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Abstract

Brain-Computer Interface (BCI) helps people who have a severe disease to inter-
act with external devices. Event-Related Potential (ERP) based BCI systems send
stimuli, then detect brain signals responding to stimuli. Stimuli play loud or flashes
with high intensity to distinguish the target brain signals in most researches. Thus,
typical oddball-paradigm causes psychological and psychical discomforts. This the-
sis proposed non-oddball BCI paradigms which send stimuli which has almost zero
volume or intensity. Users tend to produce voluntary mental task during experiment
to cover typical stimuli’s brain signal, thus it compensates for the loss of accuracy of
a result of the reduced stimulus. As an outcome, a specific mental task was used to
investigate task-relevant endogenous components, and system performance was sig-
nificantly enhanced. The proposed Convolutional Neural Network (CNN) approach
has a decoding accuracy more than 90% for both the non-oddball visual and auditory
paradigms, respectively, outperforming the linear classifier model noticeably. These
discoveries offer new opportunities for pragmatic ERP systems, potentially improving
the usability of current brain-computer interfaces remarkably.
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Chapter 1

Introduction

A brain-computer interface (BCI) detects the brain signals of subject by special
equipment to control the computer which helps people with various diseases. The
program of BCI shows the subject intention while his brain produces strong potentials
which can be detected by electroencephalography (EEG). The most common used
type is EEG because of its invasive and low-cost quality. Additionally, EEG is user-
friendly for usage for users and developers [1].

The brain produce the potentials after given stimulus and the highest positive
point called P300 in range of 300 and 400 milliseconds. The P300 is used in the
oddball paradigm which classifies target and non-target stimuli. The target and non-
target stimulus flashes at different frequencies where first stimulus appears much less
than second stimulus. The conventional ratio of stimulus’s ration is 20 - 80 [2]. The
more convenient signals elicit by showing the target stimuli repeatedly and randomly
to improve signal-to-noise ratio (SNR) [3].

The signal feature is distinguished characteristics of the brain signals which pro-
duces with user’s intention. Human and computer classify the target or non-target
stimuli by feature extraction. The process of feature extraction is meaningful and
differentiates signal from noises. Event-Related Potential (ERP) or P300 of ERP
depends on external stimulus which showed higher responses in the oddball paradigm
[4, 5, 6]. These study focused on external stimuli to increase the brain responses by

changing the characteristics of stimulus. For instance, authors applied volume, spa-

13



tial arrangement, modulated frequency in the auditory BClIs, and shape, color |6, 7],
intensity, or highly recognizable images [8, 9| in the visual BCIs. Therefore, ERP-
based BCI system can be improved by the changing the characteristics of target
stimuli [6, 7, 8]. On other words, the authors suggest to increase auditory or vi-
sual stimuli to obtain higher responses of subject’s brain. The limits of this study is

subjects was feeling mentally and physical unwell condition i.e stress, fatigue.

We hypothesized that user intention can generate strong potentials in certain BCI
tasks. The main idea is proposed non-oddball cues can be detected in the endoge-
nous features. Thus, user intent to produce high the brain responses which help
program to detect the endogenous potentials which is almost similar the conventional
oddball paradigm. Proposed non-oddball paradigm carried out visual and auditory
binary system. Before the experiment, subjects were instructed to memorize the type
of sound which played in high-pitched and high-volume type condition. During the
training experiment, subjects were listening the sound cue, but with lower volume,
and perform mental task in the first experiment and gaze non-impact visual stimuli in
second experiment. Then in the testing experiment, subjects tried intent mental task
with memorized sound ten times in one trial. In each experiment, there were three
mental tasks: non-intention (NI), passive concentration (PC), and active concentra-
tion (AC). These mental tasks used for investigate the neuro-physiological differences

on ERP responses in non-oddball paradigm.

This investigation advances a high-performance Convsolutional Neural Network
(CNN) model for visual and auditory non-oddball paradigm. In online experiment,
CNN provide the output of mental task after one or more mental task’s attempts.
Averaging received raw brain signal minimizes the noises and get the pattern of P300
signals. Alongside with CNN, Linear Discriminant Analysis (LDA) was tested, which
is mostly used linear classifier in BCI papers, to examine the differences of classifying
accuracy and precise output of mental task. Our results investigated a late positive
potential (LPP) by the active mental task and sufficiently decodes the user’s intention
in the non-oddball paradigms. The maximum decoding accuracy of the non-oddball

visual and auditory systems were more than 90% using EEGNet that significantly
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outperformed the linear classifier model.
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Chapter 2

Literature Review

2.1 Main Focus Group in BCI

The BCI users can have an individual approaches. F.Nijbour have conducted a
surveys where the professional specialists were participated and summarized their
answers. The potential user groups have concurrent physical, sensory and cognitive
problems beside physical disability. The problem is some BCI technologies require
the steady position to acquire signals, but users who have ticks or another problem
with nerves could not complete experiments. The author stated this approach will
be fitted for people in locked-in-state (ALS, MS or SMA) and people with high SCI.
The another group is people with Duchenne disease, CP or Rett syndrome. They
have condition that could have problem with visual BCI techniques that can be
lead to epileptic seizures or spasms. The overall groups that author resulted were:
late-stage amyotrophic lateral sclerosis (ALS), late-stage multiple sclerosis, spinal
muscular atrophy type II (SMA type II), Duchenne disease, Rett syndrome, cerebral
palsy (CP), high spinal cord injury (SCI) and the locked-in sybdrome (LIS).

Amyotrophic lateral sclerosis or ALS is neurological disease that affects on nerve
cells in the brain and spinal cord. The disease can lead to the loss of the muscle
control. The main damages occurs on motor neurons which is responded to moving,
communication skills, feeding and breathing functions.

Multiple sclerosis or MS is chronic disease with no medical treatment. The final-
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stage MS users can be faced with trouble with balance, coordination, posture, limited
mobility, muscle spasms, breathing problem, speech problem, vision problem, cogni-
tive difficulties etc.

Spinal muscular atrophy type II or SMA2 is a genetic neural disease that affects
on the nerve cells of motor muscles. The provided list is the part of group who needs
BCI, but it can be used by any people in daily life. BCI system helps to ease people

life and provide more functions.

2.2 Previous Work

This thesis is the extended version of the conference paper [10] titled A Novel
Binary BCI Systems Based on Non-oddball Auditory and Visual Paradigms’. The
paper proposed novel binary BCI system that minimizes the external stimulus in both
auditory and visual paradigm. Users barely hear the sound or visual stimulus. Three
mental tasks defined: 1) non-intension (NI), 2) passive concentration (PC), and 3)
active concentration (AC). There were used LDA and CNN for decoding algorithms.
The decoding results for LDA were 78% visual cue-AC, 74% visual cue-PC, 78%
auditory-AC, 56% auditory-PC, whereas CNN showed 78% for both active visual and
auditory paradigm’s accuracy. Auditory-PC and Visual-PC accuracy were 85.7 %
and 87.5 % respectively.

2.2.1 User Experience in BCI

BCI requires the computer training as same as user training [11|. The user must
learn produce stable brain signals for easily distinguish the target and non-target
signals. The distinguishable signals accelerate the computer decoding the commands.
Consequently, clear raw signals are high decoding accuracy, which lead to low cost
of source McFarland and Wolpaw [12|. Neuper and Pfurtscheller [13]| showed naive
users cannot control the brain signals after some training.

Lea Pillette [14] indicates the three criteria for analyzing the performance, which

are MI-BCI performance, User Experience, Experimenters’ and participants’ profile.
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These criteria made from literature which focused on various mental state of partic-
ipants. Hammer et al. [15] stated the user’s states as motivation and attention can
influence on decoding accuracy. They tried users to keep motivation and attention
by giving non-alcohol drinking, sweet and period of rest. Wheeler and Petty [16]
focused on psychosocial factors, which as example showed elderly people react more
slowly or memory disfunction. Subsequently, Lea Pillette [14] took account character-
istics as gender, age, ethnicity, professional status and/or behaviour as gaze, touch,
verbal interaction Rosenthal [17]. They concluded social presence and emotional feed-
back are meant to increase the effort, motivation and engagement of the participants
throughout the learning.

Alvaro Fernandez-Rodriguez [18] analyzed the impact of background sound in
auditory-based ERP-BCI. They stated users show the high cognitive workload from
shared attention in auditory stimuli. Their study indicated the background noises
or speech are important interference and should be avoided in experiment. However,
the P300 amplitude showed high signals while user tried to focus on the target and

ignore the background speech.

2.2.2 Decoding Models of BCI signals

During the last decade, many pieces of research on BCI have raised. Although
the quality is not on the level which can be sold to society, that is why the work
continued. The current works limited in the way of control because the works offer
one or two mental actions to users. Moreover, the commands take more time to
check the action to perform. It is not as natural as needed. In that way, the users
prefer the natural way without BCI. The current goal is to update the algorithm to
be natural and reliable. Min-Ho Lee et al. [6] shows the various methods to take
the brain signals. Motor Imaginary (MI), Event-related potential (ERP) and Steady-
State Visually Evoked Potential (SSVEP) tested on 54 participants. The authors
checked the state of participants during using BCI methods. The distinctive feature
is in SSVEP make eye fatigue more than MI and ERP, which should be not used in

a home environment.
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Lately, ERP studies [19, 20, 21| focused on various models of CNN, which showed
conventional results. The authors showed succeeded result in various EEG used BCI
tasks, such as emotion recognition [22], P300 detection [23|, and memory performance
prediction [24|. Eduardo Santamaria-Vazquez et al. [19] did comparative research
on CNN models which listed as rLDA [25], xDAWN + RG [26], CNN-BLSTM |[27],
DeepConvNet [28|, EEGNET [29]. These models classified ERP-based speller and
proffer feature extraction at different temporal scales.

Saim Rasheed [30] did a review on machine learning models comparison in BCI
field. The table 2.1 was created towards similarity of BCI task and classification
method. The common classification methods, which had >80% accuracy level, were
Linear Regression (LR), Linear Discriminant Analysis (LDA), Support Vector Ma-
chine (SVM), K-Nearest Neighbor (KNN), Convolutional Neural Networks (CNN),
Long Short-Term Memory (LSTM). For feature extraction were taken Principal Com-
ponent Analysis (PCA), Riemannian geometry, Common Spatial Pattern (CSP), Par-
ticle Swarm Optimization (PSO), Wavelet Transform (WT), Fast Fourier Transform
(FFT).

This thesis assayed the most convenient classification model on non-oddball paradigm.
For increasing the classification accuracy, data are augmented due to small difference

between target and non-target brain signals.

2.3 Current Limitations and Possible Solutions

The BCI have many limitations of usage. The current state of BCI is using enough
environment where contribute subjects or devices needed for work for successful com-
pletion. For that reason, accuracy and performance can be much low than expected
in various environment. Also, BCI users have to sit while using it, because the other
motion can interfere with the main action. Consequently, the result can be wrong
and the action might be dangerous for users in some cases. User Experience is im-
portant in the case of new technologies. In some times the wrong designed devices

can lead to extremely dangerous consequences. Andéol Evain et al. [7] takes into
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Reference Year Feature Extraction Classification Method Accuracy Level BCI Task

[31] 2020 - LR 95% EEG signal categorization

[32] 2012 - SVM 90.55% RP signal categorization

[33] 2018 PCA SVM 92.50% BCI therapy stage classification

Riemannian geometry, 5 . o
[34] 2019 CNN 80.44% EEG signal categorization
CSP and PSO

[35] 2018 WT SVM >90% EEG signal categorization
LDA, 95%,

[36] 2018 FFT KNN, 100%, EEG signal categorization
SVM 100%

[23] 2010 - CNN 95.50% ERP signal classification

[37] 2016 - SVM 92.50% P300-based BCI operation

[38] 2020 - LSTM 97.13% EEG signal categorization

[39] 2006 PCA SVM >95% EEG signal categorization

Table 2.1: Comparison of Feature Extraction and Classification Techniques.

account the importance of usability and experimented mental state of users such as
frustration, motivation and fatigue while using fake SSVEP-based BCI application
which shows fake feedback. The authors highlighted that a high error rate increases
the user’s frustration over time. The suggestion is favouring user comfort over the

small improvement of accuracy.

The BCI accuracy depends on quality and quantity of acquired data, thus the
incorrect data lead to low performance of the model. Nagasawa Tomoyuki, et al. [40]
improved the fNIRS-BCI accuracy by augmenting the fNIRS data using generative
models. Generative adversarial network (GAN) generates new data based on real
dataset to overcome the lack of labeled classes, widely used for image-generation
field [41]. GAN acts as a game: a discriminative model that learns to determine
whether a sample true or fake. The generative model improves each next sample to
win discriminative model that try to detect the generated data. This approach lead
to precise new data. Competition between two models improves their methods until

the fake data are indistinguishable from the real data [41].

Alvaro Fernandez-Rodriguez suggested avoiding the negative effect of workload as
background noises in auditory-based BCI. Alternative solutions are take account the

background noises in bypassing of the feature extraction or integrate it into BCI as
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stimulus with external audio.
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Chapter 3

Methodology

3.1 Participants and Data Acquisition

In total, fourteen healthy people took part in the study. Five participants were
completely new to BCI tasks, while the other nine had a basic understanding of the
technology. All of the participants said they were free of psychiatric or neurological
illnesses and that their vision was normal or corrected. The environment of the
experiment was equipped with a chair and monitor. The monitor was 19 inch LCD
monitor (60 Hz refresh rate, 1280 x 1024 resolution). The aim of experiment and the
process of gathering data were explained to the subjects.

The goal, technique, and entire experiment process were all disclosed to partic-
ipants before to the experiment. Participants signed a contract for the use of their
personal data.

Before experiment, the questionnaire about health condition was filled by each
participant. During experiment, the participants were seated on chair with a vacuum
earphone to hear sound with minimum background noises. One or two days were
taken for one participant on training and testing states. After completing one trial
of experiment, the participant was required to fill in the questionnaire about the
experiences and health condition. The questionnaire was aimed to identify weak
moments in BCI application.

EEG activity was recorded using a 32-channels ActiCap EEG amplifier (Fpl-2,
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F3-4, ¥z, F7-8, FC5-6, FC1-2, T7-8, C3-4, Cz, CP1-2, CP5-6, TP9-10, P3-4, P7-8,
Pz, PO9-10, O1-2, and Oz) (Brain Products, Munich, Germany). The electrodes
utilised were Ag/AgCl electrodes that followed the international 10-20 system. With
a forehead ground and an impedance of 10k Ohm or less, the reference is positioned on
the nose. Before the arrival of the participants, the apparatus and cap with channels
were arranged in advance. The sampling rate was 1000 Hz, and the DC artefact
was removed with a 60 Hz notch filter. A 5th order Butterworth filter was used to

band-pass filter the EEG signal between 0.5 and 30 Hz.
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Figure 3-1: EEG channels. Used 32 channel ActiCap EEG amplifier (Fp1-2, F3-4,
Fz, F7-8, FC5-6, FC1-2, T7-8, C3-4, Cz, CP1-2, CP5-6, TP9-10, P3-4, P7-8, Pz,
P0O9-10, O1-2, and Oz)
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3.1.1 Ethical Issues in Experiment

There are several ethical issues were held in the experiment. The all participants
were voluntary to this work. Participants are able to leave experiment anytime.
They are informed about consent, therefore they understand the purpose, benefits,
the experiment’s details, consumed time. Confidentiality of participant’s information
is strongly hidden and cannot be shared to anyone without participant’s agreement.
There are no potential harm for participant during experiment, i.e., physical, social,

psychological and all other types of harm are minimized.

3.2 Experimental Paradigms and Task Definition

The experiments concentrated on non-oddball visual-cue and auditory-cue condi-
tions. Thus, the goal is removing the oddball characteristics so that the endogenous
potentials could be fully derived. As a result, the visual and audio stimuli were
provided to the individual with a same interval and were entirely predictable.

A training phase and a testing phase were both included in the experiment. The
classifier parameters were estimated using all of the trials from the training phase.
The decoding accuracy was validated using the testing data.

Three mental tasks were defined: 1) non-intention (NI), 2) passive concentration
(PC), and 3) active concentration (AC). The number of trials in each of the three tasks
was evenly distributed. The participant was provided with an identical stimulus in
three tasks, but different mental tasks. Participants in the NI condition concentrated
on the stimuli without any purpose, i.e. they were in a resting state. On the contrary,
the subjects were instructed to attend to the target selection by passively or actively
focusing on the stimulus in the PC and the AC conditions. The PC condition required
the subject to simply concentrate on a given stimulus which has been the normal
instruction in previous ERP-based BCI studies. In the AC condition, subjects were
instructed to perform a sound imagery task. Prior to the experiment, the participants
were exposed to beep noises at a frequency of 8000 Hz for roughly 1 minute in order

to memorise the tone of the sound repetitively in the AC condition.
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All experimental paradigms were created using Psychophysics Toolbox and OpenBMI
(MathWorks; MA, USA). The Korea University Institutional Review Board examined
and approved this study [1040548-KUIRB-16-159-A-2], and all individuals gave writ-

ten informed permission before participating in the tests.

3.3 Non-oddball Visual Cue Experiment

We designed a bar-stimulus that continuously moves along its x-axis in one direc-
tion (right to left). A fixed cross-symbol was located in the center. In the training
phase, individual bars had different colors according to their experimental condition:
gray, blue, and red colors referred to NI, PC, and AC, respectively. Participants were
instructed to fix their eyes on the cross-symbol and perform the designated tasks when
the bar-stimulus exactly overlapped the fixed cross-symbol (see Figure 1la). The in-
dividual bars were equally spaced with an ISI of 1 s, i.e., the subject performed a
certain task every second. Sufficient resting periods were given to the subjects after
every 50 trials. At the end of the training phase, a total of 1080 trials comprised of
360 trials for each NI, PC and AC were collected. Two binary classifiers were then
constructed: NI vs. PC and IG vs. AC.

In the test phase, ten bars with a gray-color were consecutively presented in a sin-
gle attempt. Subjects were instructed to perform a specific task ten times designated
by the given voice cue 5s before the visual stimuli presentation (see Figure 1b). For
instance, subjects performed sound-imagery task ten times every second by following
the visual stimuli when the sound-imagery cue was given. Contrarily, subjects unin-
tentionally gazed at the visual stimulus when given the ignoring-cue. EEG data were
acquired in real-time and fed to the classifiers. The classification result was given
to the subject as feedback, therefore subjects see what specific action was selected
by subject, since in the training phase system evaluates brain signals without the
feedback. Subjects performed 10 attempts in each class, so 300 trials (10 attempts x

10 sequences x 3 classes) were collected in the test phase.
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Non-oddball Visual Cue Experiment

Training Phase AC NI PC NI

| | | |
QRN 11 e 1

| | | | | |
_I_ I I 10 I Rest I 1 1
Testing Phase AC NI PC
‘ ‘ ’ "‘{ ‘ ’ ‘ “A.” “I.” ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ “P.” ‘

L)) )] L))
o

Cue Cue 10s Cue

Figure 3-2: Illustration of visual-cue experiment implemented in study:
training and testing phases.

3.4 Non-oddball Auditory Cue Experiment

In a visually blindfolded context, a non-oddball auditory experiment was con-
ducted to evaluate ERP responses. The participant closed their eyes and sat in an
armchair with armrests. The individuals had previously been exposed to an 8000 Hz
high-pitched beep-type auditory stimuli. The volume of auditory stimulation was so
low during the experiment that the individual could hardly hear it. The purpose of

this condition is to recognise the time of the supplied auditory stimuli (i.e timing).

During the testing phase, the individual closed their eyes and completed 10 tasks
as directed by a voice signal presented 5 seconds before the audio stimuli. In the
testing phase, the participants made 10 tries in each class, for a total of 200 trials (10

attempts times 10 sequence times 2 class).
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Non-oddball Auditory Cue Experiment
Training and Test Phase

ACw NI o PC w0 AC w0
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Figure 3-3: Illustration of auditory-cue experiment implemented in study:
training and testing phases. Illustrated "A." stand for "Active", "I." - "Ignore", and
"P." - "Passive" accordingly which are instructions from program to user.

3.5 Data Analysis and Performance Evaluations

Fourteen subjects’ data were collected. Each EEG signal was typically down-
sampled to 100 Hz. The EEG data was then segmented into individual trials ranging
from -200 to 1000 ms before the stimulus start. The mean amplitudes in the -100 to

0 ms pre-stimulus period were subtracted to adjust for baseline.

All trials in the training and test phases were concatenated along with each con-
dition to visually investigate the ERP responses for NI, PC, and AC tasks. Grand
averaged ERP patterns and signed r-squared value [25] was applied to evaluate the

temporal and statistical differences in the ERP patterns across all the subjects.

The standard linear model [7, 8, 42, 43| and the suggested CNN approach were
built for performance evaluation based on the training data. During the test phase,
certain target stimuli were presented 10 times (i.e., ten sequences), which is the con-
ventional way for getting a valid result in ERP studies by averaging the current trials
with the prior trials [43, 44, 45]. As an outcome, decoding accuracy in individual se-
quences ranging from one to ten was determined. The average of epochs accumulated
throughout all 10 sequences, for example, was used to measure decoding accuracy at

the tenth sequence.
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A set of single-trial EEG is defined with X = {x,}"_,, € R"*P (N - the total

n=1"

trial number, 7" - time-series data samples, D - channel numbers). Q € {1,2} and w,

define a set of class labels corresponding to target (AC') and non-target (NI) classes.

Data Representation 1 nx32x 101
101
oht P N uaad ot | abant] | abat| | st daad
ch2 e\ atl ——5 ch2 | Jad| [ daat| | daat et
ch32 M \NA et ch32 | [t [t 5 [ihaot
> n_trials:
Data Representation 2 nx32x10
101 10
r— r—
oht P \NAAdaot ont |t | | et [shaot W ch |[AA| [AA M
ch2 sl ANt 5 ch2 [ Jaat | [ dat| [ daut Jat| — ch2 [AA| |AA VAV
ch32 Pomad\AA it ch32 | [baot | [bet| 3 | haut chaz [ [AA ViV
> n_trials * > n_trials |

Figure 3-4: Data Representation. The model was trained in two cases. First
model is trained to detect in each cue sends in first data representation, whereas
second model is trained to detect each trials. (N - number of trials, 32 - channels,
101 - attempts, 10 - mean of attempt)

Data was presented in two cases. First case represents the common method of
training data. Data is in initial condition which segmented by cue. Figure 3-4 in-
dicates the process of data modification. The (n x 32 x 101) stands for N number
of trials , D channels, T time-series data samples (1 second each). This method is
applied for decoding each second attempt for evaluating immediately mental task.

The second case is adding averaging the time-series data samples into one sample.

X = {Xn}szl ,x € RT*P turns to X = {Xn}nNz1 ,x € RT*P_where D mean value of
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time-series data sample. This method is applied to detect signal after acquiring one
trial. The second method of data representation is more robust comparing with the

first method, but consumes more time.

3.6 Software Description

BrainVision Product was used to acquire the brain signals.
The project was created in Google Colab notebook using the Python programming
language. For preprocessing and models, keras, numpy, and sklearn were utilized, as

well as seaborn and matplot for visualization.

3.7 Model Development

3.7.1 Data Preprocessing

The initial data in the project dataset is raw, therefore, it was necessary to perform
preliminary data processing before classifying it. The function that implements the
preprocessing of the ERP data, firstly, changes the sampling rate of the given EEG
signal to 100. Further, a band-pass filter was applied to select the target frequency
in the range 0.5-40Hz, and the result was segmented in the time interval [-200 1000]
ms, with subsequent baseline correction by subtracting the mean amplitudes in the
[-200 0] ms pre-stimulus interval (the specific time interval [0 1000] ms was selected).
It was decided to take ERP data from the following 32 channels: Fpl-2, F3-4, Fz,
F7-8, FC5-6, FC1-2, T7-8, C3-4, Cz, CP1-2, CP5-6, TP9-10, P3-4, P7-8, Pz, PO9-10,
01-2, and Oz. The mean amplitudes in 10 discriminant time intervals were used to

extract subject-dependent spatio-temporal characteristics.

3.7.2 LDA

The data was specified as [0 — 100], [50 — 150],...,[900 — 1000], with a 100 ms

length and a 50 ms step size from the stimulus onset. Mean amplitude features in
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specified time intervals were calculated across all channels. After that, all features
concatenated from the EEG trials X. V = {V}fl\[:]L defined the feature vector set and

(Dxk)xN —The obtained feature set V was used to create a regularized

formed as R
linear discriminant analysis (RLDA) [46] classifier. f(v) = w” - v + b defined the
decision function (w - the hyper-plane for separation of binary classes, b is a bias

term).

3.7.3 CNN Approach

The spectral filtered EEG trials were concatenated into third dimension which
third dimension into set of X = {X}?l:y Consequently, X € RT*P*/» was defined
as the input shape, where (T) stands for temporal , (D) spatial, and (f,,) frequency

domains.

CNN EEGNet
Layer (type) Output Shape Param # Layer (type) Output Shape Param #
conv2d_33 (Conv2D) (None, 32, 101, 4) 68 input_3 (InputLayer) [(None, 32, 101, 1)] 0
conv2d_34 (Conv2D) (None, 32, 101, 16) 208 conv2d_5 (Conv2D) (None, 32, 101, 8) 256
average_pooling2d_21 (Avera (None, 32, 25, 16) 0 batch_normalization_5 (Batc (None, 32, 101, 8) 32
gePooling2D) hNormalization)
dropout_33 (Dropout) (None, 32, 25, 16) 0 depthwise_conv2d_2 (Depthwi (None, 1, 101, 16) 512
conv2d_35 (Conv2D) (None, 32, 25, 16) 8208 seConv2D)
average_pooling2d_22 (Avera (None, 32, 6, 16) 0 Eﬁzig;qg;gi}zi?tlon—e (Batc  (None, 1, 101, 16) 64
gePooling2D)
batch_normalization_10 (Bat (None, 32, 6, 16) 64 activation_2 (Activation) (None, 1, 101, 16) o
chNormalization) average_pooling2d_3 (Averag (None, 1, 25, 16) ]
flatten_13 (Flatten) (None, 3072) [} ePooling2D)
dense_39 (Dense) (None, 200) 614600 dropout_2 (Dropout) (None, 1, 25, 16) 0
dropout_34 (Dropout) (None, 200) 0 separable_conv2d (Separable (None, 1, 25, 16) 384
Conv2D)
dense_40 (Dense) (None, 100) 20100
batch_normalization_7 (Batc (None, 1, 25, 16) 64
dense_41 (Dense) (None, 2) 202 hNormalization)
activation_3 (Activation) (None, 1, 25, 16) 0
Total params: 643,450
Trainable params: 643,418 average_pooling2d_4 (Averag (None, 1, 6, 16) 0
Non-trainable params: 32 ePooling2D)
dropout_3 (Dropout) (None, 1, 6, 16) 0
flatten (Flatten) (None, 96) 0
dense (Dense) (None, 2) 194
softmax (Activation) (None, 2) 0

Total params: 1,506
Trainable params: 1,426
Non-trainable params: 80

Figure 3-5: CNN models description
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Figure 3-5 illustrated the architecture of CNN model, which model have 3 convo-
lution layers with /1, 16/, [1, 3], [32, 1] dimensions with 4, 16, 16 depth respectively.

Each layers extract the spatial - temporal features from the EEG signal.

(n+2p—[)/s+1, (3.1)

the formula calculates the output size, where n represents the number of filters, p -
padding size, f - filter size, and s - the amount of stride. The CNN model has 4 ReL.u
layers to accelerate the training process by applying threshold operation. Moreover,
there are 3 Dropout layers to prevent overfitting in the network.

The last layers flatten neurons and shorten to 128 shape and produce two classes
which are AC and NI. The sigmoid activation works well with binary classifications,
thus it was used in network. Hyperparameters of 0.001 learning rate batch size of
100 and 32 epochs were acquired through multiple analytical trial runs. A small
learning rate ensures that our updates are not too big as the network learns the most
appropriate weights. Meanwhile, a batch size affect the loss function and ensures
that we review multiple entries before deciding how to backpropagate. The remaining
hyperparameter of epochs simply allows us to iterate over the same dataset multiple
times. Otherwise, there would be not enough training data to approximate on.

Figures 3-5 demonstrate a summary of EEGNet[25] with input [32,101,1]. To
minimise the categorical cross-entropy loss function, the Adam optimizer is utilised
to fit the model using conventional parameters. The training epochs were found to
be the most effective at 100 after a series of testing. Additionally, the validation is
completed by saving the optimal model weights that result in the least amount of

validation loss.

3.7.4 ERP Data Augmentation

The existed problem lays on the high cost of human behavior tasks, thus the
size of recorded EEG data is typically small. The CNN model can be efficiently in-

creased with increasing the amount of training data by the data augmentation. In
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machine learning experiments, a variety of augmentation strategies have been pro-
posed, including geometric modifications, adding noise to existing data, and creating
new artificial data. ERP potential is continuous signals with context meaning across
time (e.g., N200, P300). The solution [10] was to add Gaussian random noise to the
task-relevant ERP signals based on these assumptions.

The x,, ERP signal can be calculated as x,, = p(t) + r,, (), where p is the task-
relevant component and r, is the noise signal with N(0, 0?). Since EEG signals
are very unpredictable and non-stationary, it is nearly impossible to separate task-
relevant components from noise, especially on a continuous signals. As a result,
in the previous study, a heuristic or empirical parameter was used to estimate the
noise signal [47]. In principle, adding Gaussian random noise to the task-relevant
component p can produce an infinite number of synthetic ERP trials if the signal
parameter of 7, is approximated. Depending on the ERP paradigm’s characteristics,
the r,, signal parameter approximately was estimated in this thesis.

The averaging process reduces (cancels) the magnitude of noise r,, across trials N,
ie.,r(t):=1/NSN_ r,(t) ~N(0, 02/N). On the basis of the provided assumption,
o? of the noise signal was acquired as follows:

The averaging technique across the trials N reduces (cancels) the amplitude of
noise 7,, i.e. r(t) := 1/NXN 7, (t) ~ N(0, 0?/N). The noise signal’s o> was

calculated using the following assumptions:

e Firstly, all training trials are averaged by the task-relevant signal p(t), i.e.,
p(t) = X = 1/NYN  x,, where r(t) is considered to be close to zero after an

appropriate averaging technique.

e A set of trials was chosen at random from the X and then averaged.(denoted

by Z=1/K K | 7).

e 7 — X =p(t)—p(t)+ 1 (t) is calculated. According to the prior assumption,
the output is ry, (t) ~ N (0, 0?/K) .

e The noise variable (i.e., 0?) was then calculated by K - var(r(t)).
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The probability density function P was used to define the random variable v as

regards:

1

oV 21

P (U) = . 6(1)_:1")2/20'27 (32)

where the 1 is zero and the o = K - var(r(t)).

Lastly, X; and Z; were added with Gaussian noise to create new artificial data,
ie., p(t) +v(t), p(t) + ri (t) — & (t) + v(t). This recurrent augmentation approach
performed until the CNN model was satisfied that it had enough training data.
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Chapter 4

Result and Discussion

4.1 ERP Responses in Non-oddball Paradigm

The grand averaged ERP responses of the NI and AC tasks are shown in figure 4-

Figure 4-1 indicates the grand averaged ERP responses of the individual tasks
(i.e., NI, PC, and AC). In both non-oddball visual and auditory conditions, highly
discriminative ERP responses were investigated in the three tasks, and these patterns
were in discord with previous knowledge of the typical ERP components. First of all,
the ERPs gradually increased from the stimulus onset and peaked in the 300-400 ms
interval. These ERPs then gradually decreased until 800 ms after stimulus onset. The
sound imagery task induced the largest amplitude, and passively concentrating as well
as the ignoring task barely induced ERP responses by the non-oddball paradigms.
These ERP components were induced at the central cortex (Cz), however, the ERP
responses were not evoked in the occipital or temporal lobes.

The means of peak amplitude in the interval of 300-400 ms for NV were 0.558
(£2.083uV), 2.277 (£3.461)uV, and 3.547 (£3.637)uV, and NA were 0.204 (£1.079)uV,
1.210 (£1.683)uV, and 2.257 (£3.090)uV for NI, PC, and AC conditions, respectively.
We performed one-way, Bonferroni corrected ANOVA for the three conditions with
the null hypothesis of equal means to the maximum amplitude within the two spe-

cific intervals. Before the statistical test, we validated the data distributions in all
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conditions with the Jarque-Bera test for normality. In both non-oddball visual and
auditory paradigms, the active task showed a significant difference with the NI con-

dition in the 300-400 interval (p < 0.05).

Non-oddball visual cue Non-oddball auditory cue
4 - - T T T T T M T J T T T
| | Non-intention
3r 1 Passive-conc.
| Active-conc.
= 2} 1 RS \\\
> |
= 1
1t N . N .
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Figure 4-1: Averaged ERP responses at Cz electrode for three sessions, i.e.,
non-oddball visual /auditory cue. The scalp plots indicate the distribution of sig-
nal response for the three different conditions, i.e., NI, PC and AC in the non-oddball
paradigms. The corresponding responses for the auditory cue experiment are less pro-
nounced compared to the visual cue experiment.

4.2 Decoding Accuracy of Non-oddball Paradigm

The suggested non-oddball auditory paradigms’ decoding accuracy using LDA is
illustrated in Figure 4-2. To attain a 70% accuracy rate in the active tasks, four
sequences were required, which is defined as an efficient communication rate in BCI
research. [9]. In the confusion matrix has been seen the 23% predicted values of NI
classified as AC.

The two CNNs were tested on non-oddball paradigm (table 4.1) which CNN1
showed more than 73.0 % accuracy and EEGNet showed more than 94.5% for the
visual and auditory paradigm. In the CNN training procedure, the mean value of the

previous sequences, which was the accurate value of paradigms, was employed.
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Figure 4-2: LDA Confusion Matrix for AC and NI states

CNNI1 model (table 4.1) showed minimum 73.0%, 88.5% for AC vs NI, PC vs
NI auditory paradigm respectively, and 97.0%, 81.5% for AC vs NI, PC vs NI vi-
sual paradigm. The figure 4-3 indicated the confusion matrix for all paradigms and
training accuracy and loss, validation accuracy and loss. The test loss showed 8.74%,
13.5% for AC vs NI, PC vs NI auditory paradigm respectively, and 24.2%, 18.3% for
AC vs NI, PC vs NI visual paradigm.

EEGNet model (table 4.1) showed minimum 98.5%, 98.0% for AC vs NI, PC
vs NI auditory paradigm respectively, and 94.9%, 94.5% for AC vs NI, PC vs NI
visual paradigm. The figure 4-3 indicated the confusion matrix for all paradigms and
training accuracy and loss, validation accuracy and loss. The test loss showed 8.74%,
13.5% for AC vs NI, PC vs NI auditory paradigm respectively, and 24.2%, 18.3% for
AC vs NI, PC vs NI visual paradigm.

The subject independent dataset were concatenated from 14 subjects dataset. The
total number of dataset were 7560 trials for training dataset and 2800 trials for testing

dataset.
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| CNN 1 | AU | VI | | EEGNet | AU | VI |
| Tasks | AC vs NI|PCvs NI|AC vsNI|PCvsNI| | Tasks |AC vs NI|PC vs NI|AC vs NI|PC vs NI |
| Subject 1| 0995 | 0960 | 0990 | 0985 | | Subjectl| 0.985 | 0.990 | 0.995 | 1.000 |
| 2 | 09% | o098 | 098 | 098 || 2 | 0995 | 099 | 0970 | 1.000 |
| 3 | 0995 | 0995 | 098 | 090 || 3 | 1.000 | 1.000 | 099 | 0975 |
| 4 | 098 | 090 | 098 | 0930 [| 4 | 1000 | 0980 | 0950 | 1.000 |
| 5 | 0995 | 0995 | 0995 | 0995 || 5 | 0995 | 099 [ 099 | 0995 |
| 6 | 0730 | 099 | 1000 | 095 || 6 | 1000 | 098 | 1.000 | 1.000 |
| 7 | 09% | o0.85 | 0990 | 095 || 7 | 0995 | 099 | 0995 | 099 |
| 8 | 090 | 0995 | 1000 | 090 || 8 | 1.000 | 1.000 | 1.000 | 0995 |
| 9 | 0965 | 0980 | 0970 | 0950 [| 9 | 098 | 0980 | 1.000 | 0965 |
| 10 | o090 | 0995 | 0990 | 090 || 10 | 1.000 | 1.000 | 1.000 | 0.945 |
| 11 | 098 | 0995 | 098 | 0.815 || 11 | 099 | 0985 | 0995 | 0995 |
| 12 | 099 | 098 | 0985 | 095 || 12 | 1.000 | 0980 | 098 | 1.000 |
| 13 | 099 | 0990 | 0995 | 0975 || 13 | 0995 | 099 | 099 | 0975 |
| 14 | 099 | 098 | 0995 | 090 || 14 | 0995 | 099 | 099 | 0970 |
| Min | 0730 | 0.885 | 0970 | 0.815 || Min | 0985 | 0980 | 0950 | 0945 |
| Max | 1.000 | 0.995 | 1.000 | 0.995 || Max | 1.000 | 1.000 | 1.000 | 1.000 |

Table 4.1: CNN and EEGNet Results: AC vs NI, PC vs NI decoding accuracy
for both auditory and visual non-oddball paradigm. The bold text is minimum values

CNN model showed 99.2%, 99.1% for AC vs NI, PC vs NI auditory paradigm
respectively, and 99.4%, 99.4% for AC vs NI, PC vs NI visual paradigm. The figure
4-5 indicated the confusion matrix for subject paradigm and training accuracy and
loss, validation accuracy and loss. The test loss showed 3.31%, 4.35% for AC vs NI,
PC vs NI auditory paradigm respectively, and 1.98%, 2.20% for AC vs NI, PC vs NI
visual paradigm.

EEGNet model showed 94.4%, 96.4% for AC vs NI, PC vs NI auditory paradigm
respectively, and 94.8%, 92.5% for AC vs NI, PC vs NI visual paradigm. The figure
4-5 indicated the confusion matrix for subject paradigm and training accuracy and
loss, validation accuracy and loss. The test loss showed 14.8%, 12.5% for AC vs NI,
PC vs NI auditory paradigm respectively, and 18.4%, 21.7% for AC vs NI, PC vs NI

visual paradigm.

4.3 Discussion

This investigation advances real-world BCI with binary visual and auditory sys-

tem. BCI system works with CNN model which classify signals over temporal features
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EEGNet Confusion Matrix (minimum values)
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Figure 4-3: EEGNet Confusion Matrix: Minimum accuracy over subjects and
loss

with small amount of EEG electrodes. Proposed CNN trained and tested with aug-
mented data to maintain high decoding accuracy. The binary BCI system can be
presented with minuscule stimulus effect since the volume of auditory and size of
visual stimulus were barely heard/seen by subjects. The significant ERP responses
were extracted from subject intention. The perceived ERP responses validate ro-
bust endogenous potentials. Therefore, we introduce a stimulus-free binary ERP
paradigm. This proposed paradigm minimizes dependence on the external factors

which are current limitation in oddball paradigm.

In our experiment, we present unobtrusive continuous visual and auditory stimuli
where the magnitude of the auditory and visual stimuli is reduced to the point that
they are barely noticeable. In prior investigations, high stimulation was used to induce
a robust ERP response. Continuous low-amplitude stimulation does not create a
reliable ERP response, but it does serve as a timing mechanism for the user. The

process enables subjects to create endogenous potentials for systems in the form
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Subject Independent: CNN (Training: 7560, Testing: 2800)
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Figure 4-4: CNN Results: Subject Independent

of intention. This method is user-friendly and does not cause fatigue due to high
loudness or flashing visuals. In addition, the proposed solution is advised for patients
who are seriously disabled or who are sensitive to extreme external simulation. The
proposed non-oddball paradigm can be integrated in daily life because of mental task.
Program will perform command when user creates mental responses at appropriate

level of stimulus, otherwise program ignores the rest of the brain signals.

The grand averaged ERP responses of AC and PC for the visual cue were greater
than those resulting from the auditory cue. This is due to the different experimen-
tal protocols of each paradigm. Specifically, subjects were instructed to perform the
mental task 10 times, once every second in the auditory paradigm, while they al-
ternatively performed the mental tasks and ignoring state in the visual paradigm
(see Figure 1). A sufficient inter-stimulus interval between the active mental tasks
not only benefits mental task preparation but also leads to less jitter of the brain

response and thus higher amplitudes in the average. The most remarkable result is
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Subject Independent: EEGNet (Training: 7560, Testing: 2800)
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Figure 4-5: EEGNet Results: Subject Independent

that CNN1 model showed more than 73% of accuracy and EEGNet showed more than

94.5% for all cases. Both CNN models more than 92.5% for all tasks of the subject

independent dataset. Although our CNN results differ slightly from Linear classifier

model results. With a higher than average decoding accuracy, our system still retains

a very reasonable performance rate for a BCI communication system [21].
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Chapter 5

Conclusion and Future Work

The presented approach does not rely on robust stimulation by increasing external
stimulus as conventional oddball-based ERP approaches. The presented design inves-
tigated to increase individual’s intention that produces endogenous potentials with
less auditory stimuli intense. The LPP response, which is the outcome of brain activ-
ity from an active cognitive process, was the major emphasis. This is a further step
from the previous ERP studies [42, 44, 48, 49, 50]. Our study is important for next
studies of BCI application, because proposed system: reduces unintentional command
signalling and interference from peripheral stimulation by reducing the magnitude of
the stimulus.

Tactile paradigm [51], calibration-free classifier model [52] and others studies 53]
were investigated to improve the performance of BCI systems based on traditional
ERP paradigm. This thesis will be useful in the future as an easy-to-implement
technique to improve the performance of many existing ERP systems. We expect
that other researchers will adopt our technique to develop unique and trustworthy

BCI systems that may be used in a practical situation.
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