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Abstrak 

Emosi adalah elemen psikologi komunikasi manusia yang mempengaruhi kelakuan 
logik. Kini, emosi manusia dikenalpasti dengan menganalisa isyarat otak melalui 
electroencephalogram (EEG), namun kebanyakkan kajian menunjukkan keputusan 
ketepatan yang lemah. Ini disebabkan oleh limitasi kaedah pengekstrakan ciri, 
pemilihan ciri dan pengelasan sedia ada untuk menangani isyarat EEG yang komplek, 
kacau dan tak pegun. Oleh itu, kajian ini bertujuan untuk membangunkan model 
komputasi yang lebih baik untuk model pengecaman emosi manusia berdasarkan 
isyarat pelbagai dimensi EEG. Kajian ini telah meningkatkan model pengecaman 
emosi dalam tiga bahagian. Bahagian pertama adalah pengekstrakan ciri dengan 
mencadangkan nearest-neighbour Grubbs based Discrete Wavelet Packet Transform 
(DWPT), di mana data asing dikesan oleh ujian Grubbs dan digantikan dengan isyarat 
jiran terdekatnya. Bahagian kedua melibatkan kaedah pemilihan ciri dengan 
membangunkan Improved Social Spider Optimisation (ISSO). Kaedah ini 
dipertingkatkan dengan memasukkan carian global Particle Swarm Optimization 
(PSO) ke arah penyelesaian yang lebih baik dalam tingkah laku pergerakan labah-
labah. Bahagian ketiga berkenaan dengan pembangunan Eagle Strategy Social Spider 
Optimization (ESSO) untuk penataan parameter Least Square Vector Machine 
(LSSVM) untuk mengelakkan masalah optima tempatan. Dalam kajian ini, model 
yang dicadangkan diuji ke atas data EEG pra-diproses yang diperoleh daripada 
Database for Emotion Analysis Using Physiological (DEAP). Data ini dibahagikan 
kepada dua kumpulan mengikut subjek iaitu Data 1 dan Data 2. Keputusan 
menunjukkan bahawa model yang dicadangkan mengatasi model sedia ada. Valens 
maksimum dan ketepatan rangsangan berdasarkan Data 1 masing-masing adalah 
76.39% dan 83.33%. Sementara itu, valens maksimum dan ketepatan rangsangan 
dalam Data 2 masing-masing adalah 72.22% dan 81.94%. Model pengecaman emosi 
berasaskan EEG yang dicadangkan dapat menyumbang kepada keperluan 
perkembangan Brain-Computer Interface (BCI) yang cerdas dan boleh memudahkan 
pembangunan aplikasi penjagaan kesihatan. 

Kata Kunci: Pengecaman emosi, Electroencephalogram, Discrete Wavelet Packet 
Transform, Social Spider Optimisation, Least Square Support Vector Machine 
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Abstract 

Emotion is an element of human communication psychology that influences logical 
behaviour. Recently, human emotions are recognised by analysing signals of brain via 
electroencephalogram (EEG), however most studies show poor accuracy results. This 
is due to the limitations of existing feature extraction, feature selection and 
classification methods to address complex, chaotic and non-stationary EEG signals. 
Therefore, this research aims to develop an improved computational model for human 
emotion recognition model based on EEG multi-dimensional signals. This research 
has enhanced emotion recognition model in three parts. First part is feature extraction 
by proposing nearest-neighbour Grubbs based Discrete Wavelet Packet Transform 
(DWPT), where outliers are detected by Grubbs test and replaced to its nearest 
neighbour signal. Second part involves the feature selection method through 
developing an Improved Social Spider Optimisation (ISSO). This method is enhanced 
by incorporating Particle Swarm Optimization (PSO) global search towards better 
solution of spider movement behaviour. Third part is concerned on the development 
of Eagle Strategy Social Spider Optimisation (ESSO) for tuning parameters of Least 
Square Support Vector Machine (LSSVM) to avoid local optima problem. In this 
research, the proposed model is tested on the pre-processed EEG data obtained from 
Database for Emotion Analysis Using Physiological (DEAP) data set. The data was 
split into two groups according to subjects which are Data 1 and Data 2. Results 
showed that the proposed model outperforms the existing model. The maximum 
valence and arousal accuracies based on Data 1 were 76.39% and 83.33% respectively. 
While, the maximum valence and arousal accuracies in Data 2 were 72.22% and 
81.94% respectively. The proposed EEG-based emotion recognition model 
contributes to the growing needs of an intelligent Brain-Computer Interface (BCI) and 
can facilitate the development of healthcare applications. 

Keywords: Emotion recognition, Electroencephalogram, Discrete Wavelet Packet 
Transform, Social Spider Optimisation, Least Square Support Vector Machine 
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CHAPTER ONE 

  INTRODUCTION 

1.1 Background 

Emotion states have great influences and play essential roles in human life, such as 

learning, decision-making, and communication. Human emotion recognition is 

commonly referred to as a pattern classification problem. Accurate classification 

results can only be accomplished through the determination of an ideal/optimal feature 

space with implementation of a classifier that closely models the actual classification 

problem based on the selected feature space (Al-Nafjan, Hosny, Al-Wabil, & Al-

Ohali, 2017; Zhang, Jiang, & Dong, 2017; Ghosh Dastidar, 2007; Kim, Kim, Oh, & 

Kim, 2013; Kumar et al., 2016; Valenza, Citi, Lanatá, Scilingo, & Barbieri, 2014). 

Emotion can be assessed by analysing physiological signals (Al-Nafjan et al., 2017; 

Granero et al., 2016; Kim et al., 2013; Taffese, 2017). Human emotion can be 

systematically described through mapping onto a corresponding two-dimensional 

valence–arousal emotion space in which valence is represented as a horizontal axis 

indicating positivity of emotion and arousal is represented as a vertical axis indicating 

emotional activation level (Russell, 1979; Thammasan, Moriyama, Fukui, & Numao, 

2017). Physiological signals are divided into a couple of categories, for instance: (i) 

the peripheral nervous system (e.g., galvanic skin response (GSR), electromyography 

(EMG), and heart rate (HR)) and (ii) the central nervous system (i.e., 

electroencephalogram [EEG]) (Chanel, Kronegg, Grandjean, & Pun, 2006; Scherer, 

2001; Girardi, Lanubile, & Novielli, 2017; Granero et al., 2016; Kim et al., 2013; 

Luneski et al., 2010; Taffese, 2017). The interaction of neurons in the human brain 

creates rhythmic signals. These signals can be separated into different bands based on 
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their frequency, such as delta, theta, alpha, beta, and gamma (Al-Nafjan et al., 2017; 

Dhariya, 2013; Taffese, 2017). These signals correlate with several types of human 

emotions. Therefore, EEG has been used to investigate the brain dynamics 

proportional to human emotion, qualifying the immediate responses to stimuli. 

Consequently, EEG-based emotion recognition has become one of the key approaches 

among researchers to monitor a person’s mental state. EEG measures brainwaves in 

various frequencies by putting electrodes on certain sites on the head in order to detect 

and record the electrical pulsations inside the brain (Bos, 2006; Dhariya, 2013; 

Jirayucharoensak, Pan-Ngum, & Israsena, 2014; Kim et al., 2013; Taffese, 2017). The 

improvement of EEG-based emotion recognition seeks computational models that 

depict how an emotional state is represented in EEG signals and how an emotional 

state can be estimated from EEG signals. The difficulties in modelling human emotion 

by EEG are mainly due to the complexity of the brain, which means the EEG signal is 

nonlinear and chaotic in nature (AlZoubi et al., 2009; Liu et al., 2010). Hence, 

analysing and developing a computational model based on EEG signals to recognize 

human emotion is a challenging task (Al-Nafjan et al., 2017; Kim et al., 2013; Kumar, 

2016). 

The emotion recognition model based on EEG consists of four main phases: (i) pre-

processing phase, (ii) feature extraction phase, (iii) feature selection phase, and (iv) 

classification phase. The pre-processing phase aims to reduce the noise in the signals, 

while the feature extraction phase aims to derive features from EEG signals (e.g., 

discrete wavelet bundle change (DWPT) calculation). At that point, because of the 

high dimensionality of feature space issues, feature selection aims to reduce the 

dimensions of the feature and select an educational dataset (e.g., genetic algorithm 
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selection). In contrast, the classification phase aims to classify the features into their 

classes (e.g., least square support vector machine [LSSVM]). 

Therefore, several EEG-based emotion recognition models have been proposed within 

several studies (Jatupaiboon, Pan-ngum, & Israsena, 2013; Soroush, Maghooli, 

Setarehdan, & Nasrabadi, 2017), and several studies have adopted heuristic algorithms 

to be used in their proposed models to improve the recognition performance, such as 

genetic algorithm (GA) (Atkinson & Campos, 2016), and swarm-based algorithms 

such as particle swarm optimisation (PSO) (Mehmood & Lee, 2016). The social spider 

optimisation (SSO) algorithm is a swarm-based algorithm proposed by Cuevas, 

Cienfuegos, Zaldívar, and Pérez-Cisneros (2013). This algorithm has several 

advantages over other existing algorithms such as PSO and ABC. It is inspired by the 

social behaviour of spiders: the way that social spiders exchange information and their 

vibrations and mating behaviours. This mechanism gives SSO distinct advantages 

(Cuevas et al., 2013): (i) Spiders operators allow a better particle distribution in the 

search space, which increases the algorithm’s ability to find the global optima. (ii) 

They produce different rates between exploration and exploitation during the 

evolution process. (iii) They typically exchange data actively and positively, which in 

turn decreases the consumed time and the loss of information to some degree. This 

research aims to provide an enhanced computational model based on the SSO 

algorithm to improve the performance of EEG-based human emotion recognition. 

1.2 Research Motivation 

Emotion plays an important role in the logical and intelligent behaviour of humans. 

Affective computing strives to build up the model of emotions and advance 

computers’ affective intelligence (Zhang, Jiang, & Dong, 2017). Hereby, several 
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studies were conducted for assessing human emotions. Many researchers used the 

facial expression and prosody for detecting human emotions (Khan & Sharif, 2017). 

For instance, Anderson and McOwan (2006) and Nie et al. (2011) have used facial 

expression, while Ang and colleagues (2002) have recognised emotions based on 

prosody (Ang, Dhillon, Krupski, Shriberg, & Stolcke, 2006; Nie et al., 2011). 

Regardless the large numbers of studies that have been done in this area, most of the 

results from these approaches are not reliable and inconvenient since people fake their 

response and feelings (Nie et al., 2011; Shu et al., 2018). Therefore, the interpretation 

of emotions is still lacking in affective computing and cannot be defined by human-

computer interactions (HCI), which is aims to narrow the communication gap between 

human and machines (Nie et al. 2011; Kim, Kim, Oh, & Kim, 2013; Shu et al., 2018). 

Hence, a large number of studies have been conducted on neural-based emotion 

correlation by using different non-invasive sensor modalities and techniques such as 

Magnetoencephalography (MEG) and Functional Magnetic Resonance Imaging 

(FMRI). However, the immobility and the cost of such modalities have preventing 

these techniques to be used in the practical emotions recognition systems (Kim et al., 

2013; Shu et al., 2018).  

On another side, assessing human emotions were done by analysing physiological 

signals such as GSR, ECG, and EEG. According to Fink (2000), GSR can only 

represent the arousal dimension, but not able to assess the valence dimension of the 

emotions, and the features in electrodermal system almost have an identical trend for 

different emotions (Monajati, Abbasi, Shabaninia, & Shamekhi, 2012, Shu et al., 

2018). Meanwhile, emotion recognition based on ECG signals which is depending on 

the difference of HR variability measures has been used in several studies. However, 
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the main limitation of this approach is it only classified emotion in positive or negative 

classes. Although some features might have different changes in the same emotion, to 

some extent, putting all features in overall consideration can eliminate the difference 

(Rattanyu & Mizukawa, 2012; Shu et al., 2018). Therefore, EEG-based emotion 

recognition is one of the key interest approaches among researchers to monitor user’s 

mind state. EEG carries an important advantage related to practical usage and has 

prime characteristics to be developed in numerous human emotions recognition 

systems. 

EEG has opened a new area in examining brain activity, and although a growing 

number of studies have demonstrated EEG-based emotion recognition, this field of 

research is relatively new and challenging due to the complexity of EEG signals 

(Dhariya, 2013; Kim et al., 2013; Kumar, 2016; Liu, Sourina, & Nguyen, 2010). 

Recognising human emotion is seen as one of the key steps toward advanced human–

computer interaction. Emotion recognition strives to advance the intelligence of 

computers to make influential user interfaces and to improve the quality of psychiatric 

healthcare. In addition, developing and improving the intellectual brain–computer 

interface (BCI) system is one of the main goals of emotion recognition studies (Bajaj 

& Pachori, 2013; Zhuang et al., 2017). Currently, it has been shown to have skills for 

numerous areas of life, for example, in health, neuro-marketing, criminal justice, 

entertainment, and almost all practical apps that need computers to be sensitive to 

human emotions. Considering that emotion recognition by computers has become ever 

more popular (Anh, Van, Ha, & Quyet, 2012; Zhuang et al., 2017), emotion 

recognition study is indispensable (Ackermann, Kohlschein, Bitsch, Wehrle, & 

Jeschke, 2016; Li, Huang, Zhou, & Zhong, 2017; Liu & Sourina, 2013, 2014; Nie, 
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Wang, Shi, & Lu, 2011). Moreover, although the advancement in computational 

algorithms and techniques has recently added to the promising results in EEG-based 

emotion recognition studies, less attention has been paid to the computational models 

for emotional state estimation. Hence, more research is needed on computational 

models for emotional state estimation to subserve the development of advanced 

emotion recognition methods (Kim et al., 2013; Kumar, 2016). 

1.3 Problem Statement 

To date, various studies have attempted to model human emotion using EEG signals. 

However, the classification accuracy is often still poor, leaving this an open research 

area (Liu, Sourina, & Nguyen, 2011; Nie et al., 2011; Hadjidimitriou & 

Hadjileontiadis, 2012;  Jatupaiboon et al., 2013; Kim et al., 2013; Valenza et al., 2014; 

Lee & Hsieh, 2014; Gao, Lee, & Mehmood, 2015; Taffese, 2017; Zhuang et al., 2017; 

Al-Nafjan, 2017; Shu et al., 2018). It is noted that most of these studies have developed 

their models depending on a diverse collection of factors. These factors include 

stimulus, number of channels, emotional states, subject model type (dependent or 

independent), and number of classes. Each one of these factors significantly affects 

the performance of the proposed model, and this is beside the impact of the efficiency 

of the methods used in every phase of the model. Such myriad factors have caused 

different accuracy results. For example, Liu and Sourina (2014) extracted EEG 

features using higher-order crossing (HOC), the statistical method, and Higuchi’s 

fractal dimension (HFD) of six subjects from to the DEAP database. They used the 

SVM classifier to classify these features of the six subjects together into eight 

emotions that they mapped by their valence and arousal levels. The average 

classification accuracy obtained was 54.58%. On another side, Jirayucharoensak et al. 
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(2014) extracted spectra power features of EEG signals. They used the deep learning 

network (DLN) classifier to classify these features into three level of valence and three 

level of arousal, resulting nine emotions. They obtained average classification 

accuracy at 49.52% and 46.03% for valence and arousal respectively. Be as it may, 

the optimal accuracy of dimensional models of human emotion recognition mainly 

relies on two main keys, namely, the extracted features, determining of ideal feature 

space, and classification algorithm. Consequently, the vulnerability in the existing 

feature extraction, feature selection, and classification methods seems to be the main 

issue behind the poor classification accuracy (Jatupaiboon et al., 2013; Kim et al., 

2013; Kohlschein, Bitsch, Wehrle, & Jeschke, 2016; Purnamasari et al., 2017; Zhou, 

& Zhong, 2017; Al-Nafjan et al. 2017). 

Indeed, EEG signals are complex, chaotic, and non-stationary in nature, besides being 

time-varying, which means that the human brain produces different frequency bands 

within different periods. Hence, extracting features from such signal is a challenging 

task (Wali et al., 2013; Al-Fahoum, & Al-Fraihat, 2014; Xiangtan, 2010; Ackermann 

et al., 2016). Therefore, several feature extraction methods have been proposed in the 

literature. Nevertheless, it has been noted that the DWPT algorithm is a relatively more 

appropriate algorithm for extracting EEG features since it is a time-frequency domain 

algorithm and it is introduced to provide efficient localization of frequency bands 

(Wali et al., 2013; Karim et al., 2015; Karim, Ismail, Hasan, Sulaiman, & Muthuvalu, 

2015; Ackermann, Kohlschein, Bitsch, Wehrle, Jeschke, 2016). However, regardless 

of its advantages, this algorithm has several drawbacks: First, the length of 

decomposition results in DWPT decreases by half in every next level of 

downsampling; thus, the length of sequences in the last level becomes very short, 
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meaning some frequency bands (e.g., alpha, beta, gamma) are scattered in several 

locations in the decomposition tree (Bilgin, Çolak, Koklukaya, & Arı, 2008; Fa & Zuo, 

2006; Zhao, Zhao, & Ye, 2010; Wali et al., 2013; Ackermann et al., 2016). Second, in 

DWPT, despite the good production of coefficients as features and the reduction of 

the probability of outliers due to noise, the outliers are still there (Aminian, Aminian, 

Schettino, & Ameli, 2010). Moreover, other studies have also observed that the 

decomposition of the DWPT also has outliers in sub-signal data points, which in turn 

affects the quality of the extracted features (Wang, Wan, Mak, Mak, & Vai, 2011; Sun 

& Zhou, 2014). Therefore, the outlier problems stem from the EEG signals’ having a 

poor signal-to-noise ratio. Thus, outliers can obscure the importance of smaller 

features, which may play important roles in the classification process (Wang, Wan, 

Mak, Mak, & Vai, 2011; Sun & Zhou, 2014). 

Therefore, the features are extracted from the EEG signals, then including all extracted 

signal features is possible, but it would result in a curse of dimensionality problem that 

would adversely affect the recognition performance. This conceivable limitation in 

different classification problems is known as a curse dimensionality problem, which 

easly can disturb the performance of a classifier. Thus, addressing these limitations 

can be achieved by feature selection. Thus, resulting a reduction of computational 

costs, and enhancement on the classification performance. Hence, myriad methods 

have been introduced aiming to reduce the dimensionality of data and select a small 

set of informative features that are necessary and sufficient for a classifier (Ansari, 

Chanel, & Pun, 2007; Åberg & Wessberg, 2007;  Khalili & Moradi, 2008; Frey, Mühl, 

Lotte, & Hachet, 2013; Hsiao, Chen, & Teng, 2014; Liu, Wu, Cheng, Yin, Wang, Liu, 

Zhang, & Zhang, 2017; Suleiman & Fatehi, 2007; Zhang, Chen, Zhan, Yang, & Xia, 
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2017; Zheng, Zhu, & Lu, 2017; Shon et al., 2018). Several feature selection methods 

include filter selection methods such as principle component analysis (PCA), and 

wrapper-based selection method such as (GA-classifier) have been proposed to tackle 

this issue. However, the wrapper-based feature selection methods have shown a 

superior performance compare with other methods, the differences, advantages, and 

disadvantages between the feature selection methods is illustrated in Section 2.8). On 

another side, several studies have used various types of classifiers to categorize human 

emotion, such as Artificial Neural Network (ANN), Deep Learning Network (DLN), 

Decision Tree (DT), K-Nearest Neighbour (KNN), and Support Vector Machine 

(SVM). Regardless of the availability of these classifiers, based on a thorough 

literature review, SVM classifier is the most prominent method with providing 

remarkable performance for classifying EEG signals into human emotions 

(Jatupaiboon et al., 2013; Sohaib, Qureshi, Hagelbäck, Hilborn, & Jerčić, 2013; 

Tiemann et al., 2010; Zheng, Santana, & Lu, 2015; Al-Nafjan, Hosny, Al-Ohali, & 

Al-Wabil, 2017). Unlike other classifiers, SVM is easy to train and control, and its 

scale is well with high dimensional data, and it is not sensitive to the size of the data 

as in KNN and DLN classifiers. In addition, SVM can deal well with the nonlinear 

data, with no assumptions need over the structure of th data because it is a non-

parametric algorithm (Mohamed, 2017; Kirchner, 2018). Therefore, a promising 

classifier called LSSVM has been introduced to address the quadratic encoding of 

SVM by introducing linear equations instead of quadratic encoding. Thus overcoming 

the computation and equation complexity of SVM and providing better classification 

results (Suykens & Vandewalle, 1999; Ye & Xiong, 2007; Lai & Liu, 2014; Mustaffa 

& Yusof, 2014; Zulkifli, Sawal, Ahmad, & Islam, 2015; Zulkifli et al., 2015; Rashid, 

Shabri, & Samsudin, 2017; Thomas & Sael, 2017; Bajaj, Krishna, Priyanka, & Taran, 
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2018). In this classifier, Radial Basis Function (RBF) kernel is usually selected as a 

kernel function of LSSVM due to its good features (Boolchandani & Sahula, 2011; 

Guo, Li, Bai, & Ma, 2012; Mustaffa & Yusof, 2014; Kumar, Khaund, & Hazarika, 

2016; Ma et al., 2016; Amin, Mumtaz, Subhani, Saad, & Malik, 2017). However, the 

key problem of LSSVM is selecting its parameters, including (i) the LSSVM 

regularization parameter, γ, and (ii) the RBF kernel function parameter, σ (smoothing 

parameter), which ought to be ideally tuned. Considering cross approval, the gridding 

hunt technique (grid search) is typically used to focus these two parameters; however, 

the lapse accuracy for the gridding inquiry strategy may not be satisfied since this 

method has a problem with pitfalls of local optima (Garrett, Peterson, Anderson, & 

Thaut, 2003; Wang & Fu, 2014; Ren & Bai, 2010; Shi et al., 2015; Tuba, Tuba, & 

Beko, 2016). 

Hence, to tickle the aforementioned issues in feature selection and classification 

performance, several heuristic algorithms have been adopted to be used in feature 

selection and in LSSVM parameter tuning, such as the GA algorithm, and swarm-

based algorithms, such as PSO, ABC, and SSO. However, GA has many 

disadvantages compared with other recent algorithms (Anderson & Thaut, 2003; 

Binitha & Sathya, 2012): (i) Dynamically managing datasets is complicated; (ii) GA 

is not ideal for solving restriction optimization problems; (iii) GA may tend to 

converge in the direction of local optima as opposed to the global optimum in the 

problem when the fitness function is not identified effectively regarding particular 

optimization problems; (iv) it provides a similar quantity of computation time, while 

less-complicated optimization algorithms could find much better solutions than GA; 

(v) GA has less capacity compared with other inspired algorithms such as PSO and 
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ABC (Anderson & Thaut, 2003; Binitha & Sathya, 2012). Accordingly, recent years 

have witnessed the use of more current evolution algorithms (EAs) such as PSO and 

ABC for selecting optimal features of EEG signals (Adam et al., 2014; Mishra, Dehuri, 

& Cho, 2015). Unlike other inspired algorithms, swarm intelligence algorithms (SIs) 

are based on the social behaviour of organisms but not on their genetic adaptation 

(Binitha, & Sathya, 2012; Kennedy & Eberhart, 2001). Thus, numerous studies have 

used swarm algorithms such as the most popular algorithms, PSO and ABC.  However, 

such algorithms suffer from drawbacks like premature convergence and erroneous 

exploration–exploitation balance (Cuevas, Cortés, & Navarro, 2016).  Therefore, a 

recent algorithm such as SSO been used only in tiny number of studies that other than 

EEG. Thus, a meticulous study on other recent evolutionary algorithms such as SSO 

is considerably important in determining the optimal EEG feature space. However, the 

searchability of the SSO algorithm needs to be enhanced. The exploration-exploitation 

of the SSO algorithm need to maintain, whereas in the optimisation process of the 

original SSO, the search history of an individual spider is not fully utilised. Thus, the 

process of benefitting from the advantage of the exploration information needs to be 

enhanced. As SSO does not favour the premature convergence, thus poor convergence 

is occurred  and the exploration-exploitation balance is damaged (Shukla & Nanda, 

2016; Zhou, Zhou, Luo, & Abdel-Basset, 2017; Sun, Qi, Ren, Yu, & Ruan, 2017; 

Luque-Chang, Cuevas, Fausto, Zaldívar, & Pérez, 2018). In addition, the mating 

behaviour performed by dominant male spiders and their neighbouring female spiders 

is an important operation in SSO. This mating operation allows the individuals to 

exchange information (Zhao, Luo, & Zhou, 2017; Luque-Chang et al., 2018). 

However, the total number of male spiders is tiny compared with that of female 

spiders, and the mating process is restricted to be performed by a dominant spider and 
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neighbouring females. This issue leads to poorness of information exchange among 

spiders. Consequently, SSO is not stable toward optimal solution, where the 

population cooperation to each other need to be maintain. SSO found to be easily fall 

in local optimum solution and unsatisfactory convergence speed. (Zhou et al., 2017; 

Sun et al., 2017; Luque-Chang et al., 2018).  

Henceforward, due to these problems, this research proposes an enhanced 

computational model based on the SSO algorithm to recognize human emotion. 

Consequently, this research aims to improve the method in each phase, develop a 

DWPT-based feature extraction method, and develop a feature selection method based 

on improved SSO and a new parameter-tuning algorithm for the LSSVM classifier. 

1.4 Research Questions 

The main question of this research is, how can an enhanced computational model for 

human emotion recognition based on EEG signals be developed? To achieve this, the 

following sub-questions need to be addressed: 

1. How can an enhanced feature extraction method based on DWPT be developed 

that addresses the existence of outliers? 

2. How can a feature selection method based on the SSO algorithm be developed 

that promoting its diversity for better exploration search? 

3. How can an LSSVM tuning algorithm based on SSO be developed with 

promoting its global search for avoiding the local optima? 

4. How to evaluate an enhanced computational model based on social spider 

optimisation for EEG-based emotion recognition? 
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1.5 Research Objectives 

The main objective of this research is to develop an improved computational model 

for human emotion recognition based on EEG multidimensional signals. To achieve 

this, the following sub-objectives need to be addressed: 

1. To develop an enhanced feature extraction method based on DWPT that 

addresses the existence of outliers. 

2. To develop a feature selection method based on the SSO algorithm that 

promoting its diversity for better exploration search. 

3. To develop an LSSVM tuning algorithm based on SSO that promoting its 

global search for avoiding the local optima. 

4. To evaluate the enhanced computational model based on social spider 

optimisation for EEG-based emotion recognition. 

1.6 Research Scope 

This research covers a specific area of EEG-based emotion recognition and involves 

developing an improved computational model for recognising specific types of human 

emotions with three levels of valence and arousal dimensions, resulting in nine human 

emotions, and using a subject-independent model. In this research, features were 

extracted from EEG signals based on the time-frequency domain algorithm. The target 

emotions were classified by using a supervised learning algorithm (classification 

tasks) named LSSVM. In this research, pre-processed EEG data obtained from the 

DEAP database were used. The dataset is freely accessible from 

http://www.eecs.qmul.ac.uk/mmv/datasets/deap/. Additionally, the classification of 

human emotions in this study was done in offline mode. 

http://www.eecs.qmul.ac.uk/mmv/datasets/deap/
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1.7 Research Significance 

EEG signals have an important role, and the conceivable applications utilizing such 

signals are exceptionally various. This research offers a human emotion recognition 

model for EEG signals to meet the growing needs of an intelligent brain–computer 

interface (BCI). The proposed model can serve as an improvement in the performance 

the quality of human life wherever EEG based applications are used, such as in 

healthcare, neuro-marketing, e-earning, and decision-making. Moreover, the proposed 

model adds improved methods to the body of knowledge. This research shows 

significant knowledge contribution in the area of feature extraction, feature selection 

and classification. Alternative solution methods are given in identifying human 

emotion through EEG signals that later can be used by researchers, for example, in 

pattern recognition, engineering, and health sciences.  

1.8 Research Outline 

This section illustrates the outline of this research as follows: 

Chapter One provides background on emotion recognition based on EEG signals. 

Then, it discusses the recent issues and gaps in this area. Finally, it presents the 

research questions and objectives. 

Chapter Two presents a literature review on the emotion recognition model’s 

components and discusses the methods for EEG-based emotion recognition that have 

been introduced in previous studies. 

Chapter Three presents the methodology of this research. 
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Chapter Four introduces the proposed feature extraction method based on DWPT, 

the nearest neighbour Grubbs DWPT, with its implementation, experimental results, 

and findings. 

Chapter Five introduces the proposed feature selection method based on SSO, the 

improved social spider optimisation for feature selection (ISSO-FS), with its 

implementation, experimental results, and findings. 

Chapter Six introduces the proposed tuning algorithm based on SSO, the eagle 

strategy social spider optimisation for tuning the LSSVM’s classifier parameters 

(ESSO-LSSVM), with its implementation, experimental results, and findings. 

Chapter Seven concludes this research, discussing the achievement objectives, 

findings, limitations, implications, and recommendations for future works.  
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CHAPTER TWO  

LITERATURE REVIEW 

2.1 Introduction 

Sadness, frustration, anger, calmness, pleasure, and happiness are the basic human 

emotions and are very important in our daily lives. Human emotions can be recognised 

by various techniques, including analysing the voice (speech recognition), facial 

expressions, and different bio-signals such as HR, GSR, EMG, and EEG. This chapter 

provides a review of many different EEG-based emotion recognition studies and 

explanations of human emotion estimation using the general EEG-based emotion 

recognition approach, which includes several phases for estimating human emotions, 

such as EEG recording, pre-processing, feature extraction, and classification. This is 

beside other significant factors that play important roles in EEG emotion recognition 

performance, such as stimuli, number of electrodes, feature type, participants, and 

emotional model. First, the questions “What is the concept of emotions?” and “How 

can they be measured?” are addressed. 

2.2 Emotional States 

Emotions can be operationally defined as states extracted by means of rewards and 

punishments that are fitted with functions, which are generally defined in terms of 

what will happen when working to receive rewards and avoid punishments (biopac, 

2014; Rolls, 1998, 2005). On the other hand, in terms of psychological and 

physiological state, emotional state is where emotions and behaviours are interrelated, 

and it is estimated in context (Kim et al., 2013; Scherer, 2005). In the psychological 

part, the emotional state space can be constructed through the dimensional model or 

the discrete model. In the dimensional model, an emotional state is described spatially 
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by the essential dimensions of emotion like valence and arousal, where an emotion is 

clarified via its dimensional levels (Kim et al., 2013; Mauss & Robinson, 2009). 

Meanwhile, in the discrete model, an emotional state can be described as a set of a 

specific number of discrete states related to one of the basic emotions such as sadness, 

happiness, fear, surprise, disgust, and anger, or a mix of these (Barrett, 1998; Kim et 

al., 2013). These kinds of emotion models have been used for systematic as well as 

multilateral analysis of emotion (Kim et al., 2013; Mauss & Robinson, 2009). 

More precisely, according to Hamann (2012) and Kim et al. (2013), in affective 

computing (AC), emotional states can be defined by means of emotional state space 

(Barrett, 1998; Russell, 2003). This emotional state space is typically divided in two 

categories: discrete space and continuous (dynamic) space. Table 2.1 shows a 

comparison between these two categories. Moreover, emotions can be recognised by 

evaluating valence (pleasant or unpleasant) and arousal (passive or active) (Lang, 

1995; Rubin & Talarico, 2009). Figure 2.1. illustrates several emotions placed on the 

arousal–valence space coordinates. The connection of physiological signals with 

arousal–valence is drawn through psychophysiology, where the activation of the 

autonomic nervous system (ANS) changes as soon as emotions are elicited (Kim et 

al., 2013; Levenson, 1988; Rached & Perkusich, 2013).  
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Table 2.1. Comparison between Discrete Space and Continuous Space. 

Emotional 

space  

Emotion 

Model 

Essence Comprises Emotions 

Discrete 

space 

Discrete 

model 

Contains a set of discrete 

experiential emotional 

states. 

7 emotions: happiness, 

sadness, anger, fear, 

disgust, surprise, 

contempt. 

Continuous 

space 

Dimensional 

model 

Represents an emotional 

state as a vector in 

multidimensional space. 

Different psychological 

models represent 

emotional dimensions 

that later constitute the 

basis for the emotional 

state space. 

The vector of the 

emotional state depends 

on the definition’s basis. 

For example, in the 

circumplex model, 

emotion space is defined 

in two dimensions: 

valence and arousal. 

 

 

 

 

 

 

 

 

 

Figure 2.1.  Emotions placed on arousal–valence space coordinates 
(Jirayucharoensak et al., 2014). 

 



19 

 

2.3 Emotion Recognition Techniques 

In the literature, numerous techniques have been used for human emotion  recognition, 

such as analysing the voice (speech recognition), facial expressions, and different bio-

signals such as HR, GSR, EMG, and EEG. These emotion recognition techniques are 

an area of high attention for human–computer interaction (Ramakrishnan, 2012). Such 

techniques have been inspired by the perspective of the psychological aspect of 

autonomic nervous system (ANS) activity changes in humans, where these techniques 

are conducted in order to measure these significant changes that correlate with human 

emotions. The following subsections briefly explain the aforementioned techniques.  

2.3.1 Vocal Recognition 

In vocal recognition, or speech-based emotion recognition, the input data are speech 

signals. The speech features are extracted from the voice signal and input to a 

particular classifier for distinguishing emotion type (Lukose & Upadhya, 2017). A 

Speech Emotion Recognition (SER) framework is broadly utilized in different 

applications in everyday life. This SER innovation has enhanced the regions in Human 

PC interfaces, for example, in gaming, e-earning, voice search (Zhang, Sun, & Duan, 

2015; Lukose & Upadhya, 2017). The SER framework centers in perceiving the 

condition of feeling of an individual's voice. Speaker and culture reliance are an 

exceptionally critical aspect in this framework. A specific feeling communicated is 

exceedingly reliant on the speaker and an individual's age, identity, language, and 

environment. There might be more than one seen feeling in a similar articulation, and 

it is vital to decide this emotional state (Lukose & Upadhya, 2017). 
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2.3.2 Facial Expression Recognition 

Facial expression recognition results in detecting and identifying the fundamental 

human emotions like happiness, sadness, fear, neutrality, anger, disgust, and surprise. 

These emotions are different among different people. Therefore, emotion recognition 

based on facial expressions depends on various psychological operations applied 

within a big array of neural structures (Adolphs, 2002; Ramakrishnan, 2012). Hence, 

recognising emotions based on facial expressions involves several logical steps, 

including (1) detection of a face source, whether from still image or video, which is 

considered as the input to the system; (2) facial tracking system, which includes an 

algorithm to track each of the face parts such as lips, eyebrows, and eyes, aiming to 

pick out any possible movement of the face; (3) facial features extraction, and (4) 

classification step, where the main expressions of the face are classified into six 

fundamental emotions including happiness, sadness, fear, anger, disgust, and surprise 

(Ramakrishnan, 2012). 

2.3.3 Heart Rate 

Heart rate variability (HRV) is a way of measuring heart rate against time. HRV carries 

a frequency range of 0.05–4Hz. In HR emotion recognition, ECG signals are recorded, 

then pre-processed using a low-pass filter at 100Hz. Then, the pre-processed signal 

goes through a feature extraction algorithm such as discrete wavelets transform 

(DWT) and continuous wavelet transform (CWT) to extract ECG features. Finally, the 

selected features are fed into a classifier in order to classify emotions (Jo, Lee, & Shin, 

n.d.; Ramakrishnan, 2012). 
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2.3.4 Galvanic Skin Response 

GSR is also known as skin response, skin conductance (SC), or electro-dermal 

response (EDR). It is a measurement technique that depends on bioelectrical skin 

properties; thus, it is the measure of SC (ESense, n.d.). GSR signals increase linearly 

with a person’s level of total arousal (Nakasone, Prendinger, & Ishizuka, 2005). In 

other words, it is the correlation between the bodys’s arousal state and GSR, where 

the GSR signals within the GSR emotion system are physiologically sensed. In most 

of the GSR-based emotion recognition studies, SC features are extracted from these 

signals, and then these features are fed into a neural network classifier to establish 

emotions (Ramakrishnan, 2012). 

2.3.5 Electromyography 

EMG measures the muscles’ electrical activity when they contract (Ahmad Nasrul & 

Mohd Hanafi, 2009; Kim et al., 2013; Ramakrishnan, 2012; Too, Abdullah, Zawawi, 

Saad, & Musa, 2017). Electrochemical nervous communication begins with the 

brain’s generation of an action potential that is distributed through nerves to stimulate 

a skeletal muscle. This stimulation produces muscle contraction, which in turn causes 

the movement of the limbs. Potential activity works on a single nerve and on the huge 

number of skeletal muscle fibres. Hence, the actual electric potential coming from 

muscles recorded by EMG is in fact a superposition of potential activities performing 

on skeletal muscle fibres (Ahmad Nasrul, & Mohd Hanafi, 2009; Basmajian & De 

Luca, 1985; Too et al., 2017). 

EMG signals are known to be correlated with negative-valence emotions (i.e., anger, 

sadness) (Gouizi, Maaoui, & Reguig, 2014; Nakasone, Prendinger, & Ishizuka, 2005; 

Ramakrishnan, 2012). Receiving human EMG signals involves a number of processes, 
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including data acquisition, recording, and signal conditioning. The EMG signal 

recording process is performed simply by means of electrodes. Three kinds of 

electrodes are widely used to record EMG signals—needle, surface, and wire 

electrode, with the last option becoming the most in-demand, mainly because it is non-

invasive (Gerdle, Karlsson, Day & Djupsjöbacka, 1999; Ramakrishnan, 2012; Too et 

al., 2017). 

2.3.6 Electroencephalogram 

The EEG-based emotion recognition technique is one of the bio-signals–based 

emotion recognition techniques that accurately identify human emotion state. The 

signals are recorded using electrodes, which calculate the brain’s electrical activity 

(Abhang, Rao, Gawali, & Rokade, 2011; Kim et al., 2013; Zhuang et al., 2017). The 

brain is totally secured by a network of various sorts of neurons, which are the 

information preparing units. The skull shields the brain from injury. It is framed from 

eight bones: the frontal, two parietals, two temporals, sphenoid, occipital, and 

ethmoid. Anatomically, five fundamental parts of the brain can be recognized: the 

cerebrum, diencephalon, cerebellum, mesencephalon, and medulla oblongata 

(Minshew and Keller, 2010; Ramadan, Refat, Elshahed, and Ali, 2015). One critical 

capacity of the diencephalon is the sending of tactile data to other brain zones. In 

addition, the cortex comprises of two sides of the equator, which are associated by 

means of a shaft called the corpus callosum. Every half of the globe is overwhelming 

for particular capacities. Greater action in the left side of the equator can be seen amid 

the acknowledgment of letters and words, the utilization of verbal memory, and sound-

related view of words and dialect. Every half of the globe is apportioned into five 

anatomically well-defined regions, the so-called lobes, as given in Figure 2.2. 
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Figure 2.2. Hemisphere (Rao et al., 2012) . 

EEG  is the recording of electrical activity from the brain, and it is analogue biological 

data. EEG measures voltage alteration caused by ionic streams inside the neurons of 

the brain. EEG can be measured by the electroencephalograph, using a special 

measuring card and multiplexer that transform EEG signals into digital form (Horlings 

et al., 2008; Jatupaiboon et al., 2013; Ramakrishnan, 2012). This area attracts the 

interest of many researchers, especially recently. This research focuses on this area. 

Table 2.2 . illustrates a summary of these techniques, advantages and disadvantages. 

Table 2. 2. A Summary of The Emotion Recognition Techniques. 

Method Source Input Advantages Disadvantages 

Vocal Voice Voice 
signals 

Non-intrusive 
information 

delivers. 

Inconvenient and not 
reliable results since 

persons can fake their 
responses. 

Facial 
expression Face 

Still 
image 

or 
video 

Non-intrusive 
information 

delivers. 

Inconvenient and not 
reliable results since 

persons can fake their 
responses. 

The need of image 
pre-processing and 

complex pattern 
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recognition 
algorithms. 

Only works well when 
a posed behaviour and 

proper lightning. 
 

HR Heart ECG 
signals 

Non-invasive 
sensors 

Intrusive sensors, and 
not comfortable for 

users. 
It is mainly classified 
emotion in positive or 

negative classes. 

EMG Muscles EMG 
signals 

Non-invasive 
sensors 

Intrusive sensors, and 
not comfortable for 

users. 
It is mainly correlated 
with negative-valence 

emotions such as 
anger, sadness. 

GSR 
Skin 

conductance 
(SC) 

GSR 
signals 

Non-invasive 
sensors 

Intrusive sensors, and 
not comfortable for 

users. 
It is mainly able to 

assess arousal 
dimension of emotion 

but not the valence 
dimension. 

The features in 
electrodermal system 

almost have an 
identical trend for 
different emotions 

EEG Brain EEG 
signals 

Non-invasive 
sensors. 

Has prime 
characteristics in 
practical usage. 

Has provide 
reliable results; 

directly from the 
brain. 

Has a distinct 
temporal and 

spectral 
resolution. 

Rich of 
information. 

Easy to setup. 

Sensitive to the 
noises. 
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2.4 Computational Model for Emotion Recognition Using EEG Signals 

The advantages of the EEG technique attract scientists to using EEG to recognise 

human emotions; EEG has effective and attractive properties, especially in the AC 

field, and consequently in HCI and BCI science. Hence, a high number of fundamental 

emotion recognition studies have been established based on EEG and are reviewed in 

this research. Table 2.3 illustrates some EEG-based emotion recognition studies. 

Consequently, this chapter gives insight into the factors that affect the emotion 

recognition process, ordered by every phase in the EEG emotion recognition approach, 

which have all been inserted under two main parts: (i) EEG datasets (including stimuli, 

EEG channels, and subjects) and (ii) computational model (including feature 

extraction, feature selection, classification, and evaluation methods). Figure 2.3 

illustrates the general model of the EEG-based emotion recognition technique 

(Jatupaiboon et al., 2013; Kim et al., 2013). The data of EEG signals are obtained from 

the participants as the result of their responses to affective stimuli. These stimuli can 

be pictures, music, or a combination of the two. Then, the EEG signals pass through 

the pre-processing phase, in which noise  is reduced to improve the quality of the EEG 

signals and enhance the signal-to-noise power ratio (SNR). 

 

 

 

 

 

 

Figure 2.3.  Emotion recognition approach using EEG signals  (Jatupaiboon et al., 
2013) . 
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Thereafter, the pre-processed EEG signals pass through the feature extraction phase, 

in which a specific band power that correlates with a target emotional state is 

determined. Next, the extracted features vectors are fed into a classifier in the 

classification phase, in which the most apparent emotional states are estimated. 

However, the number of classes is related to the definition of the adopted emotional 

state space, for instance, the discrete state or the continuous state of arousal and 

valence. On another side, The recording of EEG signals is performed using multiple 

electrodes on the scalp; these electrodes are what detect brain activity as rows of EEG 

waves. The EEG brainwaves basically include five waves categorized by their 

frequency bands: delta (1–3Hz), theta (4–7Hz), alpha (8–13Hz), beta (14–30Hz), and 

gamma (>31Hz), see Figure 2.4. 

Figure 2.4. Brainwaves with basic emotion labels, including delta, theta, alpha, beta, 
and gamma (brainwavemaster, 2014).
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Table 2.3 Some EEG-based Emotion Recognition Studies. 

Authors Database Subjects EEG features 

Feature 

extraction 

method 

Classifier 

Accuracy 

(%)/ 

# classes 

Mohammadi, Frounchi, & 

Amiri, 2017. 
DEAP Dep/32 δ, θ, α, β, and γ DWT KNN 

86.75/2 

valence 

84.05/2 

arousal 

Zhuang et al., 2017 DEAP Dep/32 Dt, Dp, Enorm IMF1 SVM 

69.10/2 

valence 

71.99/2 

arousal 

Alsolamy & Fattouh, 2016. Music Dep/14 δ, θ, α, β, and γ PSD SVM 85.86/2 

Atkinson & Campos, 2016 DEAP Dep/32 θ, low α, α, β, and γ 
MRMR and 

Statistical 
SVM 

73.14/2 

valence 

73.06/2 

arousal 
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Bhatti, Majid, Anwar, & 

Khan, 2016. 
Music Ind/30 N/A 

FFT, WT, PSD, 

and Statistical 
MLP-BP 

65.38/love 

94.87/happy 

78.13/sad 

74.07/angry 

Jalilifard, Pizzolato, & 

Islam, 2016 
Video Dep/8 θ, α, β, and γ STFT SVM 92.10/2 

Kumar, Khaund, & 

Hazarika, 2016 
DEAP Ind/32 θ, α, and β HOS LSSVM 

60.9/low 

arousal 

68.8/high 

arousal 

59.4/low 

valence 

62.5/high 

valence 

Mehmood & Lee, 2016 IAPS Dep/21 
δ, θ, α, β, γ, and ERP 

(LPP) 

Statistical, power 

spectrum, and LPP 
SVM 58.0/4 
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Thammasan, Fukui, & 

Numao, 2016 
Music Dep/15 δ, θ, α, β, and γ PSD, HFD, DWT DBN 

88.24/2 

valence 

82.59/2 

arousal 

Bajaj & Pachori, 2015 Audio-video Dep/8 

ratio of norms, Shannon 

entropy, and normalized 

Renyi entropy 

Multiwavelet LSSVM 84.79/4 

Vijayan, Sen, & Sudheer, 

2015 
DEAP Dep/32 γ 

SE,WT, CC, and 

AR 
SVM 

95.83/excited 

90.97/happy 

96.52/sad 

93.05/hatred 

Bajaj & Pachori, 2014 Audio-video Dep/8 Mean and Std Multiwavelet LSSVM 89.79/4 

Jirayucharoensak et al., 

2014 
DEAP Ind/32 Spectra power PSD DLN 

49.52/3 

valence 

46.03/3 

arousal 
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Liu & Sourina, 2014 DEAP Dep/6 HOC + statistical + FD 
HFD, HOC, and 

statistical 
SVM 54.58/8 

Liu & Sourina, 2014 Visual Dep/2 HOC + statistical + FD 
HFD, HOC, and 

statistical 
SVM 59.64/4 

Liu, Wu, Cheng, Hsiao, 

Chen & Teng, 2014 
IAPS Dep/10 Spectra power, KFEP KFDA 

IQK-

SVM 

82.68/2 

valence 

84.79/2 

arousal 

Valenzi, Islam, Jurica, & 

Cichocki, 2014 
Film clips Dep/9 Spectra power STFT SVM 97.2/4 

Bajaj & Pachori, 2013 audio-video Dep/4 

Ratio of norms, Shannon 

entropy and normalized 

Renyi entropy 

Multiwavelet LSSVM 80.83/4 

Jatupaiboon, Pan-ngum & 

Israsena, 2013 
Audio-visual Dep/4 β and γ PSD SVM 75.62/2 

Anh, Van, Ha, & Quyet, 

2012 
IAPS Dep/20 FD HFD SVM 70.5/5 

Duan, Wang, & Lu, 2012 Music Dep/5 θ, α, β, and γ Power spectrum SVM 80.08/2 

Hadjidimitriou & 

Hadjileontiadis, 2012 
Music Dep/9 β and γ HHS KNN 86.52/2 
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Nasehi & Pourghassem, 

2012 
Image Dep/10 

Spectral, spatial, and 

temporal. 
Gabor functions PNN 64.78/6 

Soleymani, Lichtenauer, 

Pun, & Pantic, 2012 
DEAP Ind/32 θ, slow α, α, β, and γ PSD SVM 

57.0/3 

valence 

52.4/3 arousal 

Brown et al., 2011 Film clip Dep/11 
α1 (6–8 Hz), α2 (8–10 

Hz), and α3 (10–12 Hz) 
PSD KNN 85.0/3 

Murugappan, Nagarajan, & 

Yaacob, 2011 
Audio-visual Dep/20 Entropy WT KNN 

83.04/5 

79.17/5  

Nie, Wang, Shi, & Lu, 

2011 
Movie Ind/6 

δ, θ, α, β, and γ bands 

 
PSD SVM 87.53/2 

Petrantonakis & 

Hadjileontiadis, 2011 
Pictures Dep/16 α and β 

HOC and cross-

correlation 
SVM 94.4/2 

Wang, Nie, & Lu, 2011 Movie clip Ind/5 α, β, and γ Power spectrum SVM 66.5/4 

Yuen et al., 2011 Visual Dep/6 θ, α, β, and γ Statistical features NN 95.0/5 

Hosseini, Khalilzadeh, 

Naghibi-Sistani, & 

Niazmand, 2010 

IAPS Ind/15 
δ, θ, α, β, and γ 

(bifrequency) 

HOS and Hinich’s 

tests 
SVM 82.0/2 
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Khosrowabadi, Quek, 

Wahab, & Ang, 2010 

Visual and 

audio 
Dep/26 

Boundary of frequency ( 

2–30 HZ) 
MSCE KNN 84.5/4 

Lin et al., 2010 Music Dep/26 δ, θ, α, β, and γ STFT SVM 82.29/4 

Murugappan, 

Ramachandran, & Sazali, 

2010 

Audio-visual Dep/20 δ, θ, α, β, and γ WT KNN 83.04/5 

Petrantonakis, & 

Hadjileontiadis, 2010 
Visual Dep/16 α and β HOC SVM 83.33/6 

AlZoubi, Calvo & Stevens, 

2009 
IAPS Dep/1 

Each 1Hz bins within 

range (3–40Hz) 
PSD KNN 66.74/10 

AlZoubi, Calvo & Stevens, 

2009 
IAPS Dep/1 

Each 1Hz bins within 

range (3–40Hz) 
PSD NB 42.83/10 

AlZoubi, Calvo & Stevens, 

2009 
IAPS Dep/1 

Each 1Hz bins within 

range (3–40Hz) 
PSD SVM 54.57/3 

Li & Lu, 2009 Pictures Dep/10 γ(43.5–68.5 Hz) FFT SVM 
93.5/2 

 

Lin, Wang, Wu, Jeng, & 

Chen, 2009 
Music Dep/26 δ, θ, α, β, and γ (ASM12) STFT SVM 92.57/4 

Khalili & Moradi, 2008 eNTERFACE Dep/6 θ, α1, α2, β1, β3, and γ Laplacian filter KNN 65.0/2 
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*Abbreviations: Features: higher-order crossing (HOC), fractal dimension (FD), event-related-potential (ERP), intrinsic mode functions 

(IMFs). Feature extraction methods: power spectral density (PSD), Hilbert–Huang spectrum (HHS), short-time Fourier transform 

(STFT), Higuchi’s fractal dimension (HFD), wavelet transform (WT), magnitude square coherence estimation (MSCE), higher-order 

spectra (HOS), asymmetry index (AsI), Active Shape Models (ASM), empirical mode decomposition (EMD), kernel Fisher's discriminant 

analysis (KFDA), kernel Fisher’s emotion pattern (KFEP), fast Fourier transform (FFT). Classification methods: support vector machine 

(SVM), deep learning network (DLN), least square support vector machine (LSSVM), k-nearest neighbours (KNN), artificial neural 

network (ANN), neural network (NN), least square (LS), imbalanced quasiconformal kernel-support vector machine (IQK-SVM), 

probabilistic neural network (PNN), multilayer perceptron-backpropagation (MLP-BP), deep belief network (DBN).
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2.5 EEG Datasets 

Two types of data have been used in EEG-based human emotion recognition studies: 

(i) primary data and (ii) secondary data. Some have used their own primary data, and 

others have used secondary data collected by other authors. According to Liu and 

Sourina (2013), only three essential EEG databases have been collected by their 

authors: (i) eNTERFACE database (Savran et al., 2006), (ii) DEAP database (Koelstra 

et al., 2012), and (iii) the database established by Yazdani et al. (2012). Two EEG 

databases were recently presented by Liu and Sourina (2013). Table 2.4 shows some 

information about the databases, while the subsections of the EEG datasets explain 

about the factors of the EEG data acquisition process. 

Table 2.4 Some Information about the Five Effective EEG Databases. 

EEG Database Stimuli/ 

number of 

subjects 

System used Number of 

target 

emotions 

eNTERFACE, 2006 Picture/5 64 channels, Biosemi 

ActiveTwo acquisition 

system 

3 

DEAP, 2012 Music-

video/32 

32 channels, Biosemi 

ActiveTwo device 

4 

Yazdani et al., 2012 Music-

video/6 

32 channels, Biosemi 

ActiveTwo system4 

5 

Liu and 

Sourina, 

2013 

DB1 Sound 

clip/14 

14 channels, Emotiv Epoch 

device 

8 

DB2 Picture/14 

In eNTERFACE, the authors used IAPS pictures as stimuli to induce three target 

emotions—calm, excited positive, and excited negative—from five subjects. Sixty-

four EEG channels based on the Biosemi ActiveTwo acquisition system were adopted, 
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but only 54 channels were recommended to be used. The DEAP database is a large 

EEG database with two versions—the original dataset and the pre-processed dataset—

which was recorded from 32 subjects who participated in the data recording. The 

authors of this database used music-videos as stimuli to induce subjects’ emotions, 

and 32 EEG channels based on a Biosemi ActiveTwo device were used in the data 

recording. More information about the DEAP EEG datasets can be found in Section 

2.5.1. The database collected by Yazdani et al. (2012) used 32 channels based on 

Biosemi ActiveTwo system 4, and music-video stimuli were also used to induce five 

target emotions based on valence-arousal dimensions including (1) HAHV, (2) 

HALV, (3) LAHV, (4) and LALV, and neutral from six subjects who participated in 

the data recording. Moreover, two EEG databases were collected by Liu and Sourina 

(2013): One was collected based on sound clip stimuli, and the other was collected 

based on picture stimuli. Fourteen channels of the Emotiv Epoch device were used in 

recording data for 14 subjects for both types of stimulus. The two databases were 

collected, and the eight target emotions were protected, satisfied, surprised, happy, 

sad, unconcerned, frightened, and angry based on valence–arousal dimensions. 

Generally, the key idea of using these public datasets is to use them as a benchmark 

to analyse and examine the effectiveness of their proposed methods. For this reason, 

this study has selected the DEAP public EEG dataset, which was built by Queen Mary 

University of London. This dataset can be retrieved from 

http://www.eecs.qmul.ac.uk/mmv/datasets/deap/index.html. 

 

http://www.eecs.qmul.ac.uk/mmv/datasets/deap/index.html
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2.5.1 DEAP Database 

2.5.1.1 Experimental Setting 

DEAP is a multimodal dataset for human full of feeling state examination. Both EEG 

and peripheral physiological signs of 32 subjects were recorded utilizing varying 

media boosts. Varying media boosts were utilized in light of the fact that they have 

been appeared to be a superior method to instigate subjects' emotions, contrast and 

these that prompted by music or picture, which thus prompts better data nature of EEG 

signals (Jirayucharoensak et al., 2014; Koelstra et al., 2010; Nie et al., 2011; 

Soleymani et al., 2012; Valenzi et al., 2014; Wang et al., 2011). Each subject was 

required to watch 40 music-recordings for 1 minute each. After every moment of 

viewing the music-video, the subjects were solicited to round out the scale from a self-

evaluation of their emotion levels as far as arousal, valence, predominance, and liking, 

which were made in light of the self-appraisal puppets (SAM) technique (Morris, 

1995). Figure 2.5 demonstrates a representation of the SAM scales. In them, the 

subject checks a number somewhere in the range of 1 and 9 for every class to show 

his/her emotion states. Despite the fact that this dataset records information on arousal, 

valence, predominance, and liking, Russel et al. (1979) demonstrated that valence and 

arousal dimensions are sufficient to decide an emotion (Liu et al., 2010, 2013). 

 

 

 

 

Figure 2.5. Self-assessment manikins (SAM) (Morris, 1995). 
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In the DEAP database, the test was performed inside two laboratory condition settings. 

Two computers were utilized in this analysis—one computer was utilized for putting 

away information, while another was utilized for exhibiting the stimuli—and to keep 

the two computers synchronized, bookmarks were sent from one computer to the next 

(Koelstra et al., 2012). Figure 2.6 presents the convention used to lead the analysis. 

 

 

 

 

 

 

Figure 2.6. Experiment protocol (Rached & Perkusich, 2013). 

 

 

 

 

 

Figure 2.7. The 10-10 international system (Sepulveda, 2011). 
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In addition, the peripheral physiological signals and EEG signals from 32 subjects 

were obtained by using the Biosemi ActiveTwo system. Thirty-two channels based on 

the 10-10 international system were set up on the subject’s scalp as shown in Figure 

2.7 above, and the corresponding signals were received from each channel. 

Therefore, based on the set-up electrodes, the DEAP database only provides four 

emotional states: (1) low arousal/low valence (LALV), (2) high arousal/low valence 

(HALV), (3) low arousal/high valence (LAHV), and (4) high arousal/high valence 

(HAHV), as illustrated in Figure 2.8. 

 

.  

 

 

 

 

 

Figure 2.8. Arousal-valence of four classes (Koelstra et al., 2012). 

2.5.1.2 Pre-processed DEAP Dataset 

Pre-processing is an essential advance in preparing the EEG dataset. The rows of EEG 

information contain a considerable measure of commotion that can contrarily 

influence emotion acknowledgment execution. Consequently, in the progression of 

pre-processing the EEG information, the creators played out a few adjustments to the 

EEG signals: First, the example rate of the information was lessened from 512Hz to 

128Hz. Second, the antiques of eye developments were expelled from the EEG 
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motions by utilizing a system examined in their investigation (Koelstra et al., 2012). 

Third, the EEG signals were sifted with a band pass channel in the range somewhere 

in the range of 4Hz and 45Hz. At long last, the EEG information were partitioned into 

a few sections, where each fragment incorporates 60-second examples with end of the 

initial 3 seconds. Consequently, the pre-processing of the information won't be 

performed inside the setting of the momentum inquire about.  

Also, the EEG information were later pre-handled and were put away in 32.mat 

(MATLAB) documents, where each record has information chiefly for one subject; 

each document of the information incorporates two clusters (Data and Labels), as 

illustrated in Table 2.5.  

Table 2.5. Contents of Each Subject File. 

Array 
name 

Array shape Array contents 

Data 40×40×8064 

 

Music-video/trial × channel × data 

Labels 40×4 Music-video/trial × label (valence, arousal, 
dominance, liking ) 

The 40 channels in each file include the 32 channels of the brain (EEG) as well as 

physiological signals from EOG, EMG, GSR, respiration belt, plethysmography, and 

temperature, as illustrated in Figure 2.9. In the current research, only the EEG signals 

are analysed. 
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Figure 2.9. The 40 channels of each subject 

2.5.2 Subjects 

The subjects were males and females with different ages and characteristics (the more 

subjects there are, the more reliable the results). The subject models were divided into 

two categories: the subject-dependent model and the subject-independent model, 

which is harder to design and implement than the subject-dependent model due to 

interparticipant variability (Jatupaiboon et al., 2013). This research proposed to 

develop a subject-independent model. Features from 12 subjects were divided into two 

datasets, where each dataset contained six subjects to be classified together. 
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2.5.3 Emotion Stimulus 

Emotions can be induced by several methods, including recalling, self-eliciting, and 

using external stimuli such as music, pictures, or a mixture of both (audio-visual). Two 

fundamental sources, the International Affective Picture System (IAPS) and the 

International Digitized Sound System (IADS), were widely used to elicit emotions. 

IAPS and IADS are commonly followed by emotional rating from the average 

judgments of numerous people (Jatupaiboon et al., 2013; Murugappan, 

Ramachandran, & Sazali, 2010). Most studies have used visual stimuli to evoke 

emotions. However, it has been confirmed that using audiovisual stimuli evokes 

emotions better than visual stimuli (Baumgartner, Esslen, & Jäncke, 2006; 

Jirayucharoensak et al., 2014; Koelstra et al., 2010; Murugappan et al., 2010; Nie et 

al., 2011; Soleymani et al., 2012; Valenzi et al., 2014; Wang et al., 2011). The 

principle favorable position of this technique dwells in the solid connection between's 

initiated emotional states and physiological responses (Murugappan et al., 2010; 

Valenzi et al., 2014). 

However, when the number of emotions to be classified is increased, the classification 

becomes harder. For example, Nie et al. (2011) used the PSD feature extraction 

method to extract the δ, θ, α, β, and γ bands from 62 channels. These features were 

used as input into an SVM classifier for classifying two valence classes with average 

accuracy of 87.53%. Meanwhile, Wang et al. (2011) used the same model as Nie et al. 

(2011) to classify four emotional states: joy, relaxation, sadness, and fear. They 

obtained an average accuracy of 66.51%. 
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2.6 Pre-processing 

EEG signals are generally recorded through various positions on the top of the head. 

These signals are usually contaminated with artefacts such as noise due to the power 

line, electrocardiography, electro-oculogram, gloss kinetic, and electromyogram. 

These artefacts must be removed to get better quality and less variable EEG data 

signals. These noises can be removed by several filters and artefact-removal methods 

such as finite impulse filter (FIR), Butterworth filter, infinite impulse filter (IIR), 

Surface Laplacian (SL), and independent component analysis (ICA) (Lakshmi, Prasad, 

& Prakash, 2014; Murugappan et al., 2010; Verma, Mishra, & Ve, 2012). On the other 

hand, many EEG-based human emotion studies have adopted a band pass range 

between 4Hz and 45Hz to filter EEG signals as the necessary EEG signals that 

correlate with human emotions fall in this range. In addition, this band pass filter 

removes the 50Hz power line noise (Liu et al., 2010; Valenzi et al., 2014). The datasets 

proposed in this study (DEAP) have already been pre-processed by their authors 

(Section 2.5.1.2). 

2.7 Feature Extraction 

In view of the properties of EEG signals whereby they correlate with human emotions, 

many such characteristics can be extracted as features such as spectral power of EEG 

signals, fractal dimension (FD), entropy, and event-related potential (ERP), among 

others (Jatupaiboon et al., 2013; Kim et al., 2013). Numerous neuropsychological 

studies have documented the EEG features that correlate with human emotions, and 

these features have been extensively slipped into two domains: the frequency domain 

and the time domain. The differences between the two domains are described in Table 

2.6 (Kim et al., 2013). 
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Table 2.6. A Description of Time Domain and Frequency Domain 

Time Domain Frequency Domain 

• Different ERP components reflect 

implicit emotional states. 

• The ERP components can be 

encapsulated in chronological order 

as follows: 

o P1 and N1 components are 

produced in a short latency 

from stimulus starter. 

o N2 and P2 in a middle 

latency. 

o P3 and slow cortical 

potential (SCP) in a long 

latency. 

• ERP components of short to middle 

latencies correlate with valence 

dimension. 

• ERP components of middle to long 

latencies correlate with arousal 

dimension. 

• The spectral power within different 

frequency bands has been implicated 

in the emotional state. 

• Within the dimensional model, the 

alpha power varies with the valence 

state since the frontal asymmetry 

associated with the alpha power has 

frequently been reported to robustly 

correlate with valence. 

• Within the discrete model, the alpha 

power varies among happiness, 

sadness, and fear. 

• In addition, the event-related 

desynchronization (ERD) and event-

related synchronization (ERS) of the 

gamma power has been correlated 

with some human emotions like 

happiness and sadness. 

ERP features are unsuitable in real-time 

(online) computing since their 

computation demands average EEG 

signals throughout multiple trials. 

The interactive properties between a 

pair of EEG oscillations such as phase 

synchronization and coherence have 

also been implicated in emotional 

processes, rendering frequency features 

more reasonable to use in real-time 

computation. 
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In order to extract the features of EEG signals, there are several time domain and 

frequency domain methods available, such as power spectral density (PSD), fast 

Fourier transform (FFT), short-time Fourier transform (STFT), higher-order spectra 

(HOS), Higuchi fractal dimension (HFD), higher-order crossing (HOC), statistical 

values, Hjorth parameters, and event-related potential (ERP). Indeed, in the BCI field 

and human emotion estimation studies, it has been shown that feature extraction is a 

very important phase compared with other phases like selection of a classifiers. Hence, 

features must be selected carefully (Jatupaiboon et al., 2013; Kim et al., 2013; Valenzi 

et al., 2014). 

Lin et al. (2008) used a frequency domain method called STFT to extract spectral 

power EEG features from 32 bipolar electrodes (16 channels). Meanwhile, Bajaj and 

Pachori (2014) used a time domain method to extract features’ means and standard 

deviations of Euclidian distance. Meanwhile, Nie et al. (2011) used a frequency 

domain method to extract PSD features for δ, θ, α, β, and γ bands from 62 channels. 

Horlings et al. (2008) used both a frequency domain method (to extract band power, 

cross-correlation power, and peak alpha features) and a time domain method (to 

extract Hjorth parameters features). 

Moreover, Bajaj and Pachori (2013) used a time domain method called “higher HOC” 

to extract features from EEG signals. Meanwhile, Bajaj and Pachori (2015) used three 

types of features including normalized Renyi entropy ratio of the norms-based 

measure and Shannon entropy measure. The following subsections explain some 

feature extraction methods. 
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2.7.1 Frequency Domain Methods 

A. Band Power 

Band power is one of the most common features in the EEG-based emotion 

recognition context in EEG studies. The most popular algorithm used to extract such 

features is the FFT algorithm and its variation, STFT (Jenke, Peer, & Buss, 2014), and 

the estimation involving PSD using Welch’s technique (Frantzidis et al., 2010; Jenke 

et al., 2014). Moreover, STFT has been a well-used time-frequency analysis simply 

because STFT can easily reveal the actual salient qualities of a signal in more detail 

inside the time-frequency domain with high resolution and is particularly much less 

affected by cross-disturbance of a multi-component signal (Valenzi et al., 2014). 

B. Higher-Order Spectra 

The HOS involved in the group of bispectra and bicoherence magnitudes, which were 

used by Hosseini et al. (2010), belong to the frequency domain group (Jenke et al., 

2014). The bispectrum (Bis) signifies the Fourier transform associated with the 

signal’s third-order correlation of the signal, for example: 

                                Bis(𝑓1, 𝑓2) = E[𝑋(𝒇𝟏) . 𝑋(𝒇𝟐) .  𝑋
∗(𝒇𝟏+𝒇𝟏)]                               (2.1) 

where 𝑋(𝑓)  is the Fourier transform of the signal 𝑋 , and * denotes complex 

conjugate, and E [.] stands for the expectation operation. Bicoherence (Bic) is simply 

the normalized bispectrum: 

                                               Bic(𝑓1, 𝑓2) =
Bis(𝑓1,𝑓2)

√𝑃(𝑓1) .𝑃(𝑓2) .𝑃(𝑓1+𝑓2)
                                    (2.2) 

where  𝑃(𝑓) =  E[𝑋(𝑓) 𝑋∗(𝑓)] is the power spectrum. 
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2.7.2 Time Domain Methods 

According to Jenke et al. (2014), the features that belong to the time domain tend not 

to be predominant. However, several studies have adopted this type of method to 

determine the characteristics of time series signals, which vary among distinct emotion 

states. 

A. Event-Related Potentials (ERP) 

ERPs mirror the synchronous movement of populaces of neurons, precisely, 

summated postsynaptic possibilities (Fabiani, Gratton, and Coles, 2007; Hajcak, 

MacNamara, and Olvet, 2010; Luck, 2005). ERPs are ordinarily recognized by their 

planning, morphology, scalp geography, and reaction to exploratory controls. The 

terminology of normal ERPs regularly catches the extremity of the diversion and 

relative inertness (Frantzidis et al., 2010; Hajcak et al., 2010). For instance, Frantzidis 

et al. (2010) controlled properties N100, N200, P100, P200, and P300, which were put 

as the idleness and abundancy of ERPs as features in their investigation. 

 
B. Statistics of Signal 

There are numerous statistical measures to describe EEG time series (Jenke et al., 

2014), such as power, mean, standard deviation, first difference, normalised first 

difference, second difference, and normalised second difference. The normalized first 

difference dj is usually known as normalized length density, and it captures self-

similarities of the EEG signal (Kroupi, Yazdani, & Ebrahimi, 2011). 
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C. Hjorth Features 

Hjorth (1970) developed time series features including activity, mobility, and 

complexity. Such features have been used in several EEG studies (Mehmood & Lee, 

2015; Singh et al., 2012). 

D. Fractal Dimension 

Fractal dimension (FD) is a mathematical instrument intended for handling complex 

systems. Several methods have been used to calculate fractal dimension to spell out 

objects in a particular space, since FD features have been observed to be a good choice 

for biological data analysis (Phothisonothai & Watanabe, 2013). Hence, several 

methods have been proposed to calculate the fractal dimension, including Higuchi 

fractal dimension (HFD) (Higuchi, 1988), variance fractal dimension (VFD) (Kinsner 

& Grieder, 1995), and detrended fluctuation analysis (DFA) (Peng et al., 1994). Table 

2.7 illustrates the advantages and disadvantages of each method (Phothisonothai & 

Watanabe, 2013). 

Table 2.7. Some Common Fractal Dimension Methods. 

Method Advantage Disadvantage 

HFD • HFD shows high-accuracy 

results. 

• High consumption of 

processing time compared 

with others. 

DFA 

 

• Fast computation time and shows 

reasonable values of variability 

compared to others. 

• DFA has drawbacks with 

accuracy compared with 

HFD. 
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VFD 

 

• Fastest computation time. 

• VFD is appropriate to implement 

in real-time applications. 

• VFD shows low-accuracy 

results and has drawbacks 

with robustness. 

E. Higher-Order Crossings 

HOC features, provided by Petrantonakis and Hadjileontiadis (2010), are presented as 

a robust and efficient method that captures the oscillatory EEG pattern. In this method, 

a high-pass filter sequence is employed on the zero-mean time series 𝑍(𝑡): 

                                                    𝕵𝑘    {𝑍(𝑡)} = 𝛻
𝑘−1𝑍(𝑡),                                              (2.3) 

where 𝛻𝑘  is the iteratively applied difference operator, and the order 𝑘 = 1,… , 10 

according to Petrantonakis and Hadjileontiadis (2010). 

2.7.3 Time-Frequency Domain Methods 

Due to the several limitations of frequency domain and time domain analysis, 

numerous time-frequency algorithms have been previously proposed (Ackermann, 

Kohlschein, Bitsch, Wehrle, & Jeschke, 2016; Tonner & Bein, 2006). This is due to 

the non-stationary and time-varying qualities of EEG signals, which mean that the 

brain produces different frequencies of signals within different times. Hence, time-

frequency domain methods seem to be more proper methods to extract features from 

such signals (Acharya et al., 2011; Ackerman et al., 2016; Al-Qammaz, Ahmad, & 

Yusof, 2016; Wali et al., 2013). The most commonly used algorithms are presented in 

Table 2.8. 
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Table 2.8. Some Commonly Used Time-Frequency Algorithms. 

Algorithm Description Advantages Disadvantages 

Wavelets 

(Mallat, 1999; 

Samar, 

Bopardikar, Rao, 

& Swartz, 1999) 

WT is a multiple 

resolution analysis 

(MRA). This 

method includes 

CWT and DWT. 

• MRA 

decomposition 

demonstrates 

EEG signal 

attributes. 

• The 

computational 

speed of DWT 

is high. 

• The mother 

wavelet function 

(MWF) 

selection could 

be determined 

by a priori 

assumptions. 

• For all 

frequencies, the 

exact same 

MWF is 

utilised. 

STFT 

(Oppenheim, 

Schafer, & Buck, 

1989) 

STFT is an FT 

used in 

consecutive 

windows of time. 

• Fast 

computational 

rate. 

• Unable to 

identify 

frequency 

bursts. 

• Fixed time-

frequency 

resolution. 

Matching pursuit 

(MP) 

(Blinowska, 

Durka, & 

Zygierewicz, 

2004; 

Gratkowski, 

Haueisen, Arendt-

A signal is 

decomposed by 

MP into a sparse 

manifestation of 

atoms obtained 

from a large and 

redundant 

dictionary. 

• Ideal time-

frequency 

resolution 

modified on the 

signal. 

• Only a few 

frequencies are 

necessarily 

symbolized, 

making 

comparisons to 

other studies 

complicated. 
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Nielsen, Chen, & 

Zanow, 2008) 

Wigner-Ville 

distribution 

(WVD) 

(Durka, 2007) 

WVD is the 

simplest case of 

Cohen’s class, 

using the kernel 

set to 1. 

• Works properly 

for non-

stationary multi-

component 

signals. 

• High temporal 

resolution. 

• Mainly affected 

by cross-term 

interference. 

• The estimation 

of density 

includes 

negative values. 

2.7.3.1 Wavelet Transform 

The wavelet transform is a multi-resolution analysis (MRA) that has many advantages 

over methods such as MP, STFT, and WVD (Akin, 2002). The principle of this 

algorithm is to break down the actual signal directly into time-frequency coefficients 

acquired by projection subspaces by way of a mother wavelet function (MWF). This 

MWF can be determined from a thesaurus of an unlimited number of waveforms, 

which are distinguished by limited energy over their time course, possess zero mean 

value, and have comparatively minor low-frequency content when compared to the 

high-frequency energy (Samar et al., 1999). WT is more suitable than Fourier 

transform, which it mimics the attributes of EEG, where this success is depending on 

the scaling and the shifting properties of the mother wavelet (Akin, 2002; Prochazka, 

Kukal, & Vysata, 2008; Tibdewal, Dey, Mahadevappa, Ray, & Malokar, 2016).  

2.7.3.2 Discrete Wavelet Transform 

The DWT process is computed to be a convolution in the scaled wavelet within 

discrete steps to cover the whole-time interval with no overlapping (Gratkowski et al., 

2008; Mallat, 1989; Olesen et al., 2011; Storti et al., 2010). Thus, this procedure 
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calculates a non-redundant, extremely efficient impersonation of the signal composed 

of as numerous coefficients as are present in the particular enter signal along with a 

bandwidth set to half the sampling rate. Since a convolution within the time domain 

refers to multiplication within the frequency domain, the actual algorithm can be 

considered as a filtering process. The DWT is a linear transformation on a vector of 

data, transforming it into a numerically different vector with length power of two. This 

result are in separated frequency components, each of which is then studied with 

resolution matched to its scale (Kociołek, Materka, Strzelecki, & Szczypiński, 2001; 

Vamsi, Suman, Nikhil, & Malini, 2017; Zubair & Yoon, 2017). DWT is computed 

with a cascade of filtering followed by a factor-2 sub-sampling (see Figure 2.10). 

 

Figure 2.10. DWT tree 

H denotes a high-pass filter, L denotes a low-pass filter, and ↓ 2 denotes sub-sampling. 

Outputs of these filters are given by the two following equations: 

                                               𝑎𝑗+1[𝑝] = ∑ 𝑙[𝑛 − 2𝑝]𝑎𝑗[𝑛]                         
+∞
𝑛=−∞          (2.4) 

                                                𝑑𝑗+1[𝑝] = ∑ ℎ[𝑛 − 2𝑝]𝑎𝑗[𝑛]
+∞                                      (2.5) 

Factors aj are utilized for the next scale of the transform, and factors dj, which are 

called wavelet coefficients, determine the output of the transform. l(n) and h(n) are 

low-pass and high-pass coefficient filters, respectively. One may suppose that only on 

scale j+1 there is only 50% of the number of a and d factors on scale j. This is because 

DWT is done until only two aj elements remain in the analysed signal. These elements 

are called scaling function coefficients (Houssein, Hassanien, & Fahmy, 2016; 
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Murugappan, Ramachandran, & Sazali Hamad, 2015; Vamsi et al., 2017; Zubair & 

Yoon, 2017) 

2.7.3.3 Discrete Wavelet Packet Transform 

Wavelets are mathematical functions that compose information into various frequency 

components and afterward think about every part with a specific scale. Wavelets were 

produced freely in the fields of arithmetic, quantum material science, electrical 

designing, and picturesque topography. Trades between these fields and different areas 

amid the most recent 10 years have prompted numerous new wavelet applications, for 

example, flag processing, picture organization, and quake prediction (Acharya et al., 

2011; Ackermann et al., 2016; Chui, 2014; Cvetkovic, Übeyli, and Cosic, 2008; 

Jensen, 2003; Jensen, and la Cour-Harbo, 2001; Zubair and Yoon, 2017). Wavelets 

are functions that fulfill certain mathematical prerequisites and are utilized in 

representing information. Wavelet investigation receives a wavelet model capacity 

called a mother wavelet (Chui, 2014; Cvetkovic et al., 2008; Hamad et al., 2016; 

Jensen, 2003; Jensen and la Cour-Harbo, 2001; Wali et al., 2013; Zubair and Yoon, 

2017). 

The mother wavelet function represents the filters, and the coefficients can be 

calculated depending on the orthogonal wavelets in order to confirm that the translated 

and scaled wavelets are not related (Chui, 2014; Cvetkovic, Übeyli, & Cosic, 2008; 

Hamad et al., 2016; Jensen & la Cour-Harbo, 2001; Samar, Bopardikar, Rao & Swartz, 

1999; Wali, Murugappan, & Ahmmad, 2013; Zubair & Yoon, 2017). The waveforms 

of such kind of wavelets are like the waveforms detected in the EEG signal.  
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Moreover, brain signals are non-stationary and time-varying, which means that the 

brain produces different frequencies of signals at different times. Thus, it retains the 

information of EEG signals within both time and frequency domains (the time-

frequency domain) (Acharya et al., 2011; Ackerman et al., 2016; Al-Qammaz et al., 

2016; Wali et al., 2013). One of the hybrid advantages of DWPT is that it provides an 

efficient localisation of the frequency band and has the ability to produce 

approximation and detail coefficients, unlike the DWT algorithm (See Figure 2.11) 

(Ackerman et al., 2016; Wali, Murugappan, & Ahmmad, 2013). Hence, in this 

research, the DWPT algorithm has been adopted. 

Figure 2.11. Decomposition of five-level EEG signals using DWPT 

The enter signal is filtered by the low-pass channel H(m) and the high-pass channel 

g(m) to get the approximation and detail coefficients, individually. Thereupon, the 

coefficients of approximation are utilized as contribution to the successive sifting, and 
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the algorithm is halted when a last approximation is represented by one coefficient 

just; these coefficients represent the wavelet disintegration.  

The precise deduction from the approximation coefficients (CA0, CA1, and CA𝐾) can 

be gotten by subtracting the 𝑁 sorts of proposals for input signal 𝑆 and extending it to 

N^*= 𝑁 + 2(𝑀 − 2) + 𝐶, on the grounds that 𝐶 is settled and precisely levels with 0 

planned for even 𝑁 or 1 expected for odd 𝑁 (Wali, Murugappan, and Ahmmad, 2012). 

This extension can amazingly be required to coordinate between assortments of 

information tests while utilizing wavelet channel coefficients. This factor ought to be 

utilized in each contribution to any level. Therefore, the new expanded signal 𝑆 is as 

follows: 

                                    𝑺 = [𝑺𝟎, 𝑺𝟏, 𝑺𝟐, … , 𝑺𝑵∗−𝟏]                                                     (2.6) 

Then, utilizing wavelet disintegration for this signal 𝑆, the approximation coefficients 

can be acquired just via completing convolution of info tests with low-pass filtration 

framework coefficients including 𝑀 coefficients, as demonstrated in Figure 2.12, to 

produce (𝑁∗−𝑀)/2 approximation coefficients, as in the following equation: 

                                𝐶𝐴0 = 𝑆0 ∗ ℎ0 + 𝑆1 ∗ ℎ1 +⋯+ 𝑆𝑀−1 ∗ ℎ𝑀−1                              (2.7) 

𝐶𝐴1 = 𝑆2 ∗ ℎ0 + 𝑆3 ∗ ℎ1 +⋯+ 𝑆𝑀+1 ∗ ℎ𝑀−1,       

. 

. 

. 

𝐶𝐴((𝑁∗−𝑀)/2) = 𝑆(𝑁∗−𝑀) ∗ ℎ0 + 𝑆(𝑁∗+𝑀) ∗ ℎ1 +⋯+ 𝑆(𝑁∗−1) ∗ ℎ𝑀−1, 

Convolution of the enter signal samples and high-pass coefficients generates the first-

level fine detail coefficients (CD0, CD1, and CD𝐾) as follows: 
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                                𝐶𝐷0 = 𝑆0 ∗ 𝑔0 + 𝑆1 ∗ 𝑔1 +⋯+ 𝑆𝑀−1 ∗ 𝑔𝑀−1,                            (2.8) 

 

𝐶𝐷1 = 𝑆2 ∗ 𝑔0 + 𝑆3 ∗ 𝑔1 +⋯+ 𝑆𝑀+1 ∗ 𝑔𝑀−1, 

. 

. 

. 

𝐶𝐷((𝑁∗−𝑀)/2) = 𝑆(𝑁∗−𝑀) ∗ 𝑔0 + 𝑆(𝑁∗+𝑀) ∗ 𝑔1 +⋯+ 𝑆(𝑁∗−1) ∗ 𝑔𝑀−1, 

Therefore, the following equation is used to derive approximation coefficients: 

    𝐶𝐴𝐾 = ℎ0𝑆2∗𝐾 + ℎ1𝑆2∗𝐾+1 +⋯+ ℎ𝑀−1𝑆2∗𝐾+𝑀−1 = ∑ ℎ𝑖 ∗ 𝑆𝑖+2∗𝐾,
𝑀−1
𝑖=0         (2.9) 

     𝐶𝐷𝐾 = 𝑔0𝑆2∗𝐾 + 𝑔1𝑆2∗𝐾+1 +⋯+ 𝑔𝑀−1𝑆2∗𝐾+𝑀−1 = ∑ 𝑔𝑖 ∗ 𝑆𝑖+2∗𝐾.
𝑀−1
𝑖=0             

 then, the accompanying condition represents the connection between the low-pass 

and high-pass channel coefficients and the info tests in producing approximation and 

detail coefficients inside any level "b": 

                                               𝐶𝐴𝑏,𝐾 = ∑ ℎ𝑖 ∗ 𝐶𝐴𝑏−1,𝑖+2∗𝐾,
𝑀−1
𝑖=0                                (2.10) 

𝐶𝐷𝑏,𝐾 = ∑ 𝑔𝑖 ∗ 𝐶𝐷𝑏−1,𝑖+2∗𝐾
𝑀−1
𝑖=0 . 

 

 

 

 

 

 

Figure 2.12. Two levels of DWPT decomposition (Wali et al., 2013). 
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For example, Ahmad and Olakunle (2016) used DWPT for entropy features from EEG 

signals, and they claimed that DWPT is preferable to DWT since DWPT provides 

approximation and detail coefficient signals that decrease according to the loss of 

information, whereas DWT only provides approximation coefficients. Meanwhile, 

Wali et al. (2013) used DWPT and claimed that this method had remarkable 

performance and is preferable to the original DWT. 

2.7.3.3 Discrete Wavelet Packet Transform Related to EEG 

As aforementioned, in EEG studies, numerous time-frequency algorithms have been 

previously proposed (Ackermann et al., 2016; Harpale & Bairagi, 2016; Tonner & 

Bein, 2006). This is because time-frequency domain methods seemed to be more 

proper to extract features from such signals (Acharya et al., 2011; Ackerman et al., 

2016; Al-Qammaz, Ahmad, & Yusof, 2016; Harpale & Bairagi, 2016; Wali et al., 

2013). This because of the non-stationary and time-varying characteristics of EEG 

signals. Wavelets (Mallat, 1999; Samar, Bopardikar, Rao, & Swartz, 1999), STFT 

(Oppenheim, Schafer, & Buck, 1989), and matching pursuit (MP) (Durka, 2007) are 

the most popular methods used in EEG analysis. The wavelet transform is a multi-

resolution analysis (MRA) (i.e., WT) that has many advantages over methods such as 

MP and STFT (Akin, 2002; Harpale & Bairagi, 2016; Zhu, Wang, & Shen, 2011). The 

principle of this algorithm is to break down the actual signal directly into time-

frequency coefficients acquired by projection subspaces by way of a mother wavelet 

function (MWF). DWPT has been shown to be an efficient algorithm in EEG studies; 

DWPT provides better localisation of frequency bands (Ackermann, Kohlschein, 

Bitsch, Wehrle, Jeschke, 2016; Al-Qammaz, Ahmad, & Yusof, 2016; Wali et al., 

2013). That’s why using the DWPT algorithm is preferable and more efficient (Al-
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Qammaz et al., 2016; Karim, Ismail, Hasan, Sulaiman, & Muthuvalu, 2015; Wali et 

al., 2013). DWPT is performed to decompose high- and low-frequency elements to 

obtain four frequency bands—δ, θ, α, β, and γ—since it has shown a robust relation 

with high cognitive processes (Al-Qammaz et al., 2016; Karim et al., 2015; Wali et 

al., 2013). The pseudo-code of the DWPT is as illustrated in Figure 2.13. 

Start 
1: Load EEG Signals. {Load EEG data signals}. 
2: read signal S     { read signal S } 
3: Produce (𝑁∗−𝑀)/2 approximation coefficients and details coefficients 
4: Approximation coefficients by equation  2.8 
5: Detail coefficients by equation 2.8 
6: Derive approximation coefficients and detail coefficients: 
7:  Approximation coefficients; 𝐶𝐴𝐾 = ℎ0𝑆2∗𝐾 + ℎ1𝑆2∗𝐾+1 +⋯+
ℎ𝑀−1𝑆2∗𝐾+𝑀−1 = ∑ ℎ𝑖 ∗ 𝑆𝑖+2∗𝐾

𝑀−1
𝑖=0  

8: Detail coefficients; 𝐶𝐷𝐾 = 𝑔0𝑆2∗𝐾 + 𝑔1𝑆2∗𝐾+1 +⋯+ 𝑔𝑀−1𝑆2∗𝐾+𝑀−1 =
∑ 𝑔𝑖 ∗ 𝑆𝑖+2∗𝐾.
𝑀−1
𝑖=0  

9:   Produce the decomposition Tree of signal  ‘S’  
10: Read out the target packets (i.e., θ, α, β, and γ bands), each based on its packet 
number as  
11:  Calculate entropy value for the cleaned target packets (i.e., θ, α, β, and γ 
bands). 
12:  Store entropy values as features vectors array. 
End 

Figure 2.13. The Pseudo-code of the original DWPT 

A few EEG-based emotion acknowledgments considers have utilized DWPT for 

highlight extraction. A large portion of the investigations utilized this algorithm to 

traditionally break down EEG signals and got sub-signals (i.e., delta, theta, alpha, beta, 

and additionally gamma) to be utilized as effective features. For instance, Wali et al. 

(2013) concentrated on the order of four levels of the driver distraction (i.e., unbiased, 

low, medium, and high) in light of various wavelets and classifiers utilizing remote 

EEG signals. They utilized a combination of DWPT and FFT to infer ghastly features 

of three distinctive frequency bands: theta, alpha, and beta. The got grouping exactness 
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is 79.21% by phantom features separated by sym8 wavelet and considered as 

contribution to a subtractive fluffy surmising framework as a classifier. Wali et al. 

(2013) gave the computation of the deterioration tree of the DWPT algorithm for the 

signal range 0– 64Hz. Ahmad and Olakunle (2015) performed two emotion 

acknowledgment experiments to order human emotions from the DEAP database. 

They assessed DWPT's extraction of important features, depending on the 

disintegration tree presented in Wali et al. (2013) to extricate theta, alpha, beta, and 

gamma bands. Be that as it may, in view of the guidelines of the DWPT decay, the 

location of features (i.e., delta, theta, alpha, beta, as well as gamma) contrasts relying 

upon the scope of the deteriorated signal. Henceforth, the decay tree of Wali et al. 

(2013) can't be embraced if the scope of the signal is not somewhere in the range of 

0Hz and 64Hz.  

Aminian, Aminian Schetino, and Ameli (2010) built up a neural network– based more 

tasteful for EEG signals to group one of three assignment classes: stretching out the 

arm to the front, getting a handle on a question, and indicating a protest. They utilized 

a pre-processor consisting of wavelet parcel change analysis that enabled them to 

extricate few suitable features, which were supplementary, lessened in estimate, and 

enhanced for most extreme distinctness crosswise over different classes by key 

segment analysis (PCA) and information standardization modules. They guaranteed 

that their proposed pre-processing strategy, together with neural network design, 

productively managed high dimensionality of key features, anomalies, and 

overtraining, which have been accounted for as strict issues in EEG order.  

The nature of the separated features influences the execution of the order, which is 

generally debased because of the exceptions that firmly veer from the distribution of 
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EEG tests (Sun and Zhou, 2014; Wang, Wan, Mak, Mak, and Vai, 2011). The noise 

and anomaly issues come from the EEG signals' having a poor signal-to-noise 

proportion. In this manner, exceptions can cloud the importance of littler features that 

may assume vital parts in the characterization procedure. Furthermore, noise is 

wherever in EEG signals inferable from variables, for example, estimation 

incorrectness and physiological variety in foundation EEG. Along these lines, 

contaminated examples in EEG information ought to be pruned to accomplish a 

reliable arrangement result (Lakshmi, Prasad, and Prakash, 2014; Wang, Wan, Mak, 

Mak, and Vai, 2011). 

Therefore, despite the efficiency of using DWPT for feature extraction in the literature, 

where the selection of approximation coefficients as features reduces the probability 

of outliers due to noise, there are claims that the outliers are still there (Aminian, 

Aminian, Schettino, & Ameli, 2010; Sun & Zhou, 2014; Wang et al., 2011). Moreover, 

it has been practically observed that there are outliers in the data signal in the resulting 

decomposition tree of the DWPT algorithm. Consequently, there is a need to present 

a DWPT-based feature extraction algorithm, considering the outliers’ existence within 

its decomposition tree. 

According to Hawkins (1980), "an exception is a perception which veers off such a 

great amount from alternate perceptions as to excite doubts that it was generated by 

an alternate mechanism". An exception can be seen upon the recognition top as a 

distant incentive as for the encompassing relationship noise over specific connection 

information. In this manner, it is important to apply exception recognition hypothesis 

(Urvoy and Autrusseau, 2014). The writing gives a huge scope of anomaly discovery 

procedures (Hodge and Austin, 2004), regardless of whether they depend on 
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information pointers (test profundity, deviation, distance, thickness, and so forth.) or 

make suppositions about the statistical properties of the information and perform 

statistical tests. For instance, the Hampel channel (Hampel, 1971) was acquainted with 

expel the exceptions from surface facial sEMG. be that as it may, one of its primary 

disadvantages is the prerequisite for manual choice of the algorithm parameters 

(Bhowmik, Jelfs, Arjunan, & Kumar, 2017). On the other hand, filter techniques such 

as moving average filter and median filter have been used to smooth the data signals 

to avoid the outliers’ effect to some extent. However, it seems that such filters are not 

suitable to be applied for outlier detection, especially with chaotic signals; many signal 

points will be discarded at important points within its smoothing process. Moreover, 

several outlier tests exist to detect the outliers in data, such as (i) the Walsh test (Walsh, 

1959), which works well on large datasets but exacerbates the problem of outlier 

rejection in finite samples (Candelon & Metiu, 2013); (ii)  the Dean–Dixon test 

(Dixon, 1950), which is restricted to tiny datasets; and (iii) distance-based techniques 

such as using Euclidean distance, which is restricted to use with time-series data (Zhu, 

Zhao, & He, 2010). 

Indeed, these and other outlier detection methods each have their own special 

advantages and drawbacks. Also, most exiting outlier detection methods need prior 

determining of their parameters and thresholds (Urvoy & Autrusseau, 2014). 

Therefore, Grubbs’ outlier test was introduced by Grubbs (1969) and Stefansky 

(1972); it checks the normal distribution of data for outliers. It always checks the value 

that shows the largest absolute deviation from the mean. Thus, if an outlier has been 

identified and removed, the test only repeats after updating the critical value, so it 

detects only one outlier at a time (i.e., one outlier in every outlier-checking iteration), 
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respecting the update of the representation of the data distribution value. Thus, it 

results in an effective outlier detection process with respect to the significant data 

points. Besides that, the Grubbs test is a simple and straightforward test, whereby one 

searches for the maximum of the absolute differences between the value xi  and the 

mean of the sample values. The result is divided by the sample’s standard deviation. 

If the resulting test statistic g is greater than the critical value, the corresponding value 

can be regarded as an outlier. Hence, the detection of outliers using the Grubbs test 

seems to be more suitable and efficient when dealing with chaotic dynamic data such 

as EEG signals. Besides, it is robust, reliable, and computationally inexpensive (Urvoy 

& Autrusseau, 2014). Therefore, DWPT should be considered along with the negative 

effects of the outliers in EEG data over its decomposition. Hence, this research will 

develop a DWPT-based feature extraction method that produces a decomposition tree 

free of outliers and involves an outlier-replacement technique. Meanwhile, none of the 

studies shows how to obtain a particular sub-signal (e.g., alpha), when its component 

is scattered in several packet locations in the DWPT decomposition tree. Hence, this 

research provides a formula that tackles this issue. 

2.8 Feature Selection in EEG Signals 

EEG signals include many different features. These features are varied in terms of 

significance and quality. Therefore, a feature extraction method is performed to extract 

all possible features, considering each electrode on the scalp, which leads to the curse 

of dimensionality problem. However, extracting much information from a particular 

dataset based on small number of features can prevent a system’s high computational 

cost and get better generalisation for hidden data (Huang, & Wang, 2006; Yang and 

Honavar, 1998). Moreover, the subset of features chosen to represent actual patterns 
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and input to a classifier affects other parts of pattern classification performance such 

as classification accuracy, time consumption, and feature cost (Garrett et al., 2003; 

Huang, & Wang, 2006; Jenke, Peer, & Buss, 2014; Yang and Honavar, 1998). 

Hence, to obtain significant features from a big number of different features and avoid 

the high dimensionality of feature space problem, typically, the second version of the 

general approach of EEG-based human emotion recognition is used (Adam et al., 

2014; Byun, Lee, & Han, 2017; Hosseini et al., 2010; Hosseini et al., 2012; Jenke, 

Peer, & Buss, 2014; Jirayucharoensak et al., 2014; Khalili & Moradi, 2008; 

Sreeshakthy & Preethi, 2016). 

In the second version, after feature extraction, the extracted features pass through an 

additional phase, which is called the feature selection phase, which selects and 

optimises the subset of features that seem informative and valuable for a classifier in 

order to improve the emotion estimation accuracy results (see Figure 2.14). To select 

the features, many studies have depended on cross-validation techniques, which 

include leave one trial out (LOTO) and leave one subject out (LOSO). Moreover, the 

10-fold cross-validation method has been widely used for training data. This technique 

divides EEG data into approximately equal segments, then trains one part (called “test 

data”), with the remaining data called “training data”. 
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Figure 2.14.  Emotion recognition approach using EEG signals 

On the other hand, other methods of feature selection have been proposed in several 

EEG studies, such as min-redundancy-max-relevance (mRMR), genetic algorithm 

(GA) (Goldberg, 1989), common spatial pattern (CSP), sequential forward selection 

(SFS), and fast correlation-based feature selection (FCBF) (Binitha, & Sathya, 2012; 

Brown et al., 2011; Chanel et al., 2007; Garrett et al., 2003; Jenke, Peer, & Buss, 2014; 

Saeys, Inza, & Larrañaga, 2007) (see Table 2.9). Generally, feature selection methods 

are divided into two techniques, filter selection and wrapper selection, as illustrated in 

Table 2.10. Regardless of the advantages and disadvantages of each, the wrapper 

technique has shown better performance than the filter technique in optimising 

features in terms of accuracy results and deals better with EEG features, and it has 

been noticed that using heuristic algorithm such as GA can provide superior 

performance in optimising features (Åberg & Wessberg, 2007; Binitha, & Sathya, 

2012; Hall & Smith, 1999; Kohavi & John, 1997; Liu, Wang, Zhao, Shen, & Konan, 

2017; Saeys et al., 2007; Suto, Oniga, & Sitar, 2016; Wang & Liu, 2016). 
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Table 2.9. Some Studies That Used Feature Selection Methods in EEG-Based Classification 

Author EEG features 
Feature selection 

method 
Classifier 

Accuracy 

(%)/#classes 

Jirayucharoensak et al., 2014  PSD and asymmetry features  PCA+CSP 

— 

DLN  53.42/3 valence 

52.03/3 arousal  

Valenzi et al., 2014 Spectra power PCA SVM 97.2/4 

Liu & Sourina, 2013 HOC+6 statistical +FD  FDRM  SVM  53.7/3 

Duan, Wang & Lu, 2012 Power spectrum mRMR, SVM 81.03/2 

Hosseini et al., 2012 HOS GA-SVM LDA 82.32/- 

Koelstra et al., 2012 

 

PSD and asymmetry features Fisher’s linear 

discriminant  

NB  62.0/2 arousal 

   57.6/2 valence 

Brown et al., 2011 α1 (6–8 Hz), α2 (8–10 Hz), and α3 (10–

12 Hz) 

t-test, SFS KNN 85.0/3 

Nie, Wang, Shi, & Lu, 2011 δ, θ, α, β, and γ Correlation coefficient SVM 87.53/2 
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Wang et al., 2011 α, β, and γ mRMR SVM 66.5/4 

Zhang et al., 2011 — GA Fisher 84.7/- 

Hosseini et al., 2010 δ, θ, α, β, and γ GA SVM 82.4/2 

Lin et al., 2010 δ, θ, α, β, and γ F-score index SVM 82.29/4 

Li & Lu, 2009 Various γ bands CSP wrapper SVM 93.5/2 

Horlings, Datcu, & Rothkrantz, 

2008 

α and cross-correlation power mRMR SVM 71.0/3 valence 

81.0/3 arousal 

Khalili & Moradi, 2008 θ, α, β, and γ GA KNN 40.0/3 

Ansari Asl, Chanel, & Pun, 2007 Hjorth parameters Synchronization 

likelihood 

LDA 51.7/3 

Chanel, Ansari-Asl, & Pun, 2007 9 bands (4–20Hz) FCBF LDA 76/3 

*Abbreviations: min-redundancy-max-relevance (mRMR), genetic algorithm (GA), common spatial pattern (CSP), sequential forward 

selection (SFS), fast correlation-based feature selection (FCBF), principal component analysis (PCA), Fisher discriminant ratio method 

(FDRM)
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Nature always finds the ideal solutions for its problems while keeping perfect balance 

among its elements. Upon this view, several studies have been constructed within this 

area in which several algorithms have been inspired in order to overcome the hardness 

and complexity of computer science problems, specifically, the optimization problems 

related to multi-objective and many objective problems (Mishra, Dehuri, & Cho, 

2015). Although this area is still new, the outcomes’ being very amazing broadens the 

viability and range of bio-inspired algorithms (BIAs) to discover brand new aspects 

of programming and many more opportunities within computing. Hence, many 

evolutionary computation (EC) algorithms have been proposed. For instance, 

evolutionary algorithms (EAs), swarm intelligence (SI) based algorithms, and 

ecological algorithms. Swarm-based algorithms have shown remarkable performance 

in several works. Swarm-based algorithms include several effective algorithms such 

as particle swarm optimization (PSO) (Eberhart & Kennedy, 1995), ant colony (ACO) 

(Dorigo et al., 1996), fish swarm algorithm (FSA) (Xiao et al., 2002), artificial bee 

colony (ABC) (Karaboga & Basturk, 2007), firefly (FA) (Yang, 2009), cuckoo search 

(CS) (Yang & Deb, 2009), social spider optimisation (SSO) (Erik, 2013), bird mating 

optimizer (BMO) (Askarzadeh, 2014), and grey wolf optimiser (GWO) (Mirjalili et 

al., 2014). 

Swarm intelligence is a new and rising paradigm within bio-inspired computing 

intended for employing adaptive systems. Unlike EAs, SI algorithms are based on the 

social behaviour of organisms, not on their genetic adaptation. Swarm intelligence 

involves the execution of collective intelligence in groups of simple agents that depend 

on the behaviour of real-world animal or insects’ swarms as a tool of problem-solving 

(Binitha & Sathya, 2012; Kennedy & Eberhart, 2001). 
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Table 2.10. Description, Advantages, and Disadvantages of the Most Common 
Feature Selection Types 

Feature Selection Type  Advantages  Disadvantages 

Filter Selection  

 

 

Univariate (i.e., ES f2, ReliefF, and 𝑖-test) 

Description: Simple. 

Fast. 

Suitable for a big 

dataset. 

Able to be changed in 

size or scale. 

 Score variables separate 

from each other. 

Provides less accurate 

results than multivariate, 

and wrapper type. 

Ignores feature 

dependencies. 

 

 

The feature selection 

performs independently. 

 

 

Multivariate (i.e., mRMR, ES Λ, and ES θ) 

Better performance 

than univariate 

technique. 

Less computational 

power compared with 

wrapper technique. 

 

 Less scalable than 

univariate technique. 

Slower than Univariate.  

Wrapper Selection  

 

Deterministic (i.e., Team search) 

Description Requires less 

computational power 

than randomised 

technique. 

 Requires higher 

computational power 

than filter methods. 

Prone to over-fitting. 
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In the following, this research reviews some of the most popular swarm-based 

benchmark algorithms that have been used in EEG field studies and shown significant 

performance, including PSO and ABC algorithms. In addition, a review on SSO is 

provided, and a new feature selection method based on SSO, is proposed to be 

developed in this research. 

2.8.1 Genetic Algorithm 

GA was first proposed by Goldberg and Holland (1989) and uses principles of natural 

evolution. This algorithm evolved to find the (close to) optimal solution for 

chromosomes to maintain survival based on stochastic optimization. It has been 

implemented to find the most useful solutions in several research areas (job 

scheduling, pattern recognition, networks, etc.) (Abed, Ismail, & Hazi, 2010; 

Bodenhofer, 2003; Gonçalves, de Magalhães Mendes, & Resende, 2005; Norouzi & 

Zaim, 2014). The algorithm carries a fixed number of chromosomes, which might be 

The feature selection 

performs upon a 

classifier. 

 

More accurate results 

compared with filter 

methods. 

Prone to local optima 

(greedy search). 

 

Randomised (i.e., genetic algorithm) 

Less prone to local 

optima. 

Provides highly 

accurate results. 

Models feature 

dependencies. 

 Higher computational 

power is required. 

Prone to over-fitting. 
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represented in binary shape, with operators for crossover and mutation. Each of these 

binary chromosomes, along with a fitness function operator, is represented as a 

solution. These solutions are considered to produce a new solution within the 

searching procedure. Therefore, GA can be summarised as follows: (i) Encoding: The 

possible solutions of a problem are considered as people in a populace. On the off 

chance that the arrangements can be isolated into a progression of little advances 

(building blocks), at that point these means are represented by qualities, and a 

progression of qualities (a chromosome) encodes the entire arrangement. This way, 

unique arrangements of an issue are represented in GA as chromosomes of various 

people. (ii) Fitness work: This represents the fundamental prerequisites of the coveted 

arrangement of an issue (most noteworthy exactness, littlest mistake, briefest course, 

and so forth.). This capacity restores the wellness (quality) of an individual 

arrangement. (iii) Selection: This administrator characterizes the route people in the 

present populace are chosen for propagation: Individuals that are more fit are chosen. 

For this reason, there are a few choice strategies (roulette-wheel, positioned, 

competition choice, and so forth) (iv) Crossover: This administrator characterizes how 

guardians' chromosomes are blended to get the hereditary codes of their posterity (one-

point, two-point, uniform hybrid, and so forth.). It executes the legacy property 

(posterity acquire their folks' qualities). (v) Mutation: This administrator makes 

arbitrary changes over hereditary codes of the posterity. It is required to carry a couple 

of irregular assorted varieties into the hereditary code. In a segment of circumstances, 

GA can't locate the perfect arrangements without the transformation administrator 

(nearby most extreme issue). As it were, without the transformation administrator, the 

blend of the momentum people makes the algorithm be caught in the nearby most 
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extreme, unfit to investigate the other pursuit space. At last, the recently created 

chromosomes are used for the following emphases. This procedure continues until the 

point that some worthy criteria are met. 

2.8.2 Practical Swarm Optimisation 

PSO, initially developed by Kennedy and Elberhart (Gonzalez, Nambu, Hokari, and 

Wada, 2014; Robinson, and Rahmat-Samii, 2004), is a strategy for enhancing hard 

numerical functions in view of the analogy of social practices of herds of winged 

animals and schools of fish. It is a developmental calculation system in light of swarm 

insight. A swarm consists of people, called particles, which change their situations 

after some time. Every molecule represents a potential answer for the issue. In a PSO 

framework, particles fly around in a multidimensional seeking space. Amid its flight, 

every molecule alters its situation as indicated by its own particular experience and 

the experience of its neighbouring particles, making utilization of the best position 

experienced without anyone else and its neighbours. The impact is that particles move 

towards the better arrangement regions while keeping up the capacity to look through 

a wide region around the better arrangement territories. The execution of every 

molecule is estimated by a pre-characterized wellness work, which is identified with 

the issue being unravelled. The PSO has been observed to be strong and quick at 

fathoming nonlinear, non-differentiable, and multi-modular issues (Gonzalez et al., 

2014; Polich, 2007).  

Mathematically, a molecule in PSO is a vector in a 𝑁-dimensional parameter space, 

and its position x and speed v change according to the following equations: 
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                  𝑣𝑖,𝑗
𝑡 = 𝜔𝑣𝑖,𝑗

𝑡−1 + 𝑐1𝜂1(𝑝𝑖,𝑗 − 𝑥𝑖,𝑗
𝑡−1) + 𝑐2𝜂2(𝑔𝑗 − 𝑥𝑖,𝑗

𝑡−1),                        (2.11) 

                                                   𝑥𝑖,𝑗
𝑡 = 𝑥𝑖,𝑗

𝑡−1 + 𝑣𝑖,𝑗
𝑡 ,                                                         (2.12) 

where 𝑥𝑖,𝑗𝑡  and  𝑣𝑖,𝑗𝑡  are the jth components of the ith particle’s position and velocity 

respectively for each iteration t. Therefore, 𝑝𝑖,𝑗 is the jth component of p, the best 

position that the ith particle has found so far, and 𝑔𝑗 is the jth component of g, the best 

position found by the swarm. The impacts of p and g on the particle's motion are 

controlled by two steady parameters, c1 and c2, and two autonomous irregular factors, 

η_1 and η_2, consistently distributed in [0, 1]. The particle's motion is additionally 

impacted by the speed at the previous cycle, and this impact is controlled by inactivity 

parameter ω. c1 and c2 are constants set by the experimenter that decide the harmony 

between the misuse of a potential arrangement (development towards g) and 

investigation for new arrangement (development towards p) (Michalewicz, 2017). In 

every cycle, p and g are refreshed if a situation with better fitness is found. This is the 

primary element of the PSO algorithm: Each particle utilizes the data of its own history 

and the swarm's history, together with irregular irritations, to look for the global 

optima (Panigrahi, Suganthan, Das, & Dash, 2010; Bonyadi, & Michalewicz, 2017). 

The PSO algorithm iteratively refreshes the speed and position of every particle, 

moving every one of them around the parameter space until the point when the best 

global arrangement g achieves the coveted fitness. 

2.8.3 Artificial Bee Colony 

ABC is a prevalent algorithm mimicking the real canny scrounging activities of a 

bumble bee swarm, recommended by Karaboga and Basturk (2007). In the ABC 
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algorithm, the state of counterfeit honey bees consists of three arrangements of honey 

bees: utilized honey bees, passerby honey bees, and scout honey bees (Abu-Mouti and 

El-Hawary, 2012; Binitha and Sathya, 2012; Mustaffa and Yusof, 2014). The spectator 

honey bees play out a move to demonstrate the location of a nourishment source, and 

the utilized honey bees go to this sustenance source. The investigate honey bees 

convey a hunt to discover new sustenance sources haphazardly. The locations of new 

sustenance sources symbolize new likely solutions to the improvement issue, and the 

nectar amount of a nourishment source alludes to the quality (fitness) of the related 

arrangement (Abu-Mouti and El-Hawary, 2012; Mustaffa and Yusof, 2014).  

A swarm of honey bees is made and afterward continues haphazardly inside a two-

dimensional hunt space. At the point when the honey bees discover an objective 

nourishment source/nectar, the honey bees begin cooperating, and the arrangement of 

the issue can be acquired from these communications' force. An irregular introduction 

of populace solutions (xi=1, 2, … , D) is prepared on the D-dimensional space of the 

issue. An utilized honey bee makes a modification for the location (arrangement) 

inside her memory space regarding the neighborhood data (visual data) and checks the 

real nectar amount (fitness esteem) of the new source (new arrangement).  

Given that the nectar amount of the new source is more prominent than that of the 

earlier one, the honey bee remembers the most current location and overlooks the 

previous one. At last, after every single utilized honey bee finish the hunt strategy, 

they share this nectar source data and their locations with the passerby honey bees 

inside the move region. Over the accompanying advance, proliferation, in light of the 
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probability estimation of the nourishment source, the specific fake spectator honey bee 

chooses a wellspring of sustenance by following a detailed capacity: 

                                   𝑃𝑖 =
𝑓𝑖𝑡

∑ 𝑓𝑖𝑡𝑛
𝐹𝑁
𝑛=1

                                                                     (2.13) 

where, P_i is the sustenance source; FN is the nourishment source number, which is 

equivalent to the quantity of utilized honey bees; and fit beta I is the arrangement 

fitness esteem I, which is corresponding to the nectar source amount inside the location 

I. Inside the last advance, substitution of honey bee and choice, if a location can't be 

improved further by means of a settled number of rounds, at that point that sustenance 

source is presumed to be relinquished. The esteem with respect to settled number of 

rounds (cycles) is a huge control parameter in the ABC algorithm, which is classified 

“limit” for surrender" (Abu-Mouti and El-Hawary, 2012; Mustaffa and Yusof, 2014). 

After every chosen one source location is generated and afterward evaluated by the 

fake honey bees, its viability is contrasted and that of the old one. In this way, if the 

updated one has a comparable or stunningly better nectar source than the old one, the 

old one is overlooked and supplanted with the updated one, or else the old sustenance 

source is put away in the memory. The nearby hunt usefulness of the ABC algorithm 

is needy upon neighbourhood seek and in addition covetous choice mechanisms 

executed by utilized and passerby honey bees. The genuine worldwide pursuit 

usefulness of the algorithm relies on an irregular inquiry methodology executed by 

scouts and upon a neighbour arrangement generation mechanism executed by utilized 

and spectator honeybees (Abu-Mouti and El-Hawary, 2012; Mustaffa and Yusof, 

2014).  In the ABC algorithm, a neighbouring sustenance source's position is dictated 
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by changing one haphazardly chose parameter while the rest of the parameters are 

unaltered, as in the accompanying expression: 

                            𝑥𝑖𝑗𝑛𝑒𝑤 = 𝑥𝑖𝑗𝑜𝑙𝑑 + 𝑢(𝑥𝑖𝑗𝑜𝑙𝑑 − 𝑥𝑘𝑗)                                              (2.14) 

where 𝑘 ≠ 𝑖 and (𝑘 and 𝑖) ∈{1,2,…,Eb}. The multiplier u represents a random number 

between –1 and 1, and j∈{1,2,…,D}. Hence, xij represents the jth parameter of a 

solution xi that is selected to be customized. When the food source’s position is 

abandoned, the employed bees related to it become scouts (Abu-Mouti & El-Hawary, 

2012; Mustaffa & Yusof, 2014). 

In the ABC algorithm, scouts produce a completely new food source position as 

follows: 

                      𝑥𝑖
𝑗(𝑛𝑒𝑤)

= 𝑚𝑖𝑛𝑖
𝑗
+ 𝑢(𝑚𝑎𝑥𝑖

𝑗
−𝑚𝑖𝑛𝑖

𝑗
)                                              (2.15) 

where equation (2.14) applies to all j parameters. 

2.8.4 Social Spider Optimisation 

The SSO algorithm is a population-based algorithm inspired by nature from the 

behaviour of social spider colonies. This algorithm was proposed by Cuevas, 

Cienfuegos, Zaldívar, and Pérez-Cisneros (2013). Social spider colony is mainly 

composed of two major components: social members and the communal web. The 

social members are mainly divided into males and females. In the social spider colony, 

the female members represent between 65% and 90% of the total population, while 

the rest remains for male members. 
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The web acts as the transference medium, mainly of vibrations produced by the 

spiders. Each spider on the web has a position as well as the quality (fitness) of the 

particular solution, which is dependent on a particular objective function (Cuevas et 

al., 2013; Mirjalili et al., 2015; Vera-Olivera, Soncco-Alvarez, & Enciso-Rodas, 

2017). Although the spiders can easily and freely move on the web, they cannot depart 

from the web. Whenever a spider moves, it produces a vibration that is disseminated 

across the web. Each vibration of an individual spider holds information, and other 

spiders on the web can recognise it upon receiving the vibration. 

In the SSO algorithm, the female spiders show a like (attraction) or dislike state to 

other spiders according to their vibrations based on their weights and positions. Male 

spiders, in contrast, are divided into two main groups: dominant spiders and non-

dominant spiders. The dominant spiders have better fitness characteristics than non-

dominant spiders, and the female spiders usually present an attraction to the dominant 

spiders for mating. A dominant male spider can mate with more than one female or all 

females within a specific range in order to produce new offspring, and their mating 

allows information to be exchanged (Cuevas et al., 2013). 

Therefore, in the SSO algorithm, the search space is represented by the communal 

web, and every solution on this search space represents a spider’s position, where the 

weight of each spider represents the fitness of the solution. One of the unique 

characteristics of the social spiders is the extremely female-biased populations. The 

algorithm starts the initialisation phase by identifying the number of spiders on the 

web (population [s]) with 𝑁 spider positions, including both females (𝑓𝑖) and males 
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(𝑚𝑖). The number of females 𝑁𝑓 is selected randomly so they make up between 65% 

and 90% of the total population as in the following equation: 

                             𝑁𝑓 = 𝑓𝑙𝑜𝑜𝑟[(0.9 − 𝑟𝑎𝑛𝑑. 0.25). 𝑁)                                                (2.16) 

where 𝑟𝑎𝑛𝑑 is a random number between 0 and 1 and 𝑓𝑙𝑜𝑜𝑟 maps a real number to 

an integer. The remaining spiders are allocated to be male (𝑁𝑚) according to the 

following equation: 

                                                        𝑁𝑚 = 𝑁 − 𝑁𝑓                                                             (2.17) 

The number of spiders in the web remains unrevised. Therefore, a restricted memory 

size must be assigned to store the spiders’ information. The particular spiders’ 

positions are randomly produced inside the search space, and their fitness values are 

computed and stored. Therefore, the female spider’s position 𝑓𝑖   as well as the male 

spider’s position  𝑚𝑖  are generated randomly between the lower initial parameter 

bound  𝑝𝑙𝑜𝑤 and the upper initial parameter bound  𝑝ℎ𝑖𝑔ℎ as in the following two 

equations: 

          𝑓𝑖,𝑗
0 = 𝑝𝑗

𝑙𝑜𝑤 + 𝑟𝑎𝑛𝑑 . (𝑝𝑗
ℎ𝑖𝑔ℎ

− 𝑝𝑗
𝑙𝑜𝑤), 𝑖 = 1,2, … ,𝑁𝑓; 𝑗 = 1,2, … , 𝑛             (2.18) 

     𝑚𝑖,𝑗
0 = 𝑝𝑗

𝑙𝑜𝑤 + 𝑟𝑎𝑛𝑑 . (𝑝𝑗
ℎ𝑖𝑔ℎ

− 𝑝𝑗
𝑙𝑜𝑤), 𝑖 = 1,2, … , 𝑁𝑚; 𝑗 = 1,2, … , 𝑛            (2.19) 

where  𝑝𝑙𝑜𝑤  is the lower initial parameter bound and 𝑝ℎ𝑖𝑔ℎ is the upper initial 

parameter bound (Cuevas et al., 2013).  
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In the SSO algorithm, the weight of every individual (spider) represents the solution 

quality, where the function value 𝑤𝑖 of each spider 𝑖 is calculated by the following 

equation (Cuevas et al., 2013): 

                                                        𝑤𝑖 =
𝐽(𝑠𝑖)−𝑤𝑜𝑟𝑠𝑡𝑠

𝑏𝑒𝑠𝑡𝑠−𝑤𝑜𝑟𝑠𝑡𝑠
,                                                     (2.20) 

where 𝐽(𝑠𝑖) is the fitness value obtained from the spider’s position 𝑠𝑖 and the values 

best and worst are the maximum and minimum values of the solution for the 

population, respectively (maximization problem) (Cuevas et al., 2013). 

The information is transmitted among the colony members through the communal web 

and encoded as a small vibration. The vibrations depend on the weight and distance of 

the spider that generated them. The information(vibrations) transmitted by member j 

and perceived by individual i are modelled as follows: 

                                              𝑉𝑖𝑏𝑖,𝑗 = 𝑤𝑗 . 𝑒
−𝑑𝑖,𝑗

2

                                                               (2.21) 

where the 𝑑𝑖,𝑗 is the Euclidian distance between spiders 𝑖 and 𝑗. 

There are three special relationships of the vibrations between any pair of individuals 

as follows (Cuevas et al., 2013): 

i. 𝑉𝑖𝑏𝑐𝑖. The information (vibrations) transmitted between individual i and 

member c (sc), which is the nearest member to i with a higher weight, can be 

defined as follows: 

                                               𝑉𝑖𝑏𝑐𝑖 = 𝑤𝑐. 𝑒
−𝑑𝑖,𝑐

2
                                                               (2.22) 
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ii. Vibbi. The information (vibrations) transmitted between individual i and 

member b (sb), which is the best member in the population S, can be defined 

as follows: 

                                                 𝑉𝑖𝑏𝑏𝑖 = 𝑤𝑏. 𝑒
−𝑑𝑖,𝑏

2
                                                         (2.23) 

iii. 𝑉𝑖𝑏𝑓𝑖. The information (vibrations) transmitted between individual i and the 

nearest female f (sf) can be defined as follows: 

                                                  𝑉𝑖𝑏𝑓𝑖 = 𝑤𝑓 . 𝑒
−𝑑𝑖,𝑓

2

                                                         (2.24) 

Figure 2.15 illustrates the configuration of each special relation: Vibci, Vibbi, and Vibfi. 

Figure 2.15. Configuration of each special relation: (a) Vibci, (b) Vibbi, and (c) Vibfi 
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The female spiders present an attraction or dislike to others irrespective of gender. The 

movement of attraction or repulsion depends on several random phenomena. A 

uniform random number rm is generated within the range [0,1]. If rm is smaller than a 

threshold PF that is experimentally determined by researcher, an attraction movement 

is generated; otherwise, a repulsion movement is produced as follows (Cuevas et al., 

2013): 

𝑓𝑖
𝑡+1 =

{
 

 
𝑓𝑖
𝑡+1 + 𝛼. 𝑉𝑖𝑏𝑐𝑖. (𝑠𝑐 − 𝑓𝑖

𝑡) + 𝛽. 𝑉𝑖𝑏𝑏𝑖(𝑠𝑏 − 𝑓𝑖
𝑡) + 𝛿. (𝑟𝑎𝑛𝑑 − 0.5)…

       𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑃𝐹

𝑓𝑖
𝑡+1 + 𝛼. 𝑉𝑖𝑏𝑐𝑖. (𝑠𝑐 − 𝑓𝑖

𝑡) − 𝛽. 𝑉𝑖𝑏𝑏𝑖(𝑠𝑏 − 𝑓𝑖
𝑡) + 𝛿. (𝑟𝑎𝑛𝑑 − 0.5)…

  𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 1 − 𝑃𝐹

(2.25) 

where α, β, δ, and rand are random numbers between 0 and 1, whereas k represents 

the iteration number. The individuals 𝑠𝑐 and 𝑠𝑏 represent the nearest member to i that 

holds a higher weight and the best individual of the entire population S, respectively. 

The male spiders that weigh more than the median value of the male population are 

called dominant (D). The other males with weights under the median are called non-

dominant (ND). The median weight is indexed by Nf + m. The position of a male 

spider can be modelled as follows (Cuevas et al., 2013): 

𝑚𝑖
𝑡+1 = {

𝑚𝑖
𝑡 + 𝛼. 𝑉𝑖𝑏𝑓𝑖. (𝑠𝑓 −𝑚𝑖

𝑡) + 𝛿. (𝑟𝑎𝑛𝑑 − 0.5)    𝑖𝑓 𝑤𝑁𝑓+𝑖 > 𝑤𝑁𝑓+𝑚

  𝑚𝑖
𝑡 + 𝛼. (

∑ 𝑚ℎ
𝑡 .

𝑁𝑚
ℎ=1 𝑤𝑚+ℎ

∑ 𝑤𝑁𝑓+ℎ
𝑁𝑚
ℎ=1

−𝑚𝑖
𝑡)                                                                  

  (2.26) 

where the individual represents the nearest female individual to the male member i, 

whereas ∑ 𝑚ℎ
𝑡 .

𝑁𝑚
ℎ=1 𝑤𝑚+ℎ/∑ 𝑤𝑁𝑓+ℎ

𝑁𝑚
ℎ=1  corresponds to the weighted mean of the male 

population M, and t is the iteration number. The mating in a social spider colony is 

performed by the dominant males and the female members. A dominant male mg 
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spider locates a set Eg of female members within a specific range r (range of mating), 

which is calculated as follows (Cuevas et al., 2013): 

                                         𝑟 =
∑ (𝑝𝑗

ℎ𝑖𝑔ℎ
−𝑛

𝑗=1 𝑝𝑗
𝑙𝑜𝑤)

2. 𝑛
                          (2.27) 

The spiders with heavier weights are more likely to influence the new product. The 

influence probability Psi of each member is assigned by the roulette wheel method as 

in the following equation: 

                                            𝑃𝑠𝑖 =
𝑤𝑖

∑ 𝑤𝑗𝑗∈𝑇𝑘
                                             (2.28) 

Where i ∈ 𝑇𝑔, 𝑇𝑔 is a new subset of new spiders generated by the male subset and 

female members subsets through mating. Figure 2.16 presents the data flow of the 

SSO algorithm, including mating behaviour (Cuevas et al., 2013). 

Figure 2.16. Representation of the data flow of the SSO algorithm 

Figure 2.17 illustrates the pseudo-code of the SSO algorithm. Step 1 presents the 

parameter setting, including total number of solutions and number of iterations. Then, 

the numbers of female and male spiders are determined in step 2. Steps 3–12 present 
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the population initialisation process, while steps 15–17 present the evaluation of 

solutions process. Then, steps 18–25 depict the female operator. Meanwhile, steps 26–

34 depict the male operator. The mating operation is performed in steps 35–46. Lastly, 

the counter is incresded in step 47 and the algorithm checks if the termination criteria 

are satisfied in step 48, then stops and produces the best solution. 
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Figure 2.17. The pseudo-code of the SSO algorithm (Cuevas et al., 2013). 

The following Table 2.11 illustrates some studies that used the SSO algorithm in other 

research fields than EEG. The key point from these studies is that all claimed that the 
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SSO algorithm outperformed and showed remarkable performance compared to other 

evolutionary algorithms such as GA, PSO, and ABC. 

Klein, Segundo, Mariani, and Coelho (2016) made a change to the original SSO 

algorithm aiming to enhance the SSO’s performance in electromagnetics optimization. 

To do so, they proposed a modified SSO (MSSO) approach based on beta distribution 

and natural gradient local search. They claimed that the resulting MSSO’s 

performance was promising in electromagnetic optimization. Additionally, Tawhid 

and Ali (2017) presented a hybrid method that is a mixture of SSO and GA algorithms 

(HSSOGA) to minimize molecular potential energy function. In their study, three 

main steps were utilised in HSSOGA: (1) they applied the SSO algorithm to balance 

the exploration and exploitation processes. (2) they used the dimensionality reduction 

and population partitioning processes by breaking down the population of the 

algorithm into several subpopulations, then apply the arithmetical crossover operator 

to each one to increase the search diversity in the algorithm. (3) the applied the genetic 

mutation operator to the whole population to avoid premature convergence and 

trapping in the local minima. They claimed that HSSOGA was a promising and 

efficient algorithm that could obtain the near global minimum in up to a 1000-

dimension–scale optimisation problem (Tawhid & Ali, 2017). 

 

Table 2.11 Some Studies That Used the SSO Algorithm 

Author Task/Purposes Claims 

Luque-Chang 
et al., 2018 

A set of benchmark 
functions 

SSO algorithm outperformed the 
popular algorithms in the literature (i.e. 

PSO and the ABC algorithms) 
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Vera-Olivera 
et al., 2017 

Optimizing clusters of 
data 

SSO algorithm outperformed the 
k-means algorithm and had results as 

competitive as GA’s. 

Mirjalili et 
al., 2015 Training FNN classifier 

SSO is able to provide very promising 
results compared with other 

algorithms—PSO, ACO, GA, ES, and 
PBIL. 

Pereira et al., 
2014c 

Tuning SVM kernels 
parameters 

SSO outperformed the compared 
techniques (Grid-Search, PSO, and HS) 
for some types of kernels and datasets. 

Pereira et al., 
2014a Training ANN classifier 

SSO performed similarly to, or better 
than, other techniques (SGHS, CSS, 

ABC, PSO, FFA) in some cases, and it 
is a suitable approach for training MLP 

networks. 

Pereira et al., 
2014b 

Tuning optical flow 
methods parameters 

PSO, HS, and SSO were used and 
resulted in obtaining the best results in 
four of eight image sequences from a 

public dataset. 

Fattahi, 2014 

Optimizing congestion 
management by 
determining the 

minimum redispatch 
cost 

SSO approach could provide a lower 
rescheduling cost solution compared to 

GA and EP. 

*Abbreviations: particle swarm optimization (PSO), artificial bee colony (ABC), Ant 

colony optimisation (ACO), evolutionary searching (ES), population-based 

incremental learning (PBIL), evolutionary programming (EP) techniques, self-

adaptive global harmony search (SGHS), continuous scatter search (CSS), firefly 

algorithms (FFA), Harmony Search (HS). 

Only Zawbaa, Emary, Hassanien, and Parv (2015) have proposed a system for feature 

selection based on SSO. They evaluated the system using different evaluation criteria 

on 18 different datasets belonging to UCI laboratory, comparing the algorithm with 

PSO and GA. They claimed that the SSO algorithm represented an advance in 
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classification performance. However, the SSO algorithm has not yet been tested on 

complex data such as EEG signals. 

Zhao, Luo, and Zhou (2017) adapted the SSO algorithm for global function 

optimisation, using an elite opposition-based learning strategy to enhance the 

convergence speed and computational accuracy of the SSO algorithm. Then, they 

tested the algorithm on 23 benchmark functions. They claimed that the results show 

that the elite opposition-based social spider optimization algorithm is able to obtain an 

accurate solution and has a fast convergence speed and a high degree of stability.  

Moreover, Zhou, Zhou, Luo, and Abdel-Basset (2017) presented a simplex method–

based social spider optimization (SMSSO) algorithm to overcome the drawbacks of 

the existing metaheuristics algorithm for data-clustering analysis. The simplex method 

is a stochastic variant strategy that increases the diversity of a population while 

enhancing the local searchability of the algorithm. They claimed that their results 

confirm the potential and effectiveness of the proposed algorithm after it was tested 

on 11 datasets. 

2.8.5 Swarm Intelligence Related to EEG Analysis 

Analysing EEG signals is one of the basic agents of BCI; hence, Mishra, Dehuri, and 

Cho (2015) shed light on analysing EEG signals by using swarm intelligence–based 

techniques and presented its effectiveness in the EEG analysis domain, presenting 

applications of ABC, ACO, and PSO algorithms for EEG signals (see Table 2.12). 

In EEG-based studies, several researchers have tried to solve the high dimensionality 

of feature space problem by using different methods, as mentioned in Section 2.8, 
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and/or optimising classifier parameters by using a simple method such as the grid 

search algorithm, as mentioned in (Section 1.3). However, unlike non-population– and 

non-stochastic–based methods, swarm intelligence aims to accomplish far better 

compromised results simply by handling both exploration and exploitation associated 

with a huge search space in a tolerable time frame. However, only a few researchers 

have used SI-based algorithms in their studies, although the attention towards such 

type of algorithms is currently dramatically increasing. 

For example, the problem of ant-inspired clustering within the long-term processing 

related to ECG and EEG signals has been addressed by the two studies of Bursa and 

Lhotska (2007) and Dries and Peterson (2008). These studies have enhanced the ACO 

algorithm by integrating into it auto-catalytic collective behaviour concepts of real 

insect colonies to end up with a developed method called ACO-DTree. They applied 

this proposed method on EEG and studied its performance compared with the WEKA 

random tree method, and they found that ACO-DTree provided a better robust result 

and better performance (Mishra et al., 2015). Khushaba et al. (2008) proposed a 

method called ANTDE which consists of a mixture of the ACO algorithm and 

differential evaluation for feature selection usage, and they compared this proposed 

method with BPSO and GA. The results show that ANTDE outperforms GA and 

BPSO in the use of heuristic measures for mutual information. Khushaba et al. (2008) 

also provided a clustering method application inspired by the behaviour of real ants in 

nature for biomedical signal processing. The ants cooperatively maintain and evolve 

a pheromone matrix which is used to select features. The fundamental objective of 

their studies was to develop and design an automatic recognition system focused on 

biological signals, and they got considerable results with EEG signals. 



 

87 

 

Zhiping, Guangming, Cheng, He, and Jiacai (2010) proposed a feature selection 

method based on the PSO algorithm for EEG-based motor-imagery (MI) SBCI 

systems. The PSO was used to select the EEG features and classifier parameters. They 

claimed that PSO produced redundant selected features, so they used a voting 

mechanism to remove the redundant features. Then, they compared the proposed 

method with the GA algorithm; they claimed that PSO did better than GA in terms of 

time cost, while they had similar performance on TP and FP rates. On the other hand, 

Rakshit et al. (2013) used motor cortex EEG data to decode different human 

movements. Because the data redundancy in a particular dataset is one of the major 

BCI problems, they applied the ABC algorithm as a clustering algorithm to reduce the 

feature space to end up with corresponding values, and the results show that the 

classification accuracy improved, and the features space was reduced. 

Moreover, to achieve a portable and more compact brain–machine interface (BMI), 

Gonzalez, Nambu, Hokari, and Wada (2014) implemented multi-objective 

optimization based on the PSO algorithm to perform channel selection and search for 

ideal classifier parameters as they claimed that these two factors maximize the 

classification accuracy (Gonzalez et al., 2014). They proposed the method for 

classifying P300 and ERP by using a combination of the Fisher discriminant analysis 

(FDA) algorithm and multi-objective hydride real binary practical swarm optimisation 

algorithm, and they claimed that the proposed method got higher accuracy than 

traditional methods. This method was evaluated on an auditory ERP dataset from 

discrimination experiments for 12 subjects, and they got the highest classification 

accuracy at 95%. Meanwhile, Adam, Shapiai, Mohd Tumari, Mohamad, and Mubin 

(2014) constructed an approach involving feature selection and classifier parameter 
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estimation based on particle PSO for peak detection in EEG signals. They aimed to 

find the best combination of all possible features that offered good peak detection and 

high classification accuracy. The result of this study indicates that feature selection 

can improve the accuracy of peak detection up to 99.90% and 98.59% for training and 

testing, respectively (Adam et al., 2014). 

In addition, Hsu and Hu (2014) used ABC to select sub-features from a combination 

of potential features from EEG signals recorded from sensorimotor cortices in order 

to enhance the classification accuracy of single-trial EEG classified using an SVM 

classifier. And according to Mishra et al. (2015), ABC could be applied to several 

different tasks in the future. Mehmood and Lee (2016) conducted a study that aimed 

to classify human emotions based on EEG signals. They performed emotion 

recognition based on two feature selection methods, PSO and genetic search (GS). 

They claimed that emotion recognition accuracy had shown the possibility of 

classification of EEG brain activity, although the results obtained were not promising. 

 

 

Table 2.12 Some EEG-Based Studies That Used Swarm Intelligence Algorithms 

Author Features FS-
Method Classifier Classification 

Accuracy 
Mehmood & 

Lee, 2016 
Hjorth 

parameters PSO SVM 48% 

Mehmood & 
Lee, 2016 

Hjorth 
parameters 

GS SVM 57% 

Gonzalez et 
al., 2014 P300 ERP MHPSO FDA 95% 
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Adam et al., 
2014 Peak features PSO Rule-Based 

Classifier 

99.9% training 
data 

98.59% testing 
data 

Rakshit et 
al., 2013 Spectra power ABC 

Clustering 
Validity Index 
(CS Measure) 

64.29% 

Zhiping et 
al., 2010 

7–13Hz, 11–
17Hz, and 18–

22Hz 

 

PSO SVM — 

Khushaba et 
al., 2008 𝜃, α, and β ACO LDA 83% 

Bursa & 
Lhotska, 

2008 

Standard features 
with clinical 

relevance 
ACO D-Tree 70% 

Gerla et al., 
2007 

Spectra power ACO D-Tree 68.83% 

*Abbreviations: multi-objective hybrid real-binary particle swarm optimization 

(MHPSO), artificial bee colony (ABC), ant colony optimisation (ACO), Fisher 

discriminant analysis (FDA), decision tree (D-Tree). 

Indeed, PSO and ABC are the most popular swarm algorithms that have shown 

promising performance in many recent studies. However, these two algorithms present 

several drawbacks compared with other optimisation algorithms such as SSO. 

According to Cuevas et al. (2013), unlike to most existent swarm algorithms, the SSO 

algorithm distinguishes everyone according to gender, male or female. This enables 

not just the factual and pragmatic simulation of the cooperative behaviour in the spider 

colony but also the combination of computational technicalities to avoid the 

drawbacks commonly provided by the ABC and PSO algorithms such as premature 

convergence and erroneous exploration–exploitation balance. In addition, the SSO 

algorithm has shown satisfactory functionality with regards to the solution quality as 
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well as solution stability (Cuevas et al., 2013). Additionally, the operators of the SSO 

algorithm enable better particle distribution within a search space, improving the 

algorithm’s potential to find the global optima. Hence, the SSO algorithm has been 

adopted in this research. Consequently, this research proposed to develop a new 

feature selection method based on the social spider optimisation algorithm (see 

Algorithm 5.1). To the best of the researchers’ knowledge, the SSO algorithm has not 

yet been used in the field of emotion recognition based on EEG, specifically in EEG 

feature selection. 

2.8.6 Eagle Strategy 

The foraging behaviour of eagles such as golden eagles (Aquila chrysaetos) has been 

inspired; An eagle forages in its own territory by flying freely in a random manner, 

much like Levy flight. Once prey is sighted, the eagle changes from its search strategy 

to intensive chasing tactics to catch the prey as efficiently as possible. There are thus 

two important components to an eagle’s hunting strategy: random search by Levy 

flight (or walk) and intensive chase by locking its aim on the target (Nelder & Mead, 

1965; Yang & Deb, 2007; Yapıcı & Çetinkaya, 2017). 

First, it is assumed that an eagle performs Levy flight in the whole domain. Once it 

finds prey, it changes to a chase strategy. Secondly, the chase strategy can be 

considered as an intensive local search using any optimization technique (Nelder & 

Mead, 1965, Yang & Deb, 2007; Liu & Qin, 2014; Yapıcı & Çetinkaya, 2017). Thus, 

it can also use any efficient metaheuristic algorithm such as PSO or FA for its 

concentrated local search (Yang & Deb, 2007; Liu & Qin, 2014; Yapıcı & Çetinkaya, 

2017). 
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Incidentally, even though the eagle strategy (ES) has some similarity to another search 

strategy (i.e., hill climbing [HC]), ES has many distinct advantages to work more 

powerfully in exploration search than in local search as in HC: Firstly, ES is a two-

stage strategy rather than a simple iterative method, and thus ES combines a good 

randomization (diversification) technique of global search with an intensive and 

efficient local search method. Secondly, ES uses Levy walk rather than simple 

randomization, which means that the global search space can be explored more 

efficiently (Liu & Qin, 2014; Yapıcı & Çetinkaya, 2017). In fact, several studies have 

shown that Levy walk is far more efficient than simple random walk exploration (Yang 

& Deb, 2007; Liu & Qin, 2014; Yapıcı & Çetinkaya, 2017). Moreover, various studies 

have shown that the flight behaviour of many animals has the typical characteristics 

of Levy flight (Brown, Liebovitch, & Glendon, 2007; Pavlyukevich, 2007; Reynolds 

& Frye, 2007). Subsequently, such behaviour has been applied to optimization and 

optimal search, and preliminary results from several studies have shown that ES has 

promising ability in exploration search (Liu & Qin, 2014; Pavlyukevich, 2007; 

Reynolds & Frye, 2007; Shlesinger, 2006; Shlesinger, Zaslavsky, & Frisch, 1995; 

Yapıcı & Çetinkaya, 2017). 

Levy flights essentially provide a random walk whose random steps are drawn from a 

Levy distribution for large steps (Yang & Deb, 2013). Thus, Levy flight offers more 

efficient exploration of a global search space than random-walk exploration. The step 

of the eagle’s motion is essentially a random walk process with a power law step length 

distribution with a heavy tail. Thus, it has characteristics of stochastic tunnelling, 

which may be more efficient in avoiding entrapment in local optima. 
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The Levy flight has a random step length drawn from a Levy distribution as follows 

(Yang & Deb, 2013): 

L ́evy∼u= 𝑡−1−𝛽 , (0 < 𝛽 ≤ 2)               (2.29) 

2.9 Classification 

The EEG feature vector gives findings in which an emotional state is usually inferred. 

Typically, any classifier can be used to decode the particular feature vector basically 

into one of the probable emotional states (Kim et al., 2013). In EEG-based emotion 

estimation, the next stage after extracting the feature vectors is to classify these 

features. Unsupervised and supervised classifications are the two main types of 

classifiers in classification patterns. Unsupervised classification represents clustering 

of patterns, while the supervised type represents classifying a pattern. In supervised 

learning, entry features to classes are received by a classifier with a label revealing a 

class that they fit into (Jatupaiboon et al., 2013; Kim et al., 2013; Mahajan, Bansal, & 

Singh, 2014; Tiemann, Schulz, Gross, & Ploner, 2010). This research focuses on 

supervised learning. 

Numerous classification algorithms can be used to classify human emotion, including 

statistical classification algorithms such as Bayesian classifiers and the LDA classifier, 

as well as computational classification algorithms such as the nural networks classifier 

(NN) and the SVM classifier (see Table 2.3). This research reviews the most popular 

computational classifiers in the following sections. 
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2.9.1 Classifier 

2.9.1.1 K-Nearest Neighbour 

The k-nearest neighbour (KNN) algorithm aims to locate k-nearest neighbours among 

a training set and use these categorized k-nearest neighbours to weigh the particular 

category candidates. The key problem in this algorithm is concentrated in determining 

a suitable k-value, as when the k-value is very large, the massive classes smash the 

small classes. In contrast, when k is very small, the benefit of KNN cannot be traced. 

Moreover, this classifier is highly sensitive to a high number of features (Jiang, Pang, 

Wu, & Kuang, 2012; Khasnobish, Bhattacharyya, Konar, & Tibarewala, 2010; Li, Yu, 

& Lu, 2003). 

2.9.1.2 Artificial Neural Network 

Artificial neural networks (ANNs) are simplified models of the actual biological 

nervous system and thus drive their motivation through the type of processing 

executed by a human brain. Generally, ANN is an extremely interconnected network 

associated with a huge number of processing components called neurons within a 

structure inspired by the brain. NNs learn through examples. Therefore, they can be 

trained with recognised examples of a problem in order to gain knowledge about it. 

As soon as properly trained, the network becomes able to efficiently solve untrained 

or unknown problem instances (Rached & Perkusich, 2013; Singla, Chambayil, 

Khosla, & Santosh, 2011). The architecture of a multilayer feed-forward network 

consists of multiple layers involving (i) input layers and (ii) an output layer. Neurons 

are classified as the computing elements inside each single layer, as shown in Figure 

2.18 (Singla et al., 2011). The actual retardation or acceleration of the enter signals is 
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usually modelled by the weights. The sum of weighted input for each neuron is then 

transferred through an activation function to obtain the output neuron. Besides the 

inputs, there’s also a bias for each and every neuron (Rached & Perkusich, 2013; 

Singla et al., 2011). 

Figure 2.18. ANN layers system 

  

2.9.1.3 Support Vector Machines 

SVM has proved to be useful for several classification issues. With regard to binary 

classification, the particular SVM classifier constructs an ideal isolating hyperplane 

between negative classes and positive classes using the maximum margin (Singla et 

al., 2011; Tiemann  et al., 2010; Vapnik & Vapnik, 1998). The ideal hyperplane within 

a particular feature space not only separates classes but also builds the margin space, 

which is the distance from the nearest point to the constructed hyperplane. The optimal 
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classifier function can be derived as in the following equation by utilizing the 

LaGrange transformation: 

                      𝑓(𝑥) = 𝑠𝑔𝑛 (∑ 𝑎𝑖
∗𝑦𝑖𝐾(𝑥, 𝑥𝑖) + 𝑏

1

𝑖=1
)                                              (2.30) 

where is the training sample eigenvector and x is the recognising sample eigenvector, 

and this present the LaGrange operator, and for the kernel function, 𝐾(𝑥, 𝑥𝑖) =

𝜑(𝑥𝑖). 𝜑(𝑥). Kernel functions give a compatible method for obtaining high-dimension 

features, which are mapped from the data devoid of processing by the non-linear 

transformation (Song-yun, Peng-wei, Hai-jun, & Hai-tao, 2008). The regular kernel 

functions are involved in (i) radial basis function (RBF), (ii) polynomial, (iii) 

quadratic, and (iv) linear kernels (see Table 2.13). 

Table 2.13 SVM Kernel Functions 

Kernel Function Equation 

RBF 𝐾(𝑥, 𝑥𝑖) = 𝑒𝑥𝑝|𝑥. 𝑥𝑖|
2/𝜎2 

Polynomial 𝐾(𝑥, 𝑥𝑖) = (𝑥. 𝑥𝑖 + 1)
𝑞 

Quadratic 𝐾(𝑥, 𝑥𝑖) = (𝑥. 𝑥𝑖 + 1)
2 

Linear 𝐾(𝑥, 𝑥𝑖) = 𝑥. 𝑥𝑖 

 

This SVM is a highly effective instrument with regard to binary classification, 

competent at making very quick classifier functions after having a training period. The 

SVM architecture is illustrated in Figure 2.19; the formulation intended for 2-classes 
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classification problems i.e. ( -1, +1), then mapping the input space into a feature space. 

Then consequently determining the optimal hyperplane in the feature space. 

Figure 2.19. SVM architecture 

2.9.2 Comparison of Commonly Used Classification Algorithms 

Besides what was mentioned in previous sections regarding classifiers, this section 

provides a surface comparison of the commonly used classifiers in terms of their 

advantages and disadvantages. Each of them shows particular advantages and 

disadvantages due to its particular features and characteristics. Table 2.14 illustrates 

some commonly used classification algorithms with their advantages and 

disadvantages (Miotto, Wang, Wang, Jiang, & Dudley,2017; Schmidhuber, 2015; 

Hagelbäck et al., 2013; Sohaib et al., 2013; Tiemann et al., 2010). 

 



 

97 

 

Table 2.14 A Review of Some Commonly Used Classification Algorithms 

Algorithm Description Advantages Disadvantages 

Bayesian 
classifiers (BC) 

 

The class models are learned, and the 
samples are classified by measuring 

probability of each class and indicating 
the sample with a class with highest 

likelihood. 

The computational speed is slow. Good dynamic classifiers within 
time-domain. 

Linear 
discriminant 

analysis (LDA) 
 

LDA measures a hyperplane to divide 
data by maximizing the space between 
two classes’ means and minimizing the 

interclass inequality. 

Low computational requirement. 
Simple and easy to use and usually 

provides good results. 

Has strong linear characteristics 
that may give poor findings within 

complex, nonlinear data. 
Depending on the assumption, the 

data are normally distributed. 
 

Deep Learning 
(DL) 

A hierarchical learning based on 
learning data representations, with 

multiple levels of abstraction. 

Able to learn relationships of data 
with no need of pre-defining them. 

Works in both supervised and 
unsupervised learning. 

Sensitive to the size of data. 
Computationally expensive. 

No strong theoretical foundation, 
where determining its components 
process such as training method is 

black box with no guideline. 
K-Nearest 
neighbour 
classifiers 

(KNN) 
 

A feature vector is assigned by NNC to 
a class in line with the nearest 

neighbour(s) simply by either a class 
prototype of any distance or a number 

of nearest neighbours. 

Comparatively simple. 
High computational speed. 

Extremely sensitive with 
dimensionality problem of 

features. 
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Neural networks 
(NN) 

NN assembles various artificial 
neurons to generate a nonlinear 

decision boundary. 

Flexible and can adjust to a many 
different of conditions. Hypersensitive to overtraining. 

Support vector 
machine (SVM) 

 

SVM computes a hyperplane to 
separate the data by maximizing the 

margins. In the case of an inseparable 
data problem, a different kernel 

function can be employed. 

Very good generalization 
functionality due to regularization 

components. Can be utilised by any 
kernel functionality. Can be put on 

in regression method. 

High computational demand, and 
the speed of execution is low. 
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Typically, the SVM classifier is the most commonly used classifier in many emotion 

classification studies. This is because of the many effective advantages of this 

classifier. SVM is generally known to have very good generalization and properties. 

In addition, SVM is less sensitive to overtraining and to the curse of dimensionality 

problem than other classifiers such as the KNN classifier (Jatupaiboon et al., 2013; 

Padmavathi & Ranganathan, 2014; Tiemann et al., 2010). It also needs less 

computational time to train and does not need to retrain such as in DL classifier, which 

is a hierarchical learning based on learning data representations. While, DL uses a 

cascade of multiple layers of nonlinear processing units for feature extraction and 

transformation. Each level/layer that consists of several nodes learns to transform its 

input data into a slightly more abstract and composite representation. Whereby, Each 

successive layer uses the output from the previous layer as input (Miotto et al. 2017; 

Deng & Yu, 2014; Bengio, Courville, & Vincent, 2013).  

2.9.3 Least Square Support Vector Machine 

The SVM classifier is developed to be a quadratic encoding problem involving 

inequality limitation. That’s why an improvement of SVM classifiers was recently 

proposed to be the solution to the problem involving the equality limitation of the 

original SVM by solving a system of linear equations. In addition, LSSVM is easy to 

train and takes less computational effort compared with the original SVM (Lai & Liu, 

2014; Mustaffa & Yusof, 2014; Suykens & Vandewalle, 1999; Ye & Xiong, 2007).  

The essential instruction rule of whether to use SVM or LSSVM depends on 

determining the optimal hyperplane in which the predicted classification error 

regarding test samples can be minimized. The perfect hyperplane is usually the one 
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that maximizes the margins. Maximizing margins can increase the capability of 

generalization. SVM employs a regularization parameter (C) that allows 

accommodation of outliers and enables error of test samples (Jatupaiboon et al., 2013; 

Padmavathi & Ranganathan, 2014; Tiemann et al., 2010). Usually, the three common 

kernels related to SVM-based classifiers are used in order to avoid the optimization 

problem of hyperplane creation that usually happens in large-scale samples. These 

kernel functions are linear, multi-layer perceptron, and RBF. LSSVM, including a 

kernel function, has two essential parameters that play basic roles in identifying the 

performance of the classifier. These two parameters are the smoothing parameter σ 

and regularization parameter γ. Different values of these parameters continuously 

show different performance of the classifier. To tune these two values, numerous 

studies have depended on the default values of the classifier or basically tuning by the 

grid search method. On the other hand, other studies have performed an optimization 

algorithm to set up optimal values of σ and γ for which the classifier shows the highest 

performance within a specific classification (Mehrkanoon et al., 2014; Mustaffa & 

Yusof, 2014; Schölkopf & Smola, 2002; Xie, 2009). The LSSVM is derived from the 

SVM and solves the QP of the SVM as follows: 

Given a training set {(𝑥𝑖, 𝑦𝑖 )}𝑖=1𝑁 with input data xi ∈ Rn and corresponding binary 

class labels 𝑦𝑖 ∈ {−1,+1}, the SVM classifier satisfies the following conditions 

(Suykens et al., 1999; Ye & Xiong, 2007): 

                                        {
𝑤𝑇 𝜑(𝑥𝑖 + 𝑏 ≥ +1, 𝑖𝑓 𝑦𝑖 = +1

𝑤𝑇  𝜑(𝑥𝑖 + 𝑏 ≤ −1, 𝑖𝑓 𝑦𝑖 = −1
                 (2.31)                       

Which is equivalent to 
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                    𝑦𝑖[𝑤
𝑇𝜑(𝑥𝑖) + 𝑏] ≥ 1, 𝑖 = 1, … , 𝑁.                        (2.32)                   

The nonlinear function 𝜑(·): Rn  →  𝑅𝑛𝑘   maps the input space to a high-dimensional 

feature space, and 𝑏 is a real constant. 

In the nonlinear SVMs, the quadratic equation problem has never been solved. Hence, 

the standard formulation of SVM was modified by Suykens and Vandewalle (1999) 

to produce the following LSSVM formulations: 

Optimisation problem: 

                                     min
𝑤,𝑏,𝑒

𝒥(𝑤, 𝑒) =
1

2
𝑤𝑇𝑤 + 𝛾

1

2
 ∑𝑒𝑖

2

𝑁

𝑖=1

                               (2.33) 

subject to the equality constraints 

                                    𝑦𝑖[𝑤
𝑇𝜑(𝑥𝑖) + 𝑏] ≥ 1 − 𝑒𝑖, 𝑖 = 1, … , 𝑁.                (2.34) 

This formulation includes equality instead of inequality constraints and takes into 

account a squared error with regularization term similar to ridge regression. The 

solution is obtained by constructing the LaGrangian 

  ℒ(𝑤, 𝑏, 𝑒; 𝛼) = 𝒥(𝑤, 𝑏, 𝑒) −∑𝛼𝑖{𝑦𝑖[𝑤
𝑇𝜑(𝑥𝑖) + 𝑏] − 1 + 𝑒𝑖}

𝑁

𝑖=1

             (2.35)     

where 𝛼𝑖 ∈ 𝑅 is the LaGrange multiplier, which can be positive or negative in the 

LSSVM formulation, and 𝑏 is a real constant, for which there are many choices based 

on the selected kernel. From the conditions for optimality, one obtains the KKT 

system: 
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{
 
 
 
 
 

 
 
 
 
 

 

𝜕ℒ

𝜕𝑤
= 0 → 𝑤 =∑𝛼𝑖

𝑁

𝑖=1

𝑦𝑖𝜑(𝑥𝑖)                                                        

𝜕ℒ

𝜕𝑏
= 0 → 𝑤 =∑𝛼𝑖

𝑁

𝑖=1

𝑦𝑖 = 0                                            (2.36)      

𝜕ℒ

𝜕𝑒𝑖
= 0 → 𝛼𝑖 = 𝛾𝑒𝑖,                                                     𝑖 = 1,… ,𝑁   

      
𝜕ℒ

𝜕𝛼𝑖
= 0 → 𝑦𝑖[𝑤

𝑇𝜑(𝑥𝑖) + 𝑏] − 1 + 𝑒𝑖 = 0, 𝑖 = 1,… ,𝑁.            

     

Note that sparseness is lost, which is clear from the condition αi = γei. As in standard 

SVMs, w and 𝜑(𝑥𝑖) have never calculated. Therefore, LSSVM sets linear equations 

instead of the quadratic problem (QP) used in SVM. Hence, after 𝑤 and 𝑒  are 

eliminated with 𝑦 = [𝑦1,… , 𝑦𝑁 ], 1𝑣 = [1,… , 1], 𝑒 = [𝑒1, … , 𝑒𝑁], 𝛼 = [𝛼1, … , 𝛼𝑁], it 

yields to (Suykens & Vandewalle, 1999b): 

                      [
0

𝑦

𝑦𝑇

Ω + 𝛾−1𝐼
] [
𝑏

𝛼
] = [

0

1𝑣
]                                                                     (2.37) 

And Mercer’s condition is applied within the Ω matrix: 

                          Ω𝑖𝑗 = 𝑦𝑖𝑦𝑗𝜑(𝑥𝑖)
𝑇𝜑(𝑥𝑗) = 𝑦𝑖𝑦𝑗𝐾(𝑥𝑖, 𝑥𝑗).                                    (2.38) 

The resulting LSSVM model in dual space becomes 

                𝑦(𝑥) = 𝑠𝑖𝑔𝑛 [∑𝛼𝑖𝑦𝑖𝐾(𝑥, 𝑥𝑖) + 𝑏 

𝑁

𝑖=1

] =∑𝛼𝑖𝐾(𝑥, 𝑥𝑖) + 𝑏

𝑁

𝑖=1

             (2.39) 

where 𝛼𝑖 ∈ 𝑅 is the LaGrange multiplier, which can be positive or negative, 

and 𝐾(𝑥, 𝑥𝑖) is the kernel type. 

The RBF kernel is formulated as follows: 
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                      𝐾(𝑥, 𝑥𝑖) = exp{−∥ 𝑥 − 𝑥𝑖 ∥2
2 𝜎2⁄ } = 𝑒

−
∣x−𝑥𝑖∣

2

2𝜎2                               (2.40)   

where 𝜎2 is a tuning parameter associated with RBF function. Thus, to obtain optimal 

LSSVM training, the regularization parameter γ and the kernel parameter σ should be 

optimally tuned. 

In case of multiclass, it is necessary to use a special formulation of multiclass 

classification associated with the LSSVM classifier. The multiclass is formulated as 

follows: 

                                  {𝑥𝑖 , 𝑦𝑖𝑘}𝑖=1,𝑘=1
𝑖=𝑃,𝑘=𝑚                                                                 (2.41)  

Where 𝑥𝑖 is the training input pair, 𝑦𝑖𝑘 is the 𝑘𝑡ℎ output for pattern i, and p and m 

denote the number of training input pairs and the number of hyperplanes, respectively. 

For more details about multiclass LSSVM analysis, see Bajaj and Pachori (2012) and 

Suykens and Vandewalle (1999). 

Hence, the RBF kernel for MC-LSSVM becomes as follows: 

                     𝐾(𝑥, 𝑥𝑖) = 𝑒𝑥𝑝 {
−∥ 𝑥 − 𝑥𝑖 ∥2

2

𝜎𝑘
2 } = 𝑒

−
∣x−𝑥𝑖∣

2

2σk
2
                                        (2.42) 

where the width of the RBF kernel is controlled by the 𝜎𝑘2 parameter. 

Various studies have indicated that LSSVM shows remarkable performances in 

different research areas such as pattern recognition, non-linear function estimation, 

and machine learning domains (Bajaj & Pachori, 2014; Mehrkanoon et al., 2014; 

Mustaffa & Yusof, 2014). LSSVM is given attention in the field of EEG signals 
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analysis (Bajaj & Pachori, 2012). To date, a few studies have used this classifier in 

EEG-based emotion recognition in recent years (see Table 2.3). The key problem of 

LSSVM is to select the kernel function and its parameters (Mehrkanoon et al., 2014; 

Mustaffa & Yusof, 2014; Shi & Gindy, 2007). The kernel function can be chosen as 

linear, multi-layer perceptron, or RBF. Due to various kernel functions and parameters 

of the same kernel function, the LSSVM prediction model has different performance 

results. In comparison with some other feasible kernel functions, RBF is usually 

selected as the kernel function of LSSVM. 

RBF is by far the most popular choice of kernel type selected due to its good features 

and its localized and finite responses across the entire range of the real x-axis, where 

the gamma parameter is an adjustable parameter of certain kernel functions 

(Boolchandani & Sahula, 2011; Guo, Li, Bai, & Ma, 2012; StatSoft Inc, 2015). 

Fundamentally influencing learning performance and generalisation performance of 

LSSVM, the two parameters (i) width of part parameter σ (smoothing parameter) and 

(ii) LSSVM regularization parameter γ ought to be tuned. In light of cross-approval, 

the gridding hunt technique (grid search) is typically used to focus these two 

parameters; however, the lapse accuracy for the gridding inquiry strategy may not be 

satisfied since this method has a problem with pitfalls of local optima (Garrett, 

Peterson, Anderson, & Thaut, 2003). Most recent studies have utilised intelligent 

algorithms such as swarm-based optimisation algorithms (i.e., PSO and ABC). The 

following (Section 2.9.4) is a review of optimisation LSSVM parameters in different 

fields of study. 
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2.9.4 Swarm Intelligence in Tuning the LSSVM Classifier 

In the EEG field, some studies have used EC algorithms to tune the SVM classifier. 

For example, Yang and Wu (2014) proposed a classifier scheme based on support 

vector machine and genetic algorithm called SVM-GA, where the GA was used to 

optimize the kernel parameters. They tested the proposed method on data set Iva of 

the BCI Competition III and compared it against a conventional LDA classifier. They 

found that the proposed method outperformed the conventional LDA in average 

classification performance. Ma, Ding, She, Luo, Potter, and Zhang (2016) proposed 

using a PSO algorithm to optimize SVM’s parameters to improve the classification 

performance of the SVM classifier, calling the result PSO-SVM. The performance of 

the proposed classifier scheme in both classification and prediction was evaluated on 

motor imagery EEG signals against other classifiers including SVM, KNN, LDA, BP, 

and decision tree. They found that PSO-SVM could significantly improve the 

classification accuracy of motor imagery EEG signals. 

In the literature, as GA is an old EC algorithm, it has been widely used in numerous 

areas. However, several downsides of this method have been reported: for example, 

the difficulty in parameter selection, the falling in the local minimum, and the low 

convergence speed (Chen, X., Wang, J., Sun, D., & Liang, 2008; Yusof & Mustaffa, 

2016). Despite the current increase in attention to the LSSVM classifier in the EEG 

field, it has been observed that the LSSVM classifier is more popular in other research 

areas than EEG, which is the reason for the lack of EEG-based LSSVM parameter-

tuning studies. However, practically, LSSVM has been widely used in many research 

areas, some of which are presented in Table 2.15. Generally, it has been observed that 

PSO is the most popular swarm algorithm that is widely applied to optimize LSSVM’s 



 

106 

 

hyperparameters. However, it has been exposed that PSO falls into local minima (Pan, 

2012; Yusof & Mustaffa, 2016). Meanwhile, ABC-based algorithms have become 

increasingly prominent in recent years, as they have been shown to be efficient for 

tuning LSSVM classifiers (Mustaffa & Yusof, 2011, 2013, 2016; Yusof & Mustaffa, 

2016), unlike other EC algorithms (e.g. ACO) that are less obtrusive (Karaboga & 

Basturk, 2007; Yusof & Mustaffa, 2016). Pereira et al. (2014c) proposed a new 

classification scheme based on the SVM classifier and an SSO algorithm for tuning 

SVM parameters. They tested the proposed method on 10 UCI datasets and compared 

it against PSO, novel global harmony search (NGHS), and grid search (GS) 

algorithms. They found that the proposed method showed comparable results to the 

compared techniques and could outperform them for some datasets. 

 

Table 2.15. Prediction Technique Using LSSVM Optimized by Swarm-Based 

Algorithm. 

Authors Research Area Variables Method 

Ma et al., 

2016 

Motor imagery 

EEG signals 

Motor imagery EEG data 

(left- and right-hand 

movement) 

PSO-SVM 

Mustaffa & 

Yusof, 2014 

Gold prices time 

series prediction 

World gold prices time series 

Daily spot prices of West 

Texas Intermediate (WTI) 

eABCLSSVM 

Yang and 

Wu, 2014 

Motor imagery 

EEG signals 

Motor imagery EEG data 

(left- and right-hand 

movement) 

SVM-GA 

Jiang & 

Zhang, 2013 

Critical heat flux 

prediction 

Mass flow rate, pressure, the 

heated length-to-tube 

PSOLSSVM 
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diameter ratio, and 

equilibrium quality 

Mustaffa et 

al., 2013 

Energy fuel price 

prediction 

Daily spot price and variance eABCLSSVM 

Zhang et al., 

2013 

Turbine heat rate 

prediction 

Heat rate GSA-LSSVM 

Liao et al., 

2011 

Dissolved gases 

prediction 

Dissolved gas data 110kV PSOLSSVM 

 

Mustaffa & 

Yusof, 2011 

Non-volatile 

financial 

prediction 

An early week gold price 

An early week crude oil price 

An early week USD price 

ABC-LSSVM 

Zhou & Shi, 

2010 

Ship motion 

prediction 

A series of roll and pitch time 

series data of a real ship 

during her seakeeping trial 

HPSOLSSVM 

Fang & Bai, 

2009 

Share price 

prediction 

Share price data ACO-LSSVM 

Liu & Yao, 

2009 

Chaotic time 

series prediction 

Mackey-Glass time series data 

and Lorenz time series data 

PSOLSSVM 

 

Xiang & 

Jiang, 2009 

Water quality 

prediction 

Water figures of Lixiu River PSOLSSVM 

Pereira et 

al., 2014c 

Classification UCI datasets SSO-SVM 

 
According to the researcher’s best knowledge, the SSO algorithm has not yet tested 

on optimising an LSSVM classifier. This algorithm has several advantages over recent 

and popular algorithm such as PSO and ABC: (i) Spider operators allow a better 

particle distribution in the search space, which in turn increases the algorithm’s ability 

to find the global optima; (ii) it produces different rates between exploration and 
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exploitation during the evolution process; (iii) the spiders typically exchange data 

actively and positively, which in turn decreases the consumed time and the loss of 

information to some degree (Cuevas et al., 2013; Mirjalili et al., 2015; Pereira et al., 

2014a). 

2.10 Evaluation 

In the literature, researchers have used several evaluation methods to assess the 

performance of their investigated methods: for example, accuracy, specificity, 

sensitivity, and F-score (Fawcett, 2006; Guo et al., 2009; Nguyen, Bouzerdoum, & 

Phung, 2009). Here are the definitions of some evaluation criteria: 

Accuracy: The classification accuracy is calculated by dividing the number of correct 

decisions by the total number of cases: 

                             𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
,                                    (2.43) 

where 𝑇𝑃  and 𝑇𝑁 are the true positive and negative points, respectively, and 𝐹𝑃 and 

𝐹𝑁 are the false positive and negative points, respectively (this applies to the following 

equations as well). 

Standard Deviation: The standard deviation is the most common measure of 

variability, measuring the spread of the dataset and the relationship of the mean to the 

rest of the data. If the standard deviation is small, it indicates that the responses are 

fairly uniform, and vice versa (Gertsbakh, 2003). The standard deviation is calculated 

using the following formula: 

                              𝑆𝐷 = 𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                          (2.44) 
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Specificity: The specificity is calculated by dividing the number of true negative 

decisions by the number of actual negative cases: 

                                     𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝐹𝑃 + 𝑇𝑁
                                                    (2.45) 

Sensitivity: The sensitivity is calculated by dividing the number of true positive 

decisions by the number of actual positive cases. 

                                        𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                    (2.46) 

Precision: Precision is the ratio of the number of relevant classes retrieved to the total 

number of irrelevant and relevant classes retrieved (Goutte & Gaussier, 2005). It is 

calculated using the following formula: 

                                  𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                            (2.47) 

Recall: Recall is the ratio of the number of relevant classes retrieved to the total 

number of relevant classes (Goutte & Gaussier, 2005). It is calculated using the 

following formula: 

                                       𝑟𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                               (2.48) 

F-score: F-score is a measure of a test’s accuracy. Both precision and recall are 

considered to measure F-score. The F-score can be interpreted as a weighted average 

of the precision and recall. The F-score can be calculated as in the following equation: 

                                  𝐹𝑠𝑐𝑜𝑟𝑒 = 2.
𝑝. 𝑟

𝑝 + 𝑟
,                                                              (2.49) 

where the F-score reaches its best value at 1 and its worst value at 0. 
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Receiver operating characteristic area under curve: The receiver operating 

characteristic (ROC) curve is the plotting of the true positive rate (TPR) against the 

false positive rate (FPR), as in the following formulae: 

                             TPR = 𝑇𝑃

𝑇𝑃+𝐹𝑁
,   FPR = 𝐹𝑃

𝐹𝑃+𝑇𝑁
,                                        (2.50) 

The area under the curve (AUC) is the area under the ROC curve, where a higher area 

indicates a better model. 

2.11 Summary and Findings of the Literature Review  

This chapter provided a literature review over the component of the EEG-based 

emotion recognition model and the correlated methods of its phases. Indeed, it is a big 

challenge to determine the weakness points in theses divers proposed recognition 

models. Whereby, each component/factor play an essential role in determining the 

recognition performance. Hence, to determine a weakness point in any proposed EEG-

based emotion recognition model, it must be with considering each factor or sitting 

being taken in building a EEG-based recognition model. Such to identify the 

performance of each method in any phase, it must be a fair threshold sitting of the 

model, and study a particular method independently to be compared with another one. 

For example, in classification phase, SVM is shown as a prominent classifier and 

provide a better performance compare with other existing classifiers. However, when 

a model is proposed to classify two level of emotional state (binary classification task), 

while on another side, a model is proposed to classify three level of emotional state 

(multiclass classification task), the latter would be more complex and provide lower 

classification results. Thus, whenever the number of classified emotions is increased, 

the accuracy will be lower; using SVM to classify six emotions would be lower 
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accuracy when using KNN classifier to classify two emotions. In this case, the KNN 

seems to perform better than the SVM, but in fact, it is not. Technically, the SVM still 

superior the KNN if the number of emotions to be classified are equal for the two 

classifiers, but the number of emotions to be classified is not equally leads to different 

result effected by another condition that other than the efficiency of the classifier itself, 

which is the number of emotions. This fact is for each component/factor of the 

recognition model. For example, (1) building an EEG-based emotion recognition 

model with independent model of the participants is highly more complex than the one 

with dependent model of the participants. (2) building an EEG-based emotion 

recognition model with higher number of emotions to be recognised is highly more 

complex than the one with a smaller number of emotions to be classified. (3) building 

EEG-based emotion recognition model with dimensional model of emotion is more 

complex than the one with discrete emotional model. (4) building an EEG-based 

emotion recognition model with higher number of features to be managed is highly 

more complex than the one with a smaller number of features to be managed, and etc. 

Hereby, the aim in improving the computational models is to provide algorithms that 

can deal with complex EEG-based recognition tasks, and can provide a satisfactory 

results better than the existing performances theoretically and technically, thus to keep 

the good performance or improving it when a complex emotion recognition task is 

existing. This can be achieved by theoretically and technically studying the methods 

in every phase and enhance their performance.  

In feature extraction phase, due to the complexity, chaotic, time-varying manner 

naturality of the EEG signal, it was a need to provide the time-frequency domain 

methods. Such methods can study the EEG signals in spatial, temporal, and spectral 
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resolution. Which is the thing that mimics the brain behaviour in producing its signals.  

Therefore, wavelet transform-based methods were showed as prominent in the EEG 

studies. One of the wavelets transform methods is the DWPT algorithm that produces 

with better features compare with other wavelet transform methods such as WT, DWT, 

and CWT. Unlike other Wavelet algorithm, DWPT provided the information of the 

EEG signals by detail and approximation coefficients, and with low and high pass of 

the two sides of the coefficients decomposition, which resulting a better representation 

and localisation of the wavelet packets. Thus, the DWPT is more efficient to be used 

in feature extraction task, although of its existing drawbacks (e.g. outliers) that have 

been tackled in this research.   

On another side, due to the high dimensional problem of the feature space, the feature 

selection phase is integrated to the EEG-based emotion recognition model aiming to 

reduce the number of taken features. Hereby, several feature selection methods were 

implemented, based on filter selection methods and wrapper selection methods as 

well. However, when compare the wrapper-based method to the filter-based method, 

although the faster computation of the filter-based method, but the wrapper-based 

method is more accurate. The wrapper-based method aims to minimize the main 

criterion of the classification model, thus a subset of features be gotten ensures lower 

error the model. Meanwhile, the one be gotten by a filter-based method does not ensure 

lower error the model and/or there is a probability to get a worse result. This is due to 

minimise various criterion in filters, and with no learning model is wrapped. Hence, 

the high number of wrapper feature selection approaches were introduced in the 

literature, which mainly combined an optimisation method for search over the feature 

space, and a learning model for evaluation (e.g. PSO-classifier). A swarm-based 
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algorithm such as PSO and ABC, have highly attracted researcher’s attentions over 

last years. Such algorithms have proved its efficiency in working over features 

selection and other optimisation tasks like tuning tasks. This fact promotes the uprising 

of providing inspired algorithms (e.g. SSO). Hence, a high number of swarm 

algorithms were provided. One of these algorithms is the SSO algorithms that have 

several advantages over other most popular algorithm such as PSO and ABC that are 

suffer from several drawbacks compare with the SSO, like the local optima problem 

and error in exploration-exploitation balance. Hence, a meticulous study on other 

algorithm such as SSO algorithm to be tested and applied is important for enhancing 

the performance of a particular pattern recognition model such as EEG-based emotion 

recognition model. This including the feature selection and tuning parameters tasks. 

Whereby, in classification phase, the SVM has shown the most popular and prominent 

classifier, and mostly provide a better classification results compare with other 

classifiers such as KNN that is sensitive to the dimensionality of the data, and ANN 

that is often overfit with a long training and  converge to local minima instead of global 

minima, which leads to miss the actual picture of the representative features; thus 

provide untrusted results. Therefore, due to the complexity of the SVM quadratic 

programming (QP), the LSSVM were produced to address this problem. Thus, the 

performance of the algorithm is improved. However, it has a proof from the literature 

that the key control of the LSSVM is the tuning its regulation parameters. 

Consequently, a meticulous research on enhancing EEG-based emotion recognition 

model through such sufficient algorithms (i.e. DWPT and SSO) along with addressing 

the limitations of these algorithms, is indispensable. 
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CHAPTER THREE 

 METHODOLOGY 

3.1 Introduction 

The previous chapter offered discussion on existing studies on emotion states and the 

recent issues related to computational methods in recognising human emotion based 

on EEG signals. This chapter illustrates the research structure and specifies the 

methods used in achieving the research objectives. The research strategy is illustrated 

in Table 3.1.  

Table 3.1. Research Strategy. 

 Research Objectives Phase/Method Outcomes 
i To develop an enhanced 

feature extraction method 
based on DWPT that 
addresses the existence of 
outliers. 

Phase II: 
Feature 

Extraction. 

Grubbs-DWPT algorithm and 
feature vector Space 

ii To develop a feature 
selection method based 
on the SSO algorithm 
that promoting its 
diversity for better 
exploration search and 
convergence speed. 

Phase III: 
Feature 

Selection 

Improved SSO on EEG Signals 
(ISSO-FS) 

iii To develop an LSSVM 
tuning algorithm based 
on SSO that promoting 
its global search for 
avoiding the local 
optima. 

Phase IV: 
Classification 

Scheme 

Tuning algorithm for LSSVM 
called ESSO-LSSVM. 

iv To evaluate the enhanced 
computational model 
based on social spider 
optimisation for EEG-
based emotion 
recognition. 

Phase V: 
Evaluation of 
the Produced 

Computational 
Model 

The proposed computational 
model (Grubbs-DWPT/ISSO-
FS/ESSO-LSSVM) Bench to: 

GA/PSO/ABC/SSO/ISSO 
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The chapter is organised as follows: Section 3.2 offers the research steps; Section 3.3 

details the EEG data acquisition and explains valence–arousal space and channels; 

Section 3.4 describes the feature extraction method; Section 3.5 elaborates the 

optimisation algorithm for feature selection; information on classification methods 

(tuning task) and evaluation is given in Sections 3.6 and 3.7, respectively; Section 3.8 

provides an explanation of the proposed computational model; finally, Section 3.9 

summarises the chapter. 

3.2 Research Steps 

Figure 3.1 illustrates the research steps, starting with the data acquisition, then feature 

extraction by the Grubbs-DWPT, feature selection by the ISSO-FS, and classification 

(parameters tuning) by the ESSO-LSSVM. and each phase is explained in further 

detail within the next sections. 

 

 

 

 

 

 

 

 

 

 

Data  Acquisition

Feature Extraction
(Grubbs-DWPT)

Feature Selection
(ISSO-FS)

Classification (ESSO 
Parameter Tuning)

Evaluation

Figure 3.1. Research Steps. 
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3.3 Phase I: EEG Data Acquisition 

Data acquisition is the process of sampling signals that measure real-word physical 

conditions and converting the resulting samples into digital numeric values that can 

be manipulated by a computer. In emotion recognition research, several EEG public 

databases have been created to study the human emotion state in different 

situations/conditions, as mentioned in Section 2.5. These datasets vary from one to 

another in terms of number of electrodes used, subjects, and series of trials. They also 

differ in terms of the kind of stimuli, as human emotions can be evoked by several 

kinds of stimuli, such as auditory, visual, and combined (Bajaj & Pachori, 2013; 

Jirayucharoensak et al., 2014; Koelstra et al., 2010; Valenzi et al., 2014). The key idea 

of using public datasets is that researchers can use them as a benchmark to analyse and 

examine the effectiveness of their proposed methods. Therefore, this research selects 

the DEAP EEG database, which was built by Queen Mary University of London, for 

more information about the database, see Section 2.5.1. This research used the pre-

processed version of the DEAP dataset; the advantages of using this dataset are as 

follows: (i) The pre-processing step did not need to be performed in this research. (ii) 

The authors of the datasets used a novel method for stimuli selection, as this dataset 

recorded EEG signals for 32 subjects as each watched 40 1-minute-long excerpts of 

music videos. The good selection of stimuli could better induce the participants’ 

emotions. (iii) The participants rated each video in terms of their levels of arousal, 

valence, and dominance; this landscape allows a higher number of emotions thanks to 

the flexibility in predefining the emotions on the dimensional space. (iv) The dataset 

is publicly available and easy to access and download. In this phase, three main steps 

were performed as in the following sub-sections: 
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i. Obtain pre-processed EEG signals dataset (DEAP). 

The pre-processed DEAP EEG dataset was retrieved and downloaded from this 

URL: http://www.eecs.qmul.ac.uk/mmv/datasets/deap/index.html. The data is for 32 

subjects, and each subject is named by the number of the subject, for example, 

subject ‘7’, named as ‘s07’. Therefore, 12 subjects were randomly selected to be 

used in this research. Figure 3.2 illustrates the .mat files of the subjects. 

 

 

 

 

 

 

 

 

 

 

ii. Study the dataset details and generate data matrix. 

The recorded EEG data were pre-handled and were stored in 32.mat (MATLAB) 

documents, in a shape of three dimensional array (i.e. Music-video/trial × channel 

× data), where each record has information chiefly for one subject; each document 

of the information incorporates two clusters (Data and Labels). for example, 

Figure 3.3 illustrates the data stored of subject ‘s07’. 

iii. Study the labels of the obtained EEG dataset and generate suitable labels based 

on valence–arousal dimensional model of emotions. The predetermined of the 

 
Figure 3.2. The EEG subject’s files Used in this Research. 

http://www.eecs.qmul.ac.uk/mmv/datasets/deap/index.html
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valence-arousal dimensions and the subjects experiments setup are explained 

in the following sub-sections. 

 

 

 

 

 

 

 

 

 

3.3.1 Pre-determined Valence–Arousal Space and Channels 

The common human emotions include surprise, sadness, joy, fear, disgust, and anger. 

Jatupaiboon et al. (2013) claimed that whenever the number of proposed emotions 

increases, recognising them becomes harder. However, recognising a higher number 

of human emotions is important (Jatupaiboon et al., 2013). Therefore, as explained 

earlier, the DEAP dataset only provides four emotion states: LALV, HALV, LAHV, 

and HAHV (see Figure 2.8). These resulted from the mapping of the emotion scale 1–

9 onto 2 levels for each valence and arousal. However, as in the study of 

Jirayucharoensak, Pan-Ngum, and Israsena (2014), the emotion scale from 1 to 9 is 

mapped onto 3 levels for each valence and arousal (see Table 3.2): The valence scale 

from 1 to 3 is mapped to “negative”, 4–6 is mapped to “neutral,” and 7–9 is mapped 

to “positive”. Meanwhile, the arousal scale 1 to 3 is mapped to “passive”, 4–6 is 

mapped to “neutral”, and 7–9 is mapped to “active”. Hence, based on the brand-new 

 

Figure 3.3. The Stored EEG Data of Subject ‘s07’. 



 

119 

 

scale mapping, nine emotion classification states are obtained: distressed, miserable, 

depressed, excited, neutral, calm, happy, pleased, and relaxed, as shown in Figure 3.4. 

Table 3.2. The labels of original DEAP dataset and predefined label. 

DEAP Database 
(SAM) Original dataset labels scale Predefined labels scale 

Valence (V) 1-9 

1-3         Negative ‘1’ 
4-6         Neutral    ‘2’ 
7-9         Positive   ‘3’ 

 

Arousal (A) 1-9 

1-3         Passive    ‘1’ 
4-6         Neutral    ‘2’ 
7-9         Active      ‘3’ 

 

Principally, there are several brain regions associated with the behaviour of human 

emotions such as the thalamus, brainstem, prefrontal cortex, hypothalamus, and limbic 

system (Rached & Perkusich, 2013). The brain activity from these regions together 

plays a key role in interpreting emotion states. Hence, this research used EEG signals 

obtained from all electrodes provided in the DEAP dataset—Fp1, AF3, F3, F7, FC5, 

FC1, C3, T7, CP5, CP1, P3, P7, PO3, O1, Oz, Pz, Fp2, AF4, Fz, F4, F8, FC6, FC2, 

Cz, C4, T8, CP6, CP2, P4, P8, PO4, and O2—in order to decrease the probability of 

losing any significant information (see Figure 2.9) . 
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3.3.2 Subjects, EEG Data, and Experiments 

The pre-processed EEG dataset of DEAP contains 32 subjects’ data. This research 

randomly selected 12 subjects and divided them equally, so there were six subjects for 

each data group. The description of the data experiments is as in Figure 3.5. 

 

Figure 3.5. Description of the Data. 

Experiment’s

Subjects

Channels

Trials

Classes

Data 1 (Experiment  
1)

s7, s8, s10, s16, 
s19, and s20.

32 EEG channels

40 trials

3 levels of valence
3 levels of arousal

Data 2 (Experiment 2)

s1, s3, s6, s24, 
s29, and s32.

32 EEG channels

40 trials

3 levels of valence
3 levels of arousal

 
Figure 3.4. Classes of emotional states (Jirayucharoensak et al., 
2014). 



 

121 

 

Moreover, Figure 3.6 illustrates a sample of the data after reshaping it into 2 

dimensional array, which belongs to subject number 7, trial 1, for the first 20 channels. 

The length of row data for each channel is 1 to 8064 columns (i.e. 8064 EEG readings 

per channel).
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Figure 3.6.  Sample of the data belonging to subject number 7. 
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3.4 Phase II: Feature Extraction 

Upon the completion of the data acquisition step, the theta (𝜃), alpha (α), beta (β), and 

gamma (γ) signals were extracted from the EEG signals using the proposed DWPT 

(Grubbs-DWPT). The following sub-section briefly explain the Grubbs-DWPT, for 

more details (see Chapter 4).  

3.4.1 Nearest Neighbour Grubbs Discrete Wavelet Packet Transform 

In linking to the first objective of this research (i.e. To develop an enhanced feature 

extraction method based on DWPT that addresses the existence of outliers) the 

Grubbs-DWPT is developed. In Grubbs-DWPT, Grubbs’ test (Grubbs, 1969; Júnior 

et al., 2014; Stefansky, 1972; Urvoy & Autrusseau, 2014) was performed on each 

produced packet during the decomposition process of packets transformation in order 

to detect outliers in the packets data (see Chapter 4). The outliers were detected upon 

5% significance level of alpha. Once they were detected, the outlier points were 

replaced with relevant points based on the nearest neighbour technique. The nearest 

neighbour technique was used to replace the outliers’ signal points with their nearest 

neighbour non-outlier signal points. Searching for non-outlier signal point started by 

forward search, each over its packet data 𝒑𝒂𝒌𝒔𝒑; then, if the non-outlier signal point 

𝒔𝒑𝑵𝒐𝒏𝑶𝒖𝒕 could not be found forward, or if the signal point location 𝒔𝒑𝑶𝒖𝒕𝒍𝒐𝒄 of the 

packet was at the end of the packet data 𝑷𝒂𝒌, ( 𝒔𝒑𝑶𝒖𝒕𝒍𝒐𝒄 = 𝑵 𝐥𝐞𝐧𝐠𝐭𝐡(𝑷𝒂𝒌)), the 

searching shifted to backward search; hence, the non-outlier signal point Y for the 

particular outlier signal point x is as follows: 
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𝑌 =

{
 
 

 
 
𝑥𝑙𝑜𝑐+𝑖,    0 < 𝑙𝑜𝑐 < 𝑁, 𝑤𝑖𝑡ℎ 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 𝑠𝑒𝑎𝑟𝑐ℎ

  
𝑥𝑙𝑜𝑐−𝑖,    0 < 𝑙𝑜𝑐 = 𝑁, 𝑤𝑖𝑡ℎ 𝐵𝑎𝑐𝑘𝑤𝑎𝑟𝑑 𝑠𝑒𝑎𝑟𝑐ℎ

where, 𝑥𝑙𝑜𝑐±𝑖 ∉ 𝑠𝑝𝑂𝑢𝑡
 

            (3.4) 

For example, Figure 3.7 illustrates the replacement of the outlier signal point at index 

312 based on Grubbs-DWPT. Assuming that the signal points at index 312 and index 

313 are detected as outliers, then the nearest neighbour signal point to replace the 

signal point at index 312 is the one at index 314.  

 

The EEG signals are decomposed based on the Daubechies 4 discrete wavelet (db4) 

as the wavelet db4 showed the best representation of the EEG signals (Murugappan et 

al., 2009; Rached & Perkusich, 2013; Wali et al., 2013). The obtained feature space 

from each adopted data subject includes 30,720 features. The feature space is 

illustrated in Figure 3.8. The extracted feature space above contains a high number of 

features calculated as follows: number of electrodes × number of frequency bands × 

number of the trials per subject × number of subjects (i.e., 32 × 4 × 40 × 6). 

 

-43.16... -4.58...3.82...-10.42...23.41...56.41...Packet signal data
Index 313 317316315314312

Grubbs Test 312, 313

Outliers set

Nearest Neighbour 
replacement

✓✕

 

Figure 3.7.  Replacement of the outlier signal point at index 312 
based on Grubbs-DWPT 
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Figure 3.8. The Extracted Features Space 

This research used entropy as a feature. Entropy is a numerical measure of the 

randomness of a signal, and it is the statistical descriptor of the variability within the 

EEG signal (Sanei & Chambers, 2013). It is also a strong feature for emotion 

classification (Kannathal, Choo, Acharya, & Sadasivan, 2005; Lee & Hsieh, 2014; 

Murugappan et al., 2007). Figure 3.9. illustrates an example of the extracted features 

from Data1’s subjects, where the obtained feature space is in 240×128 matrix size. 
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Figure 3.9. An Example of the extracted features from Data1. 
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The proposed algorithm was compared with the original algorithm (Wali et al., 2013, 

Figure 2.13). The EEG features were extracted and input to the LSSVM classifier. The 

data was separated into 70% and 30% as Training and Testing data respectively, a 20 

different run with 100 classification time were implemented, in order to avoid the 

results occurs by chance. In training process, k-fold cross validation was used in order 

to efficiently train the model. The value for ‘k’ is fixed to 10, a value that has been 

found through experimentation for the most part results in a model ability estimate. 

This value is suggested by the majority of the EEG-based emotion recognition studies. 

However, several experiments based on different k-fold number (i.e. k=5, k=10, k=15, 

k=20) were performed in order to optimise the k number proportional to the data used 

in this research. see Chapter 4.  

3.5 Phase III: Feature Selection 

As a sequence of the developed computational model, and  in linking to the second 

objective of this research (i.e. To develop a feature selection method based on the SSO 

algorithm that promoting its diversity for better exploration search and convergence 

speed), the Improved Social Spider Optimisation for Feature Selection (ISSO-FS) is 

developed (details are in Chapter 5). Aiming to efficiently select an optimal subset of 

EEG features with the help of the LSSVM classifier (Pelckmans et. al., 2003; Suykens 

& Vandewalle, 1999, 2014; Mustaffa & Yusof, 2014), performing as a wrapper feature 

selection approach. ISSO was compared to other algorithms such as GA (Hosseini et 

al., 2012), PSO (Adam et al., 2014; Mehmood & Lee, 2016), ABC (Rakshit et al., 

2013), and SSO (Vera-Olivera et al., 2017; Zawbaa et al., 2015). The experiments 

were based on population size of (10-50), 0 lower band, 1 upper band, 0.5 convert to 

binary threshold (CBth), 100 iterations, and 20 runs. 
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Several actualities were considered in ISSO-FS as follows: 

a. The feature space represents the communal web in SSO; thus, the matrix 

dimension of feature space in this research was 240×128 ([6 Subjects× 40 

Trials] × [4 Features × 32 Channels]) for each dataset. 

b. The number of columns in the feature space is allocated to each spider; thus, 

the binary dimension of a spider would be 128. 

c. Each spider provides a position (solution), which is a subset of features 

randomly allocated by the spider.  

Considering these actualities, the processes in selecting a subset of features is as follows: 

1. Initialisation stage: The numbers of female and male spiders are calculated by 

equation (2.16) and equation (2.17), respectively. 

2. Each spider is allocated a random position in the feature space in the range 1–

128. 

3. The fitness value 𝐽(𝑠𝑖) is calculated for each position by the proposed fitness 

function, which is the average classification accuracy. The weight for each 

spider is calculated by equation (2.20). 

4. There are two main movement operators: one for female spiders and the other 

for male spiders: 

• Female spider: After calculating the weight for each spider, vibrations are 

transmitted over the web that depend on the weight and distance of each 

spider. A particular female spider develops an attraction or dislike 

irrespective of gender based on the strength of a particular vibration. 

Depending on 𝑉𝑖𝑏𝑐𝑖 and 𝑉𝑖𝑏𝑏𝑖  and random phenomena, the female spiders 



 

129 

 

develop attraction or dislike to move to a new position (solution) by 

equation (2.25). 

• Male spider: Male spiders are first divided into dominant and non-

dominant based on the weight of the median male individual, which is 

indexed by Nf +m. Based on this, the movement operation of males is 

executed by equation (2.26). 

5. Mating: The mating operation is performed by a dominant spider with other 

female spiders within a specific range (range of mating). When a spider is 

allocated to other female spiders’ subsets, mating is performed, and a new 

subset (new spider) is generated from the union (∪) of the male’s subset and 

females’ subsets (note that male spiders can mate with more than one female). 

The rate of element selection from these mating spiders’ positions to generate 

the new spider (new subset) is determined by the roulette method, where the 

prosperity is based on the weight of each spider in the mating by equation 

(2.28). 

6. The weight of the new spider (new subset) is calculated and compared with the 

worst spider’s weight. If the new spider is better than the worst spider, the 

worst spider is replaced with the new spider. Otherwise, the new spider is 

cancelled, and the population does not change. 

The key difference between the SSO and ISSO is that in the latter one the diversity of 

the population of the algorithm is maintained by taking the advantages of the 

exploration search behaviour of the PSO. In PSO, the search starts exploration with 

high diversity promoted by the velocity parameters, and the velocity of the particles 

are slowing down with increasing of the iteration. This integration to the SSO can 
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maintain the SSO convergence speed and promote the diversity of its population in 

every iteration.   

The proposed algorithm (i.e. ISSO) was compared with the PSO, ABC, SSO 

algorithms. The EEG features obtained by the Grubbs-DWPT at the feature extraction 

phase were used in the feature selection phase. The feature selection procedure was 

implemented on the data in 20 runs with 100 iterations per run, along with a 20 

different separating of the data. The data was separated into 70% and 30% as Training 

and Testing data respectively. The best result was found in the feature extraction phase 

have used feature selection phase, as a sequence of implementing the proposed model. 

As a result, the subset of features of higher classification accuracy was obtained, and 

further taken to the classification scheme in the next phase (classification of LSSVM 

(parameter tuning)). 

3.6 Phase IV: Classification: LSSVM Parameter Tuning 

In linking to the third objective of this research (i.e. To develop an LSSVM tuning 

algorithm based on SSO that promoting its global search for avoiding the local 

optima). This was achieved by adapting ISSO, resulting in an algorithm called ESSO-

LSSVM (details in Chapter 6).  The Eagle strategy Social Spider Optimisation (ESSO) 

for LSSVM parameter tuning algorithm is developed and implemented. Whereby, in 

the EEG-based recognition model, after an optimal subset of features is obtained by 

ISSO, this subset of features is taken as input to the ESSO-LSSVM classifier. The key 

difference between the ISSO and ESSO is that in the latter one has the power of the 

ISSO plus to the Eagle strategy search power, which is integrated to the ISSO to avoid 

the local optima problem and promote the global searchability of the algorithm. In 
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ESSO, the eagle strategy (Yang & Deb, 2013) is included (see Section 2.8.6) , where 

each spider changes its position by one step Levy walk, with beta set to 1.5 (𝛽 = 1.5). 

Then, an intensive local search is performed by the employed bees’ tactic, which is 

derived from the ABC algorithm (see Section 2.8.3). This phase aimed to classify the 

considered features using LSSVM into three levels of valence classes and three levels 

of arousal classes, using the kernel function RBF. In this case, the two parameters (i) 

width of part parameter σ (smoothing parameter) and (ii) LSSVM regularization 

parameter γ ought to be tuned. Then, additional outputs were taken in order to encode 

multi-classes. The proposed classification scheme was extended here to one-versus-

one codes output coding. Thus, the multi-class classification problem is influenced by 

its pair-wise dimension (dim) hyperparameters that need to be tuned, which are 

regularization parameters, γ𝑑𝑖𝑚, and kernel parameters, σ𝑑𝑖𝑚2 . 

In this phase, the parameters used in the LSSVM classifier were tuned to find the 

optimal values. This algorithm was compared to other benchmark algorithms, 

including PSO (Jiang & Zhang, 2013; Ma et al., 2016), ABC (Mustaffa & Yusof, 2011; 

Mustaffa et al., 2013; Mustaffa & Yusof, 2014), SSO (Pereira et al., 2014c), and ISSO. 

All the tuning algorithms were implemented twice on two different band (lower and 

upper) ranges (i.e., 0.001–100 and 0.001–1000), with population size of (10-50), 100 

iterations, and 20 runs. 

The SSO-based LSSVM classification scheme was the aim in the classification phase; 

thus, several actualities are considered in the SSO-based algorithm as follows: 

a. The feature space represents the communal web in SSO; thus, the feature space 

for tuning the classier parameters is all possible combinations of the solution 
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within the range of the feature space (lower band–upper band) over dimension 

equal to 6. 

b. The number of columns of the feature space is allocated to each spider; thus, 

the dimension of a spider would be 6. 

c. Each spider provides a position (solution) as six real number values within the 

range of the feature space. Ordinarily, each pair of values is tuned for gamma 

and sigma parameters, respectively, for each classifier coding dimension. 

Considering these facts, LSSVM parameters subject to the strategy of social spider 

mechanism are optimized as follows: 

The solution space of the tuning problem of LSSVM parameters is a D-dimensional 

space, where D is the number of parameters, 2, including σ and γ parameters. Thus, 

six values need to be selected by each spider, which is caused by one-versus-one 

coding where  γ
𝑑𝑖𝑚

 and kernel parameters, σ𝑑𝑖𝑚2  need to be tuned, as illustrated in the 

Table 3.3. These values changed during the process of the optimiser, where the real 

number position of individuals represent the solutions.  These parameters are given 

randomly to each spider on the initialisation step, then it changed depending on the 

mechanisms of social spider movements. 

Table 3.3. One Versus One Coding on the Taken Classes.  

Classes by 1-vs-1 model Gamma 𝛄𝒅𝒊𝒎 Sigma 𝛔𝒅𝒊𝒎𝟐  

1 with 2 γ1 σ1
2 

1 with 3 γ2 σ2
2 

2 with 3 γ3 σ3
2 
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The proposed algorithm (i.e. ESSO) was compared with the PSO, ABC, SSO, and 

ISSO algorithms. The subset of EEG features obtained by the ISSO-FS at the feature 

selection phase were used in the classification phase. The classification was 

implemented on the data in 20 runs. As a result, the LSSVM parameters showed a 

higher classification accuracy (i.e. fitness function) was obtained and taken as a best 

solution.  

3.7 Phase V: Evaluation 

In the evaluation phase, classification accuracy was examined. The proposed model 

was evaluated based on six evaluation criteria: accuracy (equation 2.43), Std (equation 

2.44), precision (equation 2.47), recall (equation 2.48), F-score (equation 2.49), and 

AUC (equation 2.50). In this research, the classification accuracy metric was formally 

adopted as a fitness value that points to the best results obtained. the objective function 

is as illustrated in Algorithm Figure 3.10. Further, in every phase of an emotion 

recognition model, when best results were determined, they were evaluated by the six 

aforementioned evaluation criteria. Moreover, in feature selection phase, the number 

of features selected by each optimiser is taken as an evaluation criterion; the optimiser 

that select a smaller number of features with better accuracy does has a better 

performance.  
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Objective function: Classification accuracy by the LSSVM classifier.  

Input training dataset X1. {The training dataset} 

Input subset of features testing dataset X2. {Testing dataset}. 

Train LSSVM Model M by the training subset X1 of feature and its correlated labels 
Y1. 

Simulate the trained model M with the testing dataset X2. {Resulting a predicted 
labels Pred } 

Caclculate the classification accuracy of the predicted labels Pred and testing labels 
Y2 using equation 2.41. {Resulting a classification accuracy Acc of the input 
subset}. 

Figure 3.10. Objective Function. 

3.7.1 T-test Evaluation 

T-tests are handy hypothesis tests in statistics when it’s necessary to compare means. 

Before performed the t-test, the normality distribution of the data was checked. 

Therefore, the population (e.g. classification accuracies results) mean were compared 

between groups with a two-sample t-test. In the t-test, the value h indicates that the 

test rejected “1” or failed to reject “0”, the null hypothesis, at a significance level of 

alpha (α), which was 5% in this research. On other hand, the p-value measures how 

compatible the data are with the null hypothesis, and how likely the effect observed in 

your sample data is if the null hypothesis is true. Thus, a high p-value indicates that 

the data are likely with a true null, while a low p-value indicates the data are unlikely 

with a true null, suggesting that the sample provides enough evidence that you can 

reject the null hypothesis for the entire population. Precisely, if the p-value is less than 

α, the null hypothesis is rejected, while if the p-value greater than α, the null hypothesis 

is not rejected. Moreover, if the null hypothesis is rejected, this implies that the 

proposed alternative is correct, and that the data are significant, while if the null 
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hypothesis fails to be rejected, this implies that there is no significant difference 

between the sample data and the given data. 

The three main proposed hypotheses are as follows:  

1. Feature extraction: H1: The population mean of Grubbs-DWPT is greater than the 
population mean of the original DWPT. 

Alternative hypothesis is: 

H𝑎: µ𝐺𝑟𝑢𝑏𝑏𝑠𝐷𝑊𝑃𝑇>µ𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝐷𝑊𝑃𝑇 

Null hypothesis is: 

H0: µ𝐺𝑟𝑢𝑏𝑏𝑠𝐷𝑊𝑃𝑇<µ𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝐷𝑊𝑃𝑇  

2. Feature selection: H2: The population mean of ISSO-FS is greater than the 
population mean of the SSO-FS, ABC-FS, and PSO-FS. 

Alternative hypotheses are: 

H𝑎: µ𝐼𝑆𝑆𝑂𝐹𝑆>µ𝑆𝑆𝑂𝐹𝑆 

H𝑎: µ𝐼𝑆𝑆𝑂𝐹𝑆>µ𝐴𝐵𝐶𝐹𝑆 

H𝑎: µ𝐼𝑆𝑆𝑂𝐹𝑆>µ𝑃𝑆𝑂𝐹𝑆 

Null hypotheses are: 

H0: µ𝐼𝑆𝑆𝑂𝐹𝑆<µ𝑆𝑆𝑂𝐹𝑆 

H0: µ𝐼𝑆𝑆𝑂𝐹𝑆<µ𝐴𝐵𝐶𝐹𝑆 

H0: µ𝐼𝑆𝑆𝑂𝐹𝑆<µ𝑃𝑆𝑂𝐹𝑆 

 

3. Classification (parameter tuning): H3: The population mean of ESSO-LSSVM is 
greater than the population mean of the ISSO- LSSVM, SSO- LSSVM, ABC- 
LSSVM, and PSO- LSSVM. 

Alternative hypotheses are: 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝐼𝑆𝑆𝑂LSSVM 
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H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝑆𝑆𝑂LSSVM 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝐴𝐵𝐶LSSVM 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝑃𝑆𝑂LSSVM 

Null hypotheses are: 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝐼𝑆𝑆𝑂LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝑆𝑆𝑂LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝐴𝐵𝐶LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝑃𝑆𝑂LSSVM 

Generally, if the p-value is less than α, the null hypothesis is rejected, while if the p-

value greater than α, the null hypothesis does not reject. Moreover, if the null 

hypothesis is rejected, this implies that the proposed alternative is correct, and that the 

result is significant, while if the null hypothesis fails to be rejected, this implies that 

there is no significant difference between the sample data and the given data, and the 

alternative hypothesis is rejected. 
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3.8 The Proposed Computational Model 

This research introduces an enhanced computational model whose approach is shown 

in Figure 3.11. This model consists of the methods discussed in previous sections. 

First, the EEG data in this research (see Section 3.3) were prepared for feature 

extraction. Second, features of 𝜃, α, β, and γ were extracted, and the entropy value was 

calculated for each based on the method explained in Section 3.4. Third, the extracted 

features passed into the proposed feature selection algorithm (ISSO-FS) to select the 

most effective subset of features (see Section 3.5). Finally, the optimal subset of 

features was fed into ESSO-LSSVM, where the classification process was optimised 

by optimise parameters for LSSVM, as explained in Section 3.6. 

3.9 Summary 

The main goal of this research is to provide an enhanced computational model for 

emotion recognition based on EEG signals, which is illustrated in Section 3.8. This 

chapter discussed the methods that comprised the proposed model in this research in 

 
Figure 3.11. The approach of the proposed computational model. 
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detail. In data acquisition, the EEG data in this research were secondary data obtained 

from the pre-processed DEAP dataset. The model proposed in this research includes 

three main phases: feature extraction, feature selection, and classification. (i) In feature 

extraction, Grubbs-DWPT algorithm was used for extracting EEG features, and the 

entropy value for each extracted signal was calculated and considered as EEG features. 

(ii) In feature selection, ISSO-FS was developed to select the optimal subset of 

features.  (iii) Then, in classification, the subset of features was classified by the 

ESSO-LSSVM classification scheme, where the two parameters of LSSVM (𝛾 and 𝜎) 

were optimised by the ESSO tuning algorithm. This enhanced model was proposed to 

solve the problem mentioned in this research (see Section 1.3). All the algorithms were 

developed using MATLAB codes, and the model was implemented in the MATLAB 

software environment. The LSSVM classifier used the toolbox provided by Pelckmans 

et al. (2003). The classification part of the feature extraction and feature selection 

phases was performed by the LSSSVM classifier, and its parameters were tuned by 

the coupled simulated annealing (CSA) algorithm (De Brabanter et al., 2010), along 

with grid search selection. 
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CHAPTER FOUR  

FEATURE EXTRACTION 

4.1 Introduction 

Feature extraction is the operation of extracting information from signals represented 

in the form of frequencies. An example of time-frequency methods is WT methods, 

which offer many advantages, as they demonstrate the EEG signal attributes. This 

chapter details a new feature extraction method based on DWPT called “nearest 

neighbour Grubbs discrete wavelet packet transform” (Grubbs-DWPT). This method 

aims to improve the quality of the extracted features by detecting outliers in the data 

signals of the produced packets and replacing them with their nearest neighbours’ 

signal data points. Such an approach eliminates outliers without changing the signal 

length of the packet. Figure 4.1 highlights the focus of this chapter, the feature 

extraction phase (long dash green colour). 

 

 

 

 

 

 

 

 

 

 

 

Data  Acquisition

Feature Extraction
(NN-Grubbs-DWPT)

Feature Selection 
(ISSO-FS)

Classification (ESSO 
Parameter Tuning)

Evaluation

Figure 4.1. Research steps (feature extraction phase). 
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4.2 The Proposed Feature Extraction Method 

In Grubbs-DWPT, Grubbs’ test is performed on each produced packet during the 

decomposition process of packets’ transformation to detect outliers in packets’ data. 

An outlier is detected upon 5% significance level of alpha. Once they are detected, the 

outlier points are replaced with relevant points based on the nearest neighbour 

technique (see Section 3.4.1). Figure 4.2 illustrates the flow of feature extraction using 

Grubbs-DWPT, and the pseudo-code is presented in Algorithm 4.1. Meanwhile, the 

Grubbs-DWPT method can be explained in the following steps: 

Step 1: EEG data preparation (1–2) 

• Load EEG data of subject 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖. 
• Generate and organize data matrix from the loaded EEG data, including 

“trials” and “channels” data matrix. 

Figure 4.3 illustrates the loading of the EEG data of ‘subject 7’ , while Figure 4.4 
illustrates the generated data matrix and predefined label.  

 

5 level 
decomposition Derive packets 

Clean Packet

Grubbs’ Test 
with Nearest 
Neighbour 

Calculate Entropy 
value 

Feature Extraction 
(NN-Grubbs-DWPT)

EEG Signals

features 
vectors 

 

 Figure 4.2. The flow of feature extraction using NN-Grubbs-DWPT. 
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Step 2: Produce decomposition tree of signal “S” (3–10) 

• Read the S signal 
• Produce (𝑁∗−𝑀)/2 approximation coefficients and detail coefficients using 

the MATLAB function “wpdec”. 
• Derive approximation coefficients and detail coefficients using the MATLAB 

function “wpcoef”. 

Step 3: Grubb’s test (outlier detection) (11–27) 

 

 

 

Figure 4.3. The Loading EEG data of  ‘subject 7’. 

Figure 4.4. An example of predefined label. 
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• Input each “p” packet into Grubbs’ Test 
• Calculate the mean (Y), standard deviation (s), and critical region (Gcv) of the 

packet. 
• Read the signal point of the packet. 
• Calculate Grubbs’ statistic values. 
• If Grubbs’ value (G) of an actual point is greater than the critical region, then 

the point is an outlier. 
• Whenever there is an outlier (test is false), only one outlier is detected every 

loop; if there is no outlier (test is true), the loop ends. 
• Output is a set of outliers detected (Out). 

Step 4: Nearest neighbour replacement (28–43) 

• Determine and retrieve the location (Loc) of the outlier points in the packet. 
• Replace each outlier point with the nearest point that is not equal to any 

outlier value in the outlier set. Searching for the nearest neighbour point 
starts in a forward direction till it is close to the length of the packet; then it is 
reset and starts searching backward (formula 3.4); the outliers are removed. 

Step 5: reproduce the new decomposition tree and Calculate entropy value (44–46) 

• Select the θ, α, β and γ bands, each based on its packets number after 
cleaning. 

• Calculate entropy value for each packet using the MATLAB function 
“wentropy”. 

• Store each calculated entropy as a feature vector in the feature space array. 

 

This research uses the pre-processed dataset of DEAP, in which EEG signals are in 

the range 4–45Hz. When this range of signal is decomposed, the obtained 

decomposition tree is as illustrated in Figure 4.5, from packet number 0-62. 

Consequently, the target frequency bands are in scattered packets. Table 4.1 illustrates 

information about the target frequency bands. 
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Table 4.1. Extracted Frequency Bands Information 

Frequency Band Packet Number Signal Range (Hz) 

Theta (θ) 15 4–6.5 

Alpha (α) 34, 17, & 37 7.8–12.97 

Beta (β) 4, 11, & 51 14.25–30.9 

Gamma (γ) 52, 26, & 6 30.9–45 

Hence, the frequency bands (i.e., theta, alpha, beta, and gamma) from these scattered 
packets were extracted based on the following formula for calculating target feature 
when a particular target frequency Y is scattered in different number of packets p in 
DWPT, where p packet is a part of Y, 𝑝 ∈ 𝑌: 

                           F(y) =∑𝑓(𝑝(𝑖))

𝑛

𝑖=1

, 𝑛 ≥ 1                                           (4.1) 

where y is the target frequency needing to be extracted, n is the maximum number of 
packets belonging to y, and f(p(i)) is the computed feature type of the sub-band 
(packet) p(i) that belongs to y. In the feature extraction phase, the Shannon entropy 
value is used as a feature. Hence, the calculation of the entropy value of packet p is as 
follows: 

                                 e(p) = −∑ x2 − log(x2)                                                        (4.2) ,
n

1
 

where p is a discrete random variable representing its particular frequency and x is a 

possible outcome of p. 

Therefore, the calculation of the entropy feature of the target frequency y when y is 
scattered in several packets is as follows: 

               e(y) =∑−∑ x2 − log(x2)  
n

1 (𝑖)

𝑛

𝑖=1

, 𝑛 ≥ 1                                      (4.3) 
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Algorithm 4.1 Pseudo-code for the Grubbs-DWPT 
Start 
1: Load EEG Signals. {Load EEG data signals}. 
2:                read signal S     { read signal S } 
3:    Produce (𝑁∗−𝑀)/2 approximation coefficients and details coefficients 
4: Approximation coefficients by equation  2.8 
5: Detail coefficients by equation 2.8 
6: Derive approximation coefficients and detail coefficients: 
7:  Approximation coefficients; 𝐶𝐴𝐾 = ℎ0𝑆2∗𝐾 + ℎ1𝑆2∗𝐾+1 +⋯+
ℎ𝑀−1𝑆2∗𝐾+𝑀−1 = ∑ ℎ𝑖 ∗ 𝑆𝑖+2∗𝐾

𝑀−1
𝑖=0  

8: Detail coefficients; 𝐶𝐷𝐾 = 𝑔0𝑆2∗𝐾 + 𝑔1𝑆2∗𝐾+1 +⋯+ 𝑔𝑀−1𝑆2∗𝐾+𝑀−1 =
∑ 𝑔𝑖 ∗ 𝑆𝑖+2∗𝐾.
𝑀−1
𝑖=0  

9:   Produce the decomposition Tree of signal  ‘S’  
 
*****  Here is the end of the original DWPT, the next steps is a parts of the 
Grubbs-DWPT ***** 
 
10: Read out the packets holds the target sub signals (i.e., θ, α, β and γ bands), 
each based on its packets number as illustrated in Table 4.1 . 
11:         for (pk=1;pk<𝑁𝑝𝑎𝑐𝑘𝑒𝑡𝑠+1;pk++)  do {Select every packet 
𝑃𝑎𝑘𝑝𝑘,…,𝑁𝑝𝑎𝑐𝑘𝑒𝑡𝑠   of packets}. 
12:         Input each packet “Pak” into Grubbs’ Test  
13:          while Grubbs Test == false {There is at least one outlier} 
14:           Calculate Mean of 𝑃𝑎𝑘𝑝𝑘 =Y, “𝑃𝑎𝑘𝑝𝑘” is the packet data points. 
15:           Calculate standard deviation of 𝑃𝑎𝑘𝑝𝑘 
16:            Calculate t-stat critical value 

17:               Calculate Gcv-stat critical region:  (𝑁−1)
√𝑁

√
𝑡𝛼/(2𝑁),𝑁−2
2

𝑁−2+𝑡𝛼/(2𝑁),𝑁−2
2  

18:                for (sp=1;sp<𝑁𝑠𝑖𝑔𝑛𝑎𝑙𝑝𝑜𝑖𝑛𝑡+1;sp++)  do {Read signal point 
𝑝𝑘𝑠𝑝,…,𝑁𝑠𝑖𝑔𝑛𝑎𝑙𝑝𝑜𝑖𝑛𝑡𝑠  of packet 𝑃𝑎𝑘𝑝𝑘} 

19:                    Calculate G-stat:  𝐺 =
𝑚𝑎𝑥|𝑃𝑎𝑘𝑝𝑘𝑠𝑝−𝑌|

𝑠
  {Grubbs’ statistic} 

20:                            𝑃𝑎𝑘𝑝𝑘𝑠𝑝 is outlier If     𝑮 > 𝑮𝒄𝒗,  then 
21:                                                      Test =false. 
22:                                               else 
23:                                                       Test=true. 
24:                                              end if 
25:                 end for 
26:             end while 
27:       Retrieve outlier set “Out” 
28:       if “Out” is empty then do not do anything {No outliers} 
29:  else determine the location “Loc” of the outliers where 𝑷𝒂𝒌𝒑𝒌 ∈ “Out” 
30:          for (iloc=1; iloc<𝑁𝑂𝑢𝑡+1; iloc++)  do {Read every outlier location 
𝐿𝑜𝑐𝑖𝑙𝑜𝑐,…,𝑁𝑂𝑢𝑡 of “Loc”} 
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31:             Set jloc=0. {Set nearest neighbour point location “jloc” at 0, 
(Formula 13)} 
32:                while  𝑷𝒂𝒌𝒑𝒌𝒊𝒍𝒐𝒄 ∈ “Out” 
33:                                jloc= jloc+1 
34:                                 newLoc1=jloc+iloc {select nearest point (forward)} 
35:                             newLoc2= iloc-jloc {select nearest point (backward)} 
36:                 if 𝐿𝑜𝑐𝑖𝑙𝑜𝑐 ==length(𝑃𝑎𝑘𝑝𝑘) Or newLoc > length(𝑃𝑎𝑘𝑝𝑘) then 
37:                                 𝑷𝒂𝒌𝒑𝒌𝒊𝒍𝒐𝒄= 𝑷𝒂𝒌𝒑𝒌𝒏𝒆𝒘𝑳𝒐𝒄𝟐   {replace the outlier point} 
38:                      else 
39:                                 𝑷𝒂𝒌𝒑𝒌𝒊𝒍𝒐𝒄= 𝑷𝒂𝒌𝒑𝒌𝒏𝒆𝒘𝑳𝒐𝒄𝟏  {replace the outlier point} 
40:                     end if 
41:                 end while 
42:             end for 
43:     end if 
44: reproduce the new decomposition tree of signal  ‘S’ 
45:  Calculate entropy value for the cleaned target packets (i.e., θ, α, β, and γ 
bands). 
46:                  Store entropy values as features vectors array. 
47:            end for 
End 
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4.3 Experimental Results 

To evaluate the quality of the extracted features, classification needs to be conducted. 

Firstly, several classification experiments were performed in order to find the best 
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 Figure 4.5. Five-level decomposition tree of DWPT algorithm 
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number of folds to be taken. Table 4.2 illustrate the minimum, maximum and mean 

results of different experiments for different number of ‘K-fold’ include k=5, k=10, 

k=15, and k=20. It was found that, on Data 1, the highest maximum accuracy is 

obtained when using Grubbs-DWPT with k=20, where 62.50% and 73.61% accuracies 

are achived for valence and arousal respectively.  Meanwhile, it was found that, on 

Data 2, the highest maximum accuracy is obtained when using Grubbs-DWPT with  

k=10 for valence classification and k=5, k=10, and k=15 for arousal classification, 

where 63.89% and 69.44% accuracies are achieved for valence and arousal 

respectively. To this end, the LSSVM classifier was used; the data were trained by 

each best aforementioned k-fold. This section illustrates the empirical findings of the 

undertaken experiments to classify valence “V” and arousal “A” emotion dimensions’ 

minimum accuracy (min), maximum accuracy (max), mean accuracy, SD, precision, 

F-score, and AUC. 
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Table 4.2. Classification Results of Different K-fold Number. 

K-fold K=5 K=10 K=15 K=20 

 Min Max Mean Min Max Mean Min Max Mean Min Max Mean 

Original DWPT Data 1 
V 20.83 56.94 41.90 26.39 59.72 41.77 25 55.56 41.73 26.39 56.94 41.56 

A 36.11 70.83 53.06 30.56 68.06 52.98 36.11 69.44 53.08 36.11 70.83 53.17 

Original DWPT Data 2 
V 23.61 58.33 41.08 23.61 56.94 40.98 23.61 58.33 41.03 22.22 58.33 41.17 

A 23.61 59.72 43.41 25 58.33 43.78 25 59.72 43.72 26.39 63.89 43.72 

 

Grubbs-DWPT Data 1 
V 27.78 61.11 44.55 25 61.11 44.67 26.39 59.72 44.56 25 62.50 44.76 

A 30.56 72.22 54.579 34.72 69.44 54.71 33.33 73.61 54.69 31.94 70.83 54.81 

Grubbs-DWPT Data 2 
V 23.61 61.11 44.46 26.39 63.89 44.46 27.78 59.72 44.36 26.39 61.11 44.48 

A 30.56 66.67 48.92 25 66.67 49.16 31.94 66.67 49.09 26.39 65.28 49.01 
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Table 4.3 illustrates the classification results for the original DWPT and Grubbs-

DWPT methods of Data 1 and Data2. From the results, the highest accuracies obtained 

by Grubbs-DWPT were 62.5% and 73.61% for valence and arousal, respectively. 

Meanwhile, the highest accuracies obtained by original DWPT were 59.72% and 

70.83% for valence and arousal, respectively. It can be noticed that the classification 

results obtained by Grubbs-DWPT outperformed classification results obtained by 

original DWPT in all criteria: min, max, mean, SD, precision, recall, F-score, and 

AUC in both valence and arousal classification. On another hand, in the experiments 

of Data 2, the highest classification accuracies obtained by Grubbs-DWPT were 

63.89% and 66.67% for valence and arousal, respectively. Meanwhile, the highest 

accuracies obtained by the original DWPT were 58.33% and 63.89% for valence and 

arousal respectively. Again, it can be noticed that the classification results obtained by 

Grubbs-DWPT outperformed those obtained by the original DWPT in all criteria, in 

both valence and arousal classification of Data 2.  
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Table 4.3. Classification Results for Original DWPT and Grubbs-DWPT of Data 1 and Data2 Experiments  

 

Method  Dimension Accuracy % SD Precision Recall F-score AUC 
Min Max Mean 

Grubbs-DWPT 

Data 1 
V 25 62.50 44.76 5.29 0.60 0.60 0.60 0.71 

A 33.33 73.61 54.69 5.55 0.53 0.44 0.44 0.59 

Data 2 
V 26.39 63.89 44.46 5.33 0.61 0.61 0.61 0.64 

A 31.94 66.67 49.09 5.51 0.68 0.68 0.68 0.76 

Original DWPT 

Data 1 
V 26.39 59.72 41.77 4.94 0.58 0.47 0.48 0.65 

A 36.11 70.83 53.06 5.18 0.24 0.33 0.28 0.50 

Data 2 
V 22.22 58.33 41.17 5.25 0.56 0.54 0.54 0.59 

A 26.39 63.89 43.72 5.57 0.63 0.61 0.60 0.67 
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Figure 4.6 and Figure 4.7 present bar charts comparing accuracy between the two 

methods in terms of the criteria of the experiment of Data 1. 

 

Figure 4.6. Comparison in terms of min, max, mean, and SD values for Data 1. 

 

Figure 4.7. Comparison of precision, recall, F-score, and AUC values for Data 1. 

Figure 4.8 and Figure 4.9 present a bar charts comparing accuracy between the two 

methods in terms of min, max, mean, and SD values and precision, recall, F-score, and 

AUC values, respectively, for the experiment of Data2. 
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Figure 4.8. Comparison of min, max, mean, and SD values for Data 2. 

 

Figure 4.9. Comparison of precision, recall, F-score, and AUC values for Data 2. 

The confusion matrices of classification performance of the two experiments show the 

prediction performance of the implemented models. The rows correspond to the actual 

class of the data (labels), while the columns correspond to the classes predicted by the 

model. Hence, the diagonal element values represent the correct classification made, 

and the off-diagonal elements values represent the error classification made for each 

class. 
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Tables 4.4 and 4.5 illustrate the confusion matrices for the Data 1 experiment for the 

original DWPT and Grubbs-DWPT, respectively. In the confusion matrix of the 

experiment of Data 1, in valence aspect of Original DWPT, of the 17 actual “Negative” 

classes, it was predicted that 11 were “Neutral”, 1 was “Positive”, and only 5 was 

“Negative”. While in the valence aspect of Grubbs-DWPT, of the 21actual “Negative” 

classes, it was predicted that 5 were “Neutral”, and 4 was “Positive”, and 12 was 

“Negative”. Moreover, in the valence aspect of the original DWPT, of the 15 actual 

“Positive” classes, it was predicted that 11 were “Neutral” and only 4 were “Positive”. 

While in the valence aspect of Grubbs-DWPT, of the 13 actual “Positive” classes, it 

was predicted that 1 was “Negative”, 5 were “Neutral”, and 7 were “Positive”. 

Table 4.4. The Confusion Matrix of Data 1 Experiment of Original DWPT 

Original 
DWPT Confusion Matrix Notes 

Valence 

Actual 
class Predicted class Ground 

Truth 
Misclass 

(-Inf) 
Actual 
class Negative Neutral Positive   

Negative 5 11 1 17 

0 Neutral 4 34 2 40 

Positive 0 11 4 15 

Arousal 

 Passive Neutral Active  

0 
Passive 0 12 0 12 

Neutral 0 51 0 51 

Active 0 9 0 9 
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Table 4.5. The Confusion Matrix of Data 1 Experiment of Grubbs-DWPT 

Grubbs-
DWPT Confusion Matrix Notes 

Valence 

Actual 
class Predicted class Ground 

Truth 
Misclass (-

Inf) 
Actual 
class Negative Neutral Positive   

Negative 12 5 4 21 
1 Neutral 7 26 4 37 

Positive 1 5 7 13 

Arousal 

 Passive Neutral Active  

2 
Passive 5 10 0 15 
Neutral 1 48 0 49 
Active 0 6 0 6 

Moreover, Tables 4.6 and 4.7 illustrate the confusion matrices for the experiment of 

Data 2 for Original DWPT and Grubbs-DWPT, respectively. In the experiment of Data 

2, in the arousal aspect of the original DWPT, of the 20 actual “Active” classes, it was 

predicted that 4 were “Passive”, 9 were “Neutral”, and only 7 were “Active”. While, 

in the arousal aspect of Grubbs-DWPT, of the 17 actual “Active” classes, it was 

predicted that 2 were “Passive”, 3 were “Neutral”, and 12 were “Active”.  

Table 4.6. The Confusion Matrix of Data 2 Experiment of Original DWPT 

 Confusion Matrix Notes 

Valence 

Actual class Predicted class Ground Truth Misclass 
(-Inf) 

Actual class Negative Neutral Positive   
Negative 7 5 4 16 

1 Neutral 4 26 3 33 

Positive 4 9 9 22 

Arousal 

 Passive Neutral Active  

1 
Passive 12 3 3 18 

Neutral 5 27 1 33 

Active 4 9 7 20 
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Table 4.7. The Confusion Matrix of Data 2 Experiment of NN-Grubb-DWPT 

 Confusion Matrix Notes 

Valence 

Actual class Predicted class Ground Truth Misclass 
(-Inf) 

Actual class Negative Neutral Positive   
Negative 7 4 4 15 

1 Neutral 4 26 3 33 

Positive 6 4 13 23 

Arousal 

 Passive Neutral Active  

2 
Passive 13 7 2 22 

Neutral 4 23 4 31 

Active 2 3 12 17 
 

Confusion matrix can indicate how the features are represented along with the classes, 

and to what extent it been correctly predicted. As a result, the different of the classes 

representation ocuured when the outliers removed by the Grubbs-DWPT compare 

when the original DWPT used. The correctly prediction of the number of classes is 

enhanced, after the outliers been detected and removed. These point to the real 

problem of outliers that could bscure the importance of the other EEG features, which 

leads to delivered unroubust feature extraction results.   

Figure 4.10 illustrates the theta bands (4–6.5 Hz) derived by the original DWPT and 

Grubbs-DWPT of EEG signals of channel 1 (Fp1 channel) in Trial 1 from subject 

number 7 (Image [a]) and subject number 1 (Image [b]) of pre-processed DEAP 

dataset respectively. It can be noticed that some outlier points of the signal that are 

considered noise existed when using the original DWPT. This problem can negatively 

affect the performance of the classifier and leads to lower classification performance. 
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Meanwhile, when using the Grubbs-DWPT feature extraction method, these outliers 

disappeared, and higher classification performance was obtained. 

4.3.1 T-test Results 

T-tests are handy hypothesis tests in statistics when it’s needed to compare means (see 

Section 3.7.1). Table 4.8 illustrates t-test statistical results of the Grubbs-DWPT 

versus the original DWPT based on the two experiments of Data 1 and Data 2. “P” is 

the p-value, “V” is the valence emotion dimension, and “A” is the arousal emotion 

dimension.  

Based on the data obtained by each algorithm in the Data 1 experiment, the null 

hypotheses of that the population mean of Grubbs-DWPT is greater than the 

 

Figure 4.10. Theta bands (4–6.5 Hz) of the original DWPT and Grubbs-DWPT. 
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population mean of the original DWPT were strongly rejected in both valence and 

arousal dimensions. The p-values obtained are 1.62×10-73 and 7.46×10-22 for valence 

and arousal respectively, which indicates that the null hypothesis is unlikely—the 

mean results obtained by the Grubbs-DWPT in the Data 1 experiments are 

significantly greater than the one obtained by the Original DWPT algorithm. 

Moreover, , in Data 2 experiment, again, of that the population mean of Grubbs-DWPT 

is greater than the one obtained by the original DWPT were strongly rejected in both 

valence and arousal dimensions. In other words, again this proof that the mean results 

obtained in the Data 2 experiment by the Grubbs-DWPT are significantly greater than 

the one obtained by the Original DWPT algorithm. Whereby, the p-values obtained 

are 2.52×10-82 and 1.79×10-185 for valence and arousal, respectively. 

Table 4.8. T-test Statistical Results of Grubbs-DWPT vs. Original DWPT for Data 1 
and Data 2 Experiments’ Results. 

Method Dimension P 

H𝑎: µ𝐺𝑟𝑢𝑏𝑏𝑠𝐷𝑊𝑃𝑇>µ𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝐷𝑊𝑃𝑇 

H0: µ𝐺𝑟𝑢𝑏𝑏𝑠𝐷𝑊𝑃𝑇>µ𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝐷𝑊𝑃𝑇 ≠0 

Grubbs-DWPT vs. Original DWPT 
V 1.62×10-73 

A 7.46×10-22 

Grubbs-DWPT vs. original DWPT 
V 2.52×10-82 

A 1.79×10-185 

4.4 Discussion 

The main goal in this chapter was to provide an efficient feature extraction algorithm 

for extracting EEG features from EEG signals based on DWPT. In DWPT, the outliers 
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have extremely negative effects on the quality of the extracted features. Hence, 

removing such noise is necessary to get better and more robust classification results. 

The results prove that the outliers can obscure the importance of smaller features that 

may play an important role in the classification process. Using the proposed feature 

extraction method (Grubbs-DWPT) led to improvement in classification performance 

over using the original DWPT; it was found that the features extracted by Grubbs-

DWPT improved the classification accuracy for the emotion classification dimensions 

of valence and arousal. Grubbs-DWPT+LSSVM showed superior performance 

compared with the original DWPT+LSSVM, depending on several evaluation criteria 

(precision, AUC, F-score, etc.). This outperformance is because the proposed method 

could detect and remove the occurred outliers of the decomposition tree, which is the 

main issue that adversely effects on the information quality obtained as a result of the 

feature extraction process.  

4.5 Summary 

In this research, it was proposed to use the DWPT algorithm for a feature extraction 

task. However, an outlier was observed in the decomposition of the original DWPT. 

Therefore, this research suggested that removing these outliers within the 

decomposition of the signal would provide better quality of data packets of signals, 

which would in turn improve the classification performance. Hence, this research has 

developed a new feature extraction method based on the DWPT algorithm called 

Grubbs-DWPT. This proposed method detects outliers on data signals of produced 

packets and replaces them with their nearest neighbours’ signal points. This leads to 

the elimination of outliers with no effect on the signal length of the packet, which is 

the reason behind its outperformance over the original method. The Grubbs-DWPT 
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method was tested over two experiments; each had different dataset of EEG signals 

from the DEAP database in order to get a robust evaluation. The EEG features were 

extracted and then classified by LSSVM classifier into three levels of valence and 

three levels of arousal, resulting in nine human emotions: distressed, miserable, 

depressed, excited, neutral, calm, happy, pleased, and relaxed. Grubbs-DWPT was 

compared with the original DWPT algorithm and outperformed it in several evaluation 

criteria. The results obtained indicate that our proposed method is significantly 

superior the previous methods because the outliers of the decomposed signals were 

detected and removed. 

4.6 Shortcoming of the Grubbs-DWPT 

 The obscuring effect upon the actual feature that occurred by the outliers was 

decreased, after detecting and eliminating outliers process. Thus, a superior 

performance that the proposed algorithm was showed. However, in Grubbs-DWPT, 

after outlier data points were detected, it was assumed that the outlier data points 

would to be equal to the values of their nearest data points that were not outlier data. 

Thus, they were replaced by the nearest neighbour replacement test proposed in this 

research. This mechanism can be improved by another assumption, since the EEG 

signals are dynamic and time-varying, which means that the expected data point that 

would be generated if it were not an outlier cannot be guaranteed by one of the non-

outlier data signals (which is the nearest one). 
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CHAPTER FIVE  

FEATURE SELECTION 

5.1 Introduction 

This research provides a feature selection method for EEG signals based on the social 

spider optimisation algorithm (SSO-FS). SSO is a population-based algorithm inspired 

by the behaviour of a social spider colony that was recently proposed by Cuevas et al. 

(2013). Compared to other algorithms, SSO was designed to provide a better 

exploration–exploitation balance. However, the SSO algorithm also suffers from 

several drawbacks: (i) The exploration-exploitation in SSO seems flabby; this is 

because the spiders in SSO are classified by gender, and the exploration part is affected 

by male spiders, but the number of male spiders is tiny compared with that of the 

female spiders. Consequently, whenever extensive exploitation is performed in the 

mating behaviour of SSO, this may guide the optimisation direction to fall in local 

optima. (ii) It has a poor convergence process; somehow, for globalise searching 

purposes, SSO forces itself to be far from the optimal solution so as to avoid premature 

convergence in the event that an accelerated convergence is needed during the 

searching process. Hence, the SSO algorithm is improved in the context of this 

research. This research provides an improved social spider optimisation algorithm for 

feature selection (ISSO-FS), which basically aims to improve the SSO searching 

performance, thus improving the prediction performance in an EEG-based emotion 

recognition model. 

Figure 5.1 highlights the focus of this chapter, the feature selection phase (long dash 

green colour line). This chapter uses the features extracted using the Grubbs-DWPT 

algorithm (Algorithm 4.1, Chapter 4). 
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The proposed ISSO is evaluated by comparing its performance against (i) PSO, (ii) 

ABC, and (iii) SSO algorithms. 

5.2 The Proposed Feature Selection Method 

The proposed feature selection method works in a wrapper-based manner. The main 

characteristic of wrapper methodologies is the use of a classifier to guide the selection 

procedure. The wrapper-based feature selection approach can be conducted based on 

three main items: (i) classification method, (ii) features subset evaluation, and (iii) 

search method, which is the ISSO algorithm in this chapter. 

LSSVM along with RBF kernel was used as the classifier. Meanwhile, the feature 

subsets were evaluated using the objective function in the wrapper feature selection, 

 

Data  Acquisition
(pre-processed DEAP 

dataset)

Feature Extraction
(NN-Grubbs-DWPT)

Feature Selection
(ISSO-FS)

Classification (ESSO 
Parameter Tuning)

Evaluation

Figure 5.1.  Research steps (feature selection phase). 
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which reflects the classification performances that focus on obtaining the highest 

classification accuracy. 

To develop an efficient feature selection method, this research improved the standard 

social spider optimisation. To do so, this research took advantage of the exploration 

part of the PSO algorithm to be integrated into the social spider optimization algorithm 

mechanism. The pseudo-code for the proposed ISSO for feature selection is presented 

in Algorithm 5.1, and it can be explained as in the following steps:  

Step 1: Initialization (1–47) 

Set up the parameter using ISSO as is shown in Table 5.1 (Zawbaa, 2015; Yarpiz, 

2015)  where the parameters of PSO searching are as follows: ‘w’ is inertia weight, 

‘wdamp’ is inertia weight damping ratio, whereby, the inertia weight is important 

parameter which determines the impact of earlier particle velocity in the recent particle 

velocity, announcing a linearly decreasing inertia weight in order to maintain the 

balance between exploitation and exploration (Bonyadi, & Michalewicz, 2017). ‘C1’ 

is cognition learning coefficient, ‘C2’ is social learning coefficient, this have 

important effect on balancing the local search and global search in PSO. C1 is a 

cognitive coefficient and C2 goes for personal learning that controls the pull to the 

personal best (Panigrahi et al., 2010, Bonyadi, & Michalewicz, 2017). ‘limit’ is the 

limit for spider not to be improved, and 𝑀𝑎𝑥𝑝𝑠𝑜𝑖𝑡𝑟  is the maximum cycle for PSO 

searching. 

• Randomly generate initial population of spider colony S, including female and male 

spiders. 
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• Generate initial position for each female and male spider randomly in the range 

[0,1]. 

• Evaluate each spider’s fitness value by LSSVM classifier (objective function). 

• The trial counter 𝑇𝑟𝑖𝑎𝑙𝑁𝑓+𝑚 is set up for female and male members; if a member 

does not improve, then the counter increases by +1. 

• Calculate the weight for each spider and determine the best and worst spider (49–

52). 

• Set cycle = 0. 

Table 5.1. Parameter/Factors Setup for ISSO-FS 

Parameter/Factor 
Values 

 

SN lb ub D CBth itern Runs 

10-50 0 1 128 0.5 100 20 

C1 C2 W Wdam Limit 𝑀𝑎𝑥𝑝𝑠𝑜𝑖𝑡𝑟 
 

1.4962 1.4962 0.7298 1 2 15 
 

Step 2: Female Movement (53–60) 

• Calculate the vibration  𝑉𝑖𝑏𝑐𝑖 and   𝑉𝑖𝑏𝑏𝑖. 

• Generate a random number for each female spider in the range (0,1), so if a random 

number for a particular female spider is less than PF, then that particular female 

changes her position by attraction, else that particular female changes her position 

by repulsion. 

Step 3: Male Movement (61–69) 

• Calculate the median male individual M. 

• Calculate the vibration 𝑉𝑖𝑏𝑓𝑖. 

• Check each male member. If a male member has a weight bigger than the median 

value, then this particular male is considered dominant, and he changes his position 

by being attracted by the nearest female, else this particular male member is 
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considered non-dominant changes his position by moving to the middle of the 

dominant males’ positions. 

Step 4: PSO Search (pushing for adjust diversity) (70–83) 

• Check the trial counter  𝑇𝑟𝑖𝑎𝑙𝑁𝑓+𝑚 and find spiders whose trials are bigger than the 

limit. These spiders are considered as new population for the particle swarm. 

• Reset the PSO parameters. 

• The produced particles start to search for a better solution using the particle swarm 

mechanism with the help of the best solution of ISSO in a particular iteration. 

• The new solution replaces the previous if it is improved, and the trial counter of the 

improved spider is set to 0. 

Step 5: Mating (84–95) 

• Mating is performed between male and female spiders within a specific distance, 

and then offspring is produced. 

• If offspring is produced, then mating is done, and a survive operation is performed, 

else the mating operation is cancelled. 

Step 6: Stopping Criteria (96–98) 

• The searching process is ended when the maximum cycle is met, else go back to 

step 2. 

• Produce the optimal solution. 

Algorithm 5.1 ISSO-FS Pseudo-code 
 
1: Set the initial value of the total number of solutions N in the population size SN, 
threshold PF, maximum number of iteration 𝑖𝑡𝑒𝑟𝑛, and load data features; Limit is 
the limit of a spider to not be improved. 
2: Set the number of female spiders 𝑁𝑓 = 𝑓𝑙𝑜𝑜𝑟[(0.9 − 𝑟𝑎𝑛𝑑. 0.25). 𝑁) and 
number of male spiders 𝑁𝑚 = 𝑁 − 𝑁𝑓. 
3: Set k=0.{Counter initialization}. 
4: for (i=1;i<𝑁𝑓+1;i++) do 
5:        for(j=1;j<n+1;j++) do 
6:            𝑓𝑖,𝑗0 =𝑝𝑗𝑙𝑜𝑤 + 𝑟𝑎𝑛𝑑(0,1). (𝑝𝑗

ℎ𝑖𝑔ℎ
− 𝑝𝑗

𝑙𝑜𝑤) 
7:        end for 
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8: end for {Initialize randomly the female spider} 
9: for (i=1;i<𝑁𝑚+1;i++) 
10:      for (j=1;j<n+1;j++) 
11:           𝑚𝑖,𝑗

0 =𝑝𝑗𝑙𝑜𝑤 + 𝑟𝑎𝑛𝑑(0,1). (𝑝𝑗
ℎ𝑖𝑔ℎ

− 𝑝𝑗
𝑙𝑜𝑤) 

12:      end for 
13: end for {Initialize randomly the male spider} 
14: for (i=1;i<𝑁𝑓+1;i++) do 
15:       for(j=1;j<n+1;j++) do 
16:            if   𝑓𝑖,𝑗0  > CBth then   {CBth: Convert to binary threshold} 
17:                 𝑓𝑖,𝑗0 =1 {Selected} 
18:           else 
19:                𝑓𝑖,𝑗0 =0  {Not selected} 
20:            end 
21: ES= (Sum 𝑓𝑖,𝑗0 ==1). {1 is selected, 0 not selected, ES: ExistingSolution} 
22:             while ES >0 {the solution is not 0 } then 
23:                  [ ] 
24:              else 
25:               give 𝑓𝑖,𝑗0  new position by 𝑓𝑖,𝑗0 =𝑝𝑗𝑙𝑜𝑤 + 𝑟𝑎𝑛𝑑(0,1). (𝑝𝑗

ℎ𝑖𝑔ℎ
− 𝑝𝑗

𝑙𝑜𝑤) 
26:               ES= (Sum 𝑓𝑖,𝑗0 ==1). 
27:             end while 
28:        end for {Identify the binary position for each female spider} 
29: Check if spider 𝑁𝑓 is improved; if not, then 𝑇𝑟𝑖𝑎𝑙𝑁𝑓𝑖  ++1 
30:  end for {Evaluate each female spider’s position and calculate the accuracy 
for each by objective function Figure 3.10. }. 
31: for (i=1;i<𝑁𝑚+1;i++) do 
32:       for(j=1;j<n+1;j++) do 
33:           if   𝑚𝑖,𝑗

0  > CBth then 
34:                 𝑚𝑖,𝑗

0 =1 {Selected} 
35:           else 
36:                𝑚𝑖,𝑗

0 =0  {Not selected} 
37:           end 
38: ES= (Sum 𝑚𝑖,𝑗

0 ==1). {1 is selected, 0 not selected, ES: ExistingSolution} 
39:             while ES >0  {the solution is not 0} then 
40:                  [ ]     {Continue} 
41:              else 
42:               give 𝑚𝑖,𝑗

0  new position by 𝑚𝑖,𝑗
0 =𝑝𝑗𝑙𝑜𝑤 + 𝑟𝑎𝑛𝑑(0,1). (𝑝𝑗

ℎ𝑖𝑔ℎ
− 𝑝𝑗

𝑙𝑜𝑤) 
43:               ES= (Sum 𝑚𝑖,𝑗

0 ==1). 
44:             end while 
45:        end for {Identify the binary position for each male spider} 
46: Check if spider 𝑁𝑚 is improved; if not, then 𝑇𝑟𝑖𝑎𝑙𝑁𝑚𝑖  ++1 
47:  end for {Evaluate each male spider’s position and calculate the accuracy 
for each by equation 2.41}. 
48: repeat 
49: Get 𝐽(𝑠𝑘) {from 14–29}. 
50:       for (i=1;i<N+1;i++) do 
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51:           𝑤𝑖 =
𝐽(𝑠𝑖)−𝑤𝑜𝑟𝑠𝑡𝑠

𝑏𝑒𝑠𝑡𝑠−𝑤𝑜𝑟𝑠𝑡𝑠
   {𝒘𝒐𝒓𝒔𝒕𝒔= min (𝑱(𝒔𝒌)) and 𝒃𝒆𝒔𝒕𝒔=max( 𝑱(𝒔𝒌))} 

52:       end for {Calculate the weight (fitness function) of every spider of each 
spider S, Where 𝑏𝑒𝑠𝑡𝑠= max(𝐽(𝑠𝑘)), and 𝑤𝑜𝑟𝑠𝑡𝑠 = min(𝐽(𝑠𝑘)).} 
53:         for (i=1;i<𝑁𝑓+1;i++) do 
54:       Calculate   𝑉𝑖𝑏𝑐𝑖 and   𝑉𝑖𝑏𝑏𝑖 by ( 𝑉𝑖𝑏𝑐𝑖 = 𝑤𝑐. 𝑒

−𝑑𝑖,𝑐
2

  and 𝑉𝑖𝑏𝑏𝑖 = 𝑤𝑏 . 𝑒
−𝑑𝑖,𝑏

2
) 

55:             If (rm<PF); where rm rand(0,1), then 
56:             𝑓𝑖𝑘+1 = 𝑓𝑖𝑘+1 + 𝛼. 𝑉𝑖𝑏𝑐𝑖. (𝑠𝑐 − 𝑓𝑖𝑘) + 𝛽. 𝑉𝑖𝑏𝑏𝑖(𝑠𝑏 − 𝑓𝑖𝑘) + 𝛿. (𝑟𝑎𝑛𝑑 −

1

2
) 

57:              else 
58:             𝑓𝑖𝑘+1 = 𝑓𝑖𝑘+1 + 𝛼. 𝑉𝑖𝑏𝑐𝑖. (𝑠𝑐 − 𝑓𝑖𝑘) − 𝛽. 𝑉𝑖𝑏𝑏𝑖(𝑠𝑏 − 𝑓𝑖𝑘) + 𝛿. (𝑟𝑎𝑛𝑑 −

1

2
) 

59:                 end if 
60:           end for {female movement} 
61:  Find the median male individual (𝑤𝑁𝑓+𝑚) from M 
62:          for(i=1;i<𝑁𝑚+1;i++) do 
63:             Calculate   𝑉𝑖𝑏𝑓𝑖 by (𝑉𝑖𝑏𝑓𝑖 = 𝑤𝑓 . 𝑒

−𝑑𝑖,𝑓
2

) 
64:                 If (𝑤𝑁𝑓+𝑖 > 𝑤𝑁𝑓+𝑚  ) then 

65:              𝑚𝑖
𝑘+1 = 𝑚𝑖

𝑘 + 𝛼. 𝑉𝑖𝑏𝑓𝑖. (𝑠𝑓 −𝑚𝑖
𝑘) + 𝛿. (𝑟𝑎𝑛𝑑 −

1

2
)     𝑖𝑓 𝑤𝑁𝑓+𝑖 > 𝑤𝑁𝑓+𝑚 

66:                  else 

67:               𝑚𝑖
𝑘+1 =   𝑚𝑖

𝑘 + 𝛼. (
∑ 𝑚ℎ

𝑘.
𝑁𝑚
ℎ=1 𝑤𝑚+ℎ

∑ 𝑤𝑁𝑓+ℎ
𝑁𝑚
ℎ=1

−𝑚𝑖
𝑘) 

68:                   end if 
69:            end for {male movement} 
70:     Find spiders Sp where 𝑇𝑟𝑖𝑎𝑙𝑁𝑓+𝑚 exceeds the limit (N𝑆𝑝) 
71:     Compute the velocity for each spider as a particle by 𝑣𝑖,𝑗𝑡 = 𝜔𝑣𝑖,𝑗

𝑡−1 +

𝑐1𝜂1(𝑃𝑖,𝑗 − 𝑠𝑖,𝑗
𝑡−1) + 𝑐2𝜂2(𝑏𝑒𝑠𝑡𝑖 − 𝑠𝑖,𝑗

𝑡−1). 
72:      Reset PSO parameter include inertia weight w, inertia weight damping ratio    
wdamp, Cognition learning coefficient c1, Social learning coefficient c2. 
73: Set t=0. {Counter initialization}. 
74         while t<𝑀𝑎𝑥𝑝𝑠𝑜𝑖𝑡𝑟+1; do 
75:             for (j=1; j<N𝑆𝑝+1; j++) do 
76:           𝑣𝑖,𝑗𝑡 = 𝜔𝑣𝑖,𝑗

𝑡−1 + 𝑐1𝜂1(𝑃𝑖,𝑗 − 𝑆𝑝𝑖,𝑗
𝑡−1) + 𝑐2𝜂2(𝑏𝑒𝑠𝑡𝑖 − 𝑆𝑝𝑖,𝑗

𝑡−1) 
77:            𝑛𝑒𝑤𝑆𝑝𝑖,𝑗𝑡 = 𝑆𝑝𝑖,𝑗

𝑡−1 + 𝑣𝑖,𝑗
𝑡  

78       evaluate each position and replace position if new solution is better than 
previous. {Evaluate each particle position and calculate the accuracy for each 
objective function Figure 3.10., and do a position update if a better solution is 
found} 
79:              end for 
80:     t=t+1 {iteration counter increasing}. 
81: until (t<𝑀𝑎𝑥𝑝𝑠𝑜𝑖𝑡𝑟) {If the stop criteria are met, the process is finished; 
otherwise, go back to 75}. 
82:   end while {perform PSO search for each spider’s position and calculate 
the accuracy for each by equation 2.41}. 
83: Replace particle N𝑛𝑒𝑤𝑆𝑝𝑖 with spiders N𝑆𝑝𝑖 if it is improved, and set 𝑇𝑟𝑖𝑎𝑙𝑁𝑖=0. 
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84: Calculate the radius of mating by 𝑟 =
∑ (𝑝𝑗

ℎ𝑖𝑔ℎ
−𝑛

𝑗=1 𝑝𝑗
𝑙𝑜𝑤)

2.𝑛
. {Perform the mating 

operation}. 
85:         for (i=1;i<𝑁𝑚+1;i++) 
86:                If (𝑚𝑖 ∈ D) then 
87:                    Find  𝐸𝑖 
88:                     If  ( 𝐸𝑖 is not empty ) then 
89:                        Form 𝑠𝑛𝑒𝑤 using the roulette method 
90:                           If ( 𝑤𝑛𝑒𝑤 > 𝑤0 ) then 
91:                                𝑠𝑤0 = 𝑠𝑛𝑒𝑤 
92:                           end if 
93:                      end if 
94:                   end if 
95:             end for 
96:  k=k+1 {iteration counter increasing}. 
97: until (k<𝑖𝑡𝑒𝑟𝑛) {If the stop criteria are met, the process is finished; 
otherwise, go back to 14}. 
98: Produce the best solution. 

 

5.3 Experimental Results 

As a sequence of the proposed computational model, the best results from the previous 

phase (feature extraction phase) are taken into the next phase (feature selection phase). 

This section illustrates the empirical findings of the undertaken experiments of the 

feature selection phase. The LSSVM classifier was used for the classification task in 

the objective function. An optimal subset of features is the one that produces the 

highest accuracy. On another side, the number of populations of optimisation 

algorithm play an essential role in determining its performance. Thus, this research 

implemented the experiments based on different population number of the 

optimisation algorithms. The classification results of the optimal subset found by 

every feature selection approach are represented. Each is evaluated by minimum 

accuracy (min), maximum accuracy (max), mean accuracy, SD, precision, F-score, 

and AUC for valence “V” and arousal “A” emotional dimensions.   
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Table 5.2, Table 5.3, Table 5.4, Table 5.5 , and Table 5.6 , show the classification 

results for the Data 1 and Data2 experiments with feature selection, at different 

population number (i.e. Population=10, Population=20, Population =30, 

Population=40, and Population=50), respectively. Generally, performing feature 

selection improves the classification performance compared to when feature selection 

is not performed. On the other hand, among the feature selection algorithms, ISSO-FS 

shows a superior selection performance compared with other searching algorithms 

such as PSO-FS, ABC-FS, and SSO-FS. At Data1 experiment, the best feature 

selection performance was found by ISSO-FS at population=50 (see Table 5.6), where 

highest classification accuracies obtained at 75% and 83.33%, with mean accuracies 

at 70.77% and 79.70%, for valence and arousal, respectively. Also at Data2 

expeirment, the highest classification accuracies obtained was 72.22% and 81.94%, 

with mean accuracies at 69.34% and 78.52%, for valence and arousal, respectively. 

On another side, it was observed a remarkable performance of the ISSO-FS better than 

the PSO-FS and ABC-FS, and SSO-FS, even when the population number is low (e.g. 

population=10, population=20). This prove the superiority of the ISSO optimisation 

algorithm over other existing algorithms (i.e., PSO, ABC, and SSO), and also in most 

of the measurement criteria, including max and mean accuracy, precision, recall, F-

score, and AUC. Therefore, Figure 5.2 illustrates a bar chart comparing results 

obtained by the different feature selection methods at Population=50. 
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Figure 5.2. The results obtained by the different feature selection methods.
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Table 5.2. Feature Selection Results Experiments for EEG Dataset of Data 1 and Data 2 at Population is 10. 

Algorithm  Dimension No. Features 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 
Data 1 

V 63 61.11 70.83 67.09 1.46 0.68 0.69 0.69 0.78 
A 64 73.61 79.17 77.17 0.81 0.89 0.54 0.58 0.64 

Data 2 
V 63 59.72 70.83 67.27 1.88 0.68 0.69 0.69 0.78 
A 66 63.89 77.78 73.43 1.78 0.78 0.77 0.77 0.77 

ABC 
Data 1 

V 68 62.50 69.44 66.76 1.09 0.66 0.66 0.65 0.73 
A 57 73.61 79.17 77.36 0.71 0.59 0.49 0.51 0.62 

Data 2 
V 64 61.11 69.44 65.73 0.98 0.67 0.65 0.65 0.70 
A 57 68.06 76.39 73.68 0.97 0.76 0.74 0.75 0.77 

SSO 
Data 1 

V 61 61.11 69.44 66.51 1.17 0.67 0.67 0.67 0.77 
A 61 75 79.17 77.28 0.43 0.81 0.56 0.61 0.71 

Data 2 
V 66 62.50 68.06 65.76 1.10 0.63 0.61 0.61 0.61 
A 71 68.06 77.78 72.54 1.42 0.78 0.76 0.76 0.79 

ISSO-FS 
Data 1 

V 60 59.72 73.61 69.03 1.04 0.72 0.72 0.72 0.81 
A 55 73.61 81.94 78.72 1.04 0.94 0.57 0.62 0.65 

Data 2 
V 55 61.11 70.83 68.08 0.98 0.71 0.65 0.65 0.65 
A 66 63.89 80.56 74.91 1.51 0.80 0.79 0.79 0.81 
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Table 5.3.  Feature Selection Results Experiments for EEG Dataset of Data 1 and Data 2 at Population is 20. 

Algorithm  Dimension 
No. Features 

(Optimal) 

Accuracy 
SD Precision Recall F-score AUC 

Min Max Mean 

PSO 
Data 1 

V 54 63.89 70.83 67.44 1.29 0.70 0.70 0.70 0.79 
A 62 75 79.17 77.84 0.74 0.92 0.54 0.60 0.69 

Data 2 
V 60 61.11 69.44 67.05 0.71 0.67 0.65 0.66 0.69 
A 73 66.67 80.56 75.56 1.51 0.82 0.80 0.81 0.84 

ABC 
Data 1 

V 66 62.50 69.44 67.80 0.23 0.66 0.68 0.67 0.77 
A 57 76.39 79.17 77.90 0.50 0.60 0.49 0.50 0.64 

Data 2 
V 69 62.50 68.06 66.51 1.24 0.64 0.63 0.63 0.66 
A 67 69.44 76.39 73.34 1.02 0.77 0.73 0.74 0.78 

SSO 
Data 1 

V 55 62.50 70.83 67.48 0.61 0.69 0.68 0.68 0.78 
A 69 75 79.17 77.71 0.44 0.56 0.50 0.51 0.66 

Data 2 
V 68 62.50 70.83 66.15 0.49 0.67 0.65 0.65 0.66 
A 54 68.06 79.17 73.39 0.88 0.80 0.80 0.80 0.84 

ISSO-FS 
Data 1 

V 51 62.50 75 70.58 1.43 0.73 0.72 0.73 0.82 
A 63 75 80.56 78.95 0.70 0.60 0.51 0.53 0.67 

Data 2 
V 74 62.50 72.22 68.52 1.37 0.70 0.66 0.67 0.68 
A 64 65.28 81.94 77.34 0.93 0.82 0.80 0.81 0.85 
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Table 5.4 Feature Selection Results Experiments for EEG Dataset of Data 1 and Data 2 at Population is 20. 

Algorithm  Dimension No. Features 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 
Data 1 

V 61 62.50 70.83 68.73 1.25 0.71 0.71 0.71 0.79 
A 71 75 79.17 78.09 0.59 0.92 0.54 0.60 0.69 

Data 2 
V 68 62.50 69.44 67.99 1.30 0.66 0.64 0.66 0.67 
A 51 66.67 73.61 74.06 1.43 0.72 0.70 0.71 0.71 

ABC 
Data 1 

V 65 62.50 70.83 68.14 1.25 0.69 0.70 0.70 0.76 
A 56 76.39 79.17 78.10 0.4 0.92 0.54 0.60 0.70 

Data 2 
V 68 61.11 68.06 66.58 0.51 0.65 0.61 0.60 0.66 
A 54 66.67 79.17 74.39 1.53 0.79 0.78 0.78 0.82 

SSO 
Data 1 

V 60 62.50 72.22 67.84 0.71 0.73 0.72 0.72 0.81 
A 54 75 80.5 6 77.99 0.60 0.60 0.51 0.52 0.68 

Data 2 
V 69 62.50 68.06 66.44 0.68 0.67 0.64 0.64 0.62 
A 76 68.06 79.167 73.66 1.80 0.80 0.77 0.78 0.82 

ISSO-FS 
Data 1 

V 55 63.89 73.61 70.68 0.76 0.72 0.72 0.72 0.81 
A 58 75 81.94 79.21 0.84 0.93 0.58 0.66 0.73 

Data 2 
V 56 61.11 70.83 68.51 0.57 0.67 0.66 0.66 0.64 
A 58 69.44 81.94 77.36 1.28 0.82 0.80 0.81 0.85 
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Table 5.5. Feature Selection Results Experiments for EEG Dataset of Data 1 and Data 2 at Population is 40. 

Algorithm  Dimension No. Features 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 
Data 1 

V 66 62.50 73.61 69.31 1.39 0.73 0.72 0.73 0.82 
A 57 76.39 81.94 78.59 1.09 0.93 0.58 0.65 0.73 

Data 2 
V 64 62.50 70.83 67.70 1.49 0.69 0.63 0.63 0.69 
A 71 66.67 79.17 75.43 1.77 0.82 0.78 0.79 0.82 

ABC 
Data 1 

V 59 63.89 70.83 68.12 0.85 0.67 0.68 0.68 0.75 
A 67 75 80.56 78.49 0.90 0.89 0.58 0.64 0.73 

Data 2 
V 60 62.50 68.06 66.95 0.73 0.65 0.62 0.63 0.64 
A 63 68.06 76.39 73.87 1.16 0.76 0.74 0.75 0.80 

SSO 
Data 1 

V 75 63.89 70.83 67.68 0.73 0.69 0.70 0.70 0.77 
A 52 76.39 80.56 78.24 0.91 0.59 0.51 0.52 0.68 

Data 2 
V 69 61.11 70.83 66.97 1.10 0.67 0.65 0.64 0.70 
A 54 68.06 81.94 77.65 1.56 0.83 0.80 0.81 0.84 

ISSO-FS 
Data 1 

V 57 63.89 73.61 71.29 0.58 0.74 0.73 0.73 0.82 
A 63 75 81.94 79.30 1.14 0.90 0.60 0.66 0.75 

Data 2 
V 69 62.50 72.22 69.26 0.78 0.69 0.66 0.66 0.70 
A 54 68.06 81.94 77.65 1.56 0.83 0.80 0.81 0.84 
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Table 5.6. Feature Selection Results Experiments for EEG Dataset of Data 1 and Data 2 at Population is 50. 

Algorithm  Dimension No. Features 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 
Data 1 

V 64 63.89 70.83 69.78 1.19 0.69 0.71 0.69 0.75 
A 58 76.39 79.17 78.38 0.71 0.71 0.53 0.57 0.67 

Data 2 
V 70 62.50 70.83 67.94 0.91 0.73 0.68 0.69 0.69 
A 51 68.06 79.17 76.60 1.63 0.79 0.79 0.79 0.81 

ABC 
Data 1 

V 62 65.28 70.83 68.48 1.08 0.68 0.68 0.68 0.77 
A 57 76.39 79.17 78.10 0.56 0.56 0.50 0.51 0.66 

Data 2 
V 60 62.50 69.44 67.23 0.80 0.67 0.66 0.66 0.68 
A 74 68.06 76.39 74.44 0.83 0.76 0.74 0.74 0.77 

SSO 
Data 1 

V 64 62.50 70.83 67.91 0.70 0.68 0.69 0.68 0.77 
A 68 76.39 80.56 77.94 0.46 0.60 0.51 0.53 0.67 

Data 2 
V 60 61.11 69.44 66.84 0.51 0.67 0.66 0.67 0.68 
A 66 68.06 77.78 74.181 1.03 0.79 0.74 0.77 0.82 

ISSO-FS 
Data 1 

V 55 63.89 75 70.77 1.04 0.72 0.73 0.72 0.79 
A 56 76.39 83.33 79.70 0.88 0.94 0.61 0.68 0.75 

Data 2 
V 71 62.50 72.22 69.34 0.82 0.68 0.67 0.67 0.69 
A 66 68.06 81.94 78.52 1.23 0.82 0.80 0.81 0.85 
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5.3.1 T-test Results 

Table 5.7 illustrates t-test statistical results between two groups with a two-sample t-

test for the Data 1 experiment as well as the Data 2 experiment; the first group is the 

proposed ISSO algorithm, to be compared with other groups (i.e., PSO, ABC, and 

SSO) independently (see Section 3.7.1).  

Based on the data obtained by each method in the Data 1 experiment, the null 

hypotheses of that population mean of ISSO is greater than the population mean of the 

other algorithms (i.e., PSO, ABC, and SSO) were strongly rejected in both valence 

and arousal dimensions. The p-values obtained were 2.09×10-251, 9.39×10-179, and 

1.55×10-33, and 4.01×10-210, 1.05×10-175, and 1.04×10-114 by SSO, ABC, and PSO for 

valence and arousal respectively. On the other side, considering the data obtained by 

each method in the Data 2 experiment, the null hypotheses of that population mean of 

the other algorithms (i.e., PSO, ABC, and SSO), were also rejected in both valence 

and arousal dimensions. The p-values obtained are as illustrated in Table 5.7. 

Table 5.7. T-test Results for Data 1 and Data 2 Experiments. 

Method  Dimension P 

H𝑎: µ𝐼𝑆𝑆𝑂𝐹𝑆>µ𝑆𝑆𝑂𝐹𝑆 

H𝑎: µ𝐼𝑆𝑆𝑂𝐹𝑆>µ𝐴𝐵𝐶𝐹𝑆 

H𝑎: µ𝐼𝑆𝑆𝑂𝐹𝑆>µ𝑃𝑆𝑂𝐹𝑆 

H0: µ𝐼𝑆𝑆𝑂𝐹𝑆<µ𝑆𝑆𝑂𝐹𝑆 

H0: µ𝐼𝑆𝑆𝑂𝐹𝑆<µ𝐴𝐵𝐶𝐹𝑆 

H0: µ𝐼𝑆𝑆𝑂𝐹𝑆<µ𝑃𝑆𝑂𝐹𝑆 

 

ISSO vs. SSO 

Data 1 
V 2.09×10-251 

A 4.01×10-210 

Data 2 
V 2.18×10-256 

A 4.68×10-309 
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ISSO vs. ABC 

Data 1 
V 9.39×10-179 

A 1.05×10-175 

Data 2 
V 1.00×10-222 

A 4.11×10-312 

ISSO vs. PSO 

Data 1 
V 1.55×10-33 

A 1.04×10-114 

Data 2 
V 5.61×10-127 

A 1.37×10-62 

These results indicate that the null hypothesis is unlikely to be true, so the mean results 

obtained in the experiments by the ISSO-FS are significantly greater than the other 

methods. Moreover, these statistical results prove that the ISSO algorithm offers better 

performance compared with other existing algorithms (i.e., PSO, ABC, and SSO). 

5.3.2 The Selected Features 

Figure 5.3 illustrates the selected number of feature vectors of maximum accuracy 

obtained by the different optimizers over valence and arousal dimension classification 

of experiments at population=50. One can notice from this figure that ISSO could find 

a feature subset with higher classification accuracy and with a comparable number of 

selected features. Therefore, Table 5.8, Table 5.9, Table 5.10, and Table 5.11 illustrate 

the optimal selected features vectors of the experiment, which were found at the ISSO-

FS at population =50 experiment.  Having a look on these features, we can perceived 

that the all frequencies features are play an essential role in representing an emotional 

states information thus shaping the suitable feature space for getting a good 

recognition performance. Whereby, the number of selected features vector of Theta, 

Alpha, Beta, and Gamma frequencies by the optimiser, are almost equally or close to 

each other. In Data 1 valence experiment, 11, 19, 13, and 12 features vectors were 
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selected for Theta, Alpha, Beta, and Gamma respectively. Moreover, in Data 1 Arousal 

experiment, 16, 15, 12, and 13 features vectors were selected for Theta, Alpha, Beta, 

and Gamma respectively. On another side, it can be noticed that in Data 2 Valence 

experiment, 20, 15, 19, and 17 features vectors were selected for Theta, Alpha, Beta, 

and Gamma respectively.  Lastly, it can be observed that in Data 2 Arousal experiment, 

15, 18, 16, and 17 features vectors were selected for Theta, Alpha, Beta, and Gamma 

respectively. 

 

Figure 5.3. Selected features’ numbers in different optimizers. 

Table 5.8. The Selected Features Vectors of Data 1 Valence. 

Number 

of feature 

vector 

The optimal subset of features selected for Data 1 Valence 

Fv 2 6 10 12 13 14 19 22 23 24 25 26 

 'α' 'α' 'α' 'γ' 'θ' 'α' 'β' 'α' 'β' 'γ' 'θ' 'α' 

Fv 30 31 34 35 36 37 39 40 41 52 54 56 

 'α' 'β' 'α' 'β' 'γ' 'θ' 'β' 'γ' 'θ' 'γ' 'α' 'γ' 

Fv 57 62 65 66 67 69 74 75 78 80 84 86 

 'θ' 'α' 'θ' 'α' 'β' 'θ' 'α' 'β' 'α' 'γ' 'γ' 'α' 
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Fv 91 95 98 102 103 104 105 106 108 109 116 117 

 'β' 'β' 'α' 'α' 'β' 'γ' 'θ' 'α' 'γ' 'θ' 'γ' 'θ' 

Fv 119 121 122 123 126 127 128      

 'β' 'θ' 'α' 'β' 'α' 'β' 'γ'      

 

Table 5.9.  The Selected Features Vectors of Data 1 Arousal. 

Number 

of feature 

vector 

The optimal subset of features selected for Data 1 Valence 

Fv 1 2 7 11 13 14 16 18 20 21 24 25 

 'θ' 'α' 'β' 'β' 'θ' 'α' 'γ' 'α' 'γ' 'θ' 'γ' 'θ' 

Fv 32 34 35 37 38 40 41 42 44 47 48 49 

 'γ' 'α' 'β' 'θ' 'α' 'γ' 'θ' 'α' 'γ' 'β' 'γ' 'θ' 

Fv 50 52 53 56 57 58 59 62 65 69 71 72 

 'α' 'γ' 'θ' 'γ' 'θ' 'α' 'β' 'α' 'θ' 'θ' 'β' 'γ' 

Fv 74 77 78 85 86 89 91 92 95 98 102 103 

 'α' 'θ' 'α' 'θ' 'α' 'θ' 'β' 'γ' 'β' 'α' 'α' 'β' 

Fv 104 105 107 110 115 119 120 121     

 'γ' 'θ' 'β' 'α' 'β' 'β' 'γ' 'θ'     

 

Table 5.10. The Selected Features Vectors of Data 2 Valence. 

Number 

of feature 

vector 

The optimal subset of features selected for Data2 Valence 

Fv 1 3 4 7 9 11 12 13 15 17 18 19 

 'θ' 'β' 'γ' 'β' 'θ' 'β' 'γ' 'θ' 'β' 'θ' 'α' 'β' 

Fv 21 22 23 25 26 29 31 36 39 40 41 43 

 'θ' 'α' 'β' 'θ' 'α' 'θ' 'β' 'γ' 'β' 'γ' 'θ' 'β' 

Fv 44 45 46 48 49 51 52 55 56 57 58 60 

 'γ' 'θ' 'α' 'γ' 'θ' 'β' 'γ' 'β' 'γ' 'θ' 'α' 'γ' 
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Fv 62 64 65 66 69 70 71 72 73 74 75 79 

 'α' 'γ' 'θ' 'α' 'θ' 'α' 'β' 'γ' 'θ' 'α' 'β' 'β' 

Fv 81 83 84 85 86 91 97 98 99 100 102 106 

 'θ' 'β' 'γ' 'θ' 'α' 'β' 'θ' 'α' 'β' 'γ' 'α' 'α' 

Fv 107 108 110 112 113 117 118 119 121 124 128  

 'β' 'γ' 'α' 'γ' 'θ' 'θ' 'α' 'β' 'θ' 'γ' 'γ'  

 

Table 5.11. The Selected Features Vectors of Data 1 Valence. 

Number 

of feature 

vector 

The optimal subset of features selected for  Data2 Aousal 

Fv 1 5 6 9 11 12 13 14 15 16 18 20 

 'θ' 'θ' 'α' 'θ' 'β' 'γ' 'θ' 'α' 'β' 'γ' 'α' 'γ' 

Fv 21 25 26 27 28 30 31 32 34 36 43 47 

 'θ' 'θ' 'α' 'β' 'γ' 'α' 'β' 'γ' 'α' 'γ' 'β' 'β' 

Fv 50 51 54 56 60 61 63 64 66 67 68 69 

 'α' 'β' 'α' 'γ' 'γ' 'θ' 'β' 'γ' 'α' 'β' 'γ' 'θ' 

Fv 72 73 74 78 79 80 82 83 85 86 87 93 

 'γ' 'θ' 'α' 'α' 'β' 'γ' 'α' 'β' 'θ' 'α' 'β' 'θ' 

Fv 94 95 97 98 99 101 104 105 107 108 110 112 

 'α' 'β' 'θ' 'α' 'β' 'θ' 'γ' 'θ' 'β' 'γ' 'α' 'γ' 

Fv 117 119 122 124 126 128       

 'θ' 'β' 'α' 'γ' 'α' 'γ'       

5.3.3 Diversity Analysis 

Population diversity is a measurement of population state in exploration or 

exploitation. It illustrates the information of the individual’s; when the individuals 

diverge, it means that the search is in an exploration state, and when the individuals 

cluster tightly, it means that the search is in an exploitation state. Getting the right 
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amount of diversity is an essential matter in providing a good search ability of an 

optimisation algorithm. Consequently, in this research, the diversity behaviour of the 

population of the original SSO is promoted by the PSO algorithm.  To compare the 

developed algorithm in the feature selection phase of the research (i.e. ISSO), the 

average distances (AVG distance) of the population in every iteration are calculated. 

Figure 5.4 and Figure 5.5 illustrate the average distances of the populations (the upper 

plot) over 100 iteration along with its classification accuracy (the upper plot), for Data 

1 and Data 2 experiments.  

 Indeed, the diversity of the population is one of the most important factors that 

determines the performance of an optimisation algorithm. whereby, if the average 

distance between individuals is large, the diversity is high; if the average distance is 

small, the diversity is low. At the same time, if the diversity is too high or too low, the 

algorithm might not perform well. From the two figures, it can be noticed that the 

population of the PSO algorithms goes close early to each other, thus the diversity is 

getting low speedily. On the other hand, the SSO algorithm, because it is designed to 

avoid the early convergence, this leads to slow convergence. However, this leads to 

damage the exploration-exploitation balance, thus hard reaching towards the optimum 

solution. Contrarily, the ISSO algorithm showed higher accuracy values. It can be 

noticed that the convergence of the population of ISSO is slower than the PSO and 

lower than SSO, with better diversity behaviour monitored with  the improving of 

classification accuracy. This indicates a better convergence behaviour and an 

enhancement in exploitation-exploration abilities. This provides a better ability in 

discovering the search space of the features and superior search behaviour towards a 

better solution.  
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Figure 5.4. Average distances of the population of Data1 experiment. 
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Figure 5.5. Average distances of the population of Data2 experiment. 
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5.4 Discussion 

To assess the performance of ISSO-FS, this research performed several different 

experiments as a benchmark, such as PSO, ABC, and SSO. Generally, ISSO 

outperformed the aforementioned algorithms in almost all measurement criteria. The 

obtained statistical results prove the significant superiority of the ISSO algorithm over 

the other existing algorithms (i.e., PSO, ABC, and SSO) in optimising a feature space 

(feature selection). This outperformance can be interpreted as being because this 

algorithm combines the characteristics of social spider optimization and particle 

swarm optimization behaviour. The SSO, eventhough its limitation, have a good 

initialisation distribution of the population, while PSO is indeed two populations; 

pbests and its current positions. Thus, PSO is in a form of path re-fastening amongst 

pbest positions. In this logic, PSO is being generating new solutions in the 

neighbourhood of the two parents by attractions to the two pbest positions (pbests and 

its best positions) in PSO. This allows a better diversity and exploitation-exploration 

balance compare with the original SSO algorithm. Moreover, the energic motion 

effects on particle movement could allow better convergence path to some extent; this 

charactraistic existing in the ISSO could maintain the convergence speed compare to 

the SSO and added a better diversity in search paths. whereby, the SSO suffer from 

population degradation; while SSO try to avoid premature convergence, it becomes in 

a stray progress towards solutions, thus leads a disfiguration in exploration-

exploitation balance. Hereby, (i) ISSO could efficiently search the feature space and 

balance exploration and exploitation to some extent throughout the iterations of the 

optimization. (ii) in ISSO, the population moved better towards the optimal solution, 

which was supported by the PSO search behaviour in ISSO.  
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5.5 Summary 

In this chapter, the ISSO feature selection method was developed to enhance the 

performance of the original SSO algorithm and to deal with the EEG data. The method 

was performed on two different pre-processed EEG datasets from the DEAP database 

in order to get robust evaluation. The experimental results were presented, where each 

optimizer was run for 20 times to ensure convergence capability. Feature selection 

using ISSO showed superior performance on EEG data; ISSO has outstanding ability 

to handle complex data such as EEG and to search in the feature space compared with 

other existing feature selection algorithms. 

5.6 The Shortcoming of the ISSO algorithm 

The SSO was improved to ISSO which was showed an effceient performance in 

feature selection phase. Therefore, the ISSO algorithm was further adapted to be used 

for tuning the LSSVM parameters. However, Figure 5.6 illustrates surface plots of the 

population distances of 20 run, where each run includes 100 iteration. From the figure, 

it is clearly can be seen the ISSO fall in local optima problem. The main reason behind 

that is when the feature space dimension is huge, such in the tuning parameters 

problem within a specific range (e.g. 0.001-1000), the dimension of feature space 

almost to infinity of choices, thus the ability of the algorithm seems to turn into local 

exploration and to dispersion search behaviour. As that the improvement in ISSO was 

by the PSO algorithm, which goes towards local optimal solution, the thing that 

promote the falling in local optima problem of the ISSO, beside that that SSO searchs 

in a stray progress towards a better solution. In this case, the diversity of the population 

may not be satisfactory when such a huge dimensional space (in the tuning task), thus 

the global exploration of the algorithm should be promoted in order to avoid the local 
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optima problem. Resulting the unstability of the search ability of the ISSO algorithm 

and leads to stuck in local optima/local exploration, and instability progress towards 

better solution when the feature space is huge. Hence in the next chapter, this research 

introduces the Eagle Social Spider Optimisation algorithm. Unlike the other optimiser 

this algorithm designed to increase the diversity and of the population and avoid falling 

in the local optima problem (see Figure 5.6).
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Figure 5.6. Surface plots of the population distances over 20 run and 100 iterations. 
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CHAPTER SIX  

CLASSIFICATION 

6.1 Introduction 

The generalization ability of LSSVM is the problem encountered during the training 

process, which is the measure of how the LSSVM correctly able to predict values for 

formerly unseen data. whether in binary classification or in regression problem. It is 

influenced by its hyper-parameters, which are regularization parameter γ and kernel 

parameter σ2 when using the RBF kernel. If a model’s hyperparameters are not well 

chosen, the produced results will not be satisfactory. 

This research provided a new parameter-tuning method based on the social spider 

optimisation algorithm for LSSVM classifier (SSO-LSSVM). However, the SSO 

algorithm suffers from several drawbacks, as was mentioned in Chapter 1 (Section 

1.3). Therefore, SSO was improved into ISSO (Algorithm 5.1) in the context of this 

research (see Chapter 5), and further it was adapted to be used for tuning the LSSVM 

parameters. However, although ISSO showed remarkeable performance in feature 

selection, ISSO falls in local optima problem when used in the tuning parameters task. 

This is due to the huge dimension of the feature space, such as in the tuning parameters 

problem within a specific range (e.g. 0.001-1000), the dimension of feature space 

tends to be infinity. Consequently, the capability of global exploration of the ISSO is 

being degraded. Additionally, the improvement in ISSO was by the PSO algorithm, 

which goes toward the local optimal solution, which that promote the falling in the 

local optima problem in a huge feature space dimension. In this case, the global 

exploration of the algorithm should be supported in order to avoid the local optima 

problem. 
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This his research developed a classification scheme dependent on an efficient swarm-

based tuning technique. This classification scheme consists of an LSSVM classifier 

integrated with Eagle Strategy Social Spider Optimization (ESSO-LSSVM) 

(Algorithm 6.1), to improve classification performance on the EEG signal in this 

research. Figure 6.1 highlights the focus of this chapter, the classification phase (long 

dash green colour line). This chapter also uses the outcome of the previous chapters 

(i.e., Chapter 4 and Chapter 5). 

 

 

 

 

 

 

 

 

 

 

 

ESSO was evaluated by comparing its performance against (i) PSO, (ii) ABC, (iii) 

SSO, and (iv) ISSO algorithms. To this end, five classification schemes were 

performed: classification using the proposed scheme, (i) ESSO-LSSVM, and 

classification using (ii) PSO-LSSVM, (iii) ABC-LSSVM, (iv) SSO-LSSVM, and (v) 

ISSO-LSSVM as benchmarks. 

 

Data Acquisition
(pre-processd DEAP 

dataset)

Feature Extraction
(NN-Grubbs-DWPT)

Feature Selection
(ISSO-FS)

Classification (ESSO 
Parameter Tuning)

Evaluation

Figure 6.1.  Research steps (classification phase) 
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6.2 The Proposed LSSVM Parameters Tuning Algorithm 

In ESSO, the standard SSO algorithm is improved by taking advantage of PSO 

exploration. Thus, as a sequence, ISSO is improved by integrating the Eagle Strategy 

(see Section 2.8.6). To do so, each spider in ESSO changes its position by one step 

Levy walk (equation 2.29), where the beta parameter is set to 1.5 (𝛽 = 1.5). After 

evaluating each solution, an intensive local search is performed by employed bees’ 

tactics of the ABC algorithm, in which the spiders start to behave as employed bees. 

Each spider considers its position and determines a neighbour spider’s position, then 

evaluates its position and dances in the search area; a spider modifies the position in 

its memory and discovers a new position. Then, if the new position is better than the 

previous one, the spider moves to the new position. Otherwise, the spider stays in its 

position. Figure 6.2 illustrates a simplifised form of the classification model, and  the 

pseudo-code of the proposed ESSO algorithm is depicted in Algorithm 6.1, and it is 

explained as in the following steps: 

 
Figure 6.2. A simplifised form of the classification model. 
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Step 1: Initialization (1–22) 

• Set up the parameter using ESSO as shown in Table 6.1, where ‘limit’ is the limit 

for a spider not to be improved. Meanwhile, ‘Beta’ is the beta value distribution of 

the Levy function, and ‘𝑀𝑎𝑥𝑝𝑠𝑜𝑖𝑡𝑟’ is the maximum cycle for PSO searching. 

• Generate the initial position for each female and male spider randomly depending 

on the in the range of feature space (0.001-1000, or 0.001-100). 

• Evaluate each spider’s fitness value by LSSVM classifier (objective function). 

• The trial counter 𝑇𝑟𝑖𝑎𝑙𝑁𝑓+𝑚 is set up for female and male members; if a member 

does not improve, then the counter increase by +1. 

• Calculate the weight for each spider and determine the best and worst spider. 

• Set cycle = 0. 

Table 6.1. Parameter/Factor Setup for ESSO-LSSVM 

Parameter/Factor 
Values 

SN D Limit Beta C1 
10-50 6 2 1.5 1.4962 

C2 W Wdam Limit  1.4962 0.7298 1 2 

Step 2: Female movement (23–30) 

• Calculate the vibration 𝑉𝑖𝑏𝑐𝑖 and 𝑉𝑖𝑏𝑏𝑖. 

• Generate a random number for each female spider in the range (0,1). If the random 

number for a particular female spider is less than PF, then that particular female 

changes her position by attraction, else that particular female changes her position 

by repulsion. 

Step 3: Male Movement (31–39) 

• Calculate the median male individual M. 

• Calculate the vibration 𝑉𝑖𝑏𝑓𝑖. 

• Check each male member. If a male member weighs more than the median value, 

then this particular male is considered dominant, and he changes his position by 

being attracted by the nearest female; otherwise, this particular male is considered 
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non-dominant and changes his position by moving to the middle of the dominant 

males’ positions. 

Step 4: PSO Search (40–52) 

• Check the trial counter  𝑇𝑟𝑖𝑎𝑙𝑁𝑓+𝑚 and find spiders whose trials are bigger than the 

limit. These spiders are considered as new population for the particle swarm. 

• The produced particles start to search for a better solution using the particle swarm 

mechanism with the help of the best solution of ISSO in a particular iteration. 

• The new solution is replaced with the previous if it is improved, and the trial 

counter of the improved spider is set to 0. 

Step 5: Mating (53–64) 

• The mating is performed between male and female spiders within a specific 

distance, and then offspring is produced. 

• If offspring is produced, then the mating is done, and a survive operation is 

performed, else the mating operation is cancelled. 

Step 6: Eagle Strategy Search (65–74) 

• Each spider changes its position (solution) with one Levy walk step. 

• A local search is performed by the employed bees’ tactics of the ABC algorithm. 

• The new solution is replaced with the previous if it is improved, and the trial 

counter of the improved spider is set to 0. 

Step 7: Stopping criteria (75–77) 

• The searching process is ended when the maximum cycle is met, else go back to 
Step 2. 

• Produce the optimal solution. 
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Algorithm 6.1 ESSO Pseudo-code  
 
1: Set the initialisation parameters’ values, such as of total number of solutions N 
in the population size SN, threshold PF, maximum number of iterations 𝑖𝑡𝑒𝑟𝑛, and 
Limit. 
2: Set the number of female spiders 𝑁𝑓 = 𝑓𝑙𝑜𝑜𝑟[(0.9 − 𝑟𝑎𝑛𝑑. 0.25). 𝑁) and 
number of male spiders 𝑁𝑚 = 𝑁 − 𝑁𝑓. 
3: Set k=0.{Counter initialization}. 
4: for (i=1;i<𝑁𝑓+1;i++) do 
5:        for(j=1;j<n+1;j++) do 
6:            𝑓𝑖,𝑗0 =𝑝𝑗𝑙𝑜𝑤 + 𝑟𝑎𝑛𝑑(0,1). (𝑝𝑗

ℎ𝑖𝑔ℎ
− 𝑝𝑗

𝑙𝑜𝑤) 
7:        end for 
8: end for {Initialize randomly the female spider} 
9: for (i=1;k<𝑁𝑚+1;i++) 
10:      for (j=1;j<n+1;j++) 
11:           𝑚𝑖,𝑗

0 =𝑝𝑗𝑙𝑜𝑤 + 𝑟𝑎𝑛𝑑(0,1). (𝑝𝑗
ℎ𝑖𝑔ℎ

− 𝑝𝑗
𝑙𝑜𝑤) 

12:      end for 
13: end for {Initialize randomly the male spider} 
14: for (i=1;i<𝑁𝑓+1;i++) do 
15:        F(𝑁𝑓𝑖) 
16: end for {Evaluate each female spider’s position (solution) by objective 
function “F” and calculate the accuracy for each by equation 2.43}. 
17: Check if spider 𝑁𝑓 is improved; if not, then 𝑇𝑟𝑖𝑎𝑙𝑁𝑓𝑖  ++1 
18: for (i=1;i<𝑁𝑚+1;i++) do 
19:        F(𝑁𝑚𝑖

) 
20: end for {Evaluate each male spider’s position (solution) by objective 
function “F” and calculate the accuracy for each by equation 2.43. 
21: Check if spider 𝑁𝑚 is improved; if not, then 𝑇𝑟𝑖𝑎𝑙𝑁𝑚𝑖  ++1 
22: repeat 
19: Get 𝐽(𝑠𝑘) {by steps 14–20 }. 
20:       for (i=1;i<N+1;i++) do 
21:           𝑤𝑖 =

𝐽(𝑠𝑖)−𝑤𝑜𝑟𝑠𝑡𝑠

𝑏𝑒𝑠𝑡𝑠−𝑤𝑜𝑟𝑠𝑡𝑠
   {𝒘𝒐𝒓𝒔𝒕𝒔= min (𝑱(𝒔𝒌)) and 𝒃𝒆𝒔𝒕𝒔=max( 𝑱(𝒔𝒌))} 

22:    end for {Calculate the weight (fitness function) of every spider S, where 
𝑏𝑒𝑠𝑡𝑠= max(𝐽(𝑠𝑘)) and 𝑤𝑜𝑟𝑠𝑡𝑠 = min(𝐽(𝑠𝑘)).} 
23:         for (i=1;i<𝑁𝑓+1;i++) do 
24:       Calculate   𝑉𝑖𝑏𝑐𝑖 and   𝑉𝑖𝑏𝑏𝑖 by ( 𝑉𝑖𝑏𝑐𝑖 = 𝑤𝑐. 𝑒

−𝑑𝑖,𝑐
2

  and 𝑉𝑖𝑏𝑏𝑖 =
𝑤𝑏 . 𝑒

−𝑑𝑖,𝑏
2

) 25:             If (rm<PF), where rm rand(0,1), then 
26:             𝑓𝑖𝑘+1 = 𝑓𝑖𝑘+1 + 𝛼. 𝑉𝑖𝑏𝑐𝑖. (𝑠𝑐 − 𝑓𝑖𝑘) + 𝛽. 𝑉𝑖𝑏𝑏𝑖(𝑠𝑏 − 𝑓𝑖𝑘) +
𝛿. (𝑟𝑎𝑛𝑑 −

1

2
) 

27:              else 
28:             𝑓𝑖𝑘+1 = 𝑓𝑖𝑘+1 + 𝛼. 𝑉𝑖𝑏𝑐𝑖. (𝑠𝑐 − 𝑓𝑖𝑘) − 𝛽. 𝑉𝑖𝑏𝑏𝑖(𝑠𝑏 − 𝑓𝑖𝑘) +
𝛿. (𝑟𝑎𝑛𝑑 −

1

2
) 

29:                 end if 
30:           end for {female movement} 
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31:  Find the median male individual (𝑤𝑁𝑓+𝑚) from M 
32:          for(i=1;i<𝑁𝑚+1;i++) do 
33:             Calculate 𝑉𝑖𝑏𝑓𝑖 by (𝑉𝑖𝑏𝑓𝑖 = 𝑤𝑓 . 𝑒

−𝑑𝑖,𝑓
2

) 
34:                 If (𝑤𝑁𝑓+𝑖 > 𝑤𝑁𝑓+𝑚  ), then 

35:              𝑚𝑖
𝑘+1 = 𝑚𝑖

𝑘 + 𝛼. 𝑉𝑖𝑏𝑓𝑖. (𝑠𝑓 −𝑚𝑖
𝑘) + 𝛿. (𝑟𝑎𝑛𝑑 −

1

2
)     𝑖𝑓 𝑤𝑁𝑓+𝑖 >

𝑤𝑁𝑓+𝑚  
36:                  else 

37:               𝑚𝑖
𝑘+1 =   𝑚𝑖

𝑘 + 𝛼. (
∑ 𝑚ℎ

𝑘.
𝑁𝑚
ℎ=1 𝑤𝑚+ℎ

∑ 𝑤𝑁𝑓+ℎ
𝑁𝑚
ℎ=1

−𝑚𝑖
𝑘) 

38:                   end if 
39:            end for {male movement} 
40:     Find spiders Sp where 𝑇𝑟𝑖𝑎𝑙𝑁𝑓+𝑚 exceeds the limit (N𝑆𝑝). 
41:     Compute the velocity for each spider as a particle by 𝑣𝑖,𝑗𝑡 = 𝜔𝑣𝑖,𝑗

𝑡−1 +

𝑐1𝜂1(𝑃𝑖,𝑗 − 𝑠𝑖,𝑗
𝑡−1) + 𝑐2𝜂2(𝑏𝑒𝑠𝑡𝑖 − 𝑠𝑖,𝑗

𝑡−1). 
42: Set t=0. {Counter initialization}. 
43:         while t<𝑀𝑎𝑥𝑝𝑠𝑜𝑖𝑡𝑟+1; do 
44:             for (i=1; i<N𝑆𝑝+1; i++) do 
45:           𝑣𝑖𝑡 = 𝜔𝑣𝑖

𝑡−1 + 𝑐1𝜂1(𝑃𝑖 − 𝑆𝑝𝑖
𝑡−1) + 𝑐2𝜂2(𝑏𝑒𝑠𝑡𝑖 − 𝑆𝑝𝑖

𝑡−1) 
46:            𝑛𝑒𝑤𝑆𝑝𝑖𝑡 = 𝑆𝑝𝑖𝑡−1 + 𝑣𝑖𝑡 
47:            replace position if new solution is better than previous. 
48:              end for 
49:     t=t+1 {iteration counter increasing}. 
50: until (t<𝑀𝑎𝑥𝑝𝑠𝑜𝑖𝑡𝑟) {If the stop criteria are met, the process is finished; 
otherwise, go back to 45}. 
51:   end while {perform PSO search for each spider’s position and calculate 
the accuracy for each by equation 2.43}. 
52: Replace particle N𝑛𝑒𝑤𝑆𝑝𝑖 with spiders N𝑆𝑝𝑖 if it is improved, and set 
𝑇𝑟𝑖𝑎𝑙𝑁𝑖=0. 

53: Calculate the radius of mating by 𝑟 =
∑ (𝑝𝑗

ℎ𝑖𝑔ℎ
−𝑛

𝑗=1 𝑝𝑗
𝑙𝑜𝑤)

2.𝑛
. {Perform the mating 

operation}. 
54:         for (i=1;i<𝑁𝑚+1;i++) 
55:                If (𝑚𝑖 ∈ D), then 
56:                    Find  𝐸𝑖 
57:                     If  ( 𝐸𝑖 is not empty ) then 
58:                        Form 𝑠𝑛𝑒𝑤 using the roulette method 
59:                           If ( 𝑤𝑛𝑒𝑤 > 𝑤0 ) then 
60:                                𝑠𝑤0 = 𝑠𝑛𝑒𝑤 
61:                           end if 
62:                      end if 
63:                   end if 
64:             end for 
65: for (i=1;i<𝑁𝑓+1;i++) do 
66:            𝑁𝑓𝑖.* (Levy¬u) 
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67: end for {Random global search (Levy walks equation 2.29) for female 
spiders} 
68: for (i=1;k<𝑁𝑚+1;i++) 
69:           𝑁𝑚𝑖

.* (Levy¬u) 
70: end for {Random global search (Levy walks equation 2.29) for male 
spiders} 
71:  Local search by using employed bees tactics  (ABC) 
72:  If a better solution is found, then 
73:    Update the current best 
74:  end if 
75:  k=k+1 {iteration counter increasing}. 
76: until (k<𝑖𝑡𝑒𝑟𝑛) {If the stop criteria are met, the process is finished; 
otherwise, go back to 14}. 
77: Produce the best solution. 

Figure 6.3 illustrates the ESSO-LSSVM classification parameters tuning scheme. In 

the experiments of this chapter, 70% of the data (training data) were used to model 

selection in constructing the classifier, and 30% of the data (testing data) were reserved 

for out-of-sample testing. The ESSO tuned the classifier during the model selection 

process. ESSO searched for optimal hyperparameters for the LSSVM classifier with 

an RBF kernel. Thus, the hyperparameters that presented higher classification 

accuracy were considered optimal. After a number of iterations and runs, the spider 

solution that presented the highest classification accuracy was considered the global 

optimum solution. The following Section 6.3 provides the results of the undertaken 

experiments of this chapter. 
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Figure 6.3. ESSO-LSSVM classification scheme (parameters tuning). 

6.3 Experimental Results 

This section illustrates the empirical findings of the performed experiments. The 

classification accuracy ws used as fitness value in all experiments. Best LSSVM 

parameters are the ones that produce the higher classification accuracy. Thus, the 

classification results of the optimal LSSVM parameters found by every classification 

scheme are presented. Each is evaluated by minimum accuracy (min), maximum 

accuracy (max), mean accuracy, SD, precision, F-score, and AUC for valence “V” and 

arousal “A” emotion dimensions.  

Generally, the results indicate higher classification accuracy when using the ESSO 

algorithm compared to those that used PSO, ABC, SSO, and ISSO in all experiments. 
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Table 6.2, Table 6.3, Table 6.4 , Table 6.5 , Table 6.6  show the classification results 

in which the search space was in the range 0.001–100, and the population number are 

10, 20, 30, 40, and 50 respectively. Among the different implemented schemes, ESSO-

LSSVM showed superior classification performance compared with other 

classification schemes such as PSO-LSSVM, ABC-LSSVM, SSO-LSSVM, and 

ISSO-LSSVM. The highest classification accuracies were obtained by ESSO-

LSSVM, at 72.22% and 83.33% in Data1 for valence and arousal respectivly, and  

70.83% and 79.17% in Data2 for valence and arousal respectively. 

On another side, Table 6.7, Table 6.8 , Table 6.9 , Table 6.10 , Table 6.11  show the 

classification results in which the search space was in the range 0.001–1000, and the 

population number are 10, 20, 30, 40, and 50 respectively; compared with the different 

implemented schemes, again, ESSO-LSSVM showed superior classification 

performance. The highest classification accuracies were obtained by ESSO-LSSVM, 

at 76.39% and 83.33% in Data1 for valence and arousal, respectively. While in Data2 

the classification accuracies were 72.22% and 81.94%. Moreover, the proposed 

classification scheme outperformed the other aforementioned classification schemes 

in most measurement criteria, include min, max, and mean accuracy, as well as 

precision, recall, F-score, and AUC. 
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Table 6.2. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 100 for EEG 
Dataset of Data 1 and Data 2 at Population is 10. 

Algorithm  Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 
V 59.72 70.83 65.24 2.08 0.67 0.64 0.65 0.73 

A 69.44 80.56 75.93 2.36 0.74 0.59 0.63 0.72 

Data 2 
V 59.72 69.44 68.55 1.08 0.66 0.66 0.66 0.69 

A 50 75 67.24 5.23 0.74 0.72 0.72 0.72 

ABC 

Data 1 
V 59.72 70.83 66.16 1.49 0.67 0.64 0.65 0.73 

A 70.83 81.94 78.01 0.97 0.89 0.56 0.60 0.66 

Data 2 
V 62.50 70.83 68.63 0.62 0.68 0.66 0.66 0.67 

A 52.78 76.39 66.87 2.73 0.74 0.73 0.74 0.73 

SSO 

Data 1 
V 65.28 69.44 67.44 0 0.65 0.63 0.64 0.72 

A 77.78 79.17 78.72 2.91×10-14 0.69 0.58 0.62 0.72 

Data 2 
V 66.67 69.44 69.14 2.92 0.67 0.67 0.67 0.69 

A 61.11 75 72.51 0 0.73 0.72 0.72 0.73 
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ISSO 

Data 1 
V 61.11 65.28 64.66 0 0.62 0.63 0.62 0.76 

A 77.78 80.56 80.26 2.92×10-14 0.74 0.59 0.64 0.72 

Data 2 
V 65.28 69.44 69.25 0 0.68 0.67 0.67 0.70 

A 61.11 69.44 68.44 1.46×10-14 0.69 0.68 0.68 0.71 

ESSO 

Data 1 
V 65.28 72.22 68.93 0.96 0.70 0.66 0.67 0.76 

A 77.78 83.33 80.54 0.44 0.94 0.60 0.67 0.75 

Data 2 
V 66.67 70.83 69.26 0.17 0.69 0.66 0.67 0.70 

A 61.11 79.17 73.87 1.16 0.79 0.76 0.76 0.75 

 

 

 

 



 

199 

 

Table 6.3. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 100 for EEG 
Dataset of Data 1 and Data 2 at Population is 20. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 61.11 70.83 65.09 1.71 0.69 0.62 0.64 0.73 

A 70.83 80.56 76.87 1.93 0.56 0.51 0.52 0.68 

Data 2 V 61.11 70.83 69.23 0.52 0.67 0.66 0.66 0.67 

A 54.17 77.78 67.28 4.08 0.76 0.74 0.75 0.73 

ABC 

Data 1 V 61.11 72.22 66.66 1.87 0.69 0.65 0.67 0.76 

A 70.83 81.94 78.75 1.46 0.89 0.56 0.60 0.66 

Data 2 V 62.50 70.83 68.87 0.51 0.67 0.66 0.66 0.67 

A 55.56 77.78 68.11 2.76 0.77 0.75 0.75 0.77 

SSO 

Data 1 V 63.89 65.28 65.16 1.46×10-14 0.62 0.62 0.62 0.76 

A 77.78 80.56 80.13 1.46×10-14 0.74 0.59 0.64 0.72 

Data 2 V 68.06 69.44 69.40 0 0.67 0.67 0.67 0.69 

A 61.11 75 71.67 0 0.73 0.72 0.72 0.72 
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ISSO 

Data 1 V 63.89 66.67 66.32 1.46×10-14 0.63 0.63 0.63 0.76 

A 77.78 81.94 81.62 1.46×10-14 0.82 0.60 0.66 0.75 

Data 2 V 65.28 69.44 69.24 2.92×10-14 0.68 0.67 0.67 0.70 

A 61.11 72.22 71.25 0 0.71 0.70 0.70 0.71 

ESSO 

Data 1 V 63.89 70.83 67.76 1.38 0.68 0.64 0.65 0.75 

A 77.78 83.33 81.07 0.78 0.93 0.60 0.68 0.75 

Data 2 V 68.06 70.83 69.41 0.09 0.68 0.66 0.66 0.68 

A 61.11 79.17 75.70 0.73 0.78 0.76 0.77 0.76 
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Table 6.4. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 100 for EEG 
Dataset of Data 1 and Data 2 at Population is 30. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 61.11 70.83 65.02 1.38 0.67 0.64 0.65 0.73 

A 70.83 81.94 78.49 1.52 0.82 0.59 0.66 0.74 

Data 2 V 61.11 70.83 68.62 0.52 0.67 0.66 0.67 0.67 

A 55.56 75 68.14 3.68 0.73 0.72 0.72 0.73 

ABC 

Data 1 V 61.11 70.83 66.24 1.03 0.71 0.62 0.64 0.74 

A 72.22 81.94 79.04 0.85 0.82 0.59 0.66 0.74 

Data 2 V 63.89 70.83 68.79 0.46 0.67 0.66 0.66 0.67 

A 52.78 76.39 68.24 2.81 0.75 0.73 0.74 0.73 

SSO 

Data 1 V 63.89 70.83 69.87 0 0.67 0.64 0.65 0.73 

A 80.56 80.56 80.56 0 0.73 0.59 0.64 0.72 

Data 2 V 65.28 69.44 69.35 1.46×10-14 0.66 0.66 0.66 0.69 

A 65.28 77.78 76.07 1.46×10-14 0.76 0.74 0.75 0.73 
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ISSO 

Data 1 V 61.11 69.44 68.49 0 0.68 0.62 0.63 0.73 

A 80.56 83.33 82.39 1.46×10-14 0.94 0.61 0.68 0.75 

Data 2 V 65.28 69.44 69.24 2.92×10-14 0.68 0.67 0.67 0.70 

A 65.28 77.78 76.37 2.92×10-14 0.76 0.74 0.75 0.73 

ESSO 

Data 1 V 63.89 70.83 68.52 0.84 0.68 0.64 0.66 0.75 

A 80.56 83.33 82.67 0.31 0.94 0.61 0.68 0.75 

Data 2 V 65.28 70.83 69.39 0.24 0.68 0.66 0.67 0.67 

A 65.28 79.17 76.14 0.98 0.78 0.76 0.77 0.76 
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Table 6.5. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 100 for EEG 
Dataset of Data 1 and Data 2 at Population is 40. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 61.11 72.22 66.15 2.07 0.69 0.6 0.67 0.75 

A 73.61 80.56 78.19 1.54 0.74 0.59 0.63 0.72 

Data 2 V 65.28 70.83 69.32 0.60 0.69 0.65 0.66 0.70 

A 56.94 77.78 70.36 3.58 0.76 0.74 0.75 0.73 

ABC 

Data 1 V 61.11 70.83 66.97 1.36 0.66 0.65 0.66 0.76 

A 73.61 81.94 79.59 1.059 0.82 0.60 0.66 0.74 

Data 2 V 65.28 70.83 69.04 0.61 0.67 0.66 0.66 0.67 

A 58.33 76.39 70.02 1.94 0.75 0.73 0.74 0.75 

SSO 

Data 1 V 63.89 70.83 69.86 2.92×10-14 0.67 0.64 0.65 0.73 

A 80.56 83.33 82.87 2.92×10-14 0.93 0.61 0.68 0.75 

Data 2 V 65.28 69.44 69.34 1.46×10-14 0.67 0.67 0.67 0.69 

A 65.28 75 74.09 2.92×10-14 0.73 0.72 0.73 0.73 
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ISSO 

Data 1 V 63.89 70.83 70.28 0 0.67 0.64 0.65 0.73 

A 80.56 83.33 82.72 1.46×10-14 0.94 0.61 0.68 0.75 

Data 2 V 66.67 69.44 69.29 0 0.68 0.67 0.67 0.70 

A 65.28 76.39 75.74 5.78×10-14 0.75 0.74 0.74 0.76 

ESSO 

Data 1 V 63.89 72.22 69.96 0.66 0.69 0.66 0.67 0.76 

A 80.56 83.33 82.30 0.47 0.94 0.61 0.68 0.75 

Data 2 V 65.28 70.83 69.45 0.34 0.68 0.66 0.67 0.68 

A 65.28 79.17 76.48 0.47 0.78 0.76 0.77 0.76 



 

205 

 

Table 6.6. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 100 for EEG 
Dataset of Data 1 and Data 2 at Population is 50. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 61.11 72.22 66.49 1.91 0.69 0.65 0.67 0.75 

A 72.22 81.94 78.92 1.59 0.82 0.59 0.65 0.74 

Data 2 V 65.28 69.44 69.31 0.30 0.67 0.67 0.67 0.69 

A 56.94 75 69.43 4.12 0.73 0.72 0.72 0.72 

ABC 

Data 1 V 61.11 72.22 67.37 1.29 0.69 0.65 0.67 0.75 

A 72.22 81.94 79.71 0.78 0.82 0.59 0.65 0.74 

Data 2 V 65.28 70.83 69.06 0.38 0.67 0.66 0.66 0.67 

A 59.72 76.39 70.42 1.94 0.75 0.74 0.74 0.78 

SSO 

Data 1 V 63.89 69.44 68.61 1.46×10-14 0.65 0.65 0.65 0.76 

A 80.56 83.33 82.99 4.37×10-14 0.93 0.61 0.68 0.75 

Data 2 V 68.06 69.44 69.36 2.92×10-14 0.67 0.67 0.67 0.69 

A 65.28 75 73.69 2.92×10-14 0.73 0.72 0.72 0.73 
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ISSO 

Data 1 V 63.89 70.83 70.55 1.46×10-14 0.67 0.64 0.65 0.73 

A 80.56 83.33 81.83 0 0.92 0.61 0.68 0.75 

Data 2 V 65.28 69.44 69.25 0 0.68 0.67 0.67 0.70 

A 65.28 76.39 74.19 2.92×10-14 0.73 0.72 0.72 0.73 

ESSO 

Data 1 V 63.89 72.22 70.68 0.43 0.69 0.66 0.67 0.76 

A 80.56 83.33 82.31 0.43 0.94 0.61 0.68 0.75 

Data 2 V 68.06 70.83 69.77 0.45 0.68 0.66 0.67 0.68 

A 65.28 79.17 76.32 0.67 0.78 0.76 0.77 0.76 
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Table 6.7. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 1000 for EEG 
Dataset of Data 1 and Data 2 at Population is 10. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 61.11 69.44 64.65 1.76 0.67 0.69 0.68 0.80 

A 61.11 73.61 67.76 2.22 0.45 0.48 0.46 0.64 

Data 2 V 54.17 70.83 62.38 3.96 0.69 0.67 0.68 0.73 

A 48.61 63.89 57.34 2.88 0.64 0.68 0.64 0.79 

ABC 

Data 1 V 61.11 72.22 67.19 1.71 0.69 0.73 0.71 0.80 

A 63.89 76.39 71.38 1.73 0.81 0.50 0.53 0.62 

Data 2 V 56.94 69.44 65.23 1.91 0.68 0.66 0.67 0.72 

A 48.61 68.06 60.61 1.85 0.68 0.65 0.65 0.65 

SSO 

Data 1 V 61.11 69.44 68.18 1.46×10-14 0.67 0.69 0.68 0.805 

A 66.67 72.22 71.35 1.46×10-14 0.69 0.55 0.56 0.70 

Data 2 V 59.72 69.44 68.10 0 0.68 0.69 0.68 0.70 

A 52.78 63.89 63.15 3.65×10-14 0.62 0.61 0.61 0.67 
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ISSO 

Data 1 V 62.50 69.44 68.32 1.46×10-14 0.67 0.71 0.68 0.79 

A 66.67 73.61 72.81 1.46×10-14 0.66 0.59 0.60 0.73 

Data 2 V 59.72 69.44 67.89 2.92×10-14 0.68 0.67 0.67 0.70 

A 59.72 63.89 63.43 7.30×110-15 0.61 0.61 0.61 0.66 

ESSO 

Data 1 V 61.11 72.22 68.10 1.35 0.69 0.72 0.70 0.79 

A 66.67 81.94 76.28 1.29 0.82 0.60 0.66 0.75 

Data 2 V 59.72 70.83 68.76 0.25 0.69 0.67 0.68 0.73 

A 52.78 73.61 65.49 1.89 0.73 0.74 0.73 0.82 
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Table 6.8. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 1000 for EEG 
Dataset of Data 1 and Data 2 at Population is 20. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 62.50 70.83 66.53 2.46 0.68 0.71 0.69 0.78 

A 63.89 77.78 70.41 2.27 0.71 0.63 0.65 0.77 

Data 2 V 55.56 70.83 65.14 2.66 0.69 0.67 0.68 0.73 

A 48.61 68.06 59.42 3.43 0.68 0.64 0.65 0.65 

ABC 

Data 1 V 62.50 72.22 66.76 1.90 0.69 0.73 0.71 0.80 

A 65.28 80.56 73.33 1.67 0.59 0.51 0.52 0.68 

Data 2 V 56.94 70.83 66.15 1.67 0.69 0.67 0.68 0.73 

A 50 69.44 61.57 1.99 0.69 0.68 0.68 0.77 

SSO 

Data 1 V 65.28 72.22 71.22 0 0.69 0.73 0.71 0.80 

A 68.06 75 74.51 1.46×10-14 0.63 0.61 0.62 0.75 

Data 2 V 62.50 69.44 67.82 2.92×10-14 0.69 0.69 0.68 0.71 

A 54.17 63.89 62.50 7.30×10-15 0.61 0.61 0.61 0.66 
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ISSO 

Data 1 V 62.50 66.67 66.49 1.46×10-14 0.65 0.67 0.66 0.79 

A 66.67 73.61 73.34 0 0.45 0.4778 0.46 0.64 

Data 2 V 59.72 69.44 69.17 0 0.68 0.67 0.67 0.70 

A 52.78 65.28 62.76 7.30×10-15 0.63 0.62 0.62 0.66 

ESSO 

Data 1 V 62.50 73.61 70.17 1.13 0.69 0.70 0.69 0.71 

A 66.67 81.94 75.58 1.89 0.82 0.60 0.66 0.75 

Data 2 V 62.50 69.44 66.79 1.22 0.69 0.70 0.68 0.71 

A 52.78 70.83 66.39 1.18 0.70 0.70 0.70 0.76 
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Table 6.9. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 1000 for EEG 
Dataset of Data 1 and Data 2 at Population is 30. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 61.11 75 66.12 2.78 0.72 0.73 0.72 0.79 

A 65.28 81.94 72.19 1.90 0.82 0.59 0.66 0.74 

Data 2 V 56.94 70.83 65.88 2.56 0.69 0.67 0.68 0.72 

A 51.39 70.83 59.88 2.83 0.69 0.68 0.69 0.71 

ABC 

Data 1 V 62.50 70.83 67.62 1.36 0.68 0.71 0.69 0.79 

A 65.28 79.17 73.18 1.31 0.72 0.58 0.63 0.74 

Data 2 V 58.33 70.83 66.45 1.36 0.69 0.67 0.68 0.73 

A 52.78 69.44 62.85 2.51 0.68 0.67 0.67 0.68 

SSO 

Data 1 V 63.89 69.44 69.06 1.46×10-14 0.67 0.69 0.68 0.81 

A 66.67 79.17 76.86 2.92×10-14 0.75 0.58 0.63 0.74 

Data 2 V 63.89 69.44 68.47 0 0.68 0.68 0.67 0.71 

A 52.78 63.89 63.07 1.46×10-14 0.62 0.60 0.61 0.67 
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ISSO 

Data 1 V 63.89 69.44 69.14 2.92×10-14 0.67 0.70 0.68 0.81 

A 70.83 73.61 73.33 0 0.45 0.4778 0.46 0.64 

Data 2 V 65.28 69.44 68.76 0 0.69 0.70 0.68 0.71 

A 55.56 66.67 64.97 2.92×10-14 0.66 0.65 0.65 0.68 

ESSO 

Data 1 V 65.28 76.39 71.10 1.48 0.74 0.75 0.74 0.82 

A 66.67 83.33 77.15 1.76 0.94 0.61 0.68 0.75 

Data 2 V 63.89 69.44 68.94 0 0.68 0.67 0.67 0.70 

A 52.78 79.17 69.91 1.75 0.78 0.76 0.77 0.76 
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Table 6.10. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 1000 for EEG 
Dataset of Data 1 and Data 2 at Population is 40. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 62.50 75 67.32 2.14 0.72 0.73 0.72 0.79 

A 65.28 81.94 71.83 2.77 0.89 0.56 0.60 0.66 

Data 2 V 58.33 70.83 66.17 2.68 0.69 0.67 0.67 0.72 

A 51.39 69.44 61.87 2.88 0.69 0.68 0.68 0.78 

ABC 

Data 1 V 62.50 72.22 68.39 1.56 0.70 0.73 0.71 0.81 

A 65.28 79.17 73.80 1.40 0.75 0.58 0.63 0.74 

Data 2 V 58.33 69.44 66.71 1.18 0.69 0.69 0.68 0.70 

A 54.17 70.83 62.74 2.29 0.69 0.69 0.69 0.73 

SSO 

Data 1 V 63.89 69.44 69.11 2.93×10-14 0.67 0.69 0.68 0.81 

A 66.67 73.61 73.17 2.93×10-14 0.45 0.48 0.46 0.64 

Data 2 V 65.28 69.44 68.65 2.93×10-14 0.69 0.69 0.68 0.71 

A 54.17 63.89 63.25 7.30×10-15 0.61 0.60 0.61 0.61 
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ISSO 

Data 1 V 63.89 69.44 69.11 2.92×10-15 0.67 0.70 0.68 0.81 

A 69.44 73.61 73.24 2.92×10-14 0.77 0.50 0.528 0.64 

Data 2 V 62.50 70.83 69.64 2.92×10-14 0.69 0.67 0.68 0.71 

A 52.78 68.06 66.14 2.92×10-14 0.68 0.65 0.65 0.65 

ESSO 

Data 1 V 63.89 76.39 71.87 0.47 0.74 0.75 0.74 0.82 

A 70.83 81.94 79.80 0.75 0.77 0.60 0.65 0.72 

Data 2 V 61.11 70.83 69.079 0.34 0.69 0.67 0.68 0.73 

A 55.56 81.94 70.90 2.08 0.82 0.80 0.80 0.82 
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Table 6.11. The Classification Experiments Results by Different Classification Schemes in the Range Between 0.001 and 1000 for EEG 
Dataset of Data 1 and Data 2 at Population is 50. 

Algorithm 
 

Dimension 
Accuracy 

SD Precision Recall F-score AUC 
Min Max Mean 

PSO 

Data 1 V 62.50 72.22 67.28 2.79 0.69 0.73 0.71 0.80 

A 66.67 79.17 72.16 2.11 0.69 0.58 0.62 0.72 

Data 2 V 58.33 70.83 66.40 2.57 0.68 0.67 0.67 0.71 

A 51.39 69.44 62.43 3.46 0.69 0.68 0.68 0.78 

ABC 

Data 1 V 62.50 72.22 68.84 1.28 0.69 0.73 0.71 0.80 

A 66.67 80.56 74.05 1.85 0.56 0.51 0.52 0.68 

Data 2 V 59.72 69.44 67.70 0.81 0.69 0.65 0.66 0.73 

A 54.17 69.44 63.05 1.74 0.68 0.66 0.67 0.67 

SSO 

Data 1 V 66.67 69.44 69.40 0 0.67 0.69 0.68 0.78 

A 68.06 77.78 77.18 1.46×10-14 0.71 0.64 0.65 0.77 

Data 2 V 62.50 69.44 68.68 2.92×10-14 0.67 0.67 0.67 0.70 

A 58.33 69.44 67.11 1.46×10-14 0.69 0.67 0.67 0.68 
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ISSO 

Data 1 V 65.28 72.22 71.38 0 0.70 0.73 0.71 0.80 

A 70.83 73.61 73.39 2.92×10-14 0.45 0.48 0.46 0.64 

Data 2 V 63.89 69.44 68.94 0 0.69 0.70 0.68 0.71 

A 65.28 75 70.12 2.92×10-14 0.74 0.75 0.74 0.81 

ESSO 

Data 1 V 65.28 76.39 71.76 1.28 0.74 0.75 0.74 0.82 

A 66.67 83.33 80.31 0.53 0.94 0.61 0.68 0.75 

Data 2 V 59.72 72.22 69.62 0.54 0.71 0.69 0.70 0.74 

A 58.33 81.94 72.76 3.15 0.82 0.80 0.80 0.82 
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6.3.1 T-test Results 

T-tests are handy hypothesis tests in statistics when it’s needed to compare means (see 

Section 3.7.1). Table 6.12 and Table 6.13  illustrate  t-test statistical results between 

two groups with a two-sample t-test for the performed experiments, for the search 

space ranges 0.001–100 and 0.001–1000, respectively; the first group are the results 

of ESSO algorithm, to be compared with the results of the other groups (i.e., PSO, 

ABC, SSO, and ISSO) independently. If the null hypothesis is rejected, this implies 

that the proposed alternative is correct, and that the result is significant, and versa.  

Based on the data obtained by each method in the experiments, the null hypotheses of 

that the population mean of ESSO is greater than the population mean of the other 

algorithms (i.e., PSO, ABC, SSO, and ISSO) were strongly rejected in all experiments 

at both valence and arousal dimensions.These results indicate that null hypothesis is 

unlikely to be true—the mean results obtained by ESSO are significantly greater than 

these from the other means that obtained by the aforementioned algorithms (i.e., PSO, 

ABC, SSO, and ISSO). Moreover, these statistical results prove that the ESSO 

algorithm offers better performance than the other existing algorithms (i.e. PSO, ABC, 

SSO, and ISSO). 
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Table 6.12. T-test Results for Data 1 and Data2 Experiments of Range (0.001-100). 

Method  Dimension P 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝐼𝑆𝑆𝑂LSSVM 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝑆𝑆𝑂LSSVM 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝐴𝐵𝐶LSSVM 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝑃𝑆𝑂LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝐼𝑆𝑆𝑂LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝑆𝑆𝑂LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝐴𝐵𝐶LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝑃𝑆𝑂LSSVM 
 

ESSO vs. ISSO 

Data 1 
V 0.007 

A 1.08×10-109 

Data 2 
V 2.56×10-105 

A 4.74×10-12 

ESSO vs. SSO 

Data 1 
V <0.001 

A <0.001 

Data 2 
V <0.001 

A <0.001 

ESSO vs. ABC 

Data 1 
V <0.001 

A <0.001 

Data 2 
V 1.68×10-164 

A <0.001 

 
Data 1 

V <0.001 

ESSO vs. PSO A <0.001 

 
Data 2 

V 1.02×10-116 

 A <0.001 
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Table 6.13. T-test Results for Data 1 and Data2 Experiments of Range (0.001-1000). 

Method  Dimension P 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝐼𝑆𝑆𝑂LSSVM 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝑆𝑆𝑂LSSVM 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝐴𝐵𝐶LSSVM 

H𝑎: µ𝐸𝑆𝑆𝑂LSSVM>µ𝑃𝑆𝑂LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝐼𝑆𝑆𝑂LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝑆𝑆𝑂LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝐴𝐵𝐶LSSVM 

H0: µ𝐸𝑆𝑆𝑂LSSVM<µ𝑃𝑆𝑂LSSVM 

ESSO vs. ISSO 

Data 1 
V 2.12×10-10 

A <0.001 

Data 2 
V 7.28×10-28 

A 1.40×10-53 

ESSO vs. SSO 

Data 1 
V <0.001 

A 1.04×10-322 

Data 2 
V 2.97×10-52 

A 2.21×10-167 

ESSO vs. ABC 

Data 1 
V <0.001 

A <0.001 

Data 2 
V 1.18×10-279 

A <0.001 

ESSO vs. PSO 

Data 1 
V <0.001 

A <0.001 

Data 2 
V 5.66×10-168 

A <0.001 
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6.3.2 Diversity Results 

To compare the developed algorithm in the classification phase of the research, the 

average distances (AVG disnatnce) of the population in every iteration are calculated. 

Figure 6.4 and Figure 6.5 illustrate the average distances of the populations (the upper 

plot) over 100 iteration along with its classification accuracy (the upper plot), for Data 

1 and Data 2 experiments. From the two figures, it can be noticed that the population 

of the PSO algorithms keeps stably close to each other with contraction over the 

iterations. This also noticed in the ABC algorithm, where the distance of the whole 

population is stuck in at its initial  distribution. It is hardly changed in a form of a leap, 

when a better position is explored. Whereby, the exploration in ABC is weak, while it 

is locally search is intensive.   

On another side, the population degradation is very clear in SSO algorithm, where the 

SSO is designed to avoid the early convergence, which cause a stray progress towards 

a better solution, thus leads a disfiguration in exploration-exploitation balance. 

Therefore, the convergence of the PSO population and the degradation of the 

population of the SSO charachtarsitics, cause the unstability of the search ability of 

the ISSO algorithm and leads to stuck in local optima/local exploration, and 

unsteadiness progress towards better solution when the feature space is huge. On 

another side,  the ESSO algorithm is developed in order to avoid the fall in local optima 

and population degradation that is occure in the SSO, and in ISSO when the feature 

space of the search is huge. Consequently, in the  ESSO, the integrated eagle stretagey 

guide the search to jump from the local optima, and its intensive local search  helps to 

balance the exploration-exploitation in the algorithm. ESSO shows a better population 

diversity whith superior classification result, compare with the other algorithms, and 
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it shows that is able to explore a complex area (hard to reach) that other algorithms 

cannot explore, instead of falling in local optima.  

The ESSO avoiding the stuck in local optima when it jump from its positions to 

another by the levy walk step, which allows the algorithm to explore different area of 

the feature space. It is also avoid falling in population degradation by the intensive 

local search and local exploration part of the eagle streatgy behaviour and the PSO 

exploration behaviour. These rhythm of the search supporters tactics, give the progress 

of the ESSO with a unique performance, eventhogh, the increasing of the complixity 

of the algorithm. Moreover, it is obsearved that whenever the population number is 

high, the ESSO perform better. Unlike the other algorithm, that sometime the 

increasing the number of population guide out the population to be far from the 

optimal solution.  

On another side, Figure 6.6 and Figure 6.7 are  illustrate boxplots of the population 

distances of the ESSO, ISSO, SSO, ABC , and PSO algorithms. The boxplot contain 

information of the median (the line inside the box), interquartile range box, and 

whiskers extend (the extension from either side of the box). These represent the 

measure of the data center, the middle 50% of the data, and the ranges for the bottom 

and the top of 25% of the data values, respectively. The red plust “+” symbol represent 

the outliers which are excluded from the aforementioned representatives. For example, 

Figure 6.6 at the left plot shows that the median population distances of the ESSO 

algorithm is approximately 490. Meanwhile, the median population distances of the 

ISSO, SSO, ABC, and PSO are approximately 150, 95, 925, and 495, respectively.  

While in the same time, most of the population distances of ESSO are approximately 

in range 380-560, and some are as low as 110 and as high as 800. Meanwhile, most of 
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the population distances of ISSO, SSO, ABC, PSO are approximately in range 100-

300, 1-240, 910-920, and 470-575, respectively.Also   some are as low as 1, 1, 900, 

and 400, and as high as 600, 450, 930, and 775, respectively. Therefore, from the 

boxplot figures below, it can be observed the population distances of the ESSO is in 

the middle of the graph. Meanwhile, most of the population distances data of the other 

optimisers are skewed, which is indicate that their populations are not normally 

distributed compare with the one by the ESSO. In addition, the fill weights of 

population from the different optimisers are different, and the richest one and with the 

larger scale is the one by the ESSO algorithm. The things that indicate the supriority 

and more variableity of the ESSO algorithm than the other algorithms. This unique 

variability let the ESSO algorithm to make progress.  
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Figure 6.4. The  distances of the populations along with  its classification accuracy, Data1. 



 

224 

 

 

 

Figure 6.5. The  distances of the populations along with  its classification accuracy, Data2. 
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Figure 6.6. The boxplots of the population distances of the ESSO, ISSO, SSO, ABC , and PSO algorithms, Data1. 
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Figure 6.7. The boxplots of the population distances of the ESSO, ISSO, SSO, ABC , and PSO algorithms, Data 2. 
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6.4 Discussion 

To assess the performance of ESSO-LSSVM, this research performed several 

experiments to compare ESSO-LSSVM with the benchmark classification schemes 

(i.e., PSO-LSSVM, ABC-LSSVM, SSO-LSSVM, and ISSO-LSSVM). Generally, 

ESSO-LSSVM outperformed the aforementioned algorithms in almost all 

measurement criteria. On the other side, the obtained statistical results prove the 

significant superiority of the ESSO algorithm over the other existing algorithms (i.e., 

PSO, ABC, SSO, and ISSO) in tuning the LSSVM classifier’s parameters. Figure 6.8 

and Figure 6.9 illustrate surfaces plots of the population distances of 20 run and 100 

iteration for each run. The outperformance of the ESSO can be interpreted as being 

due to the search behaviour of the ESSO algorithm, as it combines the characteristics 

of ISSO algorithm (Chapter 5) and the eagle strategy’s search tactics, whis is play an 

essential role in avoiding the fall in local optima problem, and promot the global 

exploration in the algorithm. Whereby, the eagle strategy is mainly developed for 

global optimisation, where the eagel take  a long steps (flying movements) when flying 

over a prey. This eagle flying is represented mathmitacally by the levy steps. This 

flying mechanisum allows to search the feature space widely and globally rather than 

searching it locally. Therefore, after global search, the eagle takes a concentration 

action attacking the prey, which leads to promote the balance between the global 

exploration and local exploration along with exploitation. Thereafter, it is easy for the 

eagle to jump again from this concetration ( towards local search) to search another 

prey (to global search). Hence, (i) ESSO is highly capable of searching the search 

space and of balancing exploration exploitation during the searching process. 

Additionally, (ii) in ESSO, the exploration by the eagle strategy seems to be sufficient 
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to discover a new areas in the search space when it is globally exploring the search 

space, unlike the ISSO algorithm, which seems to locally explore the search space. 

However, mainly one drawback in ESSO, which is the complixsitiy of the algorithm 

is high. 
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Figure 6.8. Surface plots of the population distances over 20 run and 100 iterations, Data1. 
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Figure 6.9. Surface plots of the population distances over 20 run and 100 iterations, Data2. 
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6.4 Summary 

In this research, the new classification scheme ESSO-LSSVM was developed. To 

obtain robust evaluation, this classification scheme was tested on two different pre-

processed EEG datasets from the DEAP database in two dimensions of emotion 

estimation (i.e., three-level valence and three-level arousal classes). The proposed 

classification scheme was compared against other existing classification schemes. The 

experimental results were presented in 20 different runs to ensure the parameter-tuning 

performance capability of the proposed tuning algorithms in the LSSVM classifier. 

The proposed classification scheme using ESSO with the LSSVM (ESSO-LSSVM) 

showed superior performance on EEG data; ESSO-LSSVM has outstanding ability to 

handle complex data such as EEG and to explore wider areas in the large search space 

compared with other existing classification schemes in this research. 
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CHAPTER SEVEN  

CONCLUSION 

7.1 Introduction 

Human emotion detection has been a major research topic in recent decades as it plays 

a substantial role in establishing a human–computer interface. It seems impossible for 

computers to understand human emotion as humans do. Thus, the main goal of the 

existing works has been to achieve accuracy as good as a human. EEG-based human 

emotion recognition has recently been shown to be an effective technique for BCI. 

The main advantage of using EEG signals is that it detects real emotions arising 

straight from our minds and ignores external features like facial expressions and 

gestures. Hence, EEG can act as a real indicator of the emotion felt by the subject. 

This research aimed to develop an improved computational model for human emotion 

recognition using EEG signals. The general EEG-based human emotion recognition 

model adopted in this research consists of three main phases: (i) feature extraction, (ii) 

feature selection, and (iii) classification. Consequently, the technical part plays a major 

role in the recognition performance. Accordingly, the hypothesis of this research was 

designed to make a technical enhancement in every phase. To achieve this, several 

research objectives were considered. 

In this chapter, the research objectives are reviewed in Section 7.2. In Section 7.3, the 

research findings and their implication are discussed, while Section 7.4 discusses the 

limitation of this research, and the recommendations for future work are set out in 

Section 7.5. 
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7.2 Review of the Research Objectives and Achievements 

This section reviews every research objective and how it was achieved. 

A. To develop an enhanced feature extraction method based on DWPT 

algorithm that addresses the existence of outliers. 

This objective corresponds to the feature extraction phase of the model. The main 

function of the DWPT so far has been to provide the DWPT decomposition tree of a 

particular range of an EEG signal. This decomposition tree handles sub-signals where 

each one is in one node (packet) of the tree, and then the desired packets are picked 

up as features. This research has provided Grubbs-DWPT (Chapter 4, Algorithm 4.1) 

to enhance the outcome of the original DWPT, where the outliers are detected by 

Grubbs’ tests and replaced with the nearest neighbour replacement techniques 

proposed in this research. As a result, this process offers a more efficient 

decomposition tree. 

B. To develop a feature selection method based on the SSO algorithm that 

promoting its diversity for better exploration search. 

This objective corresponds to the feature selection phase of the model. In the feature 

selection, SSO functions as a search method trying to find an optimal solution. To 

make SSO more efficient, this research has provided the improved SSO algorithm 

(ISSO), (Chapter 5, Algorithm 5.1), where the exploration part of the PSO algorithm 

has been added to support the search capability of the original SSO algorithm. This 

process offers a new feature selection method called ISSO-FS. 
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C. To develop an LSSVM tuning algorithm based on SSO that promoting its 

global search for avoiding the local optima. 

This objective corresponds to the classification phase. In the classification process, 

LSSVM functions as a classifier, where a particular subset of data is trained (training 

data) to predict particular classes from another subset of data (testing data). The two 

parameters, “σ” (smoothing parameter of RBF kernel) and regularization parameter 

“γ”, play major roles in determining the efficiency of the learning process in the 

LSSVM classifier. Thus, to get better performance of the classifier, these two 

parameters need to be optimised. Consequently, this research has provided a new 

tuning algorithm for LSSVM based on the SSO algorithm, which functions as the 

parameter tuner for LSSVM to find the optimal parameters that can offer higher 

classification accuracy. To make SSO more efficient, this research has provided the 

eagle strategy social spider optimisation (ESSO) algorithm (Chapter 6, Algorithm 

6.2), where the exploration part of the PSO algorithm and the eagle search strategy 

were added to support the search capability of the original SSO algorithm 

(ISSO+Eagle strategy). This process offers an optimisation algorithm called eagle 

strategy social spider optimisation, which is integrated with the LSSVM classifier to 

finally come out with the new classification method called ESSO-LSSVM. 

D. To evaluate the enhanced computational model based on social spider 

optimisation for EEG-based emotion recognition. 

This objective is achived by providing a benchmark methods in every phase in order 

to efficiently evaluate the performance of the proposed computational model of this 

research. The evaluation was accompyned with each phase within the sequence of the 
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computaitonal model, For example, compare the Grubbs-DWPT with the original 

DWPT, (ii) compare the ISSO-FS with the original SSO, and other most popular 

algorithm in the field, and etc). Moreover, different evaluation cratieria have taken a 

place in evaluating the proposed recognition model in every phase. Thus several type 

of evaluation cratiria could provide a deep insight upon the performance of the 

algorithms of the proposed computational model and its outcomes, in comparison with 

other existing algorithms.   

7.2.1 The Enhanced EEG-based Emotion Recognition Model 

This was the main goal of this research: to provide an improved EEG-based emotion 

classification model that consists of the methods developed within the previous 

objectives in each and every phase (i.e., Sections 7.2 [A, B, and C]). The improved 

model is structured as follows: 

(i) Feature extraction phase: EEG features are extracted from the EEG signals 

by Grubbs-DWPT. 

(ii) Feature selection phase: The dimensionality reduction of the feature space 

process is performed the ISSO-FS, where the optimal subset of feature is 

selected. 

(iii) Classification phase: The classification process is performed by ESSO-

LSSVM, where classes are ideally predicted based on optimizing the 

classification process via ESSO-LSSVM compaer with the other 

benchmark methods. 

(iv) Evaluation: several algorithms is developed (e.g. PSO-FS, SSO-FS, ABC-

LSSVM, ISSO-LSSVM) as a benchmark to evaluate the proposed 
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enhanced computational model based on social spider optimisation for 

EEG-based emotion recognaition. Moreove, the classification 

performances of the all performed experiment of this research were 

measured from a several angle by different metric crateria (e.g. Accuracy, 

Precision, F-score, and Diversity). 

7.3 The Research Findings and Their Implications 

In the feature extraction phase, this research developed the Grubbs-DWPT 

algorithm and compared it to the original DWPT. The feature extraction using the 

Grubbs-DWPT outperformed the latter one. Grubbs-DWPT could detect and remove 

the outliers’ data without changing the length of the data signal. The main issue was 

that the outliers’ data had negative effects on the quality of the extracted features. The 

process of removing the outliers could guide the features to represent the classes in a 

different manner. This means that the robustness and reliability of the classes’ 

representation by the features for a classifier were adversely affected if the outliers 

were still there, then further on the robustness and reliability of the classification 

results. Hence, the proposed algorithm was primarily developed to provide reliable 

features representing the classes; thus, it helps to avoid that issue. Moreover, the 

algorithm can be used in  EEG data signals and other data signals analysis that need 

for extracting features. This part of the thesis introduces a background of feature 

extraction method, specifically about DWPT algorithm along with its developments 

and its existing issues. On another side, this phase could successfully address the 

problem of the outlier of the DWPT algorithm, and enhance it ability in analyse and 

extracting features of the EEG signals, which are related to 9 emotions of human.  
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In the feature selection phase, applying the feature selection process was found to 

improve the classification performance. This is because the dimensionality of the 

feature space was reduced, and the feature selection process was built to find an 

informative subset of the data that could represent better classification accuracy. On 

the other hand, the proposed feature selection method (i.e., ISSO-FS) outperformed 

the other methods in this research (i.e. PSO-FS, ABC-FS, and SSO-FS). Indeed, when 

dealing with complex data such as EEG, each and every feature vector plays an 

essential role in affecting the classification results. Thus, the key for a searching 

algorithm in selecting features is to globalise the searching process, trying to test 

(discovering) as many as possible of the different subsets of features. Therefore, the 

ISSO-FS seemed to be an efficient feature selection method as it could find a better 

subset of features than the benchmark methods (i.e. PSO-FS, ABC-FS, and SSO-FS). 

This is due to improvements in the exploration and convergence ability of the original 

SSO. Consequently, predicting a particular human emotion became more reliable and 

accurate. It is also expected that ISSO-FS could efficiently work on other types of data 

and applications. Note that the fine setup of the ISSO initialisation parameters plays 

an important role in identifying the optimisation performance of the algorithm. The 

ISSO parameters used in this research are not guaranteed to be optimal. Moreover, the 

algorithm can be used in  EEG data signals and other field that need for feature 

selection task. This part of the thesis also presents a background of feature selection 

method and optimisation algorithms, specifically about SSO algorithm along with its 

developments and its current gaps. On another side, this phase could successfully 

address the problem of weak searchability of the original SSO algorithm, and promote 

the diversity behaviour of the original SSO. Thus enhance its ability in searching 
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feature space of EEG features, and selecting informative dataset which results on 

improving the recognition ability of 9 human emotions.  

In the classification phase, it was found that applying an efficient optimisation 

algorithm to tune the LSSVM classifier parameters enhanced classification 

performance. This is because the fine-tuning of the classifier’s parameters provided a 

more efficient drawing of the hyperplanes, which are separate between classes; thus, 

a better separation between classes led to better classification. Therefore, the proposed 

classification method (i.e., ESSO-LSSVM) outperformed the other classification 

methods (i.e., PSO-LSSVM, ABC-LSSVM, SSO-LSSVM, and ISSO-LSSVM). Thus, 

the ESSO algorithm proved its superiority over the existing searching algorithms (i.e., 

PSO, ABC, SSO, and ISSO) in tuning the LSSVM classifier. Thereby, it proved its 

ability to efficiently discover the search space and to balance exploration and 

exploitation during the optimisation process, and avoiding the local optima problem. 

This is due to improving the exploration and diversity quality of the ISSO algorithm, 

as diversity is necessary in the ensemble individuals’ decisions in a particular heuristic 

algorithm. If the individuals keep providing almost the same output, nothing is to be 

gained from their aggregation. Different individual values mean that combining their 

diverse positions makes it more likely to discover a wider area in the search space and 

thus find a better solution. Consequently, the classification reliability is improved thus 

though some limitation. It is expected that the proposed classification method could 

efficiently work with other types of data and applications, and it can be considered an 

efficient classification method to be added to the supervised learning method body of 

knowledge. Note that the fine setup of the ESSO initialisation parameters plays a very 

important role in identifying the search performance of the algorithm. The ESSO 
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parameters used in this research are not guaranteed to be optimal. Moreover, the 

algorithm can be used in  EEG data signals and other field that need for tuning task. 

This part of the thesis also gifts a background of classifiers and swarm-based 

optimisation algorithms, specifically about SSO algorithm along with its growths and 

its present gaps. On another side, this phase could successfully address the problem of 

falling in local optima, and enhance its searchability in tuning parameters, where the 

diversity and exploration-exploitation balance is promoted, which resulting and 

enhancement in the LSSVM classification performance upon 9 human emotions.  

Moreover, in terms of other results from the literature, Liu and Sourina (2014) used 

six subjects similar to dataset 1 (Data 1) in this research. They used HOC+statistical 

+FD to extract the EEG features and SVM to classify the features for each subject 

(dependent model) into eight emotions. As a result, the average classification accuracy 

obtained by the six subjects was 54.58%. Meanwhile, in this research, the average 

classification accuracy for the similar six subjects was 76.39% and 83.33% for three 

valence levels and three arousal levels, respectively (nine emotions). Consequently, 

the proposed model of this research showed superior results, although the built 

participant model is more complex than the one by Liu and Sourina (2014). Moreover, 

the number of predicted classes obtained by the proposed model is higher; it seems 

more efficient to use the dimensional model (valence–arousal model). 

7.4 Limitations of the Research 

a) Feature Extraction Phase 

In this research, some options and factors were adopted depending on the 

literature; these had essential effects on the feature extraction performance as 

follows: 
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i. Selecting the frequency bands: The EEG emotions fell in the signal 

range 4–45Hz. In most EEG-based studies in the literature and in this 

research, it has been suggested to extract only four frequency bands (theta, 

alpha, beta, and gamma), while other frequency bands that fall in the same 

range have been ignored. 

ii. The DWPT decomposition options: This research decomposed the EEG 

signal by the Grubbs-DWPT with “Daubechies db4” and “entropy 

Shannon” into five levels of decomposition tree, as was recommended and 

due to its efficiency in the literature. However, in the decomposition of the 

DWPT-based algorithm, several factors (decomposition options) can 

affect the decomposition performance, such as the decomposition level 

(DL) (1, 2, … N); selected wavelet filter, such as Daubechies (db1, db2, 

… dbN); coefficient (coef 1, coef 2, … coef N); and entropy type 

(Shannon, norm, etc.). Hence, the best quality of produced frequency 

bands in the obtained decomposition tree is not guaranteed. 

iii. The nearest neighbour replacement mechanism: In Grubbs-DWPT, 

after outlier data points were detected, it was assumed that the outlier data 

points would to be equal to the values of their nearest data points that were 

not outlier data. Thus, they were replaced by the nearest neighbour 

replacement test proposed in this research. This mechanism could be 

improved by another assumption, since the EEG signals are dynamic and 

time-varying, which means that the expected data point that would be 

generated if it were not an outlier cannot be guaranteed by one of the non-

outlier data signals (which is the nearest one). 
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b) Feature Selection Phase 

The feature selection process of ISSO-FS depends on the coding from real 

number to binary number based on the convert to binary threshold parameter 

“CBth”. The feature vector assigned by “1” was selected, while the feature 

vector assigned by “0” was ignored. However, the coding process to binary 

was limited to CBth = 0.5, which was recommended by Zawbaa et al. (2015). 

Thus, the number of selected features was fixed at approximately half of the 

feature vector. On the other hand, the fitness function of ISSO-FS was limited 

to calculating average classification accuracy, while other criteria (AUC, F-

score, etc.) were not taken into account when guiding the search process of 

the algorithm. 

c) Classification Phase 

i. In this research, the proposed classification method (i.e., ESSO-LSSVM) 

was limited to be tested on the optimal subsets of features that were 

obtained by ISSO-FS in the feature selection phase, where in every subset 

the separation of the data (training and testing data) was fixed. This was 

investigated to match the sequence flow of the proposed computational 

model. 

ii. The setup of ESSO’s initialisation parameters had important effects on the 

search performance of the algorithm. However, this research depended on 

a tiny number of experiments to set these parameters, even though 

studying this issue seems indispensable. 

iii. The fitness function of ESSO-LSSVM was limited to calculating average 

classification accuracy, while other criteria (AUC, F-score, etc.) were not 

taken into account when guiding the search process of the algorithm. 
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d) The Proposed Computational Model 

As aforementioned, the proposed computational consisted of the three phases 

developed in this research. Thus, besides the limitations in each phase, there are 

some limitations related to the proposed computational model. 

The computational model was only tested on the two datasets from the DEAP 

database. Additionally, the model was implemented in sequence: first the features 

were extracted by the Grubbs-DWPT and then the wrapper feature selection was 

performed. The classification method used in the objective function was CSA-

grid search-LSSVM, which was provided by the LSSVM toolbox but not by 

ESSO-LSSVM. The optimal subset of features identified in the feature selection 

phase were obtained and used in the classification phase, when these datasets were 

taken to be classified by ESSO-LSSVM. This manner of implementation may not 

reveal the highest power of the proposed model. Instead, the simultaneous 

implementation of the model considering the proposed methods may have better 

results. 

7.4.1 The EEG Dataset’s Limitations and Implication 

The DEAP database provided EEG data for 32 subjects. Many studies have used the 

DEAP database; some of them used dependent models and others used independent 

models with variations of subjects’ EEG data. In the case of this research, due to its 

technical focus on improving the methods in each phase of the recognition model, the 

research compared its contributions technically with other existing algorithms that are 

popular and have shown good performance in the literature. For example, Grubbs-

DWPT was compared with DWPT. In feature selection, ISSO was compared with GA, 
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PSO, ABC, and SSO. In the classification phase, ESSO was compared with PSO, 

ABC, SSO, and ISSO. 

Such algorithms have been used not only on EEG data but also on other research areas. 

Therefore, this research proposed two datasets, each of which consisted of six subjects 

(see Section 3.3.2). The first dataset (Data 1) was collected as in the study of Liu & 

Sourina (2014), while the second dataset (Data 2) was collected by randomly selecting 

six subjects from DEAP such that the subjects selected in Data 2 were not in Data 1. 

The idea behind this was to globalise the findings of this research to some extent and 

get robust and reliable results. It was needed to test the proposed algorithms on a high-

dimensional feature space, but at the same time, it was necessary to avoid the 

interparticipant variability problem to some extent, although practically, the 

interparticipant variability problem seemed hard to totally avoid. Additionally, it was 

necessary to avoid the high computation time of the training data process. Moreover, 

the data suffered from a multiclass problem, which made one class dominate the 

others. 

7.5 Recommendations and Future Work 

In the feature extraction phase, even though the Grubbs-DWPT feature extraction 

method represented an improvement in classification performance, this research and 

most EEG recognition studies depended on extracting θ, α, β, and/or γ to represent 

target classes in the feature space. As aforementioned, the DWPT decomposition 

representation relies on some different criteria. The produced decomposition tree of 

DWPT can be different from one to another based on the range of the required signal 

to be decomposed, and several factors (decomposition options) can affect the 

performance of DWPT, such as the decomposition level (DL) (1, 2, …, N); selected 
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wavelet filter, such as Daubechies (db1, db2,…, dbN); coefficient (coef1, coef2, …, 

coefN); and entropy type (Shannon, norm, etc.). Thus, any packet in the DWPT 

decomposition tree of the target range of the signal can be significant in representing 

a particular class in a classifier. Hence, the problem of choosing an efficient 

representation of the DWPT tree and selecting among many produced packets is a 

good gap for a future work. It is an opportunity to improve the classification accuracy 

by searching for the optimal subset of packets and taking into account the optimal 

representation of the decomposition tree in Grubbs-DWPT. This may provide better 

features for a classifier. Technically, improving the mechanism of the outliers’ 

replacement in Grubbs-DWPT could be a next step in future work; in the next step of 

the replacement process, considering the average value of a particular number of data 

signal points located around an outlier to be replaced with this outlier data point 

seemed to be more efficient. 

In the feature selection phase, fine setup of ISSO-FS’s initialisation parameters 

including the threshold parameter “CBth”, could lead to better results. Thus, studying 

the effects of these parameters on the feature selection performance is a good gap for 

future work. Moreover, the ISSO algorithm itself was improved to the ESSO algorithm 

in the classification phase; since ESSO seemed to be more powerful than ISSO, the 

next step is to develop the ESSO algorithm for feature selection. 

In the classification phase, the balancing between the “limit” parameter and the “max 

cycle” parameter of PSO could highly affect balance in the ESSO searching process. 

Thus, studying the effects of these parameters on the searching capability in order to 

optimise these parameters could be a good gap for future work. Moreover, it was found 

that keeping improving the existing algorithm is indispensable. Additionally, excellent 
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balancing between exploration and exploitation is not enough to make an algorithm 

efficient; the power or the intensity power of these two processes must be considered. 

Thus, as a next step from this research, ESSO need to be improved; ESSO could be 

built in a different manner, and the local search process of the eagle strategy in ESSO 

could be improved. 

Above all, as a next step, the structure of the proposed EEG-based emotion 

recognition model should be simultaneously implemented, especially the feature 

selection phase and the classification phase. Moreover, the techniques and the 

model should be tested on other EEG data in addition to the EEG data from the 

DEAP database. Finally, the fitness function could be improved by taking into 

account other affecting criteria to balance the representative and discriminative 

performance purposes of the recognition model. 
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