STUDY OF NON-INVASIVE COGNITIVE
TASKS AND FEATURE EXTRACTION
TECHNIQUES FOR BRAIN-COMPUTER
INTERFACE (BCI) APPLICATIONS

MAMUNUR RASHID

MASTER OF SCIENCE

UNIVERSITI MALAYSIA PAHANG



Universiti
Malaysia
PAHANG

Crginanrrg « Trehos ogn + Cwarhiy

SUPERVISOR’S DECLARATION

We hereby declare that We have checked this thesis and, in our opinion, this thesis is

adequate in terms of scope and quality for the award of the degree of Master of Science.

(Supervisor’s Signature)

Full Name - IR. TS. DR. NORIZAM BIN SULAIMAN
Position : SENIOR LECTURER
Date

(Co-supervisor’s Signature)

Full Name : DR. MAHFUZAH BINTI MUSTAFA
Position :SENIOR LECTURER
Date



Universiti
Malaysia
PAHANG

Crginanrrg s Treho ogr + Craehiy

STUDENT’S DECLARATION

| hereby declare that the work in this thesis is based on my original work except for
quotations and citations which have been duly acknowledged. I also declare that it has
not been previously or concurrently submitted for any other degree at Universiti Malaysia

Pahang or any other institutions.

(Student’s Signature)

Full Name : MAMUNUR RASHID
ID Number : MEL17003
Date



STUDY OF NON-INVASIVE COGNITIVE TASKS AND FEATURE
EXTRACTION TECHNIQUES FOR BRAIN-COMPUTER INTERFACE (BCl)
APPLICATIONS.

MAMUNUR RASHID

Thesis submitted in fulfillment of the requirements
for the award of the degree of
Master of Science

Faculty of Electrical & Electronics Engineering Technology

UNIVERSITI MALAYSIA PAHANG

SEPTEMBER 2020



ACKNOWLEDGEMENTS

First of all, | would like to thank Allah (SW) for giving me this opportunity to pursue
Master of Science degree in Universiti Malaysia Pahang. |1 am grateful to Allah (SW) for
providing me blessings to complete this work.

I would like to express most sincere gratitude to my respected supervisor Ir. Ts. Dr.
Norizam Bin Sulaiman for his continuous support, professional guidance and for giving
me an excellent opportunity to learn what research is all about in this challenging and
competitive world.

Special gratitude also should be conveyed to Dr. Mahfuzah Mustafa for her contributions,
guidance, ideas and time towards this research.

| extend my deepest gratitude to all teachers from the Faculty of Electrical and Electronics
Engineering Technology for their suggestions, encouragement, guidance, and support. |
would also like to thank all the official staffs of UMP. | always found them very cordial
in any official work. They respond promptly and took necessary actions throughout the
whole period of my Masters.

I am thankful to my AppECE Labmets, for their willingness to provide me a friendly
environment.

Finally, 1 must express my gratitude to Bifta Sama Bari, my wife, for her continuous
support and encouragement. Also, | would like to convey the deepest thanks to my elder
brother Md. Mahmudul Hasan and my parents.



ABSTRAK

Antara muka otak-komputer (BCI) menyediakan alternatif penting bagi orang kurang
upaya yang membolehkan mereka berkomunikasi antara pemikiran individu dan
menggunakan alat bantu yang berbeza. Teknologi BCI pada dasarnya terdiri daripada
pemerolehan data, pra-pemprosesan, pengekstrakan ciri, klasifikasi dan perintah peranti.
Walaupun pencapaian penting dan hebat telah diperolehi dalam setiap komponen BClI,
bidang BCI masih merupakan bidang penyelidikan yang masih baru dan masih banyak
yang perlu dilakukan untuk menjadikan BCI menjadi teknologi yang bermanfaat. Untuk
menjadikan teknologi ini lebih berkesan, kajian tugas kognitif menggunakan ciri EEG
dan kerangka klasifikasi telah diselidiki. Di sini, terdapat empat eksperimen berbeza yang
telah dilakukan untuk menentukan penyelesaian maksima bagi masalah-masalah di
dalam bidang teknologi ini. Dalam eksperimen pertama, tiga tugas kognitif iaitu
penyelesaian matematik cepat, permainan santai dan bermain telah disiasat. Ciri-ciri
tersebut telah diekstrak menggunakan kepadatan spektrum daya (PSD), entropi log-
tenaga, dan sentroid spektrum dan ciri yang diekstrak telah diklasifikasikan melalui
mesin vektor sokongan (SVM), jiran terdekat-K (K-NN), dan diskriminasi linear analisis
(LDA). Dalam eksperimen ini, ketepatan klasifikasi terbaik untuk set data dari saluran
tunggal peranti EEG dan dari lima saluran peranti EEG masing-masing adalah 86% dan
91.66% telah diperolehi dengan menggunakan pendekatan PSD-SVM. Ekspresi wajah
berdasarkan kenyitan mata iaitu kenyitan mata kiri, kenyitan mata kanan dan tidak ada
kedipan mata telah dikaji melalui teknik cepat transformasi Fourier (FFT) dan ciri julat
sampel dan kemudian ciri-ciri yang diekstrak telah diklasifikasikan menggunakan SVM,
K-NN, dan LDA. Ketepatan terbaik (98.6%) telah dicapai dengan pendekatan berasaskan
julat-SVM. Ekspresi wajah berdasarkan mata berkelip telah diselidiki menggunakan
metodologi yang sama dengan kajian ekspresi wajah berdasarkan kenyitan mata. Selain
itu, pendekatan pengesanan puncak PSD juga telah digunakan untuk menghitung jumlah
kedipan mata. Ketepatan optimum 99% telah dicapai dengan menggunakan pendekatan
pengesanan puncak PSD. Selain itu, pergerakan tangan citra motor dua kelas telah
diklasifikasikan menggunakan SVM, K-NN, dan LDA di mana ciri tersebut telah
diekstrak melalui PSD, centroid spektrum dan transformasi gelombang berterusan
(CWT). Ketepatan optimum 74.7% telah dicapai dengan menggunakan pendekatan PSD-
SVM. Akhirnya, dua prototaip arahan peranti telah direka untuk menterjemahkan output
pengkelasan Klasifikasi. Satu prototaip dapat menerjemahkan empat jenis tugas kognitif
dari segi 5 Watt empat mentol berwarna yang berbeza, manakala, prototaip lain dapat
mengendalikan motor DC yang menggunakan tugas kognitif. Kajian ini telah
menggambarkan penerapan setiap komponen BCI untuk memudahkan penggunaan alat
bantu gelombang otak. Akhirnya, tesis ini berakhir dengan meramal arah masa depan
mengenai isu-isu semasa teknologi BCI dan petunjuk ini dapat meningkatkan
kebergunaan untuk pelaksanaan aplikasi komersial bukan sahaja untuk orang kurang
upaya tetapi juga untuk sebilangan besar pengguna yang sihat.



ABSTRACT

A brain-computer interface (BCI) provides an important alternative for disabled people
that enables the non-muscular communication pathway among individual thoughts and
different assistive appliances. A BCI technology essentially consists of data acquisition,
pre-processing, feature extraction, classification and device command. Indeed, despite
the valuable and promising achievements already obtained in every component of BCI,
the BCI field is still a relatively young research field and there is still much to do in order
to make BCI become a mature technology. To mitigate the impediments concerning BCI,
the study of cognitive task together with the EEG feature and classification framework
have been investigated. There are four distinct experiments have been conducted to
determine the optimum solution to those specific issues. In the first experiment, three
cognitive tasks namely quick math solving, relaxed and playing games have been
investigated. The features have been extracted using power spectral density (PSD), log-
energy entropy, and spectral centroid and the extracted feature has been classified through
the support vector machine (SVM), K-nearest neighbor (K-NN), and linear discriminant
analysis (LDA). In this experiment, the best classification accuracy for single channel
and five channel datasets were 86% and 91.66% respectively that have been obtained by
the PSD-SVM approach. The wink based facial expressions namely left wink, right wink
and no wink have been studied through fast Fourier transform (FFT) and sample range
feature and then the extracted features have been classified using SVM, K-NN, and LDA.
The best accuracy (98.6%) has been achieved by the sample range-SVM based approach.
The eye blinking based facial expression has been investigated following the same
methodology as the study of wink based facial expression. Moreover, the peak detection
approach has also been employed to compute the number of blinks. The optimum
accuracy of 99% has been achieved using the peak detection approach. Additionally, two-
class motor imagery hand movement has been classified using SVM, K-NN, and LDA
where the feature has been extracted through PSD, spectral centroid and continuous
wavelet transform (CWT). The optimum 74.7% accuracy has been achieved by the PSD-
SVM approach. Finally, two device command prototypes have been designed to translate
the classifier output. One prototype can translate four types of cognitive tasks in terms of
5 watts four different colored bulbs, whereas, another prototype may able to control DC
motor utilizing cognitive tasks. This study has delineated the implementation of every
BCI component to facilitate the application of brainwave assisted assistive appliances.
Finally, this thesis comes to the end by drawing the future direction regarding the current
issues of BCI technology and these directions may significantly enhance usability for the
implementation of commercial applications not only for the disabled but also for a
significant number of healthy users.
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