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KASIDIT KOKKHUNTHOD : ELECTROENCEPHALOGRAM SEIZURE
DETECTION USING GMM, KELM AND LS-SVM. THESIS ADVISOR :

ASSOC. PROF. PEERAPONG UTHANSAKUL, Ph.D., 96 PP.

EEG/MACHINE LEARNING/FEATURE EXTRACTION/STATISTICAL

TQWT/GMM/KLEM/LS-SVM

Epilepsy is a chronic neurological disease that is common in Thailand.
This disease is considered a silent threat that can occur in all genders and ages.
The diagnosis of seizures is based on electrocardiograms to identify the type of seizure
human brain waves. It can be applied to the development of current technology in many
areas. Which has been leading the brain waves to be used for analysis to be used in
conjunction with the diagnosis of the patient. EEG signals require standard medical
equipment to store the signal. After that, take it to a doctor who specializes in diagnosis.
The patients with characteristics of normal or abnormal brain electrical signals
it depends on the nature of the EEG that is very experienced and size of the signal
how long the recording time. Therefore, in the diagnosis it is necessary to take time
to consider relatively long in detecting the nature of the signal an abnormality occurred.
At present, computer-based learning techniques to identify different traits. It has been
applied to have the ability to analyze EEG signals. This thesis presents the conduction
of EEG is of international standard and recorded through standard instruments, it is
analyzed by machine learning. To identify the characteristic pattern that is anomaly, it
will be the application of the system in the analysis to be able to distinguish

the characteristics of EEG signals with seizures. The Comparisons were made between



the use of different classification methods in the validation test and used as a guide for

research work related to the classification of EEG.
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Case Gender | Age (year) | Number of event | Duration (hour)
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Normal EEG signal Channel 1 (FP1-F7)
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Statistical of signal
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(TP+TN)
(TP+FN+FP+TN)

Accuracy (%)= %100 4.1

o 1 I 1
ﬂﬁ%’lJ'J‘Llﬂ']ﬁVlﬂﬁ@‘Uulﬁ“l/ﬂﬂTiLL’U\?ﬂ?ﬁﬂﬂﬁﬂﬂ@ﬂﬂlﬂuﬁﬂﬁﬁﬂuﬁ@ I.GluﬂﬁgﬂjuﬂTﬁ
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4.6.1 Naﬂﬁﬂﬂﬁﬂﬂﬁj’lﬂlﬂﬂﬁﬂ GMM

=

@ Y 9 Y 1 Y ax . .
mﬁamu%maga 5 FAUVDYA N IAIRNAUNIITNATDIAIYID 5 folds validation

[ { 9 [ {
weraIaagili 4.17 TaswansnaaouAINNABILAAIAINITINN 4.1-4.6

Fold1 || Fold2 || Fold3 || Fold4 || Folds

Fold 1 Fold 2 | Fold 3 Fold 4 Fold 5

Fold1 | Fold 2 | Fold 3_”

Fold4 | Fold5

Fold1 | Fold2 | Fold3 | Fold4 | Fold5

\17av _
Fold1 || Fold2 || Fold3 || Fold4 | Folds

Fmdl\ Fold 2 Fold 3 || Fold 4 Fold 5

v 9
511417 - mstadeyad i unadeuns NG 24 n3dl



H Y H
M50 4.1 HAANUYNABWDVEIBFUT 1 1INMTTWUNAIY GMM

yavouailinagou yavouaiilitinae AMANNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 87.31
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 73.27
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 70.25
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 82.22
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 77.89
Augndoaman 78.19

H Y H
A15190 4.2 wammgﬂﬁ'amauaawuﬂ 2 "lﬂﬂﬂﬁithll,uﬂg]j’w GMM

yavouailinagou yadoyailifinaou AMANNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 85.79
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 73.27
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 70.89
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 82.22
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 83.16
AnugNAeNGY 79.06

H 9 H
T NN 4.3 wammgﬂﬁ"amameﬂ%uﬁ 3 iﬂﬂﬂﬁi(lﬁl,!‘lf!ﬂ@g]}’:]ﬂ GMM

yadoyailinanen yavoyai¥ilnaou AINNNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 81.22
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 73.27
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 73.42
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 74.07
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 85.26
AnugNADIIRGY 77.45
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H Y H
M50 4.4 HAANUYNADDVEIBFUT 4 1INNMTTWUNAIY GMM

yavouailinagou yavouaiilitinae AMANNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 80.71
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 76.24
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 73.42
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 80.74
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 83.16
Augndoaman 78.85

H v H
A15190 4.5 wammgﬂﬁmuamawum 5 "lnﬂﬂﬁi‘]’%l,uﬂﬁjﬁ]t’l GMM

yavouailinagou yadoyailifinaou AMANNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 78.17
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 77.23
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 74.05
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 74.81
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 83.16
AnugNAeNGY 77.48

H 9 9
AT NN 4.6 Nﬁﬂ’ﬂllgﬂg]j@\ﬂ/]\i 5 ¥U ﬂ1ﬂﬂ1‘iﬂo1uuﬂ€]}?}ﬂ GMM

yadoyailinanen yavoyai¥ilnaou AINNNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 86.29
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 74.26
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 70.25
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 82.22
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 85.26
AnugNADIIRGY 79.66

Y
U kY a

Y v 1 ]
HANMINATOUNI 5 FU AremAlln GMM WuMAugnAeunash 79.66% ieifigun

9
= v A

ANNUYNADIAATUN 1 D 5 A9l 78.19%, 79.06%, 77.45%, 78.85% LAz 77.48% AMEIA
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2 g v y A qud H
Falosnannugnaeuloldns 5 ¥u
462  HaMINATOUAIWNALA KELM
o 9 9 AN Yo ' Y as . .
naaeuRUyAvoya 5 yadoya N 1ATANguUNITNAABIAIEIT 5 folds validation

TagNaMsNAToUAINYNADIAAIAIAITINT 4.7-4.12

H Y H
AT 4.7 HAANUYNADIDVGDITUN 1 1INMTTUNTI8 KELM

yavonafilinagou yavonafilitinae ANINGNABA
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 97.63
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 97.10
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 97.54
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 97.95
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 98.36
AugNdouRaY 97.72

v v H
A1599 4.8 HANNWYNADIDVEDITURN 2 9INNTTUUNAI0 KELM

yadoyaiinaney yavoyail¥ilnaou AINNNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 98.82
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 98.55
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 98.67
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 98.80
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 99.59
AgNADuRaY 98.89

H Y H
M50 4.9 HAANUYNABILNVGEEFUT 3 11NMTTWUNRIY KELM

[ [
Y .

yadoyahlinaaoy yadoyanlitnasy AINNNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 77.33
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 72.96
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 75.57




yavoyafilinagou yavonafilitinae AININGNABA
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 75.38
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 75.46
AnugnReunde 75.34

{ v ¥4 o Y
Gﬂi'l\?ﬁ 4.10 Wﬁﬂ?TﬂJﬂﬂGlﬁ]QL!ﬂﬂﬂ@ﬂ‘lﬂuﬁ 4 1NN1TNULUNANIY KELM

yavouailinagou yavouaiilitinae AMANNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 76.82
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 75.14
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 75.76
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 77.61
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 77.30
ANuYNABNAY 76.52

H Y H
MINN4.11 Nﬁﬂ??hﬂﬂﬁ}ﬂﬁllﬂﬂﬂﬂﬂ%uﬂ 5 iﬂﬂﬂﬁiﬁuuﬂg]”)t’l KELM

yavoyaiilinaaou yavoyafilitinae AININGNABA
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 78.34
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 74.41
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 75.57
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 77.26
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 75.46
AnugNADIIRGY 76.21

H 9 9
A15199 4.12 wammaﬂﬁ'@qm 5 WU ﬂ1ﬂﬂ1i§1lluﬂ@9{’38 KELM

yadoyailinaaeu yavoyail¥ilnaou AINNNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 94.08
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 93.65
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 93.56
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 97.09




Y d‘ Y Vv d‘ U 1 k4
yavoyailinaaey yavoyanlidnaou AMNNNGNADY
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 95.30
ANugNAeUNAY 94.74

HAN1INAABUAIBINATA KELM WU31HA1210QnA0N 94.74% 1io1fieuiy
9 v H 4
ANNYNABIAIUATUN 1 D9 5 AT 97.72%, 98.89%, 75.34%, 76.52% 1A 76.21% AW
[~ Y1 9 9 =~ g Yy 1 &% A ~ 0 2
wu'ldanmnnugndssvesms Iuauanuduresuldun sun 1 vaz 2 dgnihwnldlums

9 9
HAndeuriiavesmsswunais KELM 1imnanugnaesganinnms1na s su

4.6.3 Waﬂﬁ‘ﬂﬂﬁ’f)ﬂﬁ}’)ﬂmﬂﬁﬂ LS-SVM

=

o ) Yo U [ {
%ﬂﬁamum%gam‘lm@ﬂqu I@]ﬂwaﬂWiﬂﬂﬁﬂﬂllﬁﬂQﬂWHiN“ﬁ 4.13-4.18

v Y v
AT 4.13 WAANNYNABIDVGDETUN 1 INNITTILUNAIY LS-SVM

yavonafilinaaou yadeyanlvilnaon ANNNPNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 81.05
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 85.19
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 73.42
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 73.27
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 87.31
AnugNdoamaY 80.05
3197 4.14 margndeaunudesduf 2 11nmssuundas LS-SVM
yavonailinagou yavouaiilitinae ANNNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 78.95
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 84.44
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 74.05
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 76.24
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 87.82
AnugnReundY 80.30




H Y H
M50 4.15 HAANNYNABILDVGRETUT 3 91NNTTWUNAIY LS-SVM

yavouailinagou yavouaiilitinae AMANNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 76.84
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 84.44
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 75.32
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 73.27
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 89.85
Augndoaman 79.94

H 9 H
AN 4.16 WAANNYNABIDVEOITUN 4 1INNITTUUNAIY LS-SVM

yavouailinagou yadoyailifinaou AMANNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 76.84
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 84.44
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 75.32
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 73.27
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 89.34
AnugNAeNGY 79.84

v ) v
A3 4.17 WAANYNABIDVGDETUN 5 1INMTTUNAIY LS-SVM

yavonaiilinaaou yavouafilitinae ANNNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 75.79
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 84.44
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 75.32
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 73.27
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 89.34
AnugnADIRGY 79.63
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H 9 9
A15199 4.18 wammgﬂﬁ’mm 5 ¥U %1ﬂﬂ15§1!mﬂﬁjﬂ]ﬂ LS-SVM

yavouailinagou yavouaiilitinae AMANNGNADY
Fold 1 Fold 2, Fold 3, Fold 4, Fold 5 78.95
Fold 2 Fold 1, Fold 3, Fold 4, Fold 5 84.44
Fold 3 Fold 1, Fold 2, Fold 4, Fold 5 74.68
Fold 4 Fold 1, Fold 2, Fold 3, Fold 5 76.24
Fold 5 Fold 1, Fold 2, Fold 3, Fold 4 88.83
Augndoaman 80.63

) Y a

2’.: 1A Y { 4
NANITNATIUNG 5 YU AIYNAUA LS-SVM W"U’Nllﬂ’ﬂﬂJgﬂﬁﬁNmaﬂﬁﬂ 80.63% Lﬁ’t’)

v [
=~

MeUADAIANUYNADIAATUN 1 9 5 49Tl 80.05%, 80.30%, 79.94%, 79.84% 1A% 79.32%
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Abstract. Recent study has reported that the possibility of brainwave classification
without any stimulus for character-writing application, which is flexible in the real-
world application. However, the performance of the system is dependent on the pair of
EEG channels at the frontal lobe, making the character detection ineffective/ambiguous
due to the joint decision. In this paper, a new system is proposed to improve the
performance of brainwave classification using single EEG channel to replace the pair
of EEG channels. In the proposed system, artificial neural network (ANN) with discrete
wavelet transform is used as brainwave classification to detect two different characters;
straight line and circle. Experiments were evaluated using the volunteer-independent
5-fold cross-validation and a standard measure referred to as accuracy. From the
experimental results, we can observe that using effective single EEG channel provided
improved performance compared to using the pair of EEG channels because the chosen
suitable EEG channel. The brainwave classification accuracy was improved from
68.20% with joint F4 and F3 channel to 74.10% with F3 channel. This indicates that
brainwave classification using only F3 channel is useful for character-writing
application.

Keywords: Brainwave Classification, Electroencephalogram, EEG channel, DWT,
ANN.

1. Introduction

Brain-computer interface (BCI) is a system that enables people to communicate with a system or device
signal. Tt has received increasing attention in many fields such as medical application, entertainment,
and human communication [1] because a variety of brain waves derived from the BCT process can be
converted into the designed commands. In this paper, we would like to study the BCI system for the
communication between human brain and outside world so that the normal/defective people whose
brains still work well can express their thought.

A typical BCT system for the communication [1] is controlled using different responses of
electroencephalogram (EEG) signals. Broadly, different responses be grouped into three categories: the
first one is based on event-related potentials (ERP) where an electrophysiological response is the direct
cffect of a motor event. For instance, the authors of [2] used visual P300 wave which is an ERP
component to observe the brain response for spelling the characters. When the stimulations with the
intensified symbol are focused by the user, the ERP response in the EEG signal will be generated. By
detecting the ERP response, the system can provide the focused symbol from the which the user tries to
spell the symbol. Next, the second category is based on steady-state visual evoked potential (SSVEP)
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which is the response with a repetitive visual stimulus at a steady rate (i.e., flickering stimulus). For
cxample, in [3], the SSVEP response was proposed for spelling application. In the proposed system, the
brain responses the overlap of the visual stimulus, giving to a steady state signal. For this reason, when
considering the stcady state signal, it is possible to detect the symbol which the user is looking at the
stimulus. Finally, the third one is based on motor imagery (MI) which occurs during the actual or
imagined limb movement, leading to change a neural population in the motor cortex. For instance, in
[4], the changed neural population in the motor cortex with event-related synchronization and event
related desynchronization was studied to detect the actual or imagined limb movement. From all the
mentioned types of different EEG responses, although the systems can refer to the attempt to spell the
characters, they still require some stimulations and limb movements for generating brain responses.
Therefore, it may not be practical because the user has to grap the stimulus for whole time.

Unlike the above-mentioned literature, the BCI for character-writing application without the help of
limb movement and any stimulus [5] was proposed. This system exploited artificial neural network
(ANN) classifier with discrete wavelet transform (DWT) information to detect two different animated
imaginations, straight line and circle, where the detected animation is also converted into the designed
characters. The results exhibited that the proposed system showed the feasibility which does not require
the help of limb movement and any stimulus, and also provided a promising performance. However, the
performance of the system depends on the pair of EEG channels at the frontal lobe, making the character
detection ineffective/ambiguous due to the joint decision.

To overcome the problem, motivated by [6] that brainwave classification using single efficient
channel could provide a promising result for the detection of focal seizure, we propose a new simple
method to improve the performance of brainwave classification using single EEG channel to replace the
pair of EEG channels. We hypothesize the proposed method using single effective EEG channel can
provide the improved performance for brainwave classification for character-writing application.

2. Material and Method

In this scction, the data collection of brainwave classification for character-writing application is
described. Moreover, DWT and ANN are also introduced as feature extraction and classifier,
respectively. The details of sctup/method arc as follow.

2.1. Data collection

In this paper, the Emotiv EPOC neuroheadset based on Bluetooth technology is used as shown in
Figure 1 (a) so that we obtain the EEG raw data between the brain and device/computer. For the EEG
recording, the Emotiv device typically has 14 electrodes which referred to as AF3, AF4, F7, F3, F4, F8,
FC5, FC6, T7, T8, P7, P3, P4, P8, O1 and O3. The letters of F, T, C, P, and O define the abbreviation
of frontal, temporal, central, parietal, and occipital lobes, respectively. Here, the sampling rate is set to
128 samples per second and the bandwidth is in between 0.2 and 45 Hz. The data of F3 and F4 channels
as shown in Figure 1 (b) are used due to the suitable electrodes for character-writing application as
advised in [1].

Regarding the evaluation data used for our experiment, two characters consisting of straight
line and circle characters are designed for the animation as shown in Figure 2. In this paper, five healthy
volunteers where each one has to imagine 100 straight line and circle characters with 100 times were
investigated for data collection as suggested in [S]. The EEG data is recorded as follow: 1) the volunteer
wears Emotiv EPOC neuroheadset on the head and focuses on the meditation for around 60 s as shown
in Figure 3 (a-b). 2) The volunteer is investigated by imagining straight linc/circle character as seen in
Figure 3 (c). 3) After the volunteer finishes to imagine animation for about 30 times, the volunteer has
to rest for 120 s in order to reduce the fatigue of the brain as shown in Figure 3 (d).
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(a)

Figure 1. The illustration of (a) Emotiv EPOC ncuroheadset and (b) the locations of electrodes.

N

| D

(a) (b)

Figure 2. The animation of a straight line and a circle characters.
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Figure 3. The procedure in the EEG data recording from (a) to (d).

2.2. DWT

DWT is popular for brainwave classification because it has the merits of scale-space analysis, multi-rate
filtering, time-frequency localization. Normally, DWT can be used to expose more characteristics from
the signal in both time and frequency domain precisely. This makes it become a powerful tool for
brainwave classification. Here, we utilize DWT to analyze the EEG signals into various frequency bands
using the high-pass and low-pass filters as shown in Figure 4. For first level, the outputs of low-pass
filter is referred to as approximation (A1) coefficient, while the output of high-pass filters is referred to
as detail (D1) coefficient. Next, the output signals at second level can be down-sampled by two due to
Nyquist rule. For second level, we can also refer to the outputs of low and high-pass filter as A2 and D2,
respectively. The same procedure with second approximation and detail coefficient can be duplicated
for obtaining next approximation and detail coefficients.

In this paper, we followed the standard DWT feature as suggested in [5]. Therefore, the DWT
decomposition at 4" level for all the EEG data and daubechies 4 (db4) was used for our experiment.
Table 1 shows the different levels of wavelet decomposition referred to as gamma, beta, alpha, theta,
and delta, respectively. Figure 5 shows the approximated and detailed coefficients at F3 channel from
one of the volunteers imagining straight line and circle characters. Here, the approximated and detailed
coefficients are not directly used as the input of classifier because of the problem of variable-sized




77

windows. Therefore, they can be represented using six following statistical features: mean, average
power, standard deviation, ratio of the absolute mean values of adjacent subbands, skewness, and
kurtosis. Further details of statistical features can be seen in [7].

| EEG sequence

C DWT)

Figure 4. The level of DWT to analyze the EEG signals into various frequency bands.

Table 1. Frequencies corresponding to different levels of decomposition

with a 128 Hz sampling rate.

Decomposition level Frequency band Frequency range (Hz)
D1 Gamma 32-64
D2 Beta 16-32
D3 Alpha 8-16
D4 Theta 4-8
A4 Delta 0-4

3 P
3 3
8 8
8 LR

5 s 5 RN b W ot

Figure 5. The approximated and detailed coefficients at F3 channel.

2.3, ANN-based classifier

Because ANN can efficiently learn a non-linear function for classification and also provide a promising
performance for brainwave classifier as reported in [5], we also implement ANN as classifier to calculate
the posterior probability of each straight line and circle class, based on the given input feature explained
in Section 2.2. Here, we follow the ANN algorithm as set in [5]. The ANN algorithm based on a feed-
forward backpropagation network. The network has single hidden layer and tangent sigmoid transfer
function was used to train the network. The learning rate and iterations were set to 0.001 and 1000. The




78

output layer consists of two neurons with SoftMax activation function for computing the probability of
straight line and circle classes. The output score for a given feature is computed using following equation
(€]

A(S)=P(¢|S)-P(4.]5) M

where P(¢,|S) and P(g, | S) are the estimations of the posterior probability of straight line

and circle classes, respectively. S is a sequence of feature vectors.

Figure 6. shows the conventional and proposed ANN based brainwave classifications for
character-writing application. As observed in conventional ANN-based detection, the decisions between
F3 and F4 channels are jointly used to detect straight line/circle characters. This is may make the
detection ineffective/ambiguous if the systems based on F3 and F4 channel have different decision.

To overcome the problem, motivated by [5] that brainwave classification using single efticient
channel could provide a promising result for the detection of focal seizure, two new simple methods are
applied to improve the performance of brainwave classification using single EEG channel to replace the
pair of EEG channels.

Statistical
Features

Extract from

DWT

Statistical
Features
Extract from
DWT

Suppose that the decision of circle character is referred o as -1 -

'| and the decision of straight line character is referred to as 1 |
ANN J )\ I ANN

Circle, if F3 — -1 and F4 — -1 ™~
Straight Line, if F3 = and F4 = | )
Circle . if F3 # F4 -
=

5

Proposed 2
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Figure 6. Flowchart of the decisions between F3 and F4 channels.
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3. Results and discussion
In order to investigate the performance of the proposed method, the accuracy is used for evaluating
a criterion measurement as given as in equation (2) [5, 8].
(TP+TN)
(TP+FN+FP+1TN)
where TP and TN are true positive and true negative where the model correctly classifies the positive
class and the negative class, respectively. In similar way, FP and FN are false positive and false negative

Accuracy (%) = x 100 2)
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where the model incorrectly classifies the positive class and the negative class, respectively. Here, the
volunteer-independent 5-fold cross-validation was used for the experiment. In cach fold, the data of
four different volunteers including 400 straight line and circle character signals was used to train the
model, the data of onc remaining volunteer having 100 straight linc and circle character signals was
used for testing.

3.1. Results of DWT using different subbands

Since the performance of DWT information depends on subbands including Gamma, Beta, Alpha, Theta
and Delta, we first determine the suitable subband for the brainwave classification based on F3 channel.
Figure 7 shows the results of DWT based on different subbands.

100

= 80 7167.80

S;‘ 60 BVol 1

g OVol 2

5 40 BVol 3

2 @Vol 4
20 avol 5
i =

Gamma Beta Alpha Theta Delta

Figure 7. Classification accuracy from different frequency bands (F3 Channel).

From Figure 7, it can be scen that Alpha provided the best result compared with other
subbands. This is because the formants of Alpha can give a better difference, whereas the formants of
other subbands are ambiguous due to similar changes in straight line and circle characters as observed
in Figure 5 (forth raw).

3.2. Results of conventional channel and proposed methods.

This subscction presents the performance of proposed methods compared with conventional method.
For conventional method, we followed the brainwave classification for character-writing application as
sct as in [5]. We use DWT with Alpha frequency bands as the input features for conventional and
proposed methods because of the suitable subband as summarized in previous subsection. The results
of the proposed methods compared with conventional method are shown in Table 2.

Table 2. Results of single and joint channels.

Accuracy (%)
Vol 1 Vol 2 Vol 3 Vol 4 Vol 5 Average

EEG Channels

F3=F4 (Our implement

; 70.50 69.50 62 66 73 68.20
set as in [5])
F3 (Proposed 1) 77.50 63 76 66.50 87.50 74.10
F4 (Proposed 2) 60.50 52 45 53 57 53.50

From Table 2, it can be seen that brainwave classification using only F3 channel performed
better than brainwave classification using only F4 channel because EEG signals derived from F3 channel
provide distinct difference between straight line and circle characters, making the classification
performance efficient. By comparing convention method, brainwave classification using only F4
channel performed worse than brainwave classification based on the pair of F3 and F4 because of the
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conventional system has the condition of different decision as seen in Figure 6 (if the decision using F3
is not equal to the decision using F4, the final decision will be the decision of circle character). On the
other hand, brainwave classification using only F3 channel could provide better performance than
conventional method because the decision performance is not decreased by the decision derived from
F4 channel. This indicates that brainwave classification using single effective EEG channel useful for
character-writing application.

4. Conclusion
In this paper, a new system is proposed to improve the performance of brainwave classification using
single EEG channel to replace the pair of EEG channels. In the proposed system, DWT and ANN were
used as feature extraction and brainwave classification to detect two different characters; straight line
and circle. Experiments were evaluated using the volunteer-independent 5-fold cross-validation and a
standard measure referred to as accuracy. From the experimental results, it can be seen that brainwave
classification using only F3 channel performed better than brainwave classification using only F4
channel because EEG signals derived from F3 channel provide distinct difference between straight line
and circle characters, making the classification performance efficient. We can also observe that using
effective single EEG channel provided improved performance compared to using the pair of EEG
channels because the chosen suitable EEG channel. The brainwave classification accuracy was
improved from 68.20% with joint F4 and F3 channel to 74.10% with F3 channel. This indicates that
brainwave classification using only F3 channel is useful for character-writing application.

In future work, we have a plan to investigate phase information as feature extraction [9, 10] and
magnitude and phase aware deep neural network [11] as classifier.
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Abstract: A brainwave classification, which does not involve any limb move-
ment and stimulus for character-writing applications, benefits impaired peo-
ple, in terms of practical communication, because it allows users to command
a device/computer directly via electroencephalogram signals. In this paper, we
propose a new framework based on Empirical Mode Decomposition (EMD)
features along with the Gaussian Mixture Model (GMM) and Kernel Extreme
Learning Machine (KELM)-based classifiers. For this purpose, firstly, we
introduce EMD to decompose EEG signals into Intrinsic Mode Functions
(IMFs), which actually are used as the input features of the brainwave classifi-
cation for the character-writing application. We hypothesize that EMD along
with the appropriate IMF is quite powerful for the brainwave classification,
in terms of character applications, because of the wavelet-like decomposition
without any down sampling process. Secondly. by getting motivated with
shallow learning classifiers. we can provide promising performance for the
classification of binary classes, GMM and KELM, which are applied for
the learning of features along with the brainwave classification. Lastly, we
propose a new method by combining GMM and KELM to fuse the merits of
different classifiers. Morcover, the proposed methods are validated by using
the volunteer-independent 5-fold cross-validation and accuracy as a standard
measurement. The experimental results showed that EMD with the proper
IMF achieved better results than the conventional discrete wavelet transform
(DWT) feature. Moreover, we found that the EMD feature along with the
GMM/KELM-based classifier provides the average accuracy of 77.40% and
80.10%, respectively, which could perform better than the conventional meth-
ods where we use DWT along with the artificial neural network classifier
in order to get the average accuracy of 80.60%. Furthermore, we obtained
the improved performance by combining GMM and KELM, i.e., average
accuracy of 80.60%. These outcomes exhibit the usefulness of the EMD

0 This work is licensed under a Creative Commons Attribution 4.0 International License,
@,‘ which permits unrestricted use, distribution, and reproduction in any medium, provided
i BY the original work is properly cited.
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feature combining with GMM and KELM based classifiers for the brainwave
classification in terms of the Character-Writing application, which do not
require any limb movement and stimulus.

Keywords: Brainwave classification; character-writing application; EMD;
GMM; KELM; score combination

1 Introduction

Human communication is an essential activity of passing and interpreting information from
one person to another, i.e., exchanges of opinions, emotions, ideas, or facts. Unfortunately, tradi-
tional communication is a challenging process for impaired people who does not possess speaking
power along with the muscle movements. This motivates researchers to explore the alternative
systems [1.2] to help defective people in terms of communication.

So far, brain-computer interface (BCI) [3.4], which enables people to communicate with a
computer, has been developed to help defective people to express their thoughts. The standard
concept of BCI is to convert measured brain signals into actions such as texts and emo-
tions [5]. Moreover, scholars have explored BCI-based researches based on three types of brain
responses: Event-related potentials (ERP), steady-state visual evoked potential (SSVEP) and motor
imagery (MI).

An ERP brain response is an electrophysiological response based on the direct effect of motor
events. Normally, auditory [6], visual [7] and tactile stimulation [8] are introduced to evoke ERP
signals. When the evoked ERP response was measuresd/analyzed, BCI system could convert the
user’s intention into several actions depending on the application. For example, in [9], the authors
proposed to use P300 wave being an ERP component for communication, known as P300 speller.
With this speller, defective users with motor disabilities could choose alphabets based on the
changed P300 wave via visual perception with the stimulus on a computer screen.

Furthermore, an SSVEP brain response is another type of visually evoked brain response,
which presents natural responses in terms of human visual perception at specific frequencies (i.e.,
flickering stimulus [10]). When a person focuses the visual stimulus on a monitor screen at a steady
flickering frequency, the electrical signals with the same frequency as the stimulus signal can be
generated by the human brain. For this reason, it is believed to detect what a user is focusing on
the visual stimulus such as liquid crystal display (LCD) and cathode ray tube (CRT) monitors [I1].
For example, in [12], the authors presented a spelling application based on the BCI technique
by using the SSVEP response. With this speller system, the 45-target characters were introduced
with flickers at different frequencies and a sinusoidal stimulation approach was applied to display
visual stimuli via an LCD screen. The user could select the desired character by focusing on the
designed position of each character.

The final format of brain response is MI response, which is based on the mental imagination
of motor behavior/movement. A conventional concept in BCI using the MI response is to convert
the user’s intention based on the mental imagination. For example, in [13], a MI based BCI
system was introduced for communication, known as a MI-speller. With this system, the users
could perform the desired mental imagination in terms of controlling the arrow point to the
specific hexagon of the desired character. In all the above mentioned BCI, a constant stimulation
and limb movements are needed for generating brain responses, which may lead to non-practical
applications especially for defective persons. Thus, the BCI system still requires a design where it
does not require any stimulation and limb movements,
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brainwave classification system could provide better accuracy compared to the conventional
DWT information.

2) We find that the GMM and KELM methods are better classifiers compared to
the conventional ANN-based classifier for distinguishing between a circle and straight
line characters.

3) The score combination of GMM and KLEM is proposed in this study. It can fuse the
complementary information based on different classifiers to further improve the reliability
of the detection decision.

The rest of this article is organized as follows: Section 2 introduces the proposed method-
ology, including data collection, feature extracted by EMD, GMM-based classifier, KELM-based
classifier and the score combination of GMM and KELM. Section 3 describes the experimental
setup and evaluation rule for our experiment. The performances of brainwave classification are
investigated and discussed in Section 4. Finally, Section 5 summarizes the paper and describes the
future work.

2 Proposed Methodology

In this section, we provide an overview of the data collection used for the experiment. In
addition, the feature extraction and classifiers are described for the brainwave classification in
terms of character-writing applications.

2.1 Data Collection

For the data collection, Emotiv EPOC Neuroheadset [18], as shown in Fig. 2, is used for
imaging of neural activity of the lobes frontalis. The Raw EEG data were recorded from sixteen
electrode positions, including AF3, AF4, F7, F3, F4, F8, FC5, FC6, T7, T8, P7, P3, P4, P8, Ol
and O3 as scen in Fig. 3. The signals are sent through the Bluetooth technology and are sampled
with a 128 Hz sampling rate.

Figure 2: Emotiv EPOC neuroheadset used as EEG signal acquisition hardware
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Figure 3: Electrode positions of Emotiv EPOC neuroheadset

In terms of the recording data, five healthy volunteers participated in the study. Two charac-
ters, including a circle and straight line characters are used for the animation as shown in Fig. 4.
We followed the process as advised in [14]. Fig. 5 shows the procedure of the data collection. The
setup is as follows: 1) A volunteer first wears Emotiv EPOC neuroheadset on his/her head and
keeps on the meditation for around 60 sec as illustrated in IMig. 5a. 2) The volunteer is then tested
for imagining the circle/straight line characters as illustrated in Fig. 5b. 3) the volunteer will rest
for 120 s after imagining the characters for about 30 times.

2.2 Feature Extraction

EMD has been proved to be effective for non-stationary time-series analysis [19], which is one
of feature extraction methods that has attracted a lot of attention. in terms of the classification of
brainwaves, because of its promising adaptability [20-22]. EMD can be implemented to decompose
the EEG signal into different IMFs that provide underlying intra-wave modulated components
in the signal. IMFs must satisfy two conditions: 1) the difference between the total number of
extreme and total number of zero-crossing is zero or one 2) the mean value of the envelope
defined by the local maxima and local minima is (very close) zero.
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O—

(a) (b)

Figure 4: Two characters used for the animation: (a) Circle and (b) Straight line

________—§
o
- - - —

Figure 5: The procedure of the data collection consisting of three parts: (a) Preparation, (b) Imag-
ination, (c) relaxation

The steps of EMD algorithm are calculated as follows:

Step 1: Detect the maximum and minimum values of the signal s ().

Step 2: Apply the cubic spline interpolation to obtain the envelopes ¢max (1) and epin (7).
Step 3: Compute the local mean as

m(n) = emax (1) ;_ €min (1) 0

Step 4: Subtract m (n) from s(n) to get the modal function ¢ (1) as
c(m)=s(n)y—m(n) 2)
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Step 5: Acquire the residue as
r(n)y=mn) —cn) 3)

Step 6: Decide whether r(n) an IMF or not based on the two basic conditions for IMFs
mentioned above.

Step 7: Repeat step | to 6 until r(n) cannot be decomposed into the IMF. Finally, the original
signal is decomposed into N IMFs and the residual component as follow:

N
s (n) = Z () +rn). “)

i=1

In this paper, the IMFs are not directly used as an input of classifier because of the
problem of variable-sized windows. If M is the length of a sub-band, X {xj,xs,...,xa} and
Y {(y1.)2,....yum} are two adjacent sub-bands (IMFs). The information can be defined by using six
statistical features [14,22] including mean, average power, standard deviation, ratio of the absolute
mean values of adjacent sub bands, skewness and kurtosis. Tab. | shows the details of each
statistical feature.

Table 1: Six statistical features

Statistical feature names Formula
| M
Mean () "= i ; |x;l
_ _ 1 M .
Average power (1) = o fo
j=1

Standard deviation (o) o=
Ratio of the absolute mean values of adjacent sub bands (Ra) Ra=
Skewness (Sk) Sk =

Kurtosis (Ku) Ku=




88

3036 CMC, 2021, vol.66, no.3

2.3 Brainwave Classifiers

Although deep learning classifiers, such as deep neural network (DNN) [23], convolutional
neural network (CNN) [24] and Long short-term memory (LSTM) [25], have been proved to be
effective for the brainwave classification, it is well known that deep classifiers strongly depend
on the training data. Moreover, we observe from [26] that deep neural network using multi
layers cannot give convincing results for the binary classification. This motivates us to believe
that shallow learning classifiers arc more efficient than deep learning classifiers for the binary
classification. In this paper, the GMM and KELM approaches are adopted for the brainwave
classification. In addition to using the GMM/KELM approach alone, the combined scores of
GMM and KELM are proposed to fuse the merits based on different classifiers. The details are
described as follows.

2.3.1 GMM-Based Classifier

GMM has received a great amount of attention, in terms of the brainwave classification,
because of the Gaussian mixture-based ability to model complicated densities. It also provides
promising results for the binary classification as suggested in [27]. In this paper, the GMM is
implemented to discriminate the circle from the line imagination. It can represent each class
as follow:

»
P(()\A):ng<0

k=1

i Z) s )
X

A= [“'/\w s Zl 5 (6)

k) g=1

where O defends the feature vectors augmented by six statistical features, wy is the & mixture
weight, g(()|uk.zk) is a D-variate Gaussian density function with m and diagonal covariance
matrix, Y and g is the number of Gaussians.

For the testing phase, the decision of circle/line imagination class is computed by the
logarithmic likelihood ratio as:

AGarar (1) = 10g (T |Acirete) —10g (P (Y [ Xiine)) s (7

where Y is the testing feature vectors, Agpe and igye define the GMMs for circle and line
imagination classes, respectively.

2.3.2 KELM-Based Classifier

KELM has been proved to be an efficient algorithm for many classification tasks and can also
provide an expectable performance for the brainwave classification. This is because of the good
generalization, based on the original extreme learning machine (ELM) [28] and the advantage of
the kernel function [29], in terms of making effective classification tasks to map nonlinear features.
KELM is based on ELM where the mapping kernel function is introduced to replace the hidden
layer of ELM. It achieves higher efficiency compared to other methods.

In KELM, we can directly use kernel functions for the feature mapping. Kernel matrix can
be represented by using the following equation:

Qgpry =HHT (®)




89

CMC, 2021, vol.66, no.3 3037

where H is the hidden layer output matrix. Qgpyas is a kernel function: Qg =h(x,)-h(x) =
K (xp, X5).
Because the Moore—Penrose generalized inverse is used to compute the output weights, the
output function of the KELM-based classifier can be expressed as below:
K (x,x1)

K (x.x3) —1
fx=1 (‘—,"‘“QKEL:\/I) T %)

K (x, xx)

where 7" denotes the target (label) matrix, similar to SVM. [/ is the identity matrix. C denotes the
regularization coefficient.

For the testing phase, the decision of circle/line imagination classes is based on the difference
of two classes as below:

AgeLy (1) = P (teireie |f (1)) — P (tine If (1)) (10)
where P (70 |f (Y)) and P (t,e |f (T)) are the posterior probability of circle and line imagina-

tion. In this paper. we employ the radial basis function as an effective kernel function. Further
details of KELM can be found in [29].

2.3.3 Score Combination of GMM and KELM

Score combination gives a mechanism to fuse the merits of different classifiers in order to
increase the decision performance. It has been adopted in many applications [16,30,31]. In this
paper, the score combination is also used in our experiment. Fig. 6 shows the block diagram of
score combination of GMM and KELM. To achieve the combined score, the scores of GMM
and KLEM are linearly coupled by the following equation:

Acomp (1) =aAGys (1) + (1 — o) Aggrar (1) (1)

where Agyar (T) and Agpry (Y) are the scores of GMM and KELM model, respectively.
Moreover, « is a weighing cocfficient.

T Staustics
§hC sy
Features

Final Result

Score
combination

EEG signal

Figure 6: Block diagram of score combination of GMM and KELM

3 Experimental Setup and Evaluation Rule

In terms of recording the data, since previous work showed that the signals from two
electrodes which are positioned at F3 and F4 are the suitable electrodes for the character-
writing application as summarized in [14], the data from two these electrodes positions are used
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in our experiment. Here, the evaluation data which used in the experiment follows previous
studies [14,15]. Therefore, each volunteer is required to image circle characters by 100 times and
straight line characters by 100 times so that we obtain 500 circle signals and 500 straight line
signals to investigate the proposed methods.

In terms of the feature extracted with the help of EMD method, we used the cubic spline
interpolation to interpolate maxima and minima in order to obtain the upper and lower envelope.
The first 5 IMFs based on EMD was extracted by using the six statistical methods as explained
in Section 2.2. Fig. 7 shows the first 5 IMFs before the statistical methods.
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Figure 7: Signals of the first five IMFs/sub bands obtained through EMD method where
(a) first columns are derived from circle characters and (b) second columns are derived from
line characters

In the GMM-based classifier, the two GMMs for a circle and line imagination classes have
256-components. Motivated by [27], the expectation maximization algorithm along with the like-
lihood estimation is adopted to train these GMMs. For the KELM-based classifier, we found
that high values of regularization coefficient and kernel parameter perform a similar performance
compared with low values of regularization coefficient and kernel parameter because high values
of regularization coefficient and kernel parameter are suitable for the high-dimensional feature
space. As a result, minimum low values of regularization coefficient and kernel parameter with
the best performance are selected. Here, the regularization coefficient and kernel parameter of the
KELM were set to 100. For the score combination, the uniformly-weighted average as summarized
in [32] is applied in this study, so the weighing coefficient is set to 0.5.

All the proposed classifier models were evaluated by using the volunteer-independent 5-fold
cross-validation. In each fold, the data sets from four different volunteers were used to train
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the model and the data sets from the remaining volunteers were used to evaluate the classifier
model performance. From the volunteer-independent S-fold cross-validation, 400 circle signals and
400 straight line signals were used to train the classifier model, while 100 circle signals and 100
straight line signals where the volunteer is different from the volunteers of training datasets were
used to investigate the trained model. To investigate the performance of each fold, the accuracy
performance is calculated as:
TC+TS
— X
TN
where 7C and T'S are the true circle and true straight line where the model correctly classifies the
circle and straight line classes, respectively. TN is the total number of testing trials.

Accuracy (Yo) = 100 (12)

4 Results and Discussion
4.1 Results of EMD Using Different IMF Information

Since EMD methods using different IMF information vary the accuracy of the brainwave
classification system, we need to find out the suitable IMF representation. [ig. 8 shows the results
of different IMF information based on the GMM-based classifier.
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Figure 8: Performance of different IMF information

As shown in Fig. 8, based on the GMM-based classifier, we can see that IMF 1 provided
the best average accuracy. This is because the IMF, obtained by the first time, has a wideband
frequency, which can give the difference between the line and circle character as seen in Fig, 7
(second row). Therefore, EMD with IMF | was used for all the next experiments.

Although our previous work reported that the pair of F3 and F4 provide the best result,
some study [I5] showed that by using only one position could provide promising performance
for the brainwave classification. The F3 and F4 positions were investigated to find out the

suitable EEG position. Fig. 9 shows the comparison of F3 and F4 positions based on the
EMD-GMM-based classifier.
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Figure 9: Performance of different EEG channels in terms of accuracy (%)

From Fig. 9, we can note that the F3 position significantly provided better average accuracy
than the F4 position because the F3 position provided different information between the circle
and line imagination signals. This leads to the obvious statistical features along with the effi-
cient classifier. Similar trend can be found in [15]. Here, the best result with average accuracy
has a high reliability for practical application. Therefore, the F3 position was used for all the
next experiments.

4.2 Results of the Proposed Methods

In this subsection, the GMM, KELM-based classifier along with the fusion of GMM and
KELM were compared for the brainwave classification. Fig. 10 shows the results of the KELM-
based classifier along with the fusion of GMM and KELM.
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Figure 10: Performance of GMM-based classifier, KELM-based classifier, the score combination
of GMM and KELM in terms of accuracy (%)

As it can be seen in Fig. 10, the KELM-based classifier performed better than the GMM-
based classifier because KELM has high ability to distinguish the circle and straight line characters
accurately. Next, the score fusion of GMM and KELM provided an improved performance as
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compared to the individual GMM and KELM-based classifiers in term of average accuracy.
However, in case of the second and fourth volunteers, the score fusion can give worse performance
than single classifier because the scores of two classifiers are too different to combine the decision
merits. Similar trend can also be found in [33,34]. Here, the score [usion of GMM and KELM did
not perform according to our expectation since the fused score of GMM and KELM provided
the slightly improved performance as compared to the single KELM-based classifier. This is due
to using the same input feature as summarized in [35].

4.3 Comparison with Some Previous Systems

In this subsection, our previous systems where the results of DWT feature with the ANN-
based classifier was used as baseline systems [14,15] to compare the proposed system. In addi-
tion, the ANN using six statistical features extracted by EMD (IMF 1) was also used in the
comparison. Tab. 2 reports the comparison of proposed systems with the referred systems.

As it can be seen in Tab. 2, we can observe that the ANN using the IMF 1 information
outperformed the ANN using the DTW information (Gamma) because IMF 1 can provide more
distinct representation than the DTW information. This indicates that IMF 1 is powerful for
the brainwave classification in terms of the character-writing application. Next, we can find that
the GMM-based classifier performs better than the ANN-based classifier. This is because the
MSE function in the ANN-based classifier is non-convex function, making classifier ineffective
for the brainwave classification in terms of the character-writing application. In addition, the
KELM-based classifier can give the best performance in terms of individual classifiers due to
the advantage of kernel mapping. Finally, the score fusion of GMM and KELM provides the
best accuracy at 80.60% compared to the above mentioned systems because GMM and KELM
have complementary features based on different classifiers. These outcomes show the usefulness
of EMD feature with GMM and KELM-based classifiers for the brainwave classification based
on the character-writing application, which do not require any limb movement and stimulus.

Table 2: Comparison with some previous systems in terms of accuracy (%)
Feature extraction Classifier Accuracy
method at channel

Volunteer 1  Volunteer 2 Volunteer 3 Volunteer 4 Volunteer 5 Average

DWT at F3 = F4 (our ANN 70.50 69.50 62.00 66.00 73.00 68.20
implement set as

in [14])

DWT at F3 (result ANN 77.50 63.00 76.00 66.50 87.50 74.10
in [15])

DWT at 4 (result ANN 60.50 52.00 45.00 53.00 57.00 53.50
in [15])

EMD at F3 ANN 82.00 67.00 68.50 82.00 78.50 75.60
EMD at F3 (proposed) GMM 78.50 65.00 72.00 89.00 82.50 77.40
EMD at F3 (proposed) KELM 84.00 71.50 80.00 80.50 84.50 80.10

EMD at F3 (Proposed) GMM +KELM  84.50 71.00 81.00 81.00 85.50 80.60
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5 Conclusions

In this paper, we proposed the brainwave classification by using EMD along with GMM
and KELM for the character-writing application. For this purpose, we firstly explored the EMD
method to decompose EEG signals into IMFs, which were used via statistical features as the input
features of the classifiers. Secondly, the GMM and KELM methods were applied as classifiers.
Finally, the score combination of GMM and KELM was proposed to fuse the merits based
on different classifiers. The experimental results showed that the EMD with the proper IMF
outperformed the DTW information. Furthermore, we found that by using EMD with the GMM
and KELM-based classifier provided the average accuracy of 77.40% and 80.10%, respectively,
which performed better than using DWT with the ANN-based classifier that gave the average
accuracy of 74.10%. Moreover, the improved performance was obtained by combining the GMM
and KELM at the average accuracy of 80.60%. These outcomes exhibit the usefulness of the
EMD feature with GMM and KELM-based classifiers for the brainwave classification based on
the character-writing application, which do not require any limb movement and stimulus.

In the future, by getting inspired by [36], we have a plan to use new neuroheadsets such
as Emotiv EPOC+ and Open BCI neuroheadsets instead of EPOC neuroheadset with the aim
of further improving the performance. We would also like to combine the phase feature extrac-

tion [31,37] and the neural network-based bottleneck feature extraction [38] with the proposed
system in the future.
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