
 

 

 

 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 
 

 

Faculty of Electrical Engineering 

DESIGN OF FEATURE SELECTION METHODS FOR HAND 

MOVEMENT CLASSIFICATION BASED ON 

ELECTROMYOGRAPHY SIGNALS 

 

 

Too Jing Wei 

 

 

Doctor of Philosophy  

 

 

2020 

 

 

 



 

 

DESIGN OF FEATURE SELECTION METHODS FOR HAND MOVEMENT 

CLASSIFICATION BASED ON ELECTROMYOGRAPHY SIGNALS 

  

 
 
 
 
 

TOO JING WEI 

 

 
 
 
 
 
 

A thesis submitted 

in fulfilment of the requirements for the degree of Doctor of Philosophy  

 
 
 
 
 
 
 
 

Faculty of Electrical Engineering 

 

 
 
 
 
 
 
 

UNIVERSITI TEKNIKAL MALAYSIA MELAKA 

 
 
 
 
 
 

2020 

 



 

 

DECLARATION 

 

 

I declare that this thesis entitled “Design of Feature Selection Methods for Hand Movement 

Classification Based on Electromyography Signals” is the result of my own research except 

as cited in the references. The thesis has not been accepted for any degree and is not 

concurrently submitted in candidature of any other degree. 

 

 

Signature  : ........................................... 

Name       : Too Jing Wei        

Date   : ............................................ 



 

  

APPROVAL 

 

 

I hereby declare that I have read this thesis and in my opinion this thesis is sufficient in terms 

of scope and quality for the award of Doctor of Philosophy. 

 

 

  

Signature         : ........................................... 

Supervisor Name   :    Professor Madya Ir. Ts. Dr. Abdul Rahim bin Abdullah 

Date          : ............................................ 

 

 



 

 

DEDICATION 

 

 

Specially dedicated to 

My beloved mother, 

To my family and friends 

Thank you for all the encouragement and support 

 

 



i 

 

 

 

ABSTRACT 

 

 

Recently, electromyography (EMG) has received much attention from the researchers in 

rehabilitation, engineering, and clinical areas. Due to the rapid growth of technology, the 

multifunctional myoelectric prosthetic has become viable. Nevertheless, an increment in the 

number of EMG features has led to a high dimensional feature vector, which not only 

increases the complexity but also degrades the performance of the recognition system. 

Intuitively, the accuracy of hand movement classification will be reduced, and the control of 

myoelectric prosthetic will become highly difficult. Therefore, this thesis aims to solve the 

feature selection problem in EMG signals classification and improve the classification 

performance of EMG pattern recognition system. For this purpose, the feature selection (FS) 

method is applied to evaluate the best feature subset from a large available feature set. 

According to previous works, conventional FS methods not only minimize the number of 

features but also enhance the classification performance. However, the performances of 

conventional FS methods such as Binary Particle Swarm Optimization (BPSO) and Binary 

Grey Wolf Optimization (BGWO) are still far from perfect. Additionally, there are several 

limitations can be found within the conventional FS methods. In this regard, this thesis 

proposes five FS methods for efficient EMG signals classification. The first method is the 

Binary Tree Growth Algorithm (BTGA), which implements a hyperbolic tangent function 

to convert the Tree Growth Algorithm into the binary version. The second method is called 

the Modified Binary Tree Growth Algorithm (MBTGA) that applies swap, crossover, and 

mutation operators. The third method is the hybridization of BPSO and Binary Differential 

Evolution, namely Binary Particle Swarm Optimization Differential Evolution (BPSODE). 

The fourth method is Competitive Binary Grey Wolf Optimizer (CBGWO), which is an 

improved version of BGWO by utilizing the competition and leader enhancement strategies. 

The final method is called Pbest-Guide Binary Particle Swarm Optimization (PBPSO), 

which is an improved version of BPSO with a powerful personal best (pbest) guide 

strategy. The performances of proposed methods are tested using the EMG data of 10 healthy 

and 11 amputee subjects acquired from publicly NinaPro database 3 and 4. Initially, Short 

Time Fourier Transform (STFT) and Discrete Wavelet Transform (DWT) are used for signal 

processing. Afterward, several time-frequency features are extracted to form the STFT 

feature set and DWT feature set. Then, the proposed FS methods are employed to select the 

most informative feature subset. Five state-of-the-art FS methods are used to evaluate the 

effectiveness of proposed methods in this work. The experimental results show that proposed 

PBPSO contributed to a high classification accuracy of 99.84% and 84.05% on healthy and 

amputee datasets, which offered more accurate of hand movement classification and enables 

an excellent control on myoelectric prosthetic.  
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REKA BENTUK KAEDAH PEMILIHAN CIRI UNTUK KLASIFIKASI 

PERGERAKAN TANGAN BERDASARKAN ISYARAT ELEKTROMYOGRAFI 

 

 

ABSTRAK 

 

 

Baru-baru ini, electromyography (EMG) telah mendapat banyak perhatian daripada 

penyelidik dalam aplikasi pemulihan, kejuruteraan dan klinikal. Oleh kerana pertumbuhan 

pesat teknologi, prostetik myoelektrik pelbagai fungsi telah menjadi berdaya maju. Walau 

bagaimanapun, peningkatan bilangan ciri EMG telah membawa kepada vektor ciri dimensi 

yang tinggi, ia bukan sahaja meningkatkan kerumitan tetapi juga merendahkan prestasi 

sistem pengiktirafan. Secara intuitif, ketepatan pengelasan gerakan tangan akan 

dikurangkan, dan kawalan prostetik myoelektrik akan menjadi sangat sukar. Oleh itu, tesis 

ini bertujuan untuk menyelesaikan masalah pemilihan ciri dalam klasifikasi isyarat EMG 

dan meningkatkan prestasi sistem EMG. Untuk tujuan ini, kaedah pemilihan ciri (FS) 

digunakan untuk menilai subset ciri terbaik. Kerja-kerja sebelumnya menunjukkan kaedah 

FS konvensional bukan sahaja meminimumkan bilangan ciri, tetapi juga mempertingkat 

prestasi klasifikasi. Walau bagaimanapun, prestasi kaedah FS konvensional seperti Binary 

Particle Swarm Optimization (BPSO) dan Binary Grey Wolf Optimization (BGWO) masih 

jauh dari sempurna. Di samping itu, terdapat beberapa batasan yang boleh didapati dalam 

kaedah FS konvensional. Dalam hal ini, lima kaedah FS telah dicadangkan dalam tesis ini 

untuk klasifikasi isyarat EMG yang cekap. Kaedah pertama ialah Binary Tree Growth 

Algorithm (BTGA), yang melaksanakan fungsi tangen hiperbolik untuk menukar Tree 

Growth Algorithm ke dalam versi binari. Kaedah kedua dinamakan Modified Binary Tree 

Growth Algorithm (MBTGA) yang memakai swap, crossover dan operator mutasi. Kaedah 

ketiga ialah hibridisasi BPSO dan Binary Differential Evolution, iaitu Binary Particle 

Swarm Optimization Differential Evolution (BPSODE). Kaedah keempat dinamakan 

sebagai Competitive Binary Grey Wolf Optimizer (CBGWO), yang merupakan versi BGWO 

yang lebih baik dengan menggunakan strategi persaingan dan peningkatan pemimpin. 

Kaedah terakhir iaitu Pbest-Guide Binary Particle Optimization (PBPSO), yang merupakan 

versi BPSO yang lebih baik dengan strategi panduan terbaik. Prestasi kaedah FS baru diuji 

dengan menggunakan EMG data dari 10 orang sihat dan 11 amputee yang diperoleh dari 

NinaPro database. Pada mulanya, Short Time Fourier Transform (STFT) dan Discrete 

Wavelet Transform (DWT) digunakan untuk pemprosesan isyarat. Selepas itu, beberapa ciri 

frekuensi masa diekstrak untuk membentuk set ciri STFT dan set ciri DWT. Kemudian, 

cadangan kaedah FS digunakan untuk menilai subset ciri yang paling bermaklumat. Untuk 

menilai keberkesanan kaedah FS yang dicadangkan, lima kaedah FS yang canggih 

digunakan untuk perbandingan prestasi. Keputusan eksperimen menunjukkan bahawa 

cadangan PBPSO menyumbang kepada ketepatan klasifikasi tinggi 99.84% dan 84.05% 

pada dataset yang sihat dan amputee, ia menawarkan klasifikasi pergerakan tangan yang 

lebih tepat dan membolehkan kawalan yang sangat baik terhadap prostetik myoelektrik. 

 



iii 

 

 

 

ACKNOWLEDGEMENTS 

 

 

First and foremost, I would like to express my greatest gratitude to my respected supervisor, 

Associate Professor Ir. Ts. Dr. Abdul Rahim bin Abdullah and my co-supervisor, Dr. 

Norhashimah binti Mohd Saad for their humble guidance, encouragement, patient, 

enthusiasm, invaluable support, and motivation throughout the whole completion of this 

project. This project would not have succeeded without their continuous support and 

precious time. 

 

Secondly, I would like to drop my sincere appreciation to thank all my friends, course mates 

and others who have assisted in various occasions. Their views and supports are useful. 

Moreover, I would to thanks the advanced digital signal processing (ADSP) laboratory, 

which provides continuous support to this research. This research was supported by the 

Ministry of Higher Education Malaysia under the grant PJP/2017/FKEKK/H19/S01526. At 

last, I would like to acknowledge the Universiti Teknikal Malaysia Melaka (UTeM) and 

UTeM Zamalah Scheme for the scholarships. 

 

My appreciation also goes to my families who have been so tolerant and supporting. I am 

thankful for their guidance, encouragement, advice, and emotional support that they had 

given to me for preparing this project. I would like to express my heartiest appreciation to 

my parents and family. I have learnt a lot, not just theoretically but also practically for the 

entire project. 



iv 

 

TABLE OF CONTENTS 

 PAGE 

DECLARATION   

APPROVAL  

DEDICATION  

ABSTRACT i 

ABSTRAK ii 

ACKNOWLEDGEMENTS iii 

TABLE OF CONTENTS iv 

LIST OF TABLES viii 

LIST OF FIGURES xi 

LIST OF ABBREVIATIONS xiv 

LIST OF PUBLICATIONS xvii 

  

CHAPTER  

1.     INTRODUCTION 1 

        1.1    Introduction 1 

        1.2    Problem statement 3 

        1.3    Objectives  5 

        1.4    Scopes of study 5 

        1.5    Research contributions  7 

        1.6    Thesis outlines 8 

  

2.     LITERATURE REVIEW 10 

        2.1    Introduction 10 

        2.2    Current studies on amputee 10 

        2.3    Electromyography 12 

        2.4    Biomedical signal processing 13 

      2.4.1    Fast Fourier transform 14 

      2.4.2    Short time Fourier transform 14 

      2.4.3    Wavelet transform 15 

             2.4.3.1    Continuous wavelet transform 16 

        2.4.3.2    Discrete wavelet transform 16 

       2.4.3.3    Wavelet packet transform 17 

       2.4.3.4    Mother wavelet 18 

      2.4.4    Stockwell transform 19 

        2.5    EMG features   22 

      2.5.1    Time domain features 22 

      2.5.2    Frequency domain features 24 

      2.5.3    Time-frequency features 25 

        2.6    Feature selection methods 27 
      2.6.1    Filter approach 27 

      2.6.2    Wrapper approach 29 

             2.6.2.1    Binary particle swarm optimization 31 

         2.6.2.2    Genetic algorithm 33 

       2.6.2.3    Binary differential evolution 36 

       2.6.2.4    Binary grey wolf optimization 39 

        2.7    Classification   45 



v 

 

      2.7.1    Machine learning  45 

             2.7.1.1    Linear discriminate analysis 46 

             2.7.1.2    Support vector machine 47 

             2.7.1.3    K-nearest neighbor 49 

             2.7.1.4    Artificial neural network 50 

             2.7.1.5    Naïve Bayes 51 

             2.7.1.6    Random forest 52 

      2.7.2    Deep learning 53 

             2.7.2.1    Convolutional neural network 53 

        2.8    Summary   54 

  

3.     RESEARCH METHODOLOGY 58 

        3.1    Introduction 58 

        3.2    EMG data 60 

       3.2.1    Subject selection 61 

      3.2.2    Experiment setting 62 

      3.2.3    EMG data acquisition 63 

        3.3    Time-frequency analysis techniques  64 

      3.3.1    Short time Fourier transform 65 

       3.3.1.1    Window size selection 65 

      3.3.2    Discrete wavelet transform 67 

       3.3.2.1    Mother wavelet selection 68 

        3.4    Feature extraction methods 69 

      3.4.1    STFT based feature extraction 70 

       3.4.1.1    Mean frequency  71 

       3.4.1.2    Median frequency  71 

       3.4.1.3    Concentration measure 72 

       3.4.1.4    Spectral entropy 72 

       3.4.1.5    Renyi entropy 73 

       3.4.1.6    Time frequency based statistical features 73 

      3.4.2    DWT based feature extraction 74 

       3.4.2.1    Mean absolute value  74 

       3.4.2.2    Wavelength 75 

       3.4.2.3    Root mean square 75 

       3.4.2.4    Maximum fractal length 75 

        3.5    Conventional feature selection methods 76 

      3.5.1    Parameter setting 76 

        3.6    Machine learning method 77 

        3.7    Evaluation metrics 78 

      3.7.1    Classification accuracy  79 

      3.7.2    Feature size 80 

      3.7.3    Feature reduction rate 80 

      3.7.4    F-measure 80 

      3.7.5    Matthew correlation coefficient   81 

      3.7.6    Precision 81 

      3.7.7    Geometric mean   81 

      3.7.8    Computational time 82 

        3.8    Summary 83 

  



vi 

 

4.     NEW FEATURE SELECTION METHODS 84 

        4.1    Introduction  84 

                 4.1.1    Wrapper based feature selection  84 

       4.1.1.1    Initial solution 86 

                  4.1.1.2    Fitness function 87 

        4.2    Binary tree growth algorithm   88 

      4.2.1    Best tree group   89 

      4.2.2    Competitive for light tree group   89 

      4.2.3    Remove or replace group 90 

      4.2.4    Reproduction group 90 

      4.2.5    Transfer function 90 

      4.2.6    Application of BTGA for feature selection 91 

        4.3    Modified binary tree growth algorithm 94 

      4.3.1    First tree group 94 

      4.3.2    Second tree group 95 

      4.3.3    Application of MBTGA for feature selection 96 

        4.4    Hybrid binary particle swarm optimization differential evolution 99 

      4.4.1    Dynamic inertia weight 100 

      4.4.2    Dynamic crossover rate 101 

      4.4.3    Application of BPSODE for feature selection 102 

        4.5    Competitive binary grey wolf optimizer 105 

      4.5.1    Competition strategy 106 

      4.5.2    New position update 107 

      4.5.3    Leader enhancement strategy 108 

      4.5.4    Application of CBGWO for feature selection 110 

        4.6    Pbest guide binary particle swarm optimization 112 

      4.6.1    Velocity and position update 113 

      4.6.2    Pbest guide strategy 114 

      4.6.3    Dynamic crossover rate 116 

      4.6.4    Application of PBPSO for feature selection 117 

        4.7    Summary 119 

  

5.     RESULT AND DISCUSSION 121 

        5.1    Introduction 121 

        5.2    Analysis of EMG signals 121 

        5.3    Time frequency signal analysis 124 

      5.3.1    Analysis of window size in STFT 125 

      5.3.2    Analysis of mother wavelet in DWT 128 

        5.4    Feature extraction analysis 130 

        5.5    Analysis of k-value in KNN 132 

        5.6    Analysis of optimal parameter for new feature selection methods 134 

                 5.6.1    Analysis of population size and maximum number of  135 

                             iterations  

      5.6.2    Analysis of group size in BTGA 136 

      5.6.3    Analysis of group size in MBTGA 137 

      5.6.4    Analysis of inertia weight in PBPSO 139 

        5.7    Feature selection analysis 139 

      5.7.1    Convergence analysis 141 

      5.7.2    Feature size 143 



vii 

 

      5.7.3    Computational complexity 146 

        5.8    Performance validation  148 

      5.8.1    Classification performance 148 

      5.8.2    Performance measurement 155 

      5.8.3    Class-wise performance 159 

        5.9    Discussion on proposed feature selection methods   169 

      5.9.1    Ranking strategy 169 

      5.9.2    Binary tree growth algorithm 171 

      5.9.3    Modified binary tree growth algorithm 171 

      5.9.4    Binary particle swarm optimization differential evolution 171 

      5.9.5    Competitive binary grey wolf optimizer 172 

      5.9.6    Pbest guide binary particle swarm optimization  172 

        5.10  Performance verification 173 

        5.11  Performance of proposed methods on other applications 176 

  

6.     CONCLUSION AND RECOMMENDATIONS 181 

        6.1    Conclusion 181 

        6.2    Recommendations 184 

  

REFERENCES 186 

APPENDICES 210 

  

  

  

  



viii 

 

 

 

LIST OF TABLES 

 

 

TABLE TITLE PAGE 

2.1 Recent EMG-PR studies on amputee dataset 12 

2.2 The 324 mother wavelets from 15 wavelet families 19 

2.3 The pro and cons of six different signal processing methods 21 

2.4 Thirty TD features with mathematical definition references 23 

2.5 Ten FD features with mathematical definition references 25 

2.6 Twenty-two TF features with mathematical definition references 26 

2.7 Ten filter approaches with mathematical definition references 28 

2.8 Thirty-five optimization algorithms with mathematical definition 

reference 

30 

2.9 The pro and cons of four different FS methods 45 

2.10 The advantage and disadvantage of four different classifiers 53 

2.11 Review and summary of previous works 56 

3.1 Characteristic of 11 amputee subjects (A1-A11) in DB3 61 

3.2 Characteristic of 10 healthy subjects (S1-S10) in DB4 61 

3.3 Clinical characteristic of the 11 amputee subjects in DB3 62 

3.4 Seventeen hand movement tasks 64 

3.5 Sixteen different mother wavelets 68 

3.6 Parameter setting 77 

4.1 Summarization of five proposed FS methods 120 



ix 

 

5.1 Classification accuracy of 16 different mother wavelets for DB4 and 

DB3 

130 

5.2 Parameters of five proposed FS methods 135 

5.3 Impact of population size and maximum number of iterations on the 

classification accuracy 

136 

5.4 Classification result of BTGA with different combination of N1 and 

N2 

137 

5.5 Classification result of BTGA with different N4 137 

5.6 Classification result of MBTGA with different combination of N1 and 

N2 

138 

5.7 Classification result of MBTGA with different N4 138 

5.8 Classification result of PBPSO with different values of inertia weight 139 

5.9 Summary of parameter settings for FS methods 140 

5.10 Result of mean feature size and feature reduction rate (FR) of 10 

different FS methods for STFT feature set 

144 

5.11 Result of mean feature size and feature reduction rate (FR) of 10 

different FS methods for DWT feature set 

145 

5.12 Classification results of 10 different FS methods for STFT feature set 149 

5.13 Result of t-test on five proposed FS methods for STFT feature set. 151 

5.14 Classification results of 10 different FS methods for DWT feature set 153 

5.15 Result of t-test on five proposed FS methods for DWT feature set 154 

5.16 Result of mean performance measurement of 10 different FS methods 

for STFT feature set 

156 

5.17 Result of mean performance measurement of 10 different FS methods 

for DWT feature set 

158 

5.18 Result of mean class-wise accuracy of 10 different FS methods of 

STFT feature set over 10 healthy subjects (DB4) 

160 



x 

 

5.19 Result of mean class-wise accuracy of 10 different FS methods of 

STFT feature set over 11 amputee subjects (DB3) 

161 

5.20 Result of mean class-wise accuracy of 10 different FS methods of 

DWT feature set over 10 healthy subjects (DB4) 

165 

5.21 Result of mean class-wise accuracy of 10 different FS methods of 

DWT feature set over 11 amputee subjects (DB3) 

166 

5.22 Ranking of 10 different FS methods on four different databases 170 

5.23 Classification results of six different methodologies 176 

5.24 Result on Dataset 1 178 

5.25 Result on Dataset 2 178 

5.26 Result on Dataset 3 179 



xi 

 

 

 

LIST OF FIGURES 

 

 

FIGURE TITLE PAGE 

2.1 Amputee with amputated hand 11 

2.2 Sample of commercial prosthesis hands 13 

2.3 An overview of Wavelet Transform 16 

2.4 Flowchart of BPSO for feature selection 32 

2.5 Example of GA operations 34 

2.6 Flowchart of GA for feature selection 35 

2.7 Flowchart of BDE for feature selection 38 

2.8 Flowchart of BGWO1 for feature selection 42 

2.9 Flowchart of BGWO2 for feature selection 44 

2.10 Hyperplane of SVM with separation region 49 

3.1 Block diagram of research methodology 58 

3.2 Flowchart of EMG pattern recognition system 60 

3.3 Electrode placement 63 

3.4 Seventeen hand movement tasks 64 

3.5 Flow process of the STFT window size selection 66 

3.6 DWT wavelet decomposition at fourth decomposition level 68 

3.7 Flow diagram of the DWT mother wavelet selection 69 

3.8 Extracted EMG features from STFT transformation 71 



xii 

 

3.9 Extracted EMG features from DWT coefficients 74 

3.10 Flowchart of the selection of k-value in KNN 78 

3.11 Sample of confusion matrix 79 

4.1 Flow process of wrapper based feature selection 85 

4.2 Initial solution 86 

4.3 Fitness value 87 

4.4 An example of mask operation 90 

4.5 Pseudocode of BTGA 92 

4.6 Flowchart of proposed BTGA for feature selection 93 

4.7 An example of local search in BTGA 94 

4.8 An example of swap operation 95 

4.9 Pseudocode of MBTGA 97 

4.10 Flowchart of proposed MBTGA for feature selection 98 

4.11 An example of dynamic inertia weight 101 

4.12 An example of crossover rate 102 

4.13 Flowchart of proposed BPOSDE for feature selection 104 

4.14 Pseudocode of BPSODE 105 

4.15 The general idea and concept of competition strategy 107 

4.16 An example of change rate 109 

4.17 Flowchart of CBGWO for feature selection 111 

4.18 Pseudocode of CBGWO 112 

4.19 The example of transfer functions 114 

4.20 The general concept of pbest guide strategy 115 

4.21 Flowchart of PBPSO for Feature Selection 118 



xiii 

 

4.22 Pseudocode of PBPSO 119 

5.1 Raw EMG signals of 17 hand movement types of a healthy subject 122 

5.2 EMG signals of 17 hand movement types (H1-H17) of a healthy 

subject 

123 

5.3 EMG signals of 17 hand movement types (H1-H17) of an amputee 

subject 

124 

5.4 STFT with five different window sizes 126 

5.5 Mean classification accuracy of five different window sizes for DB4 

and DB3 

127 

5.6 Wavelet decomposition of DWT with Bior3.3 at fourth 

decomposition level 

129 

5.7 Sample of STFT features extracted from channel 9 from one subject 131 

5.8 Sample of DWT features extracted from channel 9 from one subject 132 

5.9 Mean classification accuracy of STFT feature set according to k-

values 

133 

5.10 Mean classification accuracy of DWT feature set according to the k-

values 

134 

5.11 Convergence curves of 10 different FS methods for STFT feature set 142 

5.12 Convergence curves of 10 different FS methods for DWT feature set 143 

5.13 Mean computational cost of 10 different FS methods for STFT 

feature set 

147 

5.14 Mean computational cost of 10 different FS methods for DWT 

feature set 

147 

5.15 Confusion matrix of CBGWO for STFT feature set on healthy 

subjects 

163 

5.16 Confusion matrix of CBGWO for STFT feature set on amputee 

subjects 

163 

5.17 Confusion matrix of PBPSO for DWT feature set on healthy subjects 168 

5.18 Confusion matrix of PBPSO for DWT feature set on amputee subject 168 



xiv 

 

 

 

LIST OF ABBREVIATIONS 

 

 

2D - Two Dimensional 

ACO - Ant Colony Optimization 

ANN - Artificial Neural Network 

BDE - Binary Differential Evolution 

BGWO - Binary Grey Wolf Optimization 

BPSO - Binary Particle Swarm Optimization 

BPSODE - Binary Particle Swarm Optimization Differential Evolution 

BTGA - Binary Tree Growth Algorithm 

CA - Classification Accuracy 

CBGWO - Competitive Binary Grey Wolf Optimizer 

CM - Concentration Measure 

COV - Coefficient of Variation  

CT - Computation Time 

CWT - Continuous Wavelet Transform 

DB3 - NinaPro Database 3 

DB4 - NinaPro Database 4 

DE - Differential Evolution 

DWT - Discrete Wavelet Transform 

EMD - Empirical Mode Decomposition 



xv 

 

EMG - Electromyography 

EMG-PR - EMG Pattern Recognition 

ER - Error Rate 

FD - Frequency Domain 

FFT - Fast Fourier Transform 

FM - F-measure 

FN - False Negative 

FP - False Positive 

FS - Feature Selection 

FR - Feature Reduction Rate 

GA - Genetic Algorithm 

GM - Geometric Mean 

GSA - Gravitational Search Algorithm  

GWO - Grey Wolf Optimizer 

KNN - K-Nearest Neighbour 

LDA - Linear Discriminate Analysis 

MAV - Mean Absolute Value 

MBTGA - Modified Binary Tree Growth Algorithm 

MCC - Matthew Correlation Coefficient 

MDF - Median Frequency 

MFL - Maximum Fractal Length 

ML - Machine Learning 

MNF - Mean Frequency 

NB - Naïve Bayes 



xvi 

 

NF - Number of Selected Features 

NFL - No Free Lunch  

P - Precision 

PCA - Principle Component Analysis 

PBPSO - Pbest-Guide Binary Particle Swarm Optimization  

PSO - Particle Swarm Optimization 

RE - Renyi Entropy 

RF - Random Forest 

RMS - Root Mean Square 

STD - Standard Deviation 

SE - Spectral Entropy 

SFS - Sequential Forward Selection 

ST - Stockwell Transform 

STFT - Short Time Fourier Transform 

SVM - Support Vector Machine 

TD - Time Domain 

TF - Time-Frequency 

TFA - Time-Frequency Analysis 

TFD - Time-Frequency Domain 

TGA - Tree Growth Algorithm 

VAR - Variance 

WL - Wavelength 

WPT - Wavelet Packet Transform 

WT - Wavelet Transform 



xvii 

 

 

 

LIST OF PUBLICATIONS 

 

 

A.    Journals 

1. Too, J. and Abdullah, A.R., 2020. A New and Fast Rival Genetic Algorithm for Feature 

Selection. The Journal of Supercomputing, pp.1-31. 
2. Too, J. and Abdullah, A.R., 2020. Opposition Based Competitive Grey Wolf Optimizer 

for EMG Feature Selection. Evolutionary Intelligence, pp.1-15. 

3. Too, J. and Abdullah, A.R., 2020. Chaotic Atom Search Optimization for Feature 

Selection. Arabian Journal for Science and Engineering, pp.1-17. 

4. Too, J. and Abdullah, A.R., 2020. Binary Atom Search Optimisation Approaches for 

Feature Selection. Connection Science, pp.1-25. 

5. Too, J., Abdullah, A.R. and Mohd Saad, N., 2019. A New Quadratic Binary Harris 

Hawk Optimization for Feature Selection. Electronics, 8(10), p.1130. 

6. Too, J., Abdullah, A.R., Mohd Saad, N., Mohd Ali, N. and Tengku Zawawi, T.N.S., 

2019. Classification of Myoelectric Signal using Spectrogram Based Window Selection. 

International Journal of Integrated Engineering, 11(4), pp.192-199.  

7. Too, J., Abdullah, A.R. and Mohd Saad, N., 2019. Hybrid Binary Particle Swarm 

Optimization Differential Evolution-Based Feature Selection for EMG Signals 

Classification. Axioms, 8(3), p.79. 

8. Too, J., Abdullah, A.R. and Mohd Saad, N., 2019. Classification of Hand Movements 

based on Discrete Wavelet Transform and Enhanced Feature Extraction. International 

Journal of Advanced Computer Science and Applications, 10(6), pp.83-89.  

9. Too, J., Abdullah, A.R. and Mohd Saad, N., 2019. Binary Competitive Swarm 

Optimizer Approaches for Feature Selection. Computation, 7(2), p.31. 

javascript:void(0)


xviii 

 

10. Too, J., Abdullah, A.R., Mohd Saad, N., Mohd Ali, N. and Tengku Zawawi, T.N.S., 

2019. Featureless EMG Pattern Recognition based on Convolutional Neural Network. 

Indonesian Journal of Electrical Engineering and Computer Science, 14(3), pp.1291-

1297.  

11. Too, J., Abdullah, A.R. and Mohd Saad, N., 2019. A New Co-Evolution Binary Particle 

Swarm Optimization with Multiple Inertia Weight Strategy for Feature Selection. 

Informatics, 6(2), p.21.  

12. Too, J., Abdullah, A.R. and Mohd Saad, N., 2019. A Comparative Analysis of Wavelet 

Families for the Classification of Finger Motions. International Journal of Advanced 

Computer Science and Applications, 10(4), pp.221-226. 

13. Too, J., Abdullah, A.R. and Mohd Saad, N., 2019. Study of EMG Feature Selection for 

Hand Motions Classification. International Journal of Human and Technology 

Interaction, 3(1), pp.19-24. 

14. Too, J., Abdullah, A.R., Mohd Saad, N., Mohd Ali, N. and Tengku Zawawi, T.N.S., 

2019. Application of Gabor Transform in the Classification of Myoelectric 

Signal. Telkomnika, 17(2), pp.873-881. 

15. Too, J., Abdullah, A.R., Mohd Saad, N. and Tee, W., 2019. EMG Feature Selection and 

Classification Using a Pbest-Guide Binary Particle Swarm 

Optimization. Computation, 7(1), p.12. 

16. Too, J., Abdullah, A.R., Mohd Saad, N., Mohd Ali, N. and Tengku Zawawi, T.N.S., 

2019. Exploring the Relation Between EMG Pattern Recognition and Sampling Rate 

Using Spectrogram. Journal of Electrical Engineering & Technology, 14(2), pp.947-

953. 

17. Too, J., Abdullah, A.R., Mohd Saad, N. and Mohd Ali, N., 2018. Feature Selection 

Based on Binary Tree Growth Algorithm for the Classification of Myoelectric 

Signals. Machines, 6(4), p.65. 



xix 

 

18. Too, J., Abdullah, A.R., Mohd Saad, N., Mohd Ali, N. and Musa, H., 2018. A Detail 

Study of Wavelet Families for EMG Pattern Recognition. International Journal of 

Electrical and Computer Engineering, 8(6), pp.4221-4229. 

19. Too, J., Abdullah, A.R., Mohd Saad, N., Mohd Ali, N. and Tee, W., 2018. A New 

Competitive Binary Grey Wolf Optimizer to Solve the Feature Selection Problem in 

EMG Signals Classification. Computers, 7(4), p.58. 

20. Too, J., Abdullah, A.R., Saad, N.M., Ali, N.M. and Zawawi, T.N.S., 2018. Application 

of Spectrogram and Discrete Wavelet Transform for EMG Pattern Recognition. Journal 

of Theoretical & Applied Information Technology, 96(10), pp.3026-3047. 

21. Too, J., Abdullah, A.R., Mohd Saad, N., Mohd Ali, N. and Tengku Zawawi, T.N.S., 

2018. Deep Convolutional Neural Network for Featureless Electromyogram Pattern 

Recognition Using Time-Frequency Distribution. Sensor Letters, 16(2), pp.92-99. 

22. Too, J., Abdullah, A.R., Tengku Zawawi, T.N.S., Mohd Saad, N. and Musa, H., 2017. 

Classification of EMG Signal based on Time Domain and Frequency Domain 

Features. International Journal of Human and Technology Interaction, 1(1), pp.25-30. 

23. Tengku Zawawi, T.N.S., Abdullah, A.R., Sudriman, R., Mohd Saad, N., Too, J. and 

Shair, E.F., 2019. Classification of EMG Signal for Health Screening Task for 

Musculoskeletal Disorder. International Journal of Engineering & Technology, 8(1.7), 

pp.219-226. 

24. Bahar, M.B., Zainal, S.A., Too, J., Miskon, M.F., Apandi, N.I.A., Shaari, N.L.A., Aras, 

M.S.M. and Ali, F., 2018. Analysis of Spinal Electromyography Signal When Lifting 

an Object. International Journal of Engineering & Technology, 3(3.14), pp.414-418. 

 

B.    Conference 

1. Too, J., Abdullah, A.R. and Mohd Saad, N., 2019. Feature Extraction and Selection for 

the Classification of Myoelectric Signal. Symposium on Electrical, Mechatronics and 

Applied Science 2018, pp.71-72. 




