 

10 PARTITIONS OF THE CF2 DATASET FROM SUBJECT 2 

 

TABLE 5.8 

COMPARIOSN OF CLASSIFICATION PERFORMANCES OF THE IMOFM-C AND 

IMOPFM-CP CLASSIFICATION MECHANISMES ON TRAING AND TESTING USING 

10 PARTITIONS OF THE CF3 DATASET FROM SUBJECT 2.  

 

As it can be seen from the results presented in TABLEs 5.6 to 5.11, the ensemble classification 

with the IMOFM-CP classification mechanism performs consistently better than the ensemble 

classification with the IMOFM-C classification mechanism for CF1, CF2, CF3 and C5. For 

CF4, the IMOFM-CP classification mechanism performs equally well as the IMOFM-C 

classification mechanism.  

 

TABLE 5.9 

COMPARIOSN OF CLASSIFICATION PERFORMANCES OF THE IMOFM-C AND 

IMOPFM-CP CLASSIFICATION MECHANISMES ON TRAING AND TESTING USING 

10 PARTITIONS OF THE CF4 DATASET FROM SUBJECT 2 

 

 

Classifiers 

 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best classifier IMOFM-C 0.9868/0.9315 0.9804/0.9115 0.9804/0.9115 2.10/3.70 

Ensemble IMOFM-C 0.9801/0.9352 0.9743/0.9162 0.9743/0.9162 3.20/3.50 

Best classifier IMOFM-CP 0.9851/0.9315 0.9791/0.9136 0.9791/0.9136 2.40/3.70 

Ensemble IMOFM-CP 0.9776/0.9389 0.9726/0.9208 0.9726/0.9208 3.60/3.30 

Classifiers 

 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best classifier IMOFM-C 0.9974/0.9529 0.9955/0.9433 0.9955/0.9433 0.4/2.40 

Ensemble IMOFM-C 0.9934/0.9510 0.9906/0.9400 0.9906/0.9400 1/2.50 

Best classifier IMOFM-CP 0.9974/0.9529 0.9961/0.9414 0.9961/0.9414 0.4/2.40 

Ensemble IMOFM-CP 0.9921/0.9569 0.9864/0.9422 0.9864/0.9422 1.20/2.20 

Classifiers 

 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best classifier IMOFM-C 0.8372/0.7544 0.8375/0.7548 0.8375/0.7548 38.40/19.40 

Ensemble IMOFM-C 0.8182/0.7722 0.8189/0.7779 0.8189/0.7779 42.90/17.60 

Best classifier IMOFM-CP 0.8398/0.7658 0.8401/0.7662 0.8401/0.7662 37.80/18.50 

Ensemble IMOFM-CP 0.8220/0.7722 0.8226/0.7779 0.8226/0.7779 42/17.60 
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TABLE 5.10 

COMPARIOSN OF CLASSIFICATION PERFORMANCES OF THE IMOFM-C AND 

IMOPFM-CP CLASSIFICATION MECHANISMES ON TRAING AND TESTING USING 

10 PARTITIONS OF THE CF5 DATASET FROM SUBJECT 2 

Classifiers 

 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best classifier IMOFM-C 0.8721/0.7974 0.8703/0.7951 0.8703/0.7951 28.90/15.40 

Ensemble IMOFM-C 0.8544/0.8104 0.8518/0.8079 0.8518/0.8079 32.90/14.40 

Best classifier IMOFM-CP 0.8783/0.8103 0.8772/0.7992 0.8772/0.7992 27.50/15.10 

Ensemble IMOFM-CP 0.8562/0.8211 0.8535/0.8183 0.8535/0.8183 32/50/13.60 

 

TABLE 5.11 

COMPARIOSN OF CLASSIFICATION PERFORMANCES OF THE IMOFM-C AND 

IMOPFM-CP CLASSIFICATION MECHANISMES ON TRAING AND TESTING USING 

10 PARTITIONS OF THE CF6 DATASET FROM SUBJECT 2. 

5.4.3 Performance of IMOFM-CP on Multi-class EEG Data 

In this section, the IMOFM-CP classification mechanism is implemented based on the 

framework defined in Section 5.3.3 for classification of multi-class EEG data from Subject 2. 

To provide a rigours analysis and comparison with the performances of other classification 

algorithms (IMOFM-C, ANNs, ANFIS, CART, and SVM) provided in TABLE 4.23 in 

Chapter 4, the IMOFM-CP classification mechanism has been run for 10 times on the same 

dataset used in other algorithms. For more details regarding the dataset used for this 

experiment please refer to Section 4.4.5 in Chapter 4.  

The performances of the IMOFM-CP classification mechanism using the four classification 

metrics, are compared with those of IMOFM-C, ANNs, ANFIS, CART, and SVM and are 

presented in TABLE 5.12.  

Classifiers 

 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best classifier IMOFM-C 0.9285/0.8547 0.9272/0.8531 0.9272/0.8531 16/10.90 

Ensemble IMOFM-C 0.9161/0.8667 0.9143/08646 0.9143/08646 18.80/10 

Best classifier IMOFM-CP 0.9254/0.8387 0.9241/0.8354 0.9241/0.8354 16.70/12.10 

Ensemble IMOFM-CP 0.9090/0.8507 0.9065/0.8485 0.9065/0.8485 20.60/11.20 



156 
 

TABLE 5.12 

COMPARSION OF MULTI-CLASS CLASSIFIERS FOR SUBJECT 2 

 

As it be seen from the results, IMOFM-CP and IMOFM_C perform significantly better on the 

multi-class problem comparing to other classification algorithms with respect to three 

classification performance metrics.  

5.5 Conclusion 

In this chapter, a preference-based ensemble classification framework known as IMOFM-CP 

is developed based on the IMOFM-C classification mechanism introduced on Chapter 4. The 

main contributions of this chapter are as follow:  

1) ar-dominance-PAIA search algorithm is designed to improve the convergence of the 

population in the ROI and reduces the number of solutions in the nonpreferred regions. 

Therefore, the classifiers in the nonpreferred region that contains less accurate or over 

trained classifiers are automatically discarded. The search algorithm will focus more on 

the ROI and the classifiers in that region will undergo a more focused search to further 

improve their classification accuracy.  

2) IMOFM-CP classification mechanism is designed to promote the diversity among the 

classifiers and fully utilise the power of each individual classifier as a member of a 

committee classifier (i.e. ensemble classifier). Aggregating a set of elicited classifiers 

Classifiers Accuracy  Sensitivity Specificity Miss-points 

IMOFM-CP 0.8431 0.7119 0.8392 122.4000 

IMOFM-C 0.8400 0.7040 0.8871 124.8000 

ANNs 0.8081 0.6497 0.8646 149.7000 

ANFIS 0.7881 0.5980 0.8508 165.3000 

CART 0.8100 0.6291 0.8660 148.2000 

SVM 0.7962 0.5747 0.8549 159 



157 
 

leads to more accurate classification performance in generalisation than that of the 

individual classifier or, in the worst cases, equally good classification performance. 

3) For multi-class classification problem, the ensemble of binary classifiers generated by 

the IMOFM-CP classification mechanism work with the Decision Directed Acyclic 

Graph-Distance (DDAG-Distance), which results in improved classification accuracy 

for multi-class classification comparing to all other baseline algorithms without using 

ensembles.  
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Chapter 6   

Parameterisation of Neural Mass 
Models  

In this chapter, first, a robust optimisation approach is introduced for parameterising a thalamic 

neural mass model that simulates brain oscillations such as those observed in EEG and local 

field potentials. Second, the TCT neural mass model will be parameterised with a revised 

objective function to simulate real SSVEP signal that has been recorded in Chapter 3. 

Neural mass computational models of the thalamocortical brain circuitry are often used to 

mimic the meso-scale neuronal population behaviours such as those observed in 

electroencephalogram (EEG) and local field potentials (LFP) ) (Liljenström 2012, Woldman 

and Terry 2015). The approach is based on physiological evidence of the fundamental role of 

feed-forward and feed–back connections between the thalamus and the cortex in generating 

and sustaining brain oscillations, also referred to as ‘brain rhythms’. However, the main 

constraint of using neural mass models is the huge parameter space pertaining to these models; 

most of the model-based studies tune parameters by a trial-and-error method (Coyle et al. 2014, 

Bhattacharya, Coyle, and Maguire 2011), that produce a huge computational constraint in terms 

of time and efficiency. At the same time, biological plausibility of the parameter space is 

desirable to correlate model-based findings with physiological attributes, thus adding to model 

validation (Moran 2015)  as well as to the translational value of the research.  

The inherent nature of thalamocortical oscillations is highly non-linear and stochastic. Thus, it 

will not be too far from hypothesising that the neuronal and synaptic parameters and attributes 
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are in a constant state of change that may be major in the case of brain state changes such as 

from wakefulness to sleep; while local fluctuations within an ‘acceptable upper and lower 

bounds’ may underlie similar brain states under different environmental conditions. In fact, it 

may be hypothesised that minor variations in parameter values corresponding to similar brain 

states may underlie the well-known inter-individual differences observed in EEG. Towards 

this, our aim in this chapter is to use a biologically inspired optimisation algorithm for 

parameterising a neural mass model so that it oscillates with its first dominant frequency within 

the EEG alpha band (8-13 Hz). The parameterising has been carried out with respect to two 

scenarios: (1) a subject is in a relaxed but awake state with eyes closed; in this case the first 

dominant frequency is at 10 Hz without any subsequent harmonic frequencies; and (2) a subject 

is in an awake state and undergoes a rapid visual stimulation at 10 Hz; in this case the dominant 

frequency is at 10 Hz with the second dominant frequency at twice the stimulation frequency, 

as well as higher harmonics.  

In following, first, a brief overview regarding the existing approaches for parameterising 

NMMs is provided. The thalamic module of thalamo-cortico-thalamic model is then presented, 

followed by the proposed robust optimisation algorithm that is used for searching the NMM’s 

parameters that represent Scenario 1.  The Experimental results for the parameterisation of the 

thalamic module are presented in Section 6.4. For Scenario 2, we first present an overview of 

the cortical module of the thalamo-cortico-thalamic model. Parameterising the thalamo-

cortico-thalamic model under Scenario 2 is then introduced in Section 6.5, followed by the 

experimental results that are based on the real EEG data. Finally, conclusions are drawn in 

Section 6.6.   
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6.1 Overview of Parameterisation Approaches for Neural Mass 

Models  

In Chapter 2, an overview of existing parameterisation approaches for NMMs are provided. 

Here, a more detailed overview of the most common parameterisation techniques such as those 

based on Kalman Filter and GA approaches are presented.   

As mentioned in Chapter 2, One of the methods for parameterisation of NMMs is based on 

Kalman Filters (KF). Unscented Kalman Filter (UKF) and Cubature Kalman Filter (CKF) are 

examples of extension and generalisation to KF, which have been developed for parameterising 

NMMs. In following, a brief overview of three works in literature for parameterising NMMs 

based on KF techniques are presented. 

Xian Liu’s work based on UKF. In this work (X. Liu and Gao 2013), the proposed approach is 

based on UKF as an observer to estimate the unknown parameters of a neural mass model from 

noisy measurements. The purpose was to make the model simulate the EEG patterns, 

specifically the dynamical evolution during epilepsy seizure. They also developed a UKF based 

closed-loop control strategy to modulate the dynamics of the neural mass model in order to 

supress epileptiform spikes in the neural model. The neural mass model used in (Liu and Gao 

2013) is based on Jansen and Rit’s work (B H Jansen and Rit 1995) , which generates alpha 

rhythms based on the identified values of the parameters and several other parameters which 

are varied to mimic the epileptiform spikes.  

The initial experiments carried out by setting all the parameters at their basal values and varying 

only one parameter referred to 𝐴, by increasing its value. The importance of estimating the 

unknown parameter 𝐴 from noisy measurements has been confirmed and UKF was used for 

estimating 𝐴 and reconstructing the output of the model. Due to the fact that measurements are 
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contaminated with noise, noise was added to the output and the prior knowledge about the 

noise characteristics was provided to UKF in order to have an accurate estimation.   

An UKF based closed-loop control strategy was also developed which can supress the 

epileptiform spikes in the neural mass model by modulating the dynamics of the model. Based 

on this strategy, a feedback gain matrix is designed in the model, which by injecting the 

feedback to the identified hyperexcitable populations, the high amplitude epileptiform spikes 

can be turned into dynamics that reflects normal activities. It is shown that UKF performed 

well in estimating the unknown parameter and reconstructing the model output. Furthermore, 

the control energy used in Extended Kalman Filter (EKF) were compared with UKF and 

showed that the control energy needed in UKF is much less than the one needed in EKF.   It is 

worth pointing out that this work was carried out in a very small scale with three coupled 

populations and just one unknown parameter. Therefore, further investigation is required to 

confirm the feasibility of such an approach for a larger and more complex model. The accuracy 

of the UKF algorithm is paramount which depends largely on the prior knowledge of the noise 

condition. Without such knowledge, the precision of UKF can drop dramatically.   

Cuevas’s work based on CKF: In this work (López-Cuevas et al. 2015), the parameterisation 

of the model is for the purpose of tackling epilepsy disease, which is one type of the brain 

disorders and is generated by abnormal and hypersynchronic activity in the brain. There is a 

serious type of seizure among others which is a long-lasting seizure and known as Status 

Epilepticus (SE). SE is defined as prolonged or recurrent seizures without full recovery 

between them. A neural mass model based on Jansen and Rit’s model (B H Jansen and Rit 

1995)  is used to investigate whether there are any changes in the states and parameters of the 

model during the transition to SE. Two interacting areas were modelled: 1) the dentate gyrus 

(DG), which is a cortical region and part of a larger functional brain system known as the 

hippocampal formation, located between the entorhinal cortex and cornu ammonis areas; DG 
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plays an important role in processing information coming from the cortical areas and ultimately 

generating episodic memories; and 2)  Cornu Ammonis (CA1) as it reliably reproduce different 

types of activities on the CA1 area, specifically, generating ictal, interictal and fast onset 

activities.  

The acquired signal was first undergone a series of time-frequency analysis including 1) the 

empirical mode decomposition to separate frequency bands, 2) Hilbert-Huang transformation 

in order to obtain the time-frequency spectrum of the signals, and 3) Fourier transform to obtain 

the main frequency components of the selected segments of the signal. CKF is then used to 

estimate the states and parameters in an on-line fashion. According to the functionality of the 

biological system, there is a component known as homeostasis which is a property of internal 

self-regulated environment and maintains a stable system. Therefore, it plays an important role 

in the regulation of normal activities in the brain. It is believed that the relation between the 

internal parameters of the brain keeps the brain from experiencing and spreading seizures. As 

a result, in the case of pathological disorders, since homeostasis fails, the relation between the 

parameters is no longer stable. Therefore, the work is based on the hypothesis that when the 

key parameters of the model are estimated from a real pathological data, parameter relations 

should change during an ictal activity. The key parameters for estimation in this work include 

the excitation and inhibition gains and the parameter representing the strength connection for 

populations in two different areas.  

Xian Liu’s work based on a combined approach. In this work (X. Liu et al. 2014), a combined 

approach is proposed to estimate the states of a class of nonlinear NMMs with the amendment 

of the adaptive measurement noise. A model-based closed-loop control were also designed to 

quench the epileptiform spikes. The proposed approach is known as Fuzzy Adaptive UKF 

(FAUKF) and it is the combination of UKF and the fuzzy inference system (FIS) methods. 

UKF can achieve a very good performance if the information regarding the measurement noise 
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is known. However, this is in contrast to the real situation where the environment is changing 

constantly, and characteristics of noise cannot be accurately obtained due to its random nature. 

Therefore, the measurement noise can be adjusted adaptively through the FIS to enhance the 

accuracy compared to that of the UKF method alone. The NMM used in this work is also based 

on Jansen and Rit’s model (Ben H. Jansen, Zouridakis, and Brandt 1993, B H Jansen and Rit 

1995).   

GA-based parameterisation approaches are promising techniques for parameterising NMMs. 

Compared to the manual fitting or least squares mean method (Zavaglia et al. 2008) and method 

based on kalman filters (X. Liu and Gao 2013). GAs offer the capability to capture different 

features of the observed EEG recordings in both frequency and time domains (F Cona et al. 

2011). Owing to GAs’ flexible framework and population-based search strategy, multi-

objective GAs has been adopted to simultaneously capture different fitting requirements 

(Nevado-Holgado et al. 2014) rather than aggregating various requirements into a single 

objective (Nevado-Holgado et al. 2012). An overview of two existing works for 

parameterisation of NMMs based on GAs are provided in below.  

Flippo Cona’s work. The work presented in (Filippo Cona et al. 2009) is based on the works 

carried out by Melissa Zagavalia (Zavaglia et al. 2006, Zavaglia et al. 2008). Different 

interconnected Region of Interests (ROIs), including the thalamus, cingulated cortex, 

prefrontal cortex, primary motor area and supplementary motor area, are modelled in this work. 

In their previous works, they derived some connectivity patterns between three to five cortical 

regions by using the least squares minimisation. However, the least squares minimisation 

algorithm often converged to a suboptimal solution which leads to a poor fitting and obtaining 

values not bearing any physiological meanings. Therefore, in this work they proposed a new 

parameterisation method based on GAs.  
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The parameters involved in the parameterisation procedure include the reciprocal of time 

constants of excitatory synapses responsible for tuning the power peak frequencies and the 

connectivity strengths responsible for adjusting the amplitude of the power peaks. Other 

parameters are fixed at their biologically plausible values. The input to the model from external 

sources were simulated by the white Gaussian noise where the values for mean and variance 

were obtained manually for the first run of the algorithms, and they used the averaged optimised 

values for the next runs. 

In the fitting procedure, they compared the model output with the real one in terms of their 

Power Spectral Density (PSDs). The aim of the objective function was to find a set of 

parameters that can minimise the difference between the real EEG and simulated signal. In 

order to improve the convergence time of the algorithm, they considered different objectives: 

1) the mean square error ; 2) the similarity in the ratio between the local maxima and the local 

minima; 3) the position of the peaks; and 4) a single objective that aggregates all above 

objectives. 

Holgado’s work. The work presented in (Nevado-Holgado et al. 2012) is based on studying 

seizure and the underlying mechanisms that are responsible for the transition between different 

stages of seizure such as inter-ictal and ictal in the case of idiopathic generalised epilepsies 

(IGE). IGE is defined when a routine EEG recording of a patient shows the presence of 3 Hz 

spike and wave (SW) discharge, which is a waveform with a prominent spike and a slower 

wave component. In this work, the authors proposed a framework to estimate the parameters 

for the chosen NMM in order to make the model capable of generating an output that is matched 

to the specific features of the temporal evolution of the EEG recordings. In the modelling part 

of the work, they use a specific NMM to relate the model output to the EEG recordings from 

patients with the IGE problem.  IGE is based on the interaction between two brain regions: the 

thalamus and cortex, which together play a vital role in generating SW rhythms. The model 
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consists of a mass of cortical neurons (𝑒), cells in the reticular nucleus (𝑟) and specific thalamic 

neurons (𝑠).  

The parameters involved in parameterisation include: 1) a purely cortical parameter ϒ𝑒 which 

is the ratio between the signal propagation velocity in the cortex and the typical cortical length 

scales; 2) a purely thalamic parameter 𝐴 which is the inverse decay time of inhibition; and 3) 

𝛼 representing the behaviour of the thalamiccortical loop. The parameters described were 

chosen based on two reasons: 1) finding a minimal set of parameters that enables the model to 

generate the features of the recorded EEG data; and 2) the insights from past experimental and 

theoretical studies on IGE. Before fitting the model to real EEG data, they carried out several 

steps including filtering, segmentation and feature extraction from individual EEG cycles. 

The proposed feature extraction algorithm in this work is based on the finite state machine, 

which is claimed to be robust to noise and artefacts. The feature extraction was carried out in 

the time-domain, in which every cycle presented a number of features including: 1) spikes, 2) 

the local minima between spikes (e.g. dips and inflection points) 3) the numbers, 4) their orders, 

and 5) their positions. All these features across a cycle represent the underlying physiological 

mechanisms to control the seizure evolution. Therefore, the aim is to find the optimal parameter 

values for each cycle to make the model reproduce similar features.  

Regarding the parameterisation, a heuristic error function based on GAs was defined in order 

to identify a set of parameters for each cycle so that the aforementioned features of the recorded 

EEG can be reproduced. The parameter values can be adjusted by the heuristic error function. 

The error function depends on the similarity among the number, order and position of features 

between the seizure cycle and the modelled cycle. Considering the priority of the extracted 

features, the algorithm first attempts to find a combination of parameters that reproduce the 

same number of spikes in a cycle, then the ordering and finally the specific position of each 
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features inside a cycle. Therefore, a multi-objective problem has been aggregated to a single-

objective optimisation problem using weighted-aggregation-based method. The results 

obtained from the data fitting procedure show the existence of more than one optimal parameter 

sets for each cycle. Therefore, a clustering algorithm has been used to choose the best parameter 

set.  

6.2 Thalamo-Cortico-Thalamic Neural Mass Model 

For the work presented in this chapter, we study the neural mass computational model of the 

thalamo-cortico-thalamic (TCT) circuitry in (Coyle et al. 2014, Bhattacharya, Coyle, and 

Maguire 2011), which originally used to simulate alpha rhythm slowing in Alzheimer’s disease 

(AD). The TCT circuitry has been explained in more details in Chapter 2, Section 2.61.  

Alpha rhythms are a prominent feature of the EEG occipital scalp electrode (the seat of the 

visual cortex) when a subject is in a relaxed but awake state with eyes closed. Furthermore, 

these oscillations are believed to be crucial for both conditions of visual attention and 

perception as well as for diminished cognition (Lorincz et al. 2014). More importantly, alpha 

band alterations often serve as EEG biomarkers in several disease conditions; for example 

longitudinal EEG studies show a shift of peak frequency within the alpha band (commonly 

known as ‘slowing’) as a definitive marker of AD (Coyle et al. 2014). 

The visual pathway is by far the most widely studied thalamocortical pathway in experimental 

research (Sherman 2006).Thus, the parameterisation of the thalamic module in the TCT model 

has been based on physiological data on the synaptic structure and connectivity in the Lateral 

Geniculate Nucleus (LGN) of mammalian and rodent brains (Van Horn, Erişir, and Sherman 

2000).It may be noted that most computational models of the thalamocortical circuitry ignore 

the feedforward inhibition to the thalamocortical relay cells from the thalamic interneurons. 
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This in spite the interneurons of the LGN receiving around 47% of their inputs from the retinal 

spiking neurons (Coyle et al. 2014). Furthermore, research suggests that the interneurons play 

a dominant role in efficient information transmission from the retina to the cortex (X. Wang, 

Sommer, and Hirsch 2011). To the best of our knowledge, the thalamic module in (Basabdatta 

Sen Bhattacharya, Coyle, and Maguire 2011b) looks into integrating thalamic inhibitory 

interneurons for the first time in NMMs of the thalamocortical circuitry.  

6.3 Parameterisation of Thalamic Module in TCT Model 

In this section, to illustrate the robust performance of the proposed parameterisation approach 

we ignore the cortical module of the TCT model and focus on optimising the parameter space 

of the thalamic module in the model. Hereafter in this work, we refer to the de-corticated tha-

lamic module as the ‘thalamic model’.  

6.3.1 The Thalamic Neural Mass Model 

The thalamic model is defined in Eqs. 6.1- 6.5 and consists of three cell populations: 

Thalamocortical Relay cells (TCR), Interneurons (IN) and Thalamic Reticular Nucleus (TRN).  

TCR:    �̈�1 = 𝑎1𝐻𝑒𝑆(𝐶𝑡𝑟𝑒𝑦𝑟 + 𝐶𝑡𝑝𝑒𝑦4 − 𝐶𝑡𝑖𝑖𝑦2 − 𝐶𝑡𝑛𝑖𝑦3) − 2𝑎1�̇�1 − 𝑎1
2𝑦1           (6.1) 

 IN:  �̈�2 = 𝑏1𝐻𝑖𝑆(𝐶𝑖𝑟𝑒𝑦𝑟 + 𝐶𝑖𝑝𝑒𝑦4 − 𝐶𝑖𝑠𝑖𝑦2) − 2𝑏1�̇�2 − 𝑏1
2𝑦2                                (6.2) 

TRN:  �̈�3 = 𝑏1𝐻𝑖𝑆(𝐶𝑛𝑡𝑒𝑦1 + 𝐶𝑛𝑝𝑒𝑦4 − 𝐶𝑛𝑠𝑖𝑦3) − 2𝑏1�̇�3 − 𝑏1
2𝑦3                            (6.3)       

Retinal: �̈�r = 𝑎1𝐻𝑒𝑃1(𝑡) − 2𝑎1�̇�r − 𝑎1
2𝑦r                                                                         (6.4)      

Sigmoid Function: 𝑆(𝑣) =
2𝑒0

1+𝑒𝜐(𝑠0−𝑣)
                                                                         (6.5) 
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𝐻𝑒, is the strength of the excitatory (e) post-synaptic-potential (EPSP) and, 𝐻𝑖, is the strength 

of the inhibitory (i ) post-synaptic-potential (IPSP); 𝑎1 (𝑏1) is the inverse of the time constant 

of the excitatory (inhibitory) PSP; 𝑃1(𝑡) is simulated by Gaussian white noise and represents 

the background firing activity of the retinal ganglion cells in the condition of eyes-closed, i.e. 

no sensory input (extrinsic input to TCR population from retinal cells); and 𝑆(𝑣) is a sigmoid 

function, where 𝑒0 is the maximum firing rate of a neuronal population, 𝑠0 is the resting 

membrane potential and 𝑣 is the sigmoid steepness parameter; 𝐶𝑥𝑦𝑧 are synaptic connectivity 

parameters with 𝑥 representing the afferent population, 𝑦 representing the efferent population 

and 𝑧 representing either an excitatory or inhibitory synapse, and are defined in TABLE 6.1. 

(The reader may refer to (Lopes da Silva et al. 1974) for the other parameter values used in the 

equations).  

TABLE 6.1 

BASAL VALUES FOR THE SYNAPTIC CONNECTIVITY PARAMETERS USED IN Eqs. 

6.1- 6.3. EACH THALAMO-CORTICAL CONECTIVITY PARAMETER IS A CONSTANT 

AND IS SOURCED FROM (Van Horn, Erişir, and Sherman 2000, Coyle et al. 2014). 

Module Afferent (to) Efferent (from) Connectivity Parameter Value 

Thalamic TCR Retinal 𝐶𝑡𝑟𝑒 7.1 
Thalamic TCR IN 𝐶𝑡𝑖𝑖  15.45 
Thalamic TCR TRN 𝐶𝑡𝑛𝑖  15.45 
Thalamic TCR PY  𝐶𝑡𝑝𝑒 62 

Thalamic IN Retina 𝐶𝑖𝑟𝑒 47.4 
Thalamic IN IN 𝐶𝑖𝑠𝑖 23.6 
Thalamic IN PY 𝐶𝑖𝑝𝑒 29 

Thalamic TRN TCR  𝐶𝑛𝑡𝑒 35 
Thalamic TRN TRN  𝐶𝑛𝑠𝑖 15 

Thalamic TRN PY  𝐶𝑛𝑝𝑒 50 

The computational model of thalamic module is illustrated in Figure 6.1. Since the focus of 

parameterisation is only on thalamic module, the synaptic connectivity parameters between 

thalamic module and cortical module including, 𝐶𝑡𝑝𝑒, 𝐶𝑖𝑝𝑒, and 𝐶𝑛𝑝𝑒 are discarded.  
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Figure 6.1 The computational model of the thalamic module (Bhattacharya, Coyle, and 

Maguire 2011). 

The computational model of thalamic module is illustrated in Figure 6.1. Since the focus of 

parameterisation is only on thalamic module, the synaptic connectivity parameters between 

thalamic module and cortical module including, 𝐶𝑡𝑝𝑒, 𝐶𝑖𝑝𝑒, and 𝐶𝑛𝑝𝑒 are discarded.  

6.3.2 Simulation and Signal Processing Methods for Thalamic Model 

Model simulation is implemented using the 4th order Runge-Kutta ODE solver within the Sim-

ulink® environment in MATLAB. The total simulation time is 30 seconds at a sampling rate 

of 250 Hz. Each output vector thus obtained is bandpass filtered with a Butterworth filter of 

order 10 with a lower and upper cut-off frequency of 3 and 50 Hz respectively. The power 

spectral density analysis (PSDA) defined in Eq. 6.6 is performed in MATLAB using a Welch 

periodogram, with a Hamming window of segment length consisting of 125 data points and 

overlap of 50%. For the computational purpose, the output of the thalamic module generated 

in Simulink (simmodel) is passed through the PSDA (see Eq. 6.6). The outputs of the PSDA 
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are two vectors: a) the power density 𝑝, and b) its corresponding frequencies 𝑓𝑟𝑞. The relative 

power 𝑅𝑃 is the normalised value of 𝑝 with respect to the mean power and is computed using 

Eq. 6 

(𝑝, 𝑓𝑟𝑞) = 𝑃𝑆𝐷𝐴(𝑠𝑖𝑚𝑚𝑜𝑑𝑒𝑙(𝐶𝑥𝑦𝑧))                               (6.6) 

𝑅𝑃 = 𝑝./𝑚𝑒𝑎𝑛(𝑝)                                                                   (6.7) 

6.3.3 Robust Evolutionary Optimisation Approach for Parameterising  𝑪 𝒙𝒚𝒛   

Our objective here is to perform a rigorous search for the suitable values of 𝐶 𝑥𝑦𝑧 such that the 

dominant frequency model output lies within the alpha band (8 – 13 Hz). We expect that such 

an approach will provide us with a set of basal values for the connectivity parameter set 𝐶𝑥𝑦𝑧 

in the model. Towards this, we apply a standard search strategy using a single-objective GA. 

In this case, 𝐶 𝑥𝑦𝑧  are encoded as real values.The search space of  𝐶 𝑥𝑦𝑧  is created using 

±30% across the basal values. The only exception is made for 𝐶𝑡𝑟𝑒, which is varied ±15% due 

to its relatively smaller value. In order to have the overall power content within the alpha band, 

the standard GA searches for the maximum power |𝑚𝑥| such that its corresponding frequency 

𝑓𝑟𝑞𝑚𝑥 lies within the alpha band. |𝑚𝑥| and 𝑓𝑟𝑞𝑚𝑥 are computed using Eq. 6.8. As the standard 

GA minimises the objective function, a minus sign is included in Eq. 6.8 for maximising |𝑚𝑥|. 

(𝑚𝑥, 𝑓𝑟𝑞𝑚𝑥) = (−max (𝑅𝑃))                                                      (6.8) 

 

𝐹𝑃1 =

{
 

 
             𝑚𝑥                𝑖𝑓 8 ≤ 𝑓𝑟𝑞𝑚𝑥 ≤ 13    

 
𝑚𝑥

1.5+|8−𝑓𝑟𝑞𝑚𝑥|
        𝑖𝑓 𝑓𝑟𝑞𝑚𝑥 < 8           

𝑚𝑥

1.5+|13−𝑓𝑟𝑞𝑚𝑥|
     𝑖𝑓 𝑓𝑟𝑞𝑚𝑥 > 13      

          (6.9) 
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The objective function 𝐹𝑃1 defined in Eq. 6.9 penalises the situation when |𝑚𝑥| is outside of 

the alpha band. 

As shown in Figure 6.2, the search process stagnates as variations in the extrinsic input is 

changing the objective landscape of 𝐹𝑃1, leading to an entirely new search process for every 

generation of the GA. Thus, we observe that the standard optimisation algorithm fails, which 

may be attributed to the stochastic nature of the extrinsic input to the model. 

 

                 Figure 6.2 The evolutionary curve of the GA using 𝐹𝑃1. 

In light of this and drawn upon more recent concepts in robust optimisation, an improved robust 

parameterising approach is proposed here to address the stochastic issue due to the extrinsic 

input, and to identify reliable regions to account for small variation in  𝐶 𝑥𝑦𝑧  (e.g. due to envi-

ronmental/inter-individual differences). 

Here, ‘robustness’ is defined as the likelihood of  |𝑚𝑥| within the alpha band given a certain 

set of 𝐶 𝑥𝑦𝑧 . To enhance the robustness of the chosen 𝐶 𝑥𝑦𝑧 , two revised objective functions 

based on Eq. 6.9 are introduced, followed by a clustering algorithm and finally the overall 

parameterising framework. 
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Revised Objective Functions Considering External Uncertainty. 𝐹𝑃2 is defined in Eq. 6.10 

as the averaged power spectra peak calculated over 𝑛 randomly generated extrinsic inputs to 

take into account the stochastic nature of the extrinsic inputs. Here, 𝑛 = 35 and is an empirical 

number derived from the experiment. 

𝐹𝑃2 = ∑ 𝐹𝑃1𝑖
𝑛
𝑖=1 𝑛⁄                                                                       (6.10) 

Compared with Eq. 6.9 which maximises the peak with respect to only one fixed Gaussian 

white noise, the effect of Eq. 6.10 is to maximise the robustness indirectly. To directly maxim-

ise robustness, a counter which calculates how many times |𝑚𝑥| is located outside of the alpha 

band is defined in Eq. 6.11. 𝐹𝑃3 is further developed in Eq. 6.12 to take into account robustness 

and 𝐹𝑃2 so that the constraint devised as the penalty function in Eq. 6.9 is also incorporated. 

𝑐𝑟 =∑ 𝑐𝑜𝑢𝑛𝑡𝑒𝑟(𝑖)
𝑛

𝑖=1
 

𝑐𝑜𝑢𝑛𝑡𝑒𝑟(𝑖) = {
0 𝑖𝑓 8 ≤ 𝑓𝑟𝑞𝑚𝑥(𝑖) ≤ 13

1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 

                                                𝐹𝑃3 = 𝑐𝑟 + 1/|𝐹𝑃2|                                            (6.12)                                                                                                                      

Clustering and Robust Regions Considering Minor Variations in Parameter Values. As 

discussed in previous part, instead of a fixed set of  𝐶 𝑥𝑦𝑧 , it often makes more sense to have 

robust regions which can accommodate small variations in 𝐶 𝑥𝑦𝑧 .To this aim, solutions from 

each generation of the search will be filtered through a predefined threshold based on their 

objective values. The collection of filtered solutions represents the solution set to 𝐶 𝑥𝑦𝑧 . An 

evolutionary clustering algorithm-G3Kmeans (J. Chen et al. 2014) is then applied to group 

these solutions. G3Kmeans is the hybridisation of a real valued GA with a new crossover (re-

combination) based on the parent-centric principal (J. Chen et al. 2014) and the K-means algo-

rithm, resulting in a less sensitive clustering to the initial settings. To identify the number of 

        (6.11) 



173 
 

clusters, subtractive clustering in MATLAB is first applied with the cluster radii set to the 

default value of 0.5.  

The obtained clusters after G3Kmeans, provide the upper and lower bounds for each region. 

To further investigate whether these regions are robust for all possible 𝐶 𝑥𝑦𝑧 within them, 

𝑚 random 𝐶 𝑥𝑦𝑧 within the identified bounds are sampled. The robustness 𝑅𝐺 of each region is 

then computed using Eq. 6.13, where, 𝑐𝑟 is defined in Eq. 6.11. 

𝑅𝐺 =
∑ 𝑐𝑟𝑗
𝑚
𝑗=1

𝑚
                                                                                          (6.13) 

The Overall Robust Parameterising Framework. The overall robust parameterising frame-

work is outlined in Figure 6.3.  

 

 

 

 

 

                             Figure 6.3 The overall robust parameterising framework. 

In Line 1, 𝐶 𝑥𝑦𝑧  are encoded as real values. In Line 3, the GA calls one of the objective func-

tions defined in Eqs. 6.10 and 6.12. The collected 𝑐 𝑥𝑦𝑧  solutions from the GA will then be 

passed to the clustering algorithms (Lines 6-8). 𝑅𝐺 will then be calculated for each of these 

regions to evaluate their robustness (Lines 9-10). 

 

1: Set the decision variables (𝑪 𝒙𝒚𝒛 ) in the GA 

2:  For 𝑔𝑒𝑛 = 1 to 𝑔𝑒𝑛𝑚𝑎𝑥 do: 
3:      GA calls the objective function  
4: 

5: 

6: 

7: 

8: 

9: 

10: 

 

     Save 𝑪 𝒙𝒚𝒛 

End 

Collect all the good 𝑪 𝒙𝒚𝒛  with a threshold  

Subclust to give the number of candidate regions 
G3Kmeans to obtain the potential robust regions  
Randomly generate other 𝑪𝒙𝒚𝒛within the robust regions 

Investigate robustness of the identified regions 
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6.4 Computational Results for Parameterising Thalamic Model  

In this Section the results for parameterising Thalamic model of TCT circuitry using the pro-

posed robust optimisation approach are provided.  

6.4.1 Performances of the Robust Optimisation Approach  

The experiments for the proposed robust optimisation approach are implemented using the GA 

toolbox in MATLAB®. To derive statistically reliable results, the experiments were carried 

out 10 times respectively for 𝐹𝑃2 and 𝐹𝑃3, with 25 generations and the population size of 10. 

Other parameters are set as default. The evolutionary curves of the robust optimisation ap-

proach using 𝐹𝑃2 and 𝐹𝑃3 are illustrated in Figure 6.4 (a) and (b) respectively. A significant 

improvement and better convergence in terms of the mean fitness were achieved compared to 

the one using 𝐹𝑃1.  

 

Figure 6.4 The evolutionary curves of the GA using a) 𝐹𝑃2 and b) 𝐹𝑃3. 
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Furthermore, Figure 6.4 (b) shows that 𝐹𝑃3 leads to better convergence than 𝐹𝑃2 due to the 

direct optimisation of the robustness. Therefore, the results reported in the following are based 

on 𝐹𝑃3. It is worth noting that the negative signs in Figure 6.2 and Figure 6.4 (a) are due to the 

reason mentioned in Section 6.3.3 

6.4.2 The Identified Regions using Clustering 

Following Line 6 in Figure 6.3, 260 solutions (𝐶 𝑥𝑦𝑧 ) obtained from the robust optimisation 

approach are collected. Subtractive clustering indicates there are 3 clusters representing three 

potential regions (R1-R3). Figure 6.5 shows these regions and their centres after G3Kmeans 

clustering using the dimensions 𝐶𝑛𝑠𝑖,𝐶𝑡𝑟𝑒 and 𝐶𝑛𝑡𝑒.  

 

Figure 6.5 Three potential regions identified using the revised objective function 𝐹𝑃3. 
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6.4.3 Robustness of the Identified Regions 

To further investigate robustness of the regions identified in Section 3.2, their corresponding 

𝑅𝐺 is calculated using Eq. 6.13 following Lines 9-10 in Figure 6.3, with  𝑚 = 50. For compari-

son purpose, 𝑚 = 40  are used for the basal values. TABLE 2 summarises the comparison results 

based on the basal values (BV) and the identified regions using 𝐹𝑃3. Results indicate that the 

identified regions are robust not only at solutions obtained using 𝐹𝑃3 (e.g. R1 via 𝐹𝑃3), but also 

at randomly generated solutions within these regions (e.g. Random R1). Results also reveal 

that multiple robust regions may exist, which are more robust than the region around the basal 

values. 

TABLE 6.2 

COMPARISON OF ROBUSTNESS OF THE SYNAPTIC CONNECTIVITY PARAMER 

SETS  𝐶 𝒙𝒚𝒛 . 

Methods Synaptic Connectivity Parameters 

  [𝑪𝒊𝒓𝒆, 𝑪𝒊𝒔𝒊, 𝑪𝒕𝒓𝒆, 𝑪𝒕𝒊𝒊, 𝑪𝒕𝒏𝒊, 𝑪𝒏𝒕𝒆, 𝑪𝒏𝒔𝒊] 
  Robustness (Mean 𝑹𝑮) 

Basal values (BV) [47.4,23.6,7.1,15.45,15.45,35,15] 13.00 

𝑪 𝒙𝒚𝒛 out of the identified R               [53,28.15,9,17.8,20,45,18] 14.00 

                        Lower Band                                                    Upper Band 

R around BV [42.66,21.24,7.09,13.90,13.90,31.5,13.5] [42.66,21.24,7.09,13.90,13.90,31.5,13.5]          9.50             

R1 via 𝑭𝑷3   [33.18,16.52,6.04,10.87,10.87,24.5,10.5] [35.18,25.66,7.53,15.12,19.83,40.2,13.13]          0.57    

R2 via𝑭𝑷3   [33.18,16.52,6.31,10.87,10.87.24.5,11] [40.32,27.24,8.04,16.46,19.83,36.73,19.13]            0.32 

R3 via 𝑭𝑷3  [33.18,16.52,7.53,10.87,10.87,40.2,10.5] [33.68,17.52,8.09,12.87,19.44,44.75,14.35]          0.24 

Random R1[33.18,16.52,6.04,10.87,10.87,24.5,10.5] [35.18,25.66,7.53,15.12,19.83,40.20,13.13]           4 .26 

Random R2 [33.18, 16.52,6.31,10.87,10.87.24.5,11] [40.32,27.24,8.04,16.46,19.83,36.73,19.13]             6.08 

Random R3 [33.18,16.52,7.53,10.87,10.87,40.2,10.5] [33.68,17.52,8.09,12.87,19.44,44.75,14.35]           2.10 

 

In Figure 6.6 (a)-(f), 𝐶 𝑥𝑦𝑧  are randomly generated from R1 via 𝐹𝑃3, Random R1, BV, ±10% 

across BV and those outside of any identified regions, and their corresponding power spectrum 

are plotted. Figure 6.6 (a)-(b) show that the aim of maximising the likelihood of |𝑚𝑥| towards 

the alpha band is achieved. Indeed, the resulted dominant frequency is consistently within the 

upper-alpha band which is in line with the EEG of a young healthy adult. This conclusion holds 

true for R2 and R3 although they are not included here for brevity. Figure 6.6 (c)-(d) and (f) 
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show that the maximum power content is frequently (up to 40%) below the alpha band. For 

𝑪 𝒙𝒚𝒛  outside of any identified regions, the chance of below the alpha band (as shown in Figure 

6.6 (e)) is up to 30%. 

 

Figure 6.6 (a)-(f) The power spectrum corresponding to different 𝐶 𝑥𝑦𝑧 within different regions. 

6.5 Data Fitting Procedure for TCT Model with Real EEG Data 

The results from parameterisation of the thalamic model as part of the TCT circuitry in Section 

6.4 using the robust optimisation approach suggest that multiple robust and distinct parameter 

regions exist. The results also show that the parameterised thalamic model is able to produce 

the consistent dominant frequency of oscillation within the alpha band. The cortical model also 

plays an important role in the TCT circuitry in generating the SSVEP. Therefore, in this section, 
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we will extend the parameterisation approach to the whole TCT circuitry in order to parame-

terise the TCT model with respect to the real EEG SSVEP data. As the result, for each segment 

of the SSVEP signal (See Chapters 4 and 5), a set of corresponding connectivity parameters of 

the TCT model will be found such that the TCT model can faithfully simulate the observed 

SSVEP signal. Therefore, the training and testing sets for the proposed IMOFM classification 

mechanism in Chapter 4 can be replaced with the corresponding connectivity parameters. As 

these parameters are biologically plausible and governed by the functions of the cortical and 

thalamic modules, using them as the features for classification algorithms may improve the 

classification accuracy. Toward this, we will first provide a brief overview of the Cortical mod-

ule as part of the TCT circuitry, followed by the experimental results using the resting EEG 

signal and SSVEP signal at 10 Hz. Hereafter in this work, we refer to the disconnected cortical 

module from thalamic module as the ‘cortical model’. 

6.5.1 Overview of the Cortical Model 

The cortical model is based on the works in (Wendling et al. 2002, Zavaglia et al. 2006) and 

consists of four cell populations: Pyramid cells (PY), Excitatory Inter-Neurons (eIN), slow 

inhibitory Inter-Neurons (sIN) and fast inhibitory Inter-Neurons (fIN). The cortical model is 

defined in Eqs. 6.14-6.18.  

PY: �̈�4 = 𝑎1𝐻𝑒𝑆(𝐶𝑝𝑐𝑒𝑦𝑐 + 𝐶𝑝𝑡𝑒𝑦1 + 𝐶𝑝𝑥𝑒𝑦5 − 𝐶𝑝𝑙𝑖𝑦6 − 𝐶𝑝𝑓𝑖𝑦7) − 2𝑎1�̇�4 − 𝑎1
2𝑦4      (6.14) 

eIN:  �̈�5 = 𝑎1𝐻𝑒𝑆(𝐶𝑥𝑝𝑒𝑦4) − 2𝑎1�̇�5 − 𝑎1
2𝑦5                                                                (6.15) 

sIN:  �̈�6 = 𝑏𝑖𝑙𝐻𝑖𝑙𝑆(𝐶𝑙𝑝𝑒𝑦4) − 2𝑏𝑖𝑙�̇�6 − 𝑏𝑖𝑙
2𝑦6                                                                (6.16) 

fIN:  �̈�7 = 𝑏𝑖𝑓𝐻𝑖𝑓𝑆(𝐶𝑓𝑝𝑒𝑦4 − 𝐶𝑓𝑙𝑖𝑦6) − 2𝑏𝑖𝑓�̇�7 − 𝑏𝑖𝑓
2 𝑦7                                               (6.17) 

Cortico-cortical:  �̈�c = 𝑎1𝐻𝑒𝑃2(𝑡) − 2𝑎1�̇�c − 𝑎1
2𝑦c                                                             (6.18)     
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It is worth mentioning that these equations and the thalamic module equations defined in Eqs. 

6.1-6.4 form the complete TCT circuitry. 

𝑏𝑖𝑙/𝑓,, is the inverse of the time constant of the inhibitory PSP generated by sIN (𝑙) or fIN (𝑓) 

cell population, respectively; 𝑃2(𝑡) is simulated by a Gaussian white noise and represents ex-

trinsic input to the cortical model from the neighbouring cortical regions. The sigmoid func-

tion, 𝑆(𝑣) is the same as defined in Eq. 6.5.  For the other parameter definitions and values 

used in the above equations, please refer to Section 6.3.1 and the work by (Lopes da Silva et 

al. 1974). The computational model of the cortical module is illustrated in Figure 6.7 and the 

synaptic connectivity parameters, 𝐶𝑥𝑦𝑧 for the cortical module are defined in TABLE 6.3 . 

 

Figure 6.7 The computational model of the cortical module (Basabdatta Sen Bhattacharya, 

Coyle, and Maguire 2011b). 
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TABLE 6.3 

BASAL VALUES FOR THE SYNAPTIC CONNECTIVITY PARAMETERS USED IN Eqs. 

6.14-6.18 (Bhattacharya, Coyle, and Maguire 2011). 

6.5.2 Simulation and Signal Processing Methods for TCT Model 

Since the TCT model is parameterised to simulate the real SSVEP signal, the output of the 

TCT model needs to be as close as possible to the real SSVEP recordings.  The TCT model 

simulation is implemented using the 4th order Runge-Kutta ODE solver within the Simulink® 

environment in Matlab®. The total simulation time is 2.5 seconds at a sampling rate of 250 Hz. 

The output of the cortical module is considered as the TCT model’s output. The obtained output 

vector is bandpass filtered with a Butterworth filter of order 10 with a lower and upper cut-off 

frequencies of 0.1 and 50 Hz, respectively. The power spectral density analysis (PSDA) defined 

in Eq. 6.6 is performed in Matlab® using a Welch periodogram, with a Hamming window of 

segment length consisting of 125 data points and overlap of 50%. For computational purpose, 

the output of the cortical module generated in Simulink® (simmodel) is passed through the 

PSDA (see Eq. 6.6). The outputs of the PSDA will then be used for computing the relative 

power  𝑅𝑃 using Eq. 6.7. 

 

Module Afferent (to) Efferent (from) Connectivity Parameter Value 

Cortical PY Cortical 𝐶𝑝𝑐𝑒 1 

Cortical PY TCR 𝐶𝑝𝑡𝑒  80 

Cortical PY fIN 𝐶𝑝𝑓𝑒  108 

Cortical PY eIN  𝐶𝑥𝑝𝑒 135 

Cortical PY sIN  𝐶𝑝𝑙𝑒 33.75 

Cortical fIN PY 𝐶𝑓𝑝𝑒 40.5 

Cortical fIN sIN 𝐶𝑓𝑙𝑖  13.5 

Cortical sIN PY 𝐶𝑙𝑝𝑒 33.75 

Cortical eIN PY  𝐶𝑃𝑥𝑒 108 
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6.5.3 The Framework of Parameterising the TCT Model with Respect to the 

Real SSVEP Data  

Our objective here is to perform a rigorous search for the suitable values of 𝐶 𝑥𝑦𝑧 in the TCT 

neural mass model such that the model output can be similar to the real recorded SSVEP signal. 

There are total of 19 synaptic connectivity parameters (𝐶 𝑥𝑦𝑧 )  in the TCT model. Through the 

proposed the parameterisation approach, we will be able to find a set of optimal values for the 

connectivity parameter set 𝐶𝑥𝑦𝑧 for the TCT model such that the output of the TCT model is as 

close as possible to the real recorded SSVEP signal.  

For brevity, in this section, the recorded SSVEP data from one of the subjects (please refer to 

Chapter 3 for more details on EEG data acquisition) is employed as the ‘reference signal’ with-

out the loss of generality. Here, the ‘reference signal’ is defined as a signal to which the TCT 

model will be parameterised such that the simulated signal is as close as possible to the refer-

ence signal. As explained in Chapter 3, after recording a SSVEP data from a subject, the rec-

orded data will go through steps including signal pre-processing, segmentation and feature ex-

traction. Therefore, for each subject and a recorded signal, a dataset consisting of all features 

is represented as a matrix of size 𝑆 × 𝑁. 𝑆 represents the number of segments and 𝑁 represents 

the total of nine extracted features for each segment. These nine features are characterised by 

relative energy, wavelet entropy and the mean power of the detail coefficients, each of which 

is computed for three sub-bands, i.e. gamma, beta and alpha, which are all calculated based on 

Eqs. 3.6-3.11 in Chapter 3. Therefore, the reference signal is presented by each row in the 

matrix of size 𝑆 × 𝑁 and the TCT model will be parameterised to simulate a signal which 

is as similar as possible to the selected segment.   

As the first attempt, in this project, only three features for each segment, including relative 

energies of gamma, beta and alpha bands, are investigated for parameterising the TCT model. 
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Moreover, we only include the SSVEP data corresponding to a visual stimulus at 10 Hz as the 

basal values of the connectivity parameter set 𝐶 𝑥𝑦𝑧 for the alpha band are known (Bhattacharya, 

Coyle, and Maguire 2011). Knowing the basal values will help in setting up the search space 

of 𝐶 𝑥𝑦𝑧 . The approach developed in this section can be applied to include more features, as 

well as to other bands provided more insight into the basal values of 𝐶 𝑥𝑦𝑧 in other frequency 

bands becomes available. 

The parametrisation approach is based on a standard search strategy using a single objective 

GA. the connectivity parameter set 𝐶 𝑥𝑦𝑧 are encoded as real values. The search space of 𝐶 𝑥𝑦𝑧  is 

created using ±30% across the basal values. The only exception is made for 𝐶𝑡𝑟𝑒, which is varied 

±15% due to its relatively smaller value.  

To parameterising𝐶 𝑥𝑦𝑧 of the TCT model, the objective function for the search algorithm will 

be formulated such that the TCT model’s simulated signal would contain the same features (i.e. 

the three relative energies in different frequency bands) as those of the reference signal. Toward 

this, first, DWT will be applied to the cortical output of the TCT model to decompose the 

simulated signal and compute the wavelet coefficients. In implementation of DWT, the db4 

filter is used and the decomposition level is set to 5, which are the same setting as the one used 

for decomposing the reference signal. In doing so, the simulated signal will be decomposed 

into five frequency bands, including noise (𝐷1), gamma (𝐷2), beta (𝐷3), alpha (𝐷4), and theta 

(𝐷5). The wavelet coefficients will then be computed accordingly (for more details please refer 

to Chapter 3).   

The absolute distance of the relative energies of the simulated signal in alpha, gamma and beta 

frequency bands (𝑠𝑖𝑚𝐸𝑅𝑒𝑛𝑔𝐷𝑖 , 𝑖 = 2, 3, 4) from the corresponding relative energies of the ref-

erence signal (𝑟𝑒𝑓𝐸𝑅𝑒𝑛𝑔𝐷𝑖 , 𝑖 = 2, 3, 4) are computed using Eq. 6.19 and presented as, 𝑑𝑖𝑓𝐷2, 

𝑑𝑖𝑓𝐷3, and 𝑑𝑖𝑓𝐷4, respectively.  
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In Eq. 6.19, 𝑟𝑒𝑓𝐸𝑅𝑒𝑛𝑔𝐷2, 𝑟𝑒𝑓𝐸𝑅𝑒𝑛𝑔𝐷3, 𝑟𝑒𝑓𝐸𝑅𝑒𝑛𝑔𝐷4, have already been computed in the feature 

extraction procedure for the recorded SSVEP signal in Chapter 3. 𝑠𝑖𝑚𝐸𝑅𝑒𝑛𝑔𝐷2, 𝑠𝑖𝑚𝐸𝑅𝑒𝑛𝑔𝐷3, 

𝑠𝑖𝑚𝐸𝑅𝑒𝑛𝑔𝐷4 are computed using Eqs. 3.6–3.9 in Chapter 3 

𝑑𝑖𝑓𝐷2 = |((𝑠𝑖𝑚𝐸𝑅𝑒𝑛𝑔𝐷2 − 𝑟𝑒𝑓𝐸𝑅𝑒𝑛𝑔𝐷2)| 

                                                𝑑𝑖𝑓𝐷3 = |((𝑠𝑖𝑚𝐸𝑅𝑒𝑛𝑔𝐷3 − 𝑟𝑒𝑓𝐸𝑅𝑒𝑛𝑔𝐷3)|                             (6.19)    

                                                   𝑑𝑖𝑓𝐷4 = |((𝑠𝑖𝑚𝐸𝑅𝑒𝑛𝑔𝐷4 − 𝑟𝑒𝑓𝐸𝑅𝑒𝑛𝑔𝐷4)| 

Finally, the objective function is defined as 𝑜𝑏𝑗𝑓𝑖𝑡 in Eq. 6.20 which is to minimise the sum-

mation of the respective absolute distances 

                                                  𝑜𝑏𝑗𝑓𝑖𝑡 = (∑ 𝑑𝑖𝑓𝐷𝑖
𝑑
𝑖 ,   𝑖 = 2,3,4)                                   (6.20) 

The overall framework of parameterising the TCT model using the real SSVEP signal is pre-

sented in Figure 6.8.  

 

Figure 6.8 The overall framework of parameterising the TCT model. 
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In Figure 6.8, the search algorithm based on the GA will use the objective function defined in 

Eq. 6.20 to find the optimal connectivity parameter set 𝐶 𝑥𝑦𝑧  for the TCT model to simulate 

the selected reference signal.  

6.5.4 Classification Using Labelled 𝑪 𝒙𝒚𝒛  

The obtained connectivity parameter set 𝐶 𝑥𝑦𝑧 together with their corresponding labels will 

form the new datasets to replace the original datasets that are formed based on the feature 

extraction method and reference signal as discussed in Chapter 3. These newly formed datasets 

will then be used as the training and testing sets for the proposed classification mechanism 

IMOFM in Chapter 4. The hypothesis made in this and the subsequent sections is that using 

biological plausible parameters such as 𝐶 𝑥𝑦𝑧  will increase the classification accuracy com-

pared to those classifiers trained by the original datasets (see Chapter 4).  

6.6 Computational Experiments for Parameterising TCT Model 

In this section, experimental set-ups and results for parameterising the TCT model to simulate 

the real SSVEP signal are presented. Comparison of classification accuracy using the labelled 

𝐶 𝑥𝑦𝑧  and original datasets are also provided.  

Regarding the dataset used in the next sections, the dataset of CF1 for subject 2, are randomly 

partitioned into 75% training and 25% testing and considered as the feature dataset. Then apart 

from the label, each row in the training and testing of the feature dataset, will be replaced with 

the fitting 𝐶 𝑥𝑦𝑧  to form the training and the testing set of the labelled 𝐶 𝑥𝑦𝑧 . 

In the classification experiment, to provide a rigorous analysis and comparison between the 

classification of feature dataset, and the labelled 𝐶 𝑥𝑦𝑧 dataset, training of each classifier with 

both dataset is separately run for 10 times. In each run, the training and the testing set of the 
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feature dataset, are randomised, and the randomised indices for training and the testing sets are 

stored. Then, for each run, the training and the testing labelled 𝐶 𝑥𝑦𝑧 datasets, are also 

randomised with the stored randomised indices.  

6.6.1 Results on Parameterising the TCT Model and Classification Using 

Labelled 𝑪 𝒙𝒚𝒛  

The experiments for parameterising the TCT model are implemented using the GA toolbox in 

MATLAB. The experiments were carried out using the objective function defined in Eq. 6.20, 

with 50 generations and the population size of 50. As the TCT model also receives an external 

white noise as the input, the optimisation process is featured as a highly stochastic procedure. 

To address this problem, instead of using the robust optimisation scheme proposed in Section 

6.3.3, we monitor the convergence of the mean fitness value in order to set up the empirical 

and required number of generations and population size. Other parameters are set as default. 

For this and the subsequent sections, since, the basal values for the synaptic connectivity pa-

rameters (TABLEs 6.1 and 6.3) for simulation of TCT model is based on the alpha band, there-

fore, the reference signals are chosen from the CF1 (CF1 covers the alpha band) of Subject 2 

in Chapter 4.  

Figure 6.9 illustrates comparison of the power spectral density of a reference signal to the sim-

ulated signal. Figure 6.9 (a) represents the comparison for Segment 51, and Figure 6.9 (b) 

shows the comparison for Segment 48. Please refer to Chapter 3 for segmentation of the rec-

orded EEG signals. 

As shown in Figure 6.9, for both segments the simulated signal has captured the main charac-

teristics of the reference signals which is a significant peak around 10 Hz frequency.  
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Figure 6.9 The comparison of the power spectral density of the reference signals against the 

simulated signals. (a) Segment 51, and (b) Segment 48.  

IMOFM-C classification mechanism is employed for classification of both the feature dataset 

and labelled 𝐶 𝑥𝑦𝑧 dataset. For evaluation purpose, all algorithms in comparison have been run 

10 times and the results are averaged. Since the IMOFM-C classification mechanism is based 

on the multi-objective fuzzy approach, it evolves a Pareto front of solutions at each run. 

Therefore, two evaluation procedures mentioned in Section 5.4.2 in Chapter 5 are carried out 

to evaluate the performances of training and testing based on the labelled 𝐶 𝑥𝑦𝑧 dataset. The 

results are shown in TABLE 6.4. 

As shown in TABLE 6.4, the classification performances based on the labelled  𝐶 𝑥𝑦𝑧 dataset 

in four classification performance measures for both training and testing performs poorly com-

paring to the classification performances based on the feature dataset. However, the results still 

demonstrate the potential of using labelled  𝐶 𝑥𝑦𝑧 for classification as ~70% accuracy is 

achieved in testing. 
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TABLE 6.4 

COMPARSION OF CLASSIFICATION OF THE FEATURE DATASET WITH 

CLASSIFICATION OF LABELLED 𝐶 𝑥𝑦𝑧  FOR THE BEST CLASSIFIER AND THE 

ENSEMBLE CLASSIFICATION ON TEN PARTITIONS OF THE CF1 CLASSIFIER 

DATASET FOR SUBJECT 2. 

 

Potential reasons for inferior performances  may include: (1)  The proposed fitting framework 

in Section 6.5.3 needs to include other frequency domain features such as peaks amplitudes 

and positions, and the area under the power spectrum curve; (2) the TCT model needs to be 

further developed for generation of SSVEP data. 

6.7 Conclusion  

In this chapter, first, a robust optimisation approach is introduced for parameterising a thalamic 

neural mass model that simulates brain oscillations such as those observed in EEG and local 

field potentials. Second, preliminary experiments to evaluate the feasibility of the proposed 

framework for parameterising the TCT neural mass model with respect to the real SSVEP data 

were carried out. 

 

 

Classifiers 

IMOFM-C 

Accuracy 

(TR/TS) 

Sensitivity 

(TR/TS) 

Specificity 

 (TR/TS) 

Miss-points 

(TR/TS) 

Best feature set 1/0.9473 1/0.9054 1/0.9054 0/2.90 

Ensemble feature set 1/0.9491 1/0.9067 1/0.9067 0/2.80 

Best labelled 𝑪 𝒙𝒚𝒛  0.9963/0.6945 0.9932/0.5921 0.9932/0.5921 0.6/18.80 

Ensemble labelled 𝑪 𝒙𝒚𝒛  0.9933/0.7073 0.9875/0.6008 0.9875/0.6008 1.10/16.10 
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Chapter 7 

Conclusions and Future Work 

Every scientific endeavour tries to find the answers to the problems at hand and in doing so, 

raises many others. The work presented in this thesis is not an exception. It tries to answer the 

following three questions:  

1. How to improve transparency and generalisation capability of FRBS-based classifier 

through metaheuristics in order to address multiclass SSVEP EEG data classification prob-

lems. 

2. How to improve further the classification performance of FRBS-based binary classifiers 

though preference-based metaheuristics and ensemble classification mechanism, 

3. How to bridge the gap between BCI and NMMs. 

This final chapter summarises what has been achieved in answering the above three questions 

and what are the open questions that deserve further research efforts. 

7.1 Conclusions 

To answer the first question, an Immune Inspired Multi-Objective Fuzzy Modelling (IMOFM) 

mechanism, which was originally designed for regression problems, is adapted for classifica-

tion of multiclass SSVEP EEG data. IMOFM features a multi-stage modelling procedure com-

bining a gradient based local search and a metaheuristic based multi-objective search algo-

rithm. Due to this multi-stage modelling procedure, IMOFM leads to not only a high prediction 
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accuracy but also a simplified model structure. The main aspects that have been investigated 

in the adapted IMOFM Classification (IMOFM-C) mechanism are as follow: 

1. The multi-objective modelling framework of IMOFM has been exploited to elicit a set of 

diverse and accurate FRBSs which are later on used in designing effective ensemble clas-

sifiers.  

2. Three different combinations of objective functions, including ‘accuracy vs. diversity 

(PFC)’, ‘accuracy vs. diversity (NCL)’ and ‘accuracy vs. interpretability’ were investigated 

in order to get the most diversified set of classifiers.  The results show that implementing 

the IMOFM-C mechanism with ‘accuracy vs. interpretability’ as the objective functions 

has not only encouraged the diversity of the solutions but also evolved significantly more 

accurate FRBSs comparing to the other two combinations.  

3. A rigorous parameter analysis has been carried out and the main parameters investigated 

were included: a) the sufficient number of generations to warrant a convergence of the 

IMOFM-C mechanism; and b) the predefined maximum and minimum number of rules for 

FRBSs in IMOFM-C. 

4. One-Against-One (OAO) decomposition-based approach is used to decompose the SSVEP 

EEG multi-class problem in to six binary classification problems. To aggregate the binary 

classifiers, the Decision Directed Acyclic Graph (DDAG)-Distance aggregation approach 

is proposed. 

The developed IMOFM-C mechanism have been applied to two benchmark datasets in-

cluding, Australian Credit Card dataset and Diabetes dataset as well as the SSVEP EEG 

data recorded from 4 subjects (2 males and 2 females).  The performance of IMOFM-C has 

been compared to those of various baseline classification approaches, such as ANFIS, 
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ANNs, CART decision tree, and SVM. The results of the comparison show, the proposed 

IMOFM-C based multi-class classification mechanism presents superior performance in 

terms of both accuracy and interpretability.   

In order to answer the second question, a preference-based ensemble classification frame-

work known as IMOFM-CP is developed based on the IMOFM-C mechanism. In the pro-

posed IMOFM-CP, the PAIA algorithm (see Chapter 4) is modified to incorporate the pref-

erence angle and reference information-based dominance (ar-dominance) (Yi et al. 

2018).In designing the IMOFM-CP mechanism the following points are considered and 

investigated: 

1. The modified PAIA algorithm increases the convergence speed of the population and 

reduces the number of solutions in the non-preferred region (Yi et al. 2018). Therefore, 

classifiers in the non-preferred region, i.e. the region that contains less accurate classi-

fication models, are automatically filtered out. On the contrary, classifiers in the pre-

ferred region, i.e. the region that contains accurate enough classifiers, will undergo a 

more focused search, further improving their classification accuracy.  

2. IMOFM-CP is designed to promote the diversity among the elicited classification mod-

els and fully utilise the power of each individual classification model as a member of a 

committee classifier (i.e. ensemble classifier). Aggregating a set of elicited classifiers 

leads to more accurate classification performance than that of the individual classifier 

or, in the worst cases, equally good classification performance. In this work our pro-

posed DDAG-Distance aggregation approach is applied to work with IMOFM-CP, 

since it has shown to have a better performance comparing to the conventional aggre-

gation approaches such as, voting strategy, Averaged voting strategy, and Decision Di-

rected Acyclic Graph (DDAG). 
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The developed IMOFM-CP mechanism have been applied to the same benchmark datasets, as 

well as the SSVEP EEG datasets.  The performance of IMOFM-CP has been compared to 

IMOFM-C and the same baseline classification approaches. The proposed IMOFM-CP pre-

sents superior performance compared to that of IMOFM-C.  

Finally, in order to answer the third question, first, the gap existing between BCI and NMMs 

has been identified. Traditional ways of studying BCI often include acquiring appropriate brain 

signals and establishing classification models based on the acquired data (Mason and Birch 

2003). Although the acquired signal types and technologies for classification are varied, they 

represent state-of-the-art in BCI towards interfacing human intentions with the outside world. 

However, the procedure mentioned above suffers from the following limitations: 

1. Different BCI applications often require different brain signals which are categorised in 

five frequency bands, namely a) Delta (<4 HZ), b) Theta (4-7 HZ), c) Alpha (8-15 HZ), d) 

Beta (16-31 HZ), and e) Gamma (32+ HZ) (Buzsáki 2006). 

2. A large number of experimental data has to be acquired in order to achieve satisfactory 

classification accuracy. 

Both of the above limitations put a significant constraint on studying BCI as in practice they 

inevitably lead to a fairly large number of participating subjects and experiments. Therefore, 

using neural mass models can help to overcome these limitations and, the idea of combining 

these two close areas (BCI and NMMs) would bridge the identified gap and provide more 

support to design a more reliable BCI system.  

NMMs can help to model the region of the interest (ROI) of the human brains. Furthermore, 

they allow us to reconstruct ROIs that are inaccessible to measurement. This de facto offers an 

effective way of simulating various brain signals across different subjects under varying testing 



192 
 

environments (e.g. with different noise and interruptions). In order to make a NMM to simulate 

the specific brain signals, part or all of the model’s parameters need to be parameterised. 

Towards this, a robust optimisation approach is introduced for parameterising the thalamic 

module as a part of the thalamo-cortico-thalamic (TCT) circuitry based NMM NMM 

(Basabdatta Sen Bhattacharya, Coyle, and Maguire 2011b).  

1. The proposed robust parameterisation approach combines a robust single-objective genetic 

algorithm and a clustering algorithm. A set of objective and penalty functions are devised 

to overcome the extrinsic uncertainty in inputs.  

2. he clustering algorithm facilitates the identification of robust regions such that small vari-

ations can be accommodated. Preliminary results suggest that multiple robust synaptic con-

nectivity parameter regions exist, which are distinct from the suggested basal values in 

literature.  

3. The direct implication of 2. is for more accurate predication of brain-disorder diseases, as 

well as to investigate if those robust regions are consistent across different subjects in a 

varying environment and can be used to design a more reliable human-machine interface.   

7.2 Future Research Directions 

As mentioned at the beginning of this chapter, when the immediate problems are solved, new 

problems will arise and they, too, should be solved. Such problems remain as open questions 

and are discussed in the following part. 

• Increasing further the diversity of classifiers generated by the IMOFM-CP mecha-

nism: It is reckoned that the diversity of the classifiers can be further improved by fully 

integrating diversity measures, such as PFC or NCL, into IMOFM-CP.  Currently, PFC and 
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NCL have been used in IMOFM-C as one of the objectives. The selection procedure in 

IMOFM-C/CP remains the same as that of IMOFM which was designed to encourage sim-

plification of FRBS structure and is directly linked to the interpretability objective. How-

ever, diversity comes into play not only via structure changes but also through parameter 

tuning. Simplifying the structure naturally leads to a reduced number of parameters, result-

ing in a less degree of freedom in achieving overall diversity. Therefore, it is envisioned 

that in future corresponding structure preserving mechanisms should also be added to the 

selection procedure so that FRBSs with similar structures can be encouraged to search dif-

ferent regions through parameter tuning. This way the classifiers will go through another 

round of diversification and hence a higher level of diversity for the classifiers can be 

achieved.  

• Using NMMs for the further improvement of classification accuracy:  once NMMs are 

parameterised, they can be used to generate additional EEG signals. Therefore, the classi-

fiers based on IMOFM-CP can be trained using two types of data sets: a) simulated data 

using the parameterised NMM; and b) real EEG data recorded from the subjects during the 

experimental procedures. Furthermore, the classifiers will be trained not only with the data 

sets belonging to various subjects but also with the data set reflecting varying environment 

and subjects’ conditions by varying the parameters within NMMs. Therefore, a potentially 

significant improvement in terms of classification accuracy under various conditions is ex-

pected with the incorporation of the NMMs.  

• Developing on-line NMMs fitting procedure for classification purpose: The robust re-

gions identified through the parameterisation procedure can also be used as a direct refer-

ence for classification purpose. In that case, an analytical solution to parameterising NMMs 

(Hashemi 2016) can be developed to fit NMMs to the on-line EEG recordings. The on-line 

identified parameters of NMMs will then be compared with the off-line identified robust 
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regions through e.g. the nearest neighbour search approach. Since the off-line robust re-

gions take varying conditions in subjects and environment into account and solving an an-

alytic solution is computationally efficient, one could achieve high cross-subject on-line 

classification performance. 

• Investigating the biological meanings associated with the identified parameters 

through parameterisation of NMMs: Neural mass models, are considered as an appro-

priate approach to acquire a deep insight into high-level brain rhythms, resulting in a better 

simulation of brain dynamics. Therefore, studying how the identified robust regions can 

match the biological definition of brain rhythms will help us to make a NMMs a more 

reliable framework of reproducing real EEG data. 
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