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OZET

KULLANICI GERIBESLEMELI MAKINE OGRENMESI ILE BEYIN
BIiLGISAYAR ARAYUZU TASARIMI VE UYGULAMASI

Beyin bilgisayar arayiizleri, son yillarin en heyecan verici ve en zorlu arastirma
alanlarindan biridir. Norobilim alanindaki ilerlemeler, bilgisayarlarin islemci gii¢lerinin
artmasi ve yeni nesil makine 6grenmesi yontemlerinin ortaya ¢ikmasiyla beraber bu
alanda umut verici ¢alismalar yapilmaya baglanmistir. Bu ¢alismalar sagliktan egitime,
eglenceden giivenlige, ¢evre etkilesiminden pazarlamaya kadar genis bir alana
yayilmistir. Beyin bilgisayar araytizlerinin gelistirilmesinde en 6nemli noktalardan biri
beyin sinyallerinin hizli, dogru ve robust bir sekilde siniflandirilmasidir. Bu siniflandirma
asamasinda elde edilecek basari, siniflandirma oncesi asama olan sinyal toplama ve
siiflandirma sonrasi agama olan dis aygit kontroliiniin performasina dogrudan ve yiiksek
oranda etki edecektir. Bu tezin temel amaci, motor imagery beyin sinyallerinin bir
evrisimli sinirsel ag modeli gelistirilerek yiiksek performansli bir sekilde
siiflandirilmasi, bir arayiiz yazilimi gelistirilerek siniflandiricinin bu arayiize entegre
edilmesi ve bu arayiiz ile dis bir aygitin beyin sinyalleriyle kontrol edilmesidir. Tezin ilk
asamasinda, literatiirde en ¢ok kullanilan motor imagery verisetlerinden olan BCI
Competition IV — 2A ve BCI Competition IV — 2B verisetleri analiz edilmis ve bu veriler
kullanilarak herhangi bir sinyal 6nisleme yapmadan ham veriler kullanan ve birgok son
teknoloji modelden daha iyi sonuglar elde eden iki evrisimli sinirsel ag modeli
gelistirilmistir (NF-EEG, I1S-EEG). Tezin ikinci asamasinda bir beyin bilgisayar arayiiz
yazilimi gelistirilmistir (NF-BCI). Bu arayiiz, li¢ ana gorevi ger¢ek zamanli olarak yerine
getirebilmektedir. ilk olarak arayiize beyin sinyalleri girmekte ve giren beyin sinyalleri
gercek zamanl olarak arayiiz iizerinde cizdirilmektedir. Ikinci olarak arayiize gelistirilen
NF-EEG ve IS-EEG modelleri entegre edilmistir ve bu modeller sisteme giren sinyalleri
gercek zamanli olarak smmiflandirmaktadirlar.  Ugiincii  olarak arayiiz ile bir
mikrokontrolor baglantis1 kurulmustur ve arayiiz bilgisayar1 ve bir robotik kolu kontrol
edebilmektedir. Tezin {i¢lincli asamasinda ise eklemeli imalat yontemiyle bir robot kol
iretimi yapilmistir ve bu robot kol mekanik ve elektronik bilesenleri bir araya getirilerek
arayiize baglanmistir. Bu sayede hem tekil gorevleri yerine getirebilecek hem de gelecek

arastirmalarda kullanilabilecek bir beyin bilgisayar araytizii gelistirilmistir.
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ABSTRACT

BRAIN COMPUTER INTERFACE DESIGN AND IMPLEMENTATION USING
MACHINE LEARNING WITH USER FEEDBACK

Brain-computer interfaces are one of the most exciting and challenging areas of research
in recent years. With the advances in neuroscience, the increase in the processing power
of computers and the emergence of new generation machine learning methods, promising
studies have begun to be made in this field. These studies have spread over a wide area
from health to education, from entertainment to safety, from environmental interaction to
marketing. One of the most important points in the development of brain computer
interfaces is the fast, accurate and robust classification of brain signals. Success in this
classification stage will directly and highly affect the performance of the signal receiving
stage, which is the pre-classification stage, and the performance of the external device
control, which is the post-classification stage. The main purpose of this thesis is to classify
motor imagery brain signals with high performance by developing a convolutional neural
network model, to develop an interface software and to integrate the classifier into this
interface and to control an external device with brain signals with this interface. In the
first stage of the thesis, BCl Competition IV — 2A and BCI Competition 1V — 2A datasets,
which are the most used motor imagery datasets in the literature, were analyzed and using
these data, two convolutional neural network model has been developed (NF-EEG, IS-
EEG) that use raw data without any signal preprocessing and outperformed many state-
of-the-art models. In the second phase of the thesis, a brain computer interface software
was developed (NF-BCI). This interface can perform three main tasks in real time. First
of all, brain signals enter the interface and incoming brain signals are plotted on the
interface in real time. Secondly, developed NF-EEG and IS-EEG models are integrated
into the interface and these models classify the signals entering the system in real time.
Third, a microcontroller connection has been established with the interface, and the
interface can control the computer and a robotic arm. In the third stage of the thesis, a
robot arm was produced with the additive manufacturing method and this robot arm was
connected to the interface by bringing together the mechanical and electronic
components. As a result of this thesis, a brain-computer interface has been developed that

can both perform individual tasks and be used in future research.



CLAIM FOR ORIGINALITY

BRAIN COMPUTER INTERFACE DESIGN AND IMPLEMENTATION USING
MACHINE LEARNING WITH USER FEEDBACK

Brain Computer Interface (BCI) systems have been developed to identify and classify
brain signals and integrate them into a control system. Even though many different
methods and models have been developed for the brain signals classification, the majority
of these studies have emerged as specialized models. In addition, preprocessing and signal
preprocessing methods which are largely based on human knowledge and experience
have been used extensively for classification models. These methods degrade the
performance of real-time BCI systems and require great time and effort to design and

implement the right method. The novelties of this research are stated below:

e A new CNN architecture has been developed (NF-EEG) that outperforms many
state-of-the-art models without using any signal processing methods. In this way,
labor and time required for signal processing methods were saved, and a

generalizable and robust model with low standard deviations was obtained.

e The effects of different input shape structures on system performance during the
training of CNN models with EEG signals were investigated. For this subject,
which has not been specifically researched in the literature before, the new IS-
EEG architecture has been developed and this model has been trained by selecting
the appropriate input shape structure and outperformed many state-of-the-art

models by using raw EEG data.

e Anew real-time end-to-end brain computer interface software has been developed
(NF-BCI). This interface can read EEG signals and plot them on the interface. It
can perform real-time classification by running NF-EEG and IS-EEG classifiers
in the background. It can also establish a connection with the computer it is
working on and with a microcontroller. By using the classification results it has
obtained, it can control the computer it is working on and an external device

through the microcontroller with pre-defined control scenarios.



SYMBOLS

Pc

We

: Mean

: Standard deviation

: Variance

: Number of biases

: Number of channels

: Size of kernels

: Number of kernels
: Number of parameters

: Number of weights
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ABBREVIATIONS

ANN

AR

BCI

BMI

BOLD

CNN

CPU

CSP

c-VEP

CWD

CWT

DBN

DFT

DNN

ECoG

EEG

EKG
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ERP
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. Artificial neural network
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: Brain computer interface
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: Common spatial pattern
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: Continuous wavelet transform
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: Discrete Fourier transform
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: Electrocardiogram

: Exponential linear unit

: Electromyogram
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: Event related potentials
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. Filter bank common spatial pattern
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FBCSPT : Filter back common spatial pattern time

FFT : Fast Fourier transform

fMRI : Functional magnetic resonance imaging
fNIRS : Functional near infrared spectroscopy
f-VEP : Frequency-modulated visual evoked potential
GA : Genetic algorithms

GPU : Graphics processing unit

HMI : Human machine interface

Hz : Hertz

1/0 . Input/output

12C . Inter-integrated circuit

IC . Integrated circuit

ICA : Independent component analysis
ICSP > In-circuit serial programming
IS-EEG : Input Shape EEG

K-NN . K-nearest neighbors

LDA : Linear discriminant analysis

MEG : Magnetoencephalography

MF : Matched filtering

MHz : Megahertz

MI : Motor imagery

MLP . Multilayer perceptron

moVEP : Motion onset visual evoked potentials
NF-BCI : No-Filter BCI

NF-EEG : No-Filter EEG
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RAM
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RBM
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: Principal component analysis
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: Recurrent neural network

: Read only memory
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. Steady-state visual evoked potentials

Xiv



STD

STFT

SVM

TPU

t-VEP

TVEPs

VEPs

WPD

WT
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: Wavelet transform
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1. INTRODUCTION

In this section, first of all, brain-computer interfaces are introduced and detailed
information about these systems is given. After explaining the basic components and
working principles of these systems, the signal acquisition methods used to obtain the
brain signals needed in the brain-computer interfaces are explained. Researchers have
used various signal preprocessing methods to make the obtained brain signals more
understandable and processable. These preprocessing methods are mentioned after the
signal acquisition methods. After signal preprocessing, various processing and feature
extraction methods are used to extract meaningful information from brain signals. After
the preprocessing sub-section, these methods are also mentioned. The next sub-section
describes how brain signals are classified and what methods are used for classification.
In the following two sub-titles, information is given about the different paradigms used
to develop brain-computer interfaces and the usage areas of brain-computer interfaces. In
the last part of this section, the main purpose of the thesis, the developed methods and
achievements are explained in detail together with the organizational structure of the

thesis.
1.1. Brain Computer Interfaces

Brain Computer Interface (BCI) is the name given to systems that allow external devices
to be controlled via brain signals using software and hardware communication systems.
These systems are also called Brain Machine Interface (BMI) or Human Machine
Interface (HMI). The primary purpose of these systems is to enable people with paralysis
or neurological disorders to gain communication and movement skills. Thanks to these
systems, people can use brain signals as control signals without using their nervous and
muscular systems and interact with their environment through these signals. In this way,
they can use computers, mobile phones, prostheses, auxiliary equipment, peripheral
equipment or any desired device without using their muscular or nervous systems. In
addition, BCI systems are used in entertainment areas for healthy individuals and in

commercial areas for various industries [1-5].



A traditional BCI development process consists of signal acquisition, signal
preprocessing, feature extraction, classification, application interface, and
implementation processes. The generalized steps of a brain computer interface are shown

in figure 1.1.
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Figure 1.1. Generalized steps of a brain computer interface
1.2. Signal Acquisition Methods in BCI
1.2.1. Electroencephalography (EEG)

The most widely used noninvasive method to collect brain signals is EEG [6,7]. EEG
measures voltage fluctuations that occur during electrical current in neurons. To collect
EEG signals, electrodes are placed on the skull and the amplitude of the signals is
measured with these electrodes. Because the number of electrodes that can be placed on
the skull is limited, EEG signals have low spatial resolution. Although EEG signals have
lower spatial resolution, they have better temporal resolution [8]. Environmental noises,
interferences, skull and cortex-based disorders, as well as mental states, fatigue, and
person-to-person characteristics cause EEG signals to have low SNR values. The EEG

signal acquisition session is shown in figure 1.2.
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Figure 1.2. Electroencephalography [9]

EEG signals are classified according to different wavelengths. These classes are shown
in figure 1.3.
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Figure 1.3. Human Brainwaves [10]



1.2.2. Magnetoencephalography (MEG)

With this method, functional neuroimaging is performed by recording the magnetic fields
created by electric currents in the brain using very sensitive magnetometers. In order for
magnetic fields to be perceived, tens of thousands of neurons must act together and in a
certain order. The signal quality in MEG method depends on many factors such as brain
region, number of active neurons, neuron distribution, sequence and depth, and therefore
it has lower spatial resolution than other methods [11,12]. Despite this disadvantage,
MEG method has very high temporal resolution. The reason for this high resolution is
that it measures neuron activity directly, not indirectly. MEG devices are not widely used
because they are expensive, heavy and not portable. The MEG signal acquisition session

is shown in figure 1.4.

Figure 1.4. Magnetoencephalography [13]
1.2.3. Electrocorticography (ECoG)

ECoG is an invasive electrophysiological method used to collect brain signals. Electrodes
are placed under the skull above the epidural to collect brain signals. This method offers
high spatial resolution and high SNR, but has a higher surgical risk [14]. ECoG method
stands out as a lower risk method compared to intracortical signal acquisition methods.

Higher amplitude signals are obtained with ECoG compared to noninvasive signal



acquisition methods. The amplitude of EEG signals is less than 20 qV, and ECoG signals
are greater than 50 qV [15]. Thanks to this feature, ECoG signals are more resistant to
artificial effects and external factors. Also, ECoG signals have higher bandwidth than
EEG signals [16]. Thanks to this higher bandwidth, they offer the possibility to obtain a
wider range of information from the brain, and this capability can help develop more
efficient and high-performance BCI models. In addition to these advantages, the fact that
it is an invasive method and surgical risks limit the use of this method in a wider area.

The method of obtaining ECoG signal is shown in figure 1.5.
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Figure 1.5. Electrocorticography [17]
1.2.4. Intracortical Neuron Recording

In this signal acquisition method, brain signals are collected by placing electrodes in the
cerebral cortex of the person. With this method, high resolution brain signals can be
obtained. With this method, voltage fluctuations from small groups of neurons to large
groups of neurons, spikes and action potentials known as field potentials can be detected.
The electrodes used in this method can be a single electrode or arrays of electrodes. The

intracortical neuron recording method is shown in figure 1.6.



Figure 1.6. Intracortical neuron recording [18]
1.2.5. Functional Magnetic Resonance Imaging (fMRI)

fMRI is a method for monitoring brain activity, allowing to monitor changes in blood
flow in the brain [19]. Like the fNIRS method, the fMRI method uses the blood oxygen
level dependent (BOLD) response [20]. The fMRI method measures the BOLD response
by magnetic rather than optical methods. The penetrating ability of magnetic fields is
better than NIR rays, so the activities in the deeper parts of the brain can be monitored
and information can be collected with the fMRI method. fMRI and fNIRS methods have
similar temporal resolution as they measure blood flow velocity, but the fMRI method
has higher spatial resolution than the fNIRS method. Since fMRI devices are heavy,
expensive, and low in portability, their use is limited. The fMRI signal acquisition method

is shown in figure 1.7.

Figure 1.7. Functional magnetic resonance imaging [21]



1.2.6. Functional Near Infrared Spectroscopy (fNIRS)

fNIRS is a non-invasive functional neuroimaging method using near infrared light [22].
This method uses the light absorption capacity of hemoglobin and measures the amount
of oxygenated hemoglobin and deoxygenated hemoglobin together with near infrared
light. The fNIRS method is a method that creates a functional neuroimage by measuring
hemodynamic responses or blood-oxygen-level-dependent (BOLD) responses [23]. The
BOLD response detects the level of oxygenated or deoxygenated blood in the brain. Level
increases and steady-state level changes other than neural activity indicate activity in
neurons and metabolic changes occurring. fNIRS signals have lower temporal resolution
compared to electrical and magnetic signals. The spatial resolution of this method
depends on the number and distribution of emitter and detector pairs used in the device.
Limitations of light emissivity and spatial resolution do not make it possible to measure
cortical activity deeper than 4 cm from the brain surface with this method. The fNIRS
signal acquisition method is shown in figure 1.8.

Figure 1.8. Functional Near Infrared Spectroscopy [24]



1.2.7. Electrooculography (EOG)

Unlike the previously described brain signals, EOG signals are derived from voltages that
occur as a result of eye movements. These signals can be measured with two electrodes
placed on the face and close to the eye at both ends. EOG signals are often used to improve
the performance of BCI models in the development of hybrid BCI models. In their studies,
the researchers stated that EOG signals have a disruptive effect on motor imagery signals
and they detected and reduced this disruptive effect of the EOG signals they measured,
and they developed hybrid BCI models [25, 26].

1.3. Signal Preprocessing Methods in BCI
1.3.1. Band Pass Filter

A Band-Pass Filter is a filter that transmits signals within a certain range and attenuates
signals outside this range. These filters are designed on the assumption that the brain
produces EEG signals in certain frequency ranges and that signals outside this range are
artificial or disruptive factors. Generally, signals above 1 Hz and below 36 Hz are used

as EEG signals. The band-pass filter is shown in figure 1.9.

f. . cut-off frequency
Vout "€ fe red

Gain = Vin
} < Pass Band >

Bandwidth
B et LT T T —— -

|
-dB >
fL f('e‘nter Frequency (Hz) f”
| (Logarithmic Scale)

Figure 1.9. Band Pass Filter [27]
1.3.2. Notch Filter

The notch filter is used to filter signals of certain frequency. One of the most common

noises when recording EEG signals is power line signal frequencies. It is used to filter



out power line noises that usually occur at 50/60 Hz. The notch filter is shown in figure
1.10.
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Figure 1.10. Notch Filter [28]
1.3.3. Median Filtering

Median filtering is a nonlinear filtering method used for noise reduction. With this
method, the signal is completely scanned to cover each component and each component
is replaced by the median value of the neighboring components. Adjacent component
patterns are called windows, and this windows slides across the entire signal. In one-
dimensional signals, the window represents the first and last few components of the real
component, while in two or more dimensional signals it represents a kernel (square,

radius, or ellipsoidal) region. The median filter is shown in figure 1.11.

Example of Median Filter

Noisy Signal
Median Filtered Signal
| ‘ | m—— sin(2pi)

|
I "|||‘ 1\‘ ‘IIh
Qb \‘ it

2
L L L L '
0.00 0.25 0.50 0.75 1.00

Figure 1.11. Median Filtering [29]



1.3.4. Moving Average Filter

The moving average filter is often used for time series data and provides reduction of
random noise while maintaining sharp step responses. With this method, short-term
fluctuations are smoothed out and long-term patterns and trends are revealed. By
determining a certain number of steps for a series, the values in this step are averaged and
replaced with the first digit of the series. This step is then shifted through the series,
replacing the other values in the series with the mean values. The number of steps to be
averaged can be determined by the type of signal obtained and reveal the desired short or
long-term patterns. The moving average filter is shown in figure 1.12.
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Figure 1.12. Moving Average Filter [30]
1.3.5. Baseline Drift Removal

Baseline drift is defined as a long duration noise and occurs as a result of changing the
fundamental position of the signal. Baseline drift occurs as low-frequency slow
oscillations. The reasons for these shifts can be many different factors. Muscle and eye
movements, brain activity, head and neck movements, fatigue, sweating, movements of
electrodes attached to the head and external factors may be the causes of these shifts.
Baseline drift removal aims to eliminate these noises and shifts. The baseline drift

removal is shown in figure 1.13.
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Figure 1.13. Baseline Drift Removal [31]
1.3.6. Wavelet Denoising

The wavelet denoising method localizes the signal features so that important features of
the signals can be preserved while denoising the signal. With this method, the signal
properties are clarified with high amplitude wavelet coefficients. Wavelet coefficients
with small values are generally considered noise and these coefficients are subtracted
from the signals to preserve the signal characteristics and obtain clearer signals.
Coefficient value limits can be defined by the user and applied to signals according to the

desired result or signal type. Wavelet denoising is shown in figure 1.14.

Figure 1.14. Wavelet Denoising [32]
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1.4. Signal Processing and Feature Extraction Methods in BCI
1.4.1. Principal Component Analysis (PCA)

Principal component analysis is a size reduction method used to analyze large, complex
and multidimensional data. With this method, large multidimensional data sets are
divided into smaller variables that will reflect the data without losing their essential
properties. It is possible that some of the data applied to PCA will lose their properties,
but this method is preferred to make the data more understandable and classifiable. This
method can also be applied to redundant data, that is, to some interrelated variables. In
this way, different interrelated variables can be converted into a lower-dimensional or
single main component, and these components can contain many distinguishing features
of other parameters. PCA is applied to analyze EEG data, reduce the size of the data and
make the data more understandable and classifiable. Principal component analysis is

shown in figure 1.15.
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Figure 1.15. Principal component analysis [33]
1.4.2. Independent Component Analysis (ICA)

Independent component analysis is a computational method of blind source separation
that divides a multidimensional and multivariate signal into interconnectable
subcomponents. When dividing these components, it is assumed that at most one of the
components is Gaussian and the other components are statistically independent from each
other. ICA is used to detect and distinguish artifacts and disrupting factors in EEG signals,
and to solve difficult and complex problems such as source localization processes.

Independent component analysis is shown in figure 1.16.
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Figure 1.16. Independent component analysis [34]
1.4.3. Common Spatial Pattern (CSP)

The common spatial pattern is a feature extraction method for projecting multi-channel
EEG signals into a subspace. With this method, differences between classes are clarified
and similarities between classes are minimized. With CSP, spatial filters are designed to
make the input data more distinguishable and these filters transform the input data into
outputs with optimal variance. CSP models generally perform better with synchronous
BCls that collect signals at predefined time intervals. Due to the non-stationary nature of
EEG signals, asynchronous BClIs do not perform as well as synchronous BClIs. The skull
placement and position of the electrodes required to collect EEG signals can provide more
specific information than other shapes and positions, so the success of CSP models also
depends on spatial resolution. For these reasons, various CSP models have been
developed so that CSP models can perform better. The common spatial pattern is shown

in figure 1.17.
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Figure 1.17. Common spatial pattern [35]
1.4.4. AutoRegressive Components (AR)

The autoregressive components method is a spectral estimation method used to model
signals. Autoregressive models transform one input into a different output. As input,
white noise enters the model and its mean is zero and its variance is g2. In this way, new
EEG signals are produced with linear time-invariant filter properties. It is estimated that
different thinking activities produce different filter coefficients when generating EEG
signals. The purpose of the AR method is to obtain these different filter coefficient values.
These coefficients are used as signal properties. AutoRegressive components are shown

in figure 1.18.
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Figure 1.18. AutoRegressive Components [36]
1.4.5. Matched Filtering (MF)

Matched filtering is a feature extraction method that uses predefined and known EEG
signals and features. With this method, it is aimed to detect signals that match the
predefined EEG signal characteristics. EEG signals produced by individuals are
compared with predefined signal sets. Signals with a high correlation are considered more
distinctive than other signals and the features of these signals are extracted. Matched

filtering is shown in figure 1.19.
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Figure 1.19. Matched Filtering [37]
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1.4.6. Wavelet Transform (WT)

Wavelet transform is a feature extraction method used in many different fields and
different types of data, from audio to video, from biological signals to images. Since this
method can identify and correlate time-frequency properties of signals, it is often used to
extract features from non-stationary signals. This method works in the time and frequency
domains and produces wavelets as a function of various frequencies. The wavelet

transform is shown in figure 1.20.
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Figure 1.20. Wavelet Transform [38]
1.4.7. Sequential Selection

Sequential selection is a method used to detect optimal EEG signal feature sets. With this
method, feature groups are created by adding or subtracting EEG features sequentially.
These selections are made by sequential forward selection (SFS) and sequential backward

selection (SBS) methods. The sequential selection method is shown in figure 1.21.
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Figure 1.21. Sequential Selection [39]
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1.4.8. Genetic Algorithms (GA)

Genetic algorithm is a feature selection and optimization method used to determine which
features in EEG signals are more efficient and usable. This method can automatically

scan to find correlated EEG features.
1.4.9. Hjorth Parameters

Hjorth parameters are quantitative terms used to describe some general characteristics of
EEG signals. These parameters are time dependent but can also be obtained using power
spectrum features. This method provides a link between frequency domain definitions
and time domain estimation. Although the Hjorth parameters depend on the variance
values, complex curves can be obtained by adding these parameters and values together.
Hjorth parameters are activity, complexity and mobility parameters used in feature

extraction for EEG signals.
1.4.10. Event Related Potentials (ERPs)

Event-related potentials are the brain's response to a particular stimulus or stimuli, and
this response manifests itself as very small voltages produced in brain structures [40]. A
non-invasive method, the EEG method, is used to observe these events and measure the
relevant potential values. Thanks to this method, the response of the brain to different
stimuli can be measured non-invasively. During this process, the person connected to the
EEG device is given a visual warning on the screen or an auditory warning with an audio
device. The person's responses to these stimuli are recorded and used as a distinctive
feature in the design of BCI systems. The event-related potentials method is shown in
figure 1.22.
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Figure 1.22. Event related potentials [41]

1.4.11. Fast Fourier Transform (FFT)

L A
100 200 300
Time (ms)

Fast Fourier Transform is used to convert EEG signals from time domain to frequency
domain [42]. In fact, the FFT method is an optimized version of the Discrete Fourier
Transform (DFT). FFT is a faster method than DFT as it removes duplicate terms within

the method while performing the conversion. With this method, a signal is sampled over

a period of time and this signal is broken down into its components. In the time domain,

all the features of the signal can be observed together, while in the frequency domain, the
signal features can be observed separated into independent frequency components.

Thanks to this method, more detailed and distinctive observations can be made in the

frequency domain of signals that cannot be clearly observed in the time domain. The fast

Fourier transform method is shown in figure 1.23.
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Figure 1.23. Fast Fourier transform [43]
1.5. Classification Methods in BCI
1.5.1. Linear Discriminant Analysis (LDA)

Linear discriminant analysis is a supervised learning method used for classification. This
method is used to find linear combinations of features to best distinguish classes in a
dataset [44]. LDA applies size reduction and moves data to a lower-dimensional space to
better distinguish between classes in the dataset. It uses the distinguishing feature spaces
between the classes in the data while doing this reduction. This method assumes that the
data has a Gaussian distribution, can be linearly separated, and that the covariance
matrices of the different classes are equal [45]. LDA is a simple, lightweight and
computationally efficient method that can detect multicollinearity in data. The
disadvantages of this method can be explained as it assumes that each data has a Gaussian
distribution, assumes that the covariance matrices of different classes are equal, assumes
that the data are linearly separable, and does not perform well in high-dimensional feature

spaces. Linear discriminant analysis is shown in figure 1.24.
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Figure 1.24. Linear Discriminant Analysis [46]
1.5.2. Quadratic Discriminant Analysis (QDA)

Quadratic discriminant analysis is a supervised learning method very similar to linear
discriminant analysis. The difference of this method is that the mean and covariance
values of the classes in the data set are not considered equal [47]. In the QDA method,
the covariance matrix is calculated separately for each class and classification is made

using these values. The quadratic discriminant analysis is shown in figure 1.25.

Figure 1.25. Quadratic Discriminant Analysis [48]

20



1.5.3. Support Vector Machines (SVM)

Support vector machines are a supervised learning method used for regression and
classification. This method is a frequently preferred and used method because it requires
low computational power and provides relatively high classification successes [49].
Although it is used in regression problems, it is also frequently used in classification
problems. In the SVM method, classification is done by dividing the data set into a
hyperplane over which it spans. The labeled data used for classification is trained with
the SVM model, and a hyperplane is created to best classify the new data that will enter
the model. In this hyperplane, the classes in the dataset are divided into different regions.
For a two-class dataset, the hyperplane is divided by a line into two planes. For higher
dimensional data, the optimal hyperplane is tried to be obtained [50]. The task of the SVM
model is to determine the boundaries that best separate the classes from each other. The
boundary separating the classes and the data points closest to this boundary from each
class are called support vectors. The support vector machine can be used for linear
classification operations as well as non-linear classification operations. A method called
kernel trick is used for this process. The kernel trick aims to make the data linearly
separable by moving the input data to a higher dimensional space. Some of these kernels
are kernels such as the polynomial kernel and the radial basis function (RBF) [51]. The
SVM method performs well if separation between classes is evident and performs better
in high-dimensional spaces. It also performs well on small datasets and exhibits
robustness to noise. SVM also has advantages such as good generalization performance,
can be used for regression and classification operations, less prone to overfitting, editable
and modifiable. In addition to these advantages, there are also disadvantages such as not
being very suitable for large datasets, poor performance in close class attributes, being
computationally expensive, incorrect kernel selection can greatly affect performance,
memory intensive and not very suitable for multi-class. The support vector machines

method is shown in figure 1.26.
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Figure 1.26. Support Vector Machines [52]
1.5.4. K-Nearest Neighbors (k-NN)

K-nearest neighbors is a non-parametric supervised learning method used for regression
and classification. In this method, the closeness of the new data to be classified to the
previously trained data is calculated [53]. A k number is used while making this
calculation and users can determine this k number according to their own problems. The
closeness of the new data to be classified to k points is calculated with the k-NN classifier,
one of the previously classified data classes. According to this neighborhood proximity,
it is decided in which class the new data will be included. Euclidean distance is often used
when calculating proximity. In K-NN regression operations, the classifier calculates the
mean values of k closest points as output [54]. The closer the K value is to one, the less
stable the model tends to be. Conversely, as the K value increases, the model starts to
work more stable up to a certain value, but after a value the error increases and the model
starts to slow down. This method is simple and easy to implement. The application can
be made quickly by changing the parameters of the existing models without installing a
new model. It can be used to perform tasks such as classification, regression, and search.
However, this method slows down considerably as the number of data and independent

variables increases. The k-nearest neighbors method is shown in figure 1.27.
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Figure 1.27. K-Nearest Neighbors [55]
1.5.5. Riemannian Geometry-Based Classifiers (RGC)

Instead of detecting and classifying temporal or spatial features, the Riemann geometry
classifier method maps data to a geometric space with appropriate metrics [56]. Thanks
to such a space, data can be processed in different ways according to the desired purpose.
These are operations such as smoothing, interpolation, extrapolation, averaging, and
grading. Spreading the EEG data over such an area can enable the computation of
covariance matrices of the data. Riemannian geometry studies are done with smooth
curved spaces, and these spaces can be approached locally and linearly. Curved spaces
are called manifolds. The linear approximations at each point of these manifolds are a
tangent space. The tangential space is equipped with inner products that change smoothly
from each point to the next [57]. This causes a non-Euclidean distance between two
points. This is why external distance is used instead of Euclidean distance. The external
distance is an internal distance adapted to the manifold geometry to which the data is
mapped. The most common matrix manifolds for BCI applications are Hermitian or
symmetric positive definite matrices, Stiefel and Grassmann manifolds [58]. The

classifiers method based on Riemann geometry is shown in figure 1.28.
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Figure 1.28. Riemannian Geometry-Based Classifiers [57]
1.5.6. Artificial Neural Networks (ANN)

Anrtificial neural networks are computational systems inspired by the biological neural
networks of the human brain [59]. These networks are also called neural networks (NN)
or neural nets. ANN models consist of interconnected groups of artificial neurons that
mimic neurons in the biological brain. The connections between these interconnected
artificial neurons transmit signals like synapses in the brain. Artificial neurons receive the
signals transmitted to them, process these signals, and then transmit these processed
signals to the neurons connected to them. The signals entering the neurons are a real
number, and the signals leaving the neurons are the values calculated by some nonlinear
function of the sum of the signals entering it. The structures that connect neurons are
called edges. Each neuron and edge have a weight value that is updated as training
continues in the neural network [60]. The weight value can increase or decrease, and these
increasing and decreasing trends depend on the strength of the signal entering the neuron.
Threshold values can be determined to adjust whether a neuron sends the data it receives
to other neurons after processing it. In neural network models, neurons are grouped to
form groups of neurons called layers. Different layers can be used for different purposes
by making different calculations. The first layer of artificial neural networks is called the
input layer, the last layer is the output layer, and the layers between these two layers are
called hidden layers. Signals enter the model from the input layer, pass the hidden layers,
and exit the output layer. During this journey, the signals follow many connections

according to the structure of the model and zigzag until the output.

To train neural networks, this data needs a known input and a known label. This is a
supervised learning method. During training, the network structure establishes

probability-weighted connections between these inputs and outputs and performs
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classification or regression operations for new data according to these connections. The
neural network determines an error value by comparing the output value obtained during
training with the actual label of the data. The network then updates the weighted
attribution values using this error value. The network continues training until it minimizes
the difference between the output value and the actual data label. When the desired
classification success is achieved by training with sufficient data, the training is
terminated, and the model is ready for use. An artificial neural network is shown in figure
1.29.

Input

Figure 1.29. Artificial neural network
1.5.7. Deep Learning

Deep learning is a learning method of artificial neural network-based models with some
new techniques added and expressing a wider model section. The reason for using the
word deep is that there are many layers in the network between the input and output layers
[61]. Deep learning methods can be supervised, semi-supervised and unsupervised. Deep
learning architectures are methods such as deep neural networks (DNN), deep belief
networks (DBN), deep reinforcement learning, recurrent neural networks (RNN),
convolutional neural networks (CNN), and transformers [62]. These methods, which have
very wide and very different application areas, are used in fields such as computer vision,
machine translation, biomedical signal processing, speech recognition, natural language
processing, virtual reality, bioinformatics, medical image analysis, weather and climate
forecasting, drug design and space research. Deep learning models, with their success,

have achieved better results than human knowledge and experience in many areas [63].
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Deep learning models have been developed to increase the performance of traditional
machine learning methods and to obtain faster and more accurate models. In traditional
machine learning methods, feature extraction and feature selection are done manually,
and it may be necessary to create new features in addition to these. In deep learning
methods, these processes are automated and done by deep learning models. In addition,
these models perform much better in training large, complex and nonlinear data sets. The
disadvantage of these models is that they require high processing power and large

datasets. The deep learning method is shown in figure 1.30.

Deep neural network
Input layer Multiple hidden layers Output layer

Figure 1.30. Deep Learning [64]
1.5.8. Transfer Learning

Transfer learning method refers to methods developed to use pre-trained machine
learning models to solve a new problem [65]. Thanks to this method, it is possible to
apply previously produced solutions and models in BCI and similar fields to the new
problem to be solved. In this way, it is possible to prevent the repetition of labor, work
and costs and to use the information obtained before in solving the current problem. This
method may not require the collection of new data, which is very laborious during training
of limited EEG data and may improve model performances. The transferred content is
also important in transfer learning methods. These transfers can be in the form of features,
parameters, or instances, and these methods are called feature-based transfer learning,
parameter-based transfer learning, and instance-based transfer learning [66]. The transfer

learning method is shown in figure 1.31.
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Figure 1.31. Transfer Learning [67]
1.6. BCI Paradigms (Control Signals)
1.6.1. Visual Evoked Potentials (VEPS)

Visual evoked potentials are modulations of brain activity that occur in the visual cortex
in response to a visual stimulus [68]. These modulations are relatively easy to detect, as
the amplitude of the visually evoked potential signals increases drastically as the stimulus
center approaches the visual field [69]. Visual evoked potentials can be produced by
methods such as flash stimulation or by graphic patterns such as gate, random point map
or control panel cage, and it is the morphology of the optical stimulation that causes these
signals. Visual evoked potentials can be generated according to the frequencies of visual
stimuli. These are responses such as transient VEPs (TVEPS) and steady-state VEPs
(SSVEPS). In order for TVEP signals to be produced, the frequency of visual stimuli must
be below 6 Hz. Higher frequency stimuli are required for SSVEP responses. BCls using
SSVEP responses can be divided into three categories: code-modulated VEP (c-VEP),
frequency-modulated VEP (f-VEP), and time-modulated VEP (t-VEP) BCls [70]. In
addition, VEPs can be produced by field stimulation. These are half-field VEPs, full-field
VEPs, and partial-field VEPs, which are defined by the region where the stimulus is

located on the screen. The visual evoked potentials method is shown in figure 1.32.
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Figure 1.32. Visual Evoked Potentials [71]
1.6.2. Slow Cortical Potentials (SCPs)

Slow cortical potentials are voltage shifts that occur in EEG signals that can last from one
second to several seconds. These voltage shifts are found in EEG signals less than 1 Hz
[72]. Slow cortical potentials arise as changes in cortical activities occur. There are two
types of slow cortical potentials, positive SCPs and negative SCPs. Positive SCPs occur
with decreased activity in individual cells, while negative SCPs occur with increased
neuronal activity. These signals can be generated by both healthy and paralyzed
individuals for use as control signals in BBAs. SCP signals can be used as outputs to
move a prosthesis or a digital cursor [73]. Although such signals are used to make basic
movements, the information contained in these signals is usually low. Additionally, users
must complete months of training and hands-on practice to control SCP-based BCI

systems.
1.6.3. P300 Evoked Potentials

P300 evoked potentials are individuals' response to auditory, visual, or somatosensory
stimuli. These responses are observed as positive peaks within the EEG signals. P300
evoked potentials often appear approximately 300 ms after external stimuli [74, 75].
Some studies have found that the less likely the stimulus is to occur, the greater the
amplitude of the response peak. Users do not need training and experience with BCI
systems that use P300 evoked potentials compared to other BCI systems. However, when
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users use these systems for a long time, it has been observed that the P300 signal
amplitudes decrease as they get used to the stimuli [76].

1.6.4. Sensorimotor Rhythms (Mu and Beta Rhythms)

Sensorimotor rhythms consist of rhythms that occur in the mu band between 7-13 Hz and
in the beta band between 13-30 Hz. Mu band is also called Rolandic band and beta
rhythms are formed as a result of brain activity. Signals in the mu and beta bands are
correlated. Some beta rhythms are a kind of harmonic mu rhythms, but some beta rhythms
can be independent outside of this relationship. Motor movements can be performed to
produce sensory-motor rhythms and cerebral activity can be measured with these
movements. The amplitude of these rhythms can vary depending on the type of motor
movement performed. However, there is no need to physically perform motor movements
to generate sensorimotor rhythms and modulate their amplitude [77,78]. These signals
can also be produced by thinking and mentally rehearsing an action without actual motor
action to generate the signals [77]. Sensory motor rhythms are widely used in BCI systems
because they do not require any physical activity and people can learn to generate these
signals [79,80]. Sensorimotor rhythms can be divided into event-related
desynchronization (ERD) and event-related synchronization (ERS). ERS signals can be
obtained through motor behavior, motor imagery, and sensory stimulation paradigms
[79]. ERD refers to the reduction and suppression of sensorimotor rhythms, while ERS

refers to the increased amplitude of these rhythms.

One of the interesting areas of sensory-motor rhythms is the motor imagery signals that
can be produced by mental activity without any motor action. These signals enable
internal BCI designs, and internal BCI systems are more beneficial than external BCI
systems. Therefore, sensorimotor rhythms and motor imagery signals are extensively
studied in BCI research. BCI systems that use sensorimotor rhythms as control signals
can operate synchronously or asynchronously. It has been determined that these
movements can be detected without physical movement by using sensorimotor signals.
While perceiving these movements, the person does not need to make any physical
movement and thinking that he or she is making a movement allows this movement to be

perceived [81].
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1.7. BCI Applications

Brain computer interfaces allow an external device to be controlled only by brain signals,
without the use of peripheral nerves or muscles. In these systems, brain signals are
identified, classified and converted into control signals. BCI systems have attracted the
attention of researchers due to these capabilities, and by developing these capabilities, it
Is aimed to develop applications that will be beneficial especially for people with severe
motor disabilities. With the increase in research in this area, significant progress has been
made especially in EEG-based BCI applications and various applications have been
developed for both healthy and paralyzed people. The reasons for using EEG signals in
most BCI systems are that EEG is noninvasive, inexpensive, easy to use, portable, and
has high temporal resolution. Patients who have completely lost their motor control, who
have severe cerebral palsy or who are in the last stage of ALS are the primary target
groups of BCI applications. Secondly, there are patients who are almost completely
paralyzed but can perform voluntary movements such as blinking, eye movement, lip
movement. In the third group, there are patients who are disabled but can speak and can
make movements such as hand, arm and eye movements. BCI systems are of great
importance to the first two groups, as these two groups include patients with virtually no
motor control and whose brain signals may be vital to them. It is possible for the third
group to have systems that produce control signals by using their muscles and hand, eye
and arm movements more quickly and efficiently than BCI systems using brain signals.
In addition, BCI is actively used in the detection of epilepsy, schizophrenia, depression
and similar diseases. Today, BCI systems have begun to be used for patients as well as
healthy people. It is used in the analysis of situations and products that people like or
dislike in the field of neuromarketing, as a joystick in the game industry, in monitoring
the emotional states of the players, and in improving the concentration and focusing skills

of the students in the field of education.
1.7.1. Healthcare

Brain-computer interfaces allow people with neurological conditions or limb loss to
communicate with their environment in a variety of ways. It is a great need for people to
communicate and interact with their environment. Researchers are making great efforts

and developing solutions to meet these needs.
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Many BCI applications designed for communication use an on-screen virtual keyboard.
With this virtual keyboard, a person can select letters or symbols on this keyboard using
brain signals and eventually create words and sentences. Communication solutions are
usually made with this method and the feature that distinguishes the systems from each

other is the type of control signal they use. The P300 method is shown in figure 1.33.

Figure 1.33. P300 [82, adapted from [83]]

Visual event-related potentials (VEP) signals have previously been used in P300 speller
applications, but these signals are very difficult to generate for patients who have lost
sight or eye movement skills. To solve these problems, researchers turned to auditory
stimuli instead of visual stimuli and started to use auditory stimuli instead of visual stimuli
[84-87].

Researchers have investigated how smoking and alcohol affect attention and therefore
brain signals [88-92]. Based on this information, the researchers stated that the brain
signals of people with distraction, focusing problems or motion sickness can be followed,
and also EEG signals can be followed to prevent possible distractions and focusing
problems that may cause a dangerous situation [93, 94]. Consciousness level was not only
measured for drivers, but also studies were conducted to measure and monitor the level

of consciousness of healthy individuals [95].

Some neurological diseases, injuries or losses can cause damage or complete loss of
motor functions and senses of individuals. While these losses decrease the quality of life
of patients, they cause patients to need home care services and auxiliary tools and
equipment throughout their lives. Motor restoration applications, which can be obtained

through BCI systems, try to fulfill the motor function abilities of individuals, can enable
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patients to cope with the physiological and psychological problems of the situation they

are in, and enable them to integrate with their social environment.

For these restoration operations, research has been done on mobile robots that perform
various tasks to carry out the daily activities of locked people [96,97]. In addition to these
robots, prosthetic limbs that will perform the functions of various limbs have been
designed and produced and integrated with BCI systems to restore the motor skills of the
patients [98-100]. These systems are also being investigated for the recovery of motor
skills after stroke and for faster control over the nervous systems of individuals during

physiotherapy processes [101,102].

Brain-computer interfaces are also used for early diagnosis of some diseases. These are
diseases such as epilepsy, dyslexia, tumors, encephalitis and narcolepsy. Researchers
have tried to detect these diseases by using brain signals in their studies and have obtained
promising results [103-108]. The early diagnosis of these diseases or the prediction of
their attacks both enable early diagnosis and treatment for individuals and provide
treatment of some diseases before they reach complex dimensions. Especially early
diagnosis and treatment of disorders such as dyslexia is very important for the

development of the skills of growing children.
1.7.2. Environmental Control

One of the areas of use of brain-computer interfaces is systems where people interact with
their environment. These can be smart devices, smart vehicles, smart homes, systems that
can be connected with the internet of things, smart working environments, machines and
equipment that can perform daily tasks or a specific task. These systems can help adjust
the working conditions by monitoring the cognitive status of the operator using any
device, protect the cognitive status of people working under intense stress, and prevent
problems that may arise by monitoring the stress and cognitive level of a doctor who

performs a risky surgery [109-115].

In [116,117], researchers designed a system in which people interact with their
environment using brain-computer interfaces, and with this system, they adapted the
components to be controlled in the user's environment according to the user's situation by

monitoring the cognitive status of the users.
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In addition, distraction or fatigue of people using transportation vehicles can be detected
in advance and the relevant follow-up units can be warned. Researchers have studied the
measures that can be taken to detect these dangerous situations and prevent them from

causing an accident [118-121].

A car company developed a system in which the driver's brain connects with the car and
called this technology Brain-to-Vehicle [122]

When developing this system, the company started from the knowledge that the brain
produces signals before people perform their motor activities and that there is a 0.4-1
second difference between signal production and motor activity. This system aims to
receive the sudden brake signals of the drivers and to activate the system at the same time,
to gain a braking distance of approximately 27 meters at 100 km/h. In addition, with this
system, distraction and fatigue levels of the person can be detected. The brain-to-vehicle

system is shown in figure 1.34.
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Figure 1.34. Brain to vehicle technology [122]
1.7.3. Education

Most brain-computer interfaces used in education use neurofeedback or information
derived from it. Brain signals produced by individuals before, during and after work are

very important. Thanks to this information, people's concentration levels, distraction
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rates, stress levels during learning and post-learning brain activities can be followed.
Another feature of these systems is that they can be customized according to the person.
Considering the different learning skills of each individual, it would be beneficial to use

these systems as support mechanisms for individuals.

At the same time, a solution is being developed through brain-computer interfaces to
rehabilitate the learning and attention of children with neurodevelopmental
developmental disorders [123]. There are also studies that try to make the learning process
faster and more efficient by combining technologies such as BCI technologies and virtual
reality (VR) technologies [124].

Thanks to these tracking systems, people have the opportunity to improve their skills such
as focusing, learning and preventing distraction. Researchers have determined the mental
states of individuals in their studies, offered suggestions to improve them, and suggested

customizable systems [125-129].
1.7.4. Marketing

One of the areas where brain-computer interfaces are intensively researched is marketing
and advertising. These systems can measure people's reactions to a product, environment
or advertisement through brain signals and classify and use these signals according to
people's interests, likes and demands. However, they can also be used to gather feedback
from the propaganda methods used to influence the determination of political preferences.
Researchers have investigated the effects of advertising and marketing techniques,

propaganda and similar content on individuals [130-132].
1.7.5. Entertainment

Brain-computer interfaces are being extensively researched and a wide variety of
applications are being developed not only for people with physical disabilities or limited
mobility, but also for healthy people. BCI's research interests include controlling virtual
vehicles in two-dimensional and three-dimensional spaces, using brain signals instead of
keyboards or joysticks in a computer game, gamification therapy using brain-computer
interfaces for people undergoing stress and rehabilitation therapy and also games

designed to measure levels of stress and meditation for users. [133-135].
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Users can use pre-classified brain signals to move a digital object on the computer. For
example, in a BCl model where right and left motor imagery signals are correctly
classified, users can use these signals to move an object. Given that right hand motor
imagery signals are defined to move an object to the right, the user can generate right

hand motor imagery signals and move that object to the right.
1.7.6. Security and Authentication

Security and authentication-based systems often rely on brain signals produced by
different people or produced by people in different environmental conditions. These
systems can use brain signals produced by people with different characteristics to identify
people. In addition, by detecting different signals produced by the change of
environmental conditions, it can be determined whether people are under any security
threat. Researchers are working to identify different people and to measure and describe

people's responses under different environmental conditions [136-139].
1.8. Aim and Significance

The main purpose of this thesis is to develop a brain computer interface using EEG motor
imagery signals. In order to develop this brain-computer interface, research and
development was done on three fundamental components and a system was formed by

combining these components.

The first of these components is the fast, accurate and robust classification of EEG motor
imagery signals. To fulfill this task, Convolutional Neural Networks were preferred and
two different CNN architectures were developed. These developed models use raw EEG
data without any signal processing. In the second chapter of this thesis, we explained in
detail the effects of signal processing on classification processes and the advantages of
classification with raw data under the title of literature review. The first of the models we
developed is the NF-EEG model, in which input reshaping and data augmentation
methods are used and optimum hyperparameters are selected using a large parameter
pool. This model outperformed many state-of-the-art models in its field and emerged as
a generalizable CNN model with low standard deviation values. The second model we
developed is the IS-EEG model, in which we investigated the effect of different input

shapes on CNN classification performance. For this model, the existing data set was
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converted into 2D and 3D structures and the classification success of these structures was
examined. This model outperformed many state-of-the-art models in its field and the
effects of different input shape structures on system performance were explained in the

results section.

The second component required to develop a brain-computer interface is the development
of interface software that can run the developed CNN models in real time and control a
computer or external device with the classification results. The NF-BCI interface was
developed to achieve this purpose. This interface can read EEG motor imagery signals in
real time. It allows the user to observe the EEG signals by displaying the reading signals
on the interface. The NF-BCI program can run NF-EEG and IS-EEG models in the
background and classify the EEG signals it reads in real time. In addition to these, NF-
BCI software can also perform various control scenarios. In order to realize these
scenarios, it can both connect with the computer it is working with and control an external
device by connecting to a microcontroller. These mentioned control scenarios are
scenarios such as turning the sound of the computer on and off, controlling a robotic arm.
NF-BCI, which can perform all these tasks at the same time, also stands out as a research

platform candidate where researchers can work with their own data and classifiers.

The third component needed to complete the brain-computer interface is a robotic arm
that will act as an external device. In order to realize this aim, the robotic arm, which is
explained in detail in the fourth chapter, has been produced. This robotic arm is in
constant communication with the NF-BCI and performs the desired movements with the
incoming control signals. These movements are opening and closing the palm, moving
certain fingers, turning the arm, etc. These movements are defined on the NF-BCI and
according to the classification results, the robotic arm is provided to make these

movements.

By combining all these components, a real-time end-to-end NF-BCI model has been
developed. Both of the developed classifier models are original CNN models that have
emerged as a result of intensive work. Since these models use raw data, it has eliminated
the need for long signal processing to classify signals. Although the models eliminate this
need, they outperformed many state-of-the-art models and achieved high classification
success. With the IS-EEG model, the effects of different input shape structures, which
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have not been studied specifically in the literature, on classification performance were
investigated. As a result of these examinations, it has been revealed that the choice of
input type is very important in the relevant classification areas. Comparative results and
discussions of these studies are given in chapters 5 and 6. The NF-BClI interface software
Is a new and original interface developed from the ground up. With this interface, both
EEG signals can be displayed in real time, EEG signals can be classified, and an external
device can be controlled by connecting to a microcontroller with classification results. In
addition, NF-BCI aims to be a software that researchers can benefit from with its flexible
structure. Together with the robotic arm, the real-time operation of this entire system has
emerged as a physical movement and has been a beacon of hope for the development of

this system and its use in real life.
1.9. Organization of Thesis

This thesis consists of 7 main chapters. These sections are;
1. Introduction
2. Literature Review
3. Dataset, Tools and Methods
4. NF-BCI: An End-To-End Brain Computer Interface and Its Components
5. Robotic Arm
6. Experimental Results
7. Discussion and Conclusions

In the introduction, it is aimed to make this thesis more understandable by giving general
and comprehensive information about brain-computer interfaces. In addition, the aims

and contributions of this thesis are stated and the achievements are explained.

In the literature review section, information such as the development of brain-computer
interfaces, the methods used, the approaches developed, the results obtained, the

advantages and disadvantages of different methods are given.

In the Dataset, Tools and Methods section, general information about the programming

languages used in the development of the EEG motor imagery datasets, CNN models and
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NF-BCI software used in this study and the programming languages and libraries used in
the programming of the robotic arm are given, and about the stages and for what purpose

they are used. explanations have been made.

There are 3 subtitles in the NF-BCI: An End-to-End Brain Computer Interface and
Components section. The first part is the part where NF-EEG and IS-EEG architectures
and working principles are explained. The second section describes the input shape
designs and explains the methods and purposes of these designs. In the third section, the

NF-BCI software is introduced and the task of each section on the interface is explained.

In the Robotic Arm section, information such as robotic arm design, mechanical and

electronic components of the arm, and motion capabilities of robotic arm are given.

In the Experimental Results section, classification successes of NF-EEG and IS-EEG
models are given with graphics and tables, and these results are compared with many
current models in the literature. The results of the NF-EEG model with and without data
augmentation were also compared among themselves. The results obtained as a result of
using different input shape structures for the IS-EEG model are given and comparisons

are made.

In the Discussion and Conclusion section, all the above-mentioned results were evaluated,
the prominent input shape structures were examined and suggestions for future studies

were presented.
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2. LITERATURE REVIEW

Brain Computer Interface (BCI) is the name given to systems that allow communication
and interaction between a device and the brain. People with neurological disorders,
bedridden, paralyzed, and those who cannot perform their motor functions, can control a
device through their brains using these systems. In addition, it can be used in the fields of
utility tools and entertainment for who do not have any health problems, and it can be
used for commercial purposes for different industries [1-5]. These BCI systems collect
and classify the brain signals of people and turn them into commands. In this way, people
who experience limb loss or cannot control their limbs, can independently control their
artificial or existing limbs with these systems. In addition, these systems have recently
started to be used for post-stroke rehabilitation processes by moving the limbs via brain

signals, not by moving the muscles of the person [140-142].

BCI signals are generally collected from electroencephalography (EEG),
magnetoencephalography (MEG), electrocorticograms (ECo0G), positron emission
tomography (PET), functional magnetic resonance imaging (fMRI), local field potentials
and action potentials, and near-infrared spectral imaging (NIRS). One of the most used
sources from these methods is EEG, because it is non-invasive, low cost, easy to apply
and has high temporal resolution [143]. EEG signals are generally defined as a curse of
dimensionality problem because of non-stationery signals and they have channel
correlation, multi-channel recording paradigm, noise and artifacts and also fast, reliable
and promising systems are systems that can accurately and quickly detect hidden
variables in these physiological signals [144]. EEG-Based BCI systems are applied in
many different areas and there are applications in neuromarketing [4], epileptic seizure
detection [145], BCI-based wheelchairs [146, 147], upper or lower limb assistive robots
[3, 5], neuro entertainment [148] and some similar systems. BCI applications have started
to find a place for themselves in the game and entertainment industry as well. Tetris [149],
World of Warcraft [150] and BrainArena [151] are some of them. EEG-based BCI
systems have different applications such as P300 evoked potentials, visual evoked
potentials (VEP), steady-state visual evoked potentials (SSVEP), motion onset visual
evoked potentials (moVEP), motor imagery (MI) and so on [152, 153]. Motor imagery
classification is a very popular BCI paradigm using the EEG signals. A person can
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generate EEG signals in brain by imagining making any movement (such as hand, arm,
foot movements) without physically moving, and these EEG signals can be collected
through electrodes and classified automatically with this method. There are 5 traditional
steps in EEG motor imagery classification: Signal acquisition, signal preprocessing,

feature extraction, feature selection and classification as shown in figure 2.1.

Figure 2.1. Traditional steps of EEG motor imagery classification

Signal preprocessing methods are used extensively before and during feature extraction
processes and most of the methods used at this stage are designed manually and are based
on human experience and knowledge [154-156] and it is highly likely to cause unwanted
losses on the data with signal preprocessing and feature extraction. In the feature
extraction of EEG signals, it is aimed to extract the information in the time, frequency
and space domains, and with this information, neural networks are trained and
classifications are made. In addition, for the classification of EEG signals, the signals
were converted into 2D images with various preprocessing methods, and these images
were trained and classified with deep learning algorithms. In these studies, mostly a
specific time range or features in the specific frequency range are extracted to detect EEG
features. In order to convert EEG signals to 2D images, the image of the signal at a fixed
time or frequency was extracted, or the average of the images obtained at different times
or frequencies was transformed. EEG signals may contain important information at
different times or frequencies, however, these time and frequency regions may vary from
person to person and these applied methods may cause to missing important information
for classification, low classification success and inability to generalize the models. In
many studies, wavelets [154,157] or short-time Fourier transform (STFT) [155,158] have
been used for time-frequency feature extraction of EEG signals. In [158], researchers
created 2D images from EEG signals using short-time Fourier transform and classified
these images by training them using CNN and stacked autoencoders (SAE) where CNN
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was used to extract the features and SAE was used to do the classification. In [159], the
authors used dynamic frequency feature selection algorithm and wavelet packet
decomposition (WPD) for feature selection. In [160], authors converted EEG signals into
2D images using continuous wavelet transform (CWT) and used CNN to train and classify
these images. In [161], the authors made a choice of time period with desynchronization
/ synchronization (ERD / ERS) and used WPD. In [162], deep learning algorithms used
for the classification of signals such as Electroencephalogram (EEG), Electrocardiogram
(EKG), Electrooculogram (EOG) and Electromyogram (EMG). Another important
feature extraction from EEG signal processing methods is common spatial pattern (CSP)
for space domain [1,161,163]. The performance of the CSP operation varies depending
on the frequency band to be processed. To solve this problem, authors developed a filter
bank common spatial model (FBCSP) [164]. FBCSP creates different frequency bands
and applies the CSP process to these frequencies and uses an automatic feature selection
algorithm among these bands. This process increases the classification accuracy in
general. FBCSP uses a specific time range and ignores the most effective time ranges for
various subjects and therefore cannot use time domain information efficiently enough.
[160] and [165] indicate the best time choice for FBCSP, but the increase in classification
accuracy is not a notable increase. In [166], various EEG paradigms are reviewed and
possible DNN algorithms for each paradigm are discussed. In [144], it was stated that the
neural network architecture used for the classification process, the input data structure
and the frequency range used during the analysis are important in the classification of Ml
EEG signals with deep learning methods. Limited human knowledge and experience may
limit the classification accuracy of these applied methods and systems [167,168].
However, to design a feature manually requires a lot of time-consuming experimentation
and observations, and eventually these features need to be tested and their performance
have to be measured for many different scenarios. In order to solve this problem and to
obtain the needed features, the researchers were able to automatically perform feature
extraction and classification steps using neural networks and they achieved remarkable
results with these structures [169-174]. Recently, the use of deep learning techniques in
the analysis of large data sets has produced promising results and high classification
success [175]. Deep learning methods gave much more successful and stable results in

extracting valuable features and in-depth information from big data compared to
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traditional neural networks. Deep learning techniques have also eliminated most of the
disadvantages such as feature extraction, preprocessing, model changing according to the
subject, and loss of information during training, which rely on human knowledge and
experience and cause time and effort [176]. Deep learning methods are very effective for
Image, video, speech and pattern recognition and very good results have been obtained.
Apart from these data types, it has started to be applied to time series data types and very
good results have been obtained in this field. Deep learning models, which have also been
used in the EEG brain signals classification, have achieved promising results. The most
popular one among deep learning methods is the CNN method, due to its great
achievements in various fields. In addition to CNN, researchers have also used different
neural network structures. The authors developed a CNN by applying techniques such as
the exponential linear unit activation function and batch normalization and aimed to
achieve higher accuracy than FBCSP [177]. In [178], the authors proposed a multilayer
perceptron (MLP) CNN, aiming to achieve a high classification accuracy by separately
processing static energy and dynamic energy. In [179], they proposed a CNN with good
accuracy rates applicable to various BCI paradigms. In [180], researchers used CNN to
extract high-level features from motor imagery signals. In [152], authors applied the
Choi-Williams distribution (CWD) transform, which reflects the energy distribution in
both time and frequency domains, to obtain 2D images from EEG signals. In [172], they
applied fast Fourier transform (FFT) and wavelet package decomposition (WPD) to EEG
signals and compared them. Then they trained the information they obtained in the
frequency domain using deep belief network (DBF) and restricted Boltzmann machines
(RBM). In the classification of EEG motor imagery signals, CNN has achieved better
classification success than other methods [169,171,174,181,182], but there are some
problems to be solved for these methods. Without using any of this signal preprocessing
methods and focusing on neural network modeling, we have proposed a neural network-

based motor imagery classification steps as shown in figure 2.2.
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Figure 2.2. Proposed steps of EEG motor imagery classification

In [183], researchers developed a CNN model for training motor imagery signals by
transferring VGG-16 network parameters via transfer learning. In [184], authors
developed a multi-branch CNN model for the classification of motor imagery signals,
which trains the EEG signals in parallel in 3 different CNN models and collects the results
from these CNNs. The authors of [185] attempted to classify motor imagery signals by
using a deep belief network (DBN). In addition, some studies classified motor imagery
signals by using spiking neural network (SNN) [186,187]. While performing the learning
process, deep neural networks train millions or even tens of millions of learnable
parameters, and they do a lot of matrix multiplication for this training [188-190] causing
a very heavy computational cost. GPUs and TPUs are used to perform these calculations
more efficiently and faster. Neural network structures have gone beyond human
knowledge and experience which make them a limit and have achieved higher
classification accuracies. This method also reduces time and effort for feature design
because neural networks automatically design the appropriate features needed for
successful classification. Existing CNN-based classification methods have been designed
and implemented as single and multiple CNN dimensions [182]. Since EEG signals have
very low amplitude and high noise, various signal processing methods have been applied
to the signals before classification. These signal processing methods can act in a way that
reduces the size and complexity of the signal, but also loses the distinctive features within
the existing signal. In addition, these classification methods may encounter classification
success problems when data to train are insufficient. In the light of all this information,
one of the biggest difficulties in Ml EEG based BCI systems is the lack of large enough
datasets and the inability to train deep learning models deeply enough. Accessible Ml
EEG datasets contain a limited number of subjects and a limited number of trials.
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However, various solutions have been investigated by researchers to deal with this
problem. Collecting EEG motor imagery signals is a very difficult and laborious process.
The same experimental setup and EEG sensor placements need to be set up in the same
way for each subject over and over again, the subjects must not make any physical
movements, they must be trained before the experiment, and they must maintain their
concentration throughout the experiment. Even blinking one's eyes or a strong heartbeat
can distort the EEG signals. For all these reasons, there is very little data collected and
accessible. Researchers have used and developed various data augmentation methods to
reproduce existing data to overcome this problem. Another problem is the preprocessing
of EEG data, which is very sensitive, noisy and difficult to analyze [191,192]. In order to
find meaningful properties and in-depth information contained in EEG signals with time
series data type, researchers generally used certain frequency bands and time intervals
and applied various preprocessing processes to the signals. In addition, many
preprocessing methods have been applied to convert the signals to 2D images. It has been
stated in various studies that different frequency bands contain important information.
However, the preprocessing methods applied to the signals can cause the loss of important
information in such sensitive data and create a limit for the classification success. All
these mentioned problems prevent the creation of a generalized classifier and cause the
creation of customized classifiers that vary from person to person and cause low classifier
accuracies. Considering all the above mentioned in this study, NF-EEG, a new
generalized CNN classifier model has been developed that increases the accuracy by input

reshaping and data augmentation methods without any signal processing.

The distinctive features of EEG signals are obtained by different signal processing
techniques. These distinguishing features are classified and integrated into a control
system or used as a control signal by connecting to a device and it is provided to fulfill

the desired purpose.

Classification processes are done by using signal processing and machine learning models
where distinctive features are extracted manually from EEG signals or by using deep

learning models where feature extraction is done automatically by the model.

As machine learning and deep learning methods, support vector machine [164], random
forest [193], linear discriminant analysis [194], autoencoders [158], artificial neural
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network, deep belief network, recurrent neural network and convolutional neural network
models [134] have been developed and used. In addition, hybrid models consisting of
combinations of these methods and models have also been designed. The purpose of these
methods and models is to analyze the EEG signals correctly and to extract the necessary
distinguishing features. By using these manually or automatically extracted features, it is

aimed to classify the brain signals correctly.

With all these methods mentioned, the main goal is to identify the distinctive features of
the EEG signals and to classify them with a high classification accuracy. In addition, the
designed methods and models are expected to be fast, highly accurate, robust and re-liable
systems. These are very important requirements for real-time brain computer inter-face

systems to be developed.

Signal preprocessing applied to EEG signals, which are very sensitive and difficult to
analyze and understand, are based on a high level of user knowledge and experience [182,
195, 196, 197, 198]. In addition, many different processes are tried and time and energy
is spent to choose the right method [196,199]. However, these processes applied to the
EEG signals can reveal the distinctive features in the signals, but they can also cause the
loss of these features [196,200,201].

In [182], the researchers explained that many feature extraction methods depend on user
knowledge and experience, and they said that these methods may limit the success of the
model. They also stated that detecting the right features requires extensive experience and
observation, which also requires large time and effort. They explained that high
classification accuracies can be achieved and time and effort can be saved with feature
extraction processes performed automatically by neural networks. In [196], the
researchers developed a deep learning network model that performs artifact removing for
EEG signals and compared it with different methods. As a result of this comparison, they
showed that some traditional models cause data loss and revealed that their model is faster

than other models.

Considering all these factors, no preprocessing was applied in this study and training and
classification were made with raw data. The way the data is used during training is one
of the important factors affecting the success of the model [134]. In our literature review,
we observed that researchers use different input shapes in their studies [134, 153, 158,
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160, 182, 195, 199, 200, 202]. We could not find a specific study on the effect of input
shapes on classification performance. This shortcoming was one of the inspirations for
this study. In this study, the effects of different input shapes on system performance were
investigated during the training of EEG motor imagery data with CNN models, which has

not been specifically examined before.

Classifications using machine learning and deep learning, EEG signals are usually
preprocessed, the distinctive features of the signals are extracted, and the developed
models are trained and classifications are made. Studies have shown that Convolutional

Neural Networks among these models give better results than other models [144].

While developing brain computer interfaces, traditionally, there are 7 stages: signal
acquisition, signal preprocessing, feature extraction, feature selection, classification, ap-
plication interface and application. In this study, a leaner and faster BCI development
process is proposed by excluding the signal preprocessing phase using raw EEG signals
and feature extraction and feature selection phases with CNN model design. This pro-

posed methodology is shown in figure 2.3.

Excluded Processes

I

Signal Signal Feature Feature . Application
A . . . Classification 1
Acquisiton Preprocessing Extraction Selection Interface

Application

Input Shape Selection
& CNN Design

Proposed Method

Figure 2.3. Proposed BCI processes.

Researchers have started to train and classify their models with raw data and have
achieved remarkable results. In [195], researchers developed a CNN model using raw

EEG signals. They stated that using all EEG channels in the dataset to train their model
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Is computationally demanding and includes irrelevant features. To avoid this situation
and to create a simpler classifier, combinations with different numbers of EEG channels
were tried. They also tried different data augmentation methods to increase the success
of the classifier. As a result, they explained their optimal channel configurations and data
augmentation methods. In [203], the authors developed a CNN model using separated
temporal and spatial filters and used raw EEG signals. With this study, they searched for
minimal electrode pairs with which they can achieve high classification success and
aimed to accelerate clinical applications by simplifying BCI designs. They stated that pre-
processing methods used for EEG signals can increase the signal-to-noise ratios and
classification success of nonstationary EEG signals, but this is not necessary [203]. In
addition, the researchers used raw EEG data in their studies and achieved good results
[174, 204-206]. The promising results obtained from previous studies with raw EEG data
[174, 182, 195, 199, 203-206] are one of the reasons that encourage us to create a model

using raw data.

Since EEG signals are non-stationary and show variable characteristics depending on
time, covariate shifts occur and it is very difficult to classify these signals with high
performance. The fact that input data distributions vary from person to person and even
in different sessions of the same person makes it very difficult to develop real-time
adaptive systems [207]. Various methods have been developed to prevent the covariate
shift effect in studies using machine learning, signal preprocessing and feature extraction
methods. In [207], authors developed an exponentially weighted moving average model
to detect covariate shifts and designed an ensemble classifier. They updated their model
by adding new classifiers to the ensemble that take into account the changes in the input
data distribution and estimated shifts over time, and then they compared their method

with different studies in the literature.

Feature distributions of train and test sets can be analyzed with density ratio estimation
approaches [207]. Some of these approaches are least-squares importance fitting,
Kullback-Leibler importance estimation procedure [208] and kernel mean matching
[209].

In [210], the authors aimed to identify the most robust spatial filtering approach using a
calibration dataset and a test dataset. They also examined performance variations by
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applying Stationary Subspace Analysis (SSA). Among the Common Spatial Pattern
(CSP), Filter Bank Common Spatial Pattern (FBCSP), Filter Bank Common Spatial
Pattern Time (FBCSPT), Source Power Co-modulation (SPoC), Spectrally Weighted
Common Spatial Patterns (SpecCSP), and Surface Laplacian (SLap) methods, they
showed that FBCSP and PBCSPT methods are the most robust approaches against feature
covariance shift. In addition, after applying the SSA method, they achieved higher

accuracy values in both datasets.

In deep learning methods, including our CNN model, learning takes place layer by layer,
and the output of each layer becomes the input of another layer. Changes that occur in the
input distributions during this type of learning cause a covariate shift in the model and
the hidden layers try to adapt to the new distribution. This slows down the training and
makes it very difficult to train models with saturating nonlinearity [211]. In [212], the
researchers developed the batch normalization layer to overcome this problem. By this
layer, each batch is normalized to have zero mean and unit variance. In this way, each
batch is centered around the zero value and it is ensured that each feature value remains

on the same scale.

In this study, among the deep learning classification methods mentioned above, two
different CNN models (IS-EEG) consisting of the same layers and parameters were
developed for 2D and 3D data structures. BCI Competition 2A and BCI Competition 2B
datasets were used to train and evaluate these CNN models. These used data were
transformed into 8 different input shape structures and the models were fed with these
structures. Training and classification processes were performed separately for each input
shape, and accuracy values for each subject, average training accuracy values and epoch
times were obtained. In the results section, these obtained values are given in tables.
Confusion matrix values and training and validation graphs are shown for each input
shape and finally, comparisons of the obtained results are made. In the discussion section,
the pros and cons of these designed input shape structures are discussed and input shape
structures that can be used in brain computer interface designs are discussed. One of aims
of this thesis is to investigate the effect of input shapes on classification and to propose
classification methods with raw data that will save researchers time and effort in

classifying noisy EEG signals, which are very difficult to train and classify [196,182].
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3. DATASET, TOOLS AND METHODS

In this thesis, it is aimed to compare the proposed methods with other studies and
classifiers by using Graz BCI Competition 1V-2A and Graz BCI Competition 1VV-2B
datasets [212], which are the most used datasets for EEG motor imagery classification.
While developing their methodologies, researchers make great efforts to find the right
input shape structures in which they can achieve the best and stable classification
accuracy [144]. In this study, a 3D input shape structure is proposed to develop a faster

model and achieve a better classification accuracy.
3.1. NF-EEG Datasets

As mentioned above, Graz BCI-IV-2A and Graz BCI-1V-2B datasets were used to train
and test the NF-EEG and IS-EEG models. The BCI Competition IV 2A dataset contains
data collected from 9 healthy individuals with a sampling rate of 250 Hz. These data
consist of four classes: left hand, right hand, both feet and tongue. Motor imagery data
were recorded with two different sessions, training and evaluation, for each person. Each
session contains 288 trials and the dataset contains 5184 attempts in total. Persons sitting
in front of a computer screen were first shown a fixation cross at time t = 0s, and a warning
tone was rung at the same time. Two seconds later, at t = 2s, the left, right, upper or lower
(left hand, right hand, foot and tongue classes respectively) parts were shown on the
screen via an arrow and remained on the screen for 1.25s. In this way, people were asked
to produce the desired motor imagery signals until t = 6s and the fixation cross
disappeared from the screen. After this process, a short break was taken. These trial stages

are shown in figure 3.1.

Fixation Cross Motor Imagery Period

Figure 3.1. BCI Competition IV — 2A signal acquisition session
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In the BCI Competition 1V 2B dataset, there are data collected from 9 healthy individuals,
different from those in the 2A dataset, with a sampling rate of 250 Hz. Data were collected
with 5 sessions for each subject, 120 trials for the first two sessions, and 160 trials for the
last three sessions, with a total of 6520 attempts. This dataset consists of 2 classes as right-
hand and left-hand movements. While collecting data for the people in this dataset, a trial
was started with the fixation cross displayed on a computer screen at time t = 0. Then, an
arrow pointing to the left or right is displayed, indicating that the right-hand or left-hand
movement should be imagined at the time t = 3s, and this arrow remained on the screen
for 1.25 seconds. The person started to imagine the relevant hand movement at t = 4s, and
this process took approximately four seconds. Finally, there was a break of at least 1.5

seconds. These trial stages are shown in figure 3.2.

Fixation Cross Motor Imagery Period

-
10 T(S)

Figure 3.2. BCl Competition IV — 2B signal acquisition session
3.2. IS-EEG Datasets

Graz BCI-I1V-2A and BCI-I1V-2B datasets [212], which are two of the most widely used
datasets for classification of EEG motor imagery signals, were used in this thesis. There
are four different classes in the BCI-IV-2A dataset: left hand, right hand, both feet and
tongue. These data were collected from 9 different healthy individuals with 22 EEG
channels at a sampling rate of 250 Hz and included 288 trials and 5184 attempts. The

dataset contains a different set for training and a different set for testing.

In the BCI-1V-2B dataset, there are two classes as left hand and right hand. These data
were collected from 9 different healthy individuals with 3 EEG channels at a sampling
rate of 250 Hz and included 280 trials and 6520 attempts. The dataset contains a different
set for training and a different set for testing. In order to make an accurate comparison of
the BCI-IV-2B dataset with the BCI-I1V-2A dataset, only the left hand and right hand

classes from the 2A dataset were used.
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3.3. Convolutional Neural Networks

In this study, convolutional neural networks, which is one of the most used methods to
classify EEG signals, were preferred as explained in detail in the literature section. CNN
is a type of neural networks designed to reveal meaningful information and relationships
in data such as time series and image data. CNN models try to obtain relationships within
the data by using matrix calculations intensively.

Convolutional neural network models usually contain three main components. These are
the convolutional layer, the pooling layer, and the fully connected layer. Apart from these,
there are different customized layers such as normalization, dropout etc. A CNN model
starts with a convolutional layer and ends with a fully connected layer. Between these
two layers, there may be layers with very different numbers and parameters. The number
and types of these layers determine the depth and complexity of the model. The
complexity of the model increases as the data entering the CNN model moves towards
the fully connected layer. As complexity increases, the CNN model is expected to reveal

more complex and deeper relationships and features.

Convolution operations take place within the convolutional layers. These operations are
done through structures called kernels that perform matrix operations by scanning a
certain region of the data. Kernel scans all data by hovering over the data. During each
scan, a dot product multiplication is made between the kernel and the data. After these
processes, a feature map is obtained and classification success is determined according to
the success of the model in obtaining a correct map. Pooling layers are used to achieve a
faster and less complex training process by reducing the number of parameters at a user-
specified rate. With the fully connected layer, the classification process is performed
using the features extracted by the CNN model. A CNN model example is shown in figure
3.3.
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Figure 3.3. A convolutional neural network representation
3.4. Anaconda Navigator / JupyterLab

Anaconda Navigator is a graphical user interface for managing different libraries,
environments and packages. Via Navigator, compatibility of different libraries needed in
the programming environment is checked and the loading of incompatible library
versions that may disrupt each other's operation is prevented. In this way, users'
programming environments are prevented from being corrupted. In addition, the libraries
needed are installed, deleted and managed via the user interface, not the terminals. The

Anaconda Navigator graphical user interface used in this study is shown in figure 3.4.

D Anaconda Novigtor - 8 x

{2) ANACONDA NAVIGATOR o

Notebooks

Figure 3.4. Anaconda Navigator graphical user interface
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JupyterLab is a web-based development environment. In this development environment,
certain parts of the code can be run instead of running the entire code each time. Thanks
to this feature, it is possible to work very efficiently in the fields of scientific calculations,
machine learning, deep learning, data visualization and data science. Instead of running
the entire code and searching for specific pieces each time, a section of the code is run
for quick results. The JupyterLab development environment used in this study is shown

in figure 3.5.
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Figure 3.5. JupyterLab development environment
3.5. Python Programming Language

Python is a high-level and object-oriented programming language that has been
frequently used in data science, machine learning and scientific computing in recent
years. Its syntax and easy-to-read structure helped the python language spread rapidly. In
addition to these, the fact that it has a large community and develops efficient and fast
libraries for many different fields has made this language widely used in wider areas. In
this study, python language was used for data reading, writing, editing, visualization
processes and design and training of deep learning models. Libraries such as NumPy,
pandas, SciPy, matplotlib, seaborn were also used with Python.
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3.6. TensorFlow / Keras Libraries

TensorFlow is an end-to-end machine learning platform library that can be used with
python. Thanks to this library, many machine learning and neural network models can be
developed quickly and easily. Keras is also a deep learning API developed for
TensorFlow. Thanks to Keras, deep learning models can be developed in a simple,
flexible and fast way. In this study, GPU supported TensorFlow and Keras libraries were

used.
3.7. Visual Studio Code

Visual studio code is a code editor with very rich and powerful development tools. Thanks
to this editor, many different programming languages can be used simply and quickly
with tools developed specifically for those languages. In addition, it has a large
community and this community members develop new tools, allowing to quickly obtain
useful solutions for many different problems. The visual studio code development

environment used in this study is shown in figure 3.6.
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Figure 3.6. Visual Studio Code development environment
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3.8. Flutter

Flutter is a framework for developing multiplatform applications for desktop, mobile and
web environments and runs on the Dart programming language. We used the flutter

framework to develop the NF-BCI interface software.
3.9. Flet

Flet is a multiplatform framework for developing flutter applications via python. We used
the flet framework to make the NF-BCI and NF-EEG and 1S-EEG models work together.

3.10. Arduino IDE

Arduino integrated development environment is the user interface for communicating
with Arduino boards and uploading programs to the boards. Thanks to this program,
coding can be done through the processing language, libraries needed for Arduino cards
can be downloaded, sensors connected to the cards can be read, and a program can be
uploaded to the microcontroller to control Arduino cards and external devices. We used
the Arduino IDE software to communicate with the NF-BCI and control the robotic arm.

The Arduino development platform is shown in figure 3.7.

@ stetcn

Figure 3.7. Arduino integrated development environment
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3.11. Model Generalization

Generalization is the ability of an artificial neural network to be sensitive to new and
previously unseen data from the same distribution after it has been trained with a
particular data [213] and also the ability to obtain evaluation results close to the
classification success achieved during training. Neural networks are required to be fast,
robust and have high classification success during implementation. In order to develop
models with these capabilities, generalization methods are applied and it is aimed that the
model approaches test successes close to the training success. For this purpose, layers and
parameters such as dropout, normalization, regulators, constraints are used and
hyperparameter fine tuning is performed. Situations such as overfitting and underfitting
may occur that may hinder the generalizability of a model. Overfitting is a situation where
a model results from memorizing the data exactly, rather than finding the relationships
between the data used for training. In this case, although the model achieves very high
training accuracy during training, it achieves very low success in validation and test sets.
Underfitting, on the other hand, occurs when a model cannot find the relationships
between the data used during training, and in this case, the training accuracy values are

very low and the model needs to be developed before starting the testing process.

In this study, kernel constraint and kernel regularizer parameters were used, together with
the above-mentioned dropout and normalization layers, in order to find the relationships
between multidimensional, complex and noisy EEG data and to obtain a generalized
model. These layers and parameters have been optimized with fine tuning and grid search,
overfitting of the model has been prevented and generalizability has been increased.
Optimization processes for generalization and used layers and parameters are explained

in section 4.1.1 and section 5.1.
3.12. Data Augmentation

The ability of neural networks to achieve a good classification success largely depends
on the size of the training data. As the size of the dataset increases, the desired features
are found in the dataset in many different scenarios and forms, thus making it easier for
neural networks to establish relationships within the data. Conversely, if the dataset is

small or insufficient, classification success is usually low.
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The datasets used for classification of EEG motor imagery signals are generally few in
number and these datasets contain a limited number of trials. Strict rules such as the
subject's going through a training and preparation stage for the acquisition of EEG signals,
the person's limb and muscle movements were prohibited, and person’s requirement to
maintain a constant state of focusing while imagining a movement are various obstacles
to the creation of these datasets in large sizes. In order to overcome this problem,
researchers obtained new training data both by making various transformations on the

original data and adding various noises to the original data. [183, 184, 188-190]

In this study, in order to improve the classification accuracy, we augmented the dataset
by applying jittering and scaling operations which explained in [214]. Details of the

jittering and scaling operations and variables are explained below.
3.12.1. Jittering

Jittering or jitter, is a way of simulating additive sensor noise. In order to apply jittering
to the signals, Gaussian distribution was applied with two parameters, standard deviation
(STD) and mean. Gaussian noise was obtained by using all data in each dataset with
different STD values and added to the signals and then these signals added to dataset.

STD values of 0.03, 0.07 and 0.1 and mean values of O were applied.

The probability density for the Gaussian distribution is

1 _'Z.x'-.:e?':

p(x) = —=e 2=
\2mo -

(3.2)
Where & the standard deviation and g is the mean. The square of the standard deviation,

a2, is called the variance.

3.12.2. Scaling

Scaling or scale is the name given to the process that changes the magnitude of the data
by multiplying the data with a random scalar. Random scalar is obtained by using STD
and mean through Gaussian distribution in the scaling process and scaled data is obtained

by multiplying these values with the data. Random scalar was obtained by using all data
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in each dataset with different STD values and the values were multiplied with the signals
and then these signals added to the dataset. STD values of 0.03, 0.07 and 0.1 and mean

value of 1 were applied.

58



4. NF-BCI: AN END-TO-END BRAIN COMPUTER
INTERFACE AND ITS COMPONENTS

In this section, the components of the developed brain computer interface are explained
in detail. These components are;

e NF-EEG & IS-EEG: Developed CNN Architectures
e Input Reshaping
e NF-BCI: A Real Time End to End Brain Computer Interface Software

In the first part, the architectures of the CNN models, the types of layers they contain and
the number of layers, hyperparameter values, the path and transformations of the data
through the models are explained. In the input reshaping section, the designed input shape
models are introduced, how these models are created, how the data are distributed and for
what purposes these models are created are explained. In the NF-BCI software section,
the designed interface is introduced and the functions of the sections on the interface are
explained. In addition, the control scenarios and working principles designed for the robot
arm to be controlled with this software are explained in detail. In the following Robotic
Arm Chapter, the robotic arm, which will act as an external device for the developed
brain-computer interface, is introduced. The mechanical and electronic components of
the robotic arm are introduced, and information is given about the motion capabilities of

the robotic arm, which is ready for use.
4.1. NF-EEG & IS-EEG: Developed CNN Architectures

Within the framework of the methods and problems mentioned in the previous sections,
we developed the NF-EEG model, which is a generalized CNN model that increases the
classification success without applying any signal preprocessing to the raw data. Input
reshaping has been done to make this model faster and more efficient, as explained in the
input shape section above. In addition, we applied two different data augmentation
methods to generate new data from the original data and enlarge the dataset in order to
increase the classification success. The details of the model architecture and input

reshaping methods are explained below.
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4.1.1. NF-EEG Architecture

NF-EEG was developed as a CNN model that performs automatic feature extraction using
raw EEG data. The training process of the model is carried out without developing any
filters for the signals or using existing filters. In order to extract the distinctive and in-
depth information in the signals, this process is carried out automatically within the model
without developing any feature extraction method. CNN structures contain layers such as
convolution, pooling and fully connected layers and in this study, depthwise and
separable convolution layers are used together with the mentioned layers. Convolution
and average pooling layers were used to extract relationships and features, and to perform
classification fully connected layers were used. CNN structures contain relatively fewer
parameters than other neural networks and are less prone to overfitting. The first priority
during model design is to develop a model that extracts data features well, generalizable,
robust, has low standard deviation, suitable for real time BCI systems, has high
classification success, and has appropriate hyperparameters. Previous studies generally
used a filter bank consisting of frequency ranges from 4 to 7 Hz, from 8 to 13 Hz, and
from 13 to 32 Hz and also from 8 to 32 to obtain information in beta and mu bands [191,
192, 215] and also theta band helps to identify difference between motor imagery tasks
[216, 217]. In many studies, researchers used different model parameters for different
subjects and trials and couldn’t generalize the models to work in a wide area according
to these parameters, or they trained many models with different kernel sizes and created
hybrid models. In [182], authors stated that different kernel size values gave better results
in different trials from person to person and even for the same person, and kernel size
value could not be generalized, and they trained more than one model with different

kernel size values.

High variability among individuals can be observed when recording EEG signals.
However, variability can be observed in recordings of EEG signals from a single
individual at different times. In order for the designed brain computer interface systems
to be generalizable, robust and predictable, long-term stability must be established. In
addition, it is important to establish long-term stability in order for the brain computer

interfaces to have steady state performance.
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NF-EEG aims to create a generalized model for all individuals and trials without using or
developing any filter bank or signal preprocessing methods, rather than using signal
preprocessing methods, training multiple models, using different parameters for different
models and subjects, and focusing on to develop models from person to person or from
trial to trial. Besides, for the hyperparameter adjustment of this developed model, it is
aimed to increase the success of the model by using grid search in a wide variety of
parameters. Detailed structure and hyperparameter lists of the developed NF-EEG model

are given in figure 4.1.
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Figure 4.1. NF-EEG Structure
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In the proposed model, first the EEG data converted to L x 1 x Nc form is entered into
the system. Input shape, where B to represent batch size, is a 4D tensor in the form of B
x L x 1 x Nc. Then, the data group as much as the batch size is entered into the batch

normalization block to be normalized among themselves as mini batches.

The normalized data first enters Block 1 and passes through the layers in this block to
extract the temporal features. While extracting these features, convolutional,
normalization, depthwise convolutional layers were used. 1D kernels are used along the
vertical axis to extract time, frequency and space features between CNN layers. Then the
Elu activation function is used, and then the data is average pooled at a rate of 2x1 and
sent to Block 2 with a dropout rate of 0.5. The data coming to Block 2 is again subjected
to the Elu activation process by passing through the convolution, separable convolution
and normalization layers to extract the deep temporal features, and then it enters the

dropout process at a rate of 0.5 by applying 2x1 average pooling and is sent to Block 3.

In Block 3 and Block 4, it was aimed to extract in-depth temporal features within the
signals and to establish temporal and spatial relationships better by passing through the
same layers in Block 1 and Block 2, respectively, but with different parameters. The data
in the form of L x 1 x Nc coming out of Block 4 enters the flatten layer for classification
and is converted to a 1D feature vector. The feature vector is sent to the dense layer for
classification, where it performs classification. After the classification process,
classification success is achieved by testing for each subject and also all data collectively

by evaluation.

In order to determine the model parameters, the classification accuracies were examined
by testing many different combinations from a wide range of options and selections were
made from the model grid search list according to trained model and tested classification

results. Model parameters and grid search lists are shown in figure 4.1 and figure 5.1.
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4.1.2. I1S-EEG Architecture

Two Convolutional Neural Network (CNN) models were created to train and classify the
selected datasets. These models have same layers and parameters and have the
architecture needed to train 2D and 3D data. Signal preprocessing methods used in the
vast majority of studies in this field were not used in this study, training and classification
were made with raw data. It is predicted that the filters used for different wavelengths can
make the distinguishing features blurrier in very sensitive, complex and difficult to
understand EEG signals, and feature extraction is preferred to be done with raw data and
CNN models designed with the right parameters. The developed model is shown in figure
4.2.

Batch Normalization Layer Convolutional Layer B Separable Convolution Layer B Average Pooling Layer B Dropout Layer

Figure 4.2. IS-EEG Architecture

Proposed model starts the training with the batch normalization layer and then data enters
3 consecutive blocks. Each block consists of 3 x (convolution — batch normalization),
separable convolution, batch normalization, Elu activation function, average pooling and
dropout layers, respectively. After these three blocks, the data enters the flatten layer,

dense layer and then is ready for classification.

Since we will start training with raw data in the model we have developed, the data first
enters the batch normalization layer to be normalized. Normalized data enters the
convolutional layer to extract temporal, spatial or spatiotemporal features according to
the input shape structure. Here, the kernel size for 2D and 3D input shapes is [30x1] and
the number of filters is 64. For the batch normalization layers, the momentum is 0.1 and

the epsilon value is 1x10-5. After each triple convolution—batch normalization sequence,
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the data enters the separable convolution layer. In this layer, kernel operations are
performed by factorizing the convolutional kernel into two smaller kernels and then data
is normalized. For the separable convolutional layer, the kernel size is [15x1] and the

number of filters is 64. Then the Elu activation function is applied.

Elu function produce more accurate results by converging cost to zero faster. Where o is

a constant between 0 and 1 defined by user and its expression is as follows:

z , z>0

R(z) = {a. (eZ —1), z<0
The data enters the average pooling layer to reduce the number of model parameters and
perform faster operations by acquiring new features. In this layer, the data is resized by
reducing it by '4. Afterwards, 70% of the data is randomly separated with the dropout
layer, preventing the overfitting tendency of the model. The data coming out of the

dropout layer enters the second block to pass through the same sequence.

In this block, the kernel size for the convolutional layers is [15x1] and the number of
filters is 32. For the separable convolutional layer, the kernel size is [7x1] and the number
of filters is 32. Batch normalization, activation function, average pooling and dropout
parameters are the same as the first block. In the third block, the kernel size for the
convolutional layers is [15x1] and the number of filters is 16. For the separable
convolutional layer, the kernel size is [7x1] and the number of filters is 16. Batch
normalization, activation function, average pooling and dropout parameters are the same
as other blocks. After the data is processed in three blocks, it enters the flatten layer and

the dense layer, and then softmax activation function is applied.
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4.2. Input Reshaping

Input shape structures are one of the most important parameters needed for CNN model
designs to achieve high classification accuracies and researchers have used many
different input shape structures in their previous studies [29]. In this study, it was
investigated whether faster and higher classification success could be achieved by
designing different input shape structures, and these input shape structures were
compared with each other. The signals in these datasets have been converted into 2D and
3D structures with 8 different input shapes for each dataset. The transformed data for each

dataset are explained below.
4.2.1. T x C Structure

With this 2D structure, timestamps data is placed on the horizontal axis and EEG channel

data is placed on the vertical axis. T x C input shape structure is shown in figure 4.3.

Timestamps

Channels

Figure 4.3. T x C input shape structure



4.2.2. Cx T Structure

With this 2D structure, EEG channel data is placed on the horizontal axis and timestamps

are placed on the vertical axis. C x T input shape structure is shown in figure 4.4.

Channels

Figure 4.4. C x T input shape structure

Timestamps

4.2.3. T x C x 1 Structure

This 3D structure was created by adding the third axis to the T x C matrix structure, and
with this structure, CNN models that use 3D matrices as inputs can be used. Tx C x 1

input shape structure is shown in figure 4.5.

Timestamps

Channels

Figure 4.5. T x C x 1 input shape structure
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4.2.4. CxTx1Structure

This 3D structure was created by adding the third axis to the C x T matrix structure, and
with this structure, CNN models that use 3D matrices as inputs can be used. Cx T x 1

input shape structure is shown in figure 4.6.

Channels

Timestamps

Figure 4.6. C x T x 1 input shape structure
4.25.1x T x C Structure

With this 3D structure, horizontal axis is arranged to contain a single column and a single
EEG channel data is placed in this column. Afterwards, the remaining EEG channels as
the third dimension were placed on this axis. 1 x T x C input shape structure is shown in
figure 4.7.
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Timestamps

Figure 4.7. 1 x T x C input shape structure
4.2.6.1x Cx T Structure

With this structure, a single column is placed on the horizontal axis and timestamps data
is placed in this column. The remaining timestamps were placed in the third dimension
and it was aimed to find the relationships in this way. 1 x C x T input shape structure is
shown in figure 4.8.

Channels

Figure 4.8. 1 x C x T input shape structure
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4.2.7. T x1xC Structure

With this 3D structure, the vertical axis has been arranged to contain a single row, and
the data of all EEG channels has been added to this row. Afterwards, the data of the
remaining EEG channels were added as the third dimension. T x 1 x C input shape

structure is shown in figure 4.9.
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Figure 4.9. T x 1 x C input shape structure
4.2.8.Cx1xT Structure

With this structure, timestamps data were arranged in a single row on the vertical axis
and the remaining timestamps data was added as the third dimension. C x 1 x T input

shape structure is shown in figure 4.10.
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Channels

Figure 4.10. C x 1 x T input shape structure

The purpose of these transformations is not only to train the model with 2D data
dimensions, but also to train the model with both 2D and 3D data dimensions to find

temporal and/or spatial features in EEG signals.

To fulfill this purpose, each trial is structured according to the height, width and channel
(H x W x C) parameters of the library used. Height represents the horizontal axis, width
represents the vertical axis and channel represents the third axis. These structures are
matrices formedas TXC,Cx T, TxCx1,CxTx1,1xTxC,1xCxT, Tx1xC,C
X 1 x T, where C represents number of EEG channels, and T represents number of

timestamps.

The aim of these different 2D and 3D matrix structures is to examine the effects of shape
changes, total number of parameter changes, complexity of calculations on classification
speed, robustness and accuracy. Total number of parameters change given in Equations
4.1-43.

W.=K*%CxN  (41)
B.= N (4.2)
P.= W, + B, (4.3)

Where W¢ is number of weights of the convolutional layer, K is the size of kernels used
in the convolutional layer, C is the number of channels of the input, N is the number of
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kernels, B¢ is the number of biases of the convolutional layer and Pc is the number of

parameters of the convolutional layer.
4.2.9. Input Reshaping for NF - EEG

Each trial data was taken with time on the horizontal axis and EEG channel data on the
vertical axis. Therefore, for each trial, dataset converted to matrices where row data refers
to timestamps and column data refers to data from EEG channels. For each trial, a matrix
of L x N¢ structure was obtained, where L representing the timestamp and N¢ the number
of EEG channels. Where N representing the number of trials, a matrix of 1 x L x N

structure was obtained for a trial, and N¢ x L X N¢ structure was obtained for all trials.

In many studies, 2D matrix structures in the form of L x Nc or N¢ X L have been used to
extract EEG features. In this study, by adding another dimension to the 2D data for the
NF-EEG model, the data was converted into a 3D matrix structure. This process has been
done with the aim of reducing the kernel size, the total number of parameters, complexity
of calculations rather than using 2D kernels, collecting each sensor data on a single axis,
scanning temporal information on a channel basis, and speeding up the classification
process. The matrix in the form of L x N¢ in the trial example given above was
transformed into L x Nc x 1 by adding a third axis, and finally, the EEG channels were
transformed into L x 1 x Nc by moving the each EEG channel to the channel section in

the deep learning library used. This transformation is shown in figure 4.11.
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Figure 4.11. Input shape transformation for NF-EEG
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4.3. NF-BCI: A Real Time End to End Brain Computer Interface Software

NF-BCI (No Filter Brain Computer Interface) is a software that visualizes EEG signals
in real time, classifies the EEG signals entering the system with the CNN classifier
running in the background, and converts the classification results into control signals and
can control a computer, external device or a robotic arm. The NF-BCI software main

screen is shown in figure 4.12.

4 NF-BCE A Real Tieme End to End Brain Computer interface. a x
@ NF-BCI: A Real Time End to End Brain Computer Interface

Please Start the Session Random Trial True Class Predicted Class
True Image Predicted Image
Left Hand Accuracy Total Accuracy Right Hand Accuracy

Please Select a Control Scenario from the List to Control the PC, Device or Robotic Arm

Figure 4.12. NF-BCI Main screen
4.3.1. Trial Selection / Random Trial Generator

In this section, the user can select a specific trial so that the signals in the used data set
can be simulated in the system, or can click the random trial button to run the system with
a randomly selected trial by the system. If the random trial button is not used, the system
will use a specific predefined trial. When the random trial button is used, the system
selects a random trial instead of a specific predefined trial. The screens before and after

using the random trial button are shown in figures 4.13, 4.14 and 4.15.

Please Start the Session Random Trial

Figure 4.13. Interface displayed when random trial button is not used
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Please Start the Session Trial Number: 10

Figure 4.14. Interface displayed when using random trial button - 1

Please Start the Session Trial Number: 214

Figure 4.15. Interface displayed when using random trial button - 2
4.3.2. Plot Screen

In this area, the EEG signals entering the system are visualized depending on the number
of channels and the EEG signals are displayed to the user based on time. In this way, the
user has the opportunity to observe the visuals of each EEG channel. When the program
is opened, the plot screen appears as a blank screen. When the user operates the system,
EEG signals are plotted and visualized in real time for each channel. On the vertical axis,
the signal amplitude is shown in microvolts and the corresponding EEG channel is written
in each graph. Figures 4.16 and 4.17 show the images of the plot screen when the program

is opened and the system is running.

Figure 4.16. Plot screen when the program is opened
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Figure 4.17. Display of the plot screen when the system is run
4.3.3. True Class / Predicted Class

In this field, there are the titles of the screens showing the real class of the signals in the

used dataset and the class predicted by our classifier. This part is shown in figure 4.18.

True Class Predicted Class

Figure 4.18. True Class and Predicted Class headers
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4.3.4. True Image / Predicted Image

This area contains two boxes with text and an image. The left box is used to project the
image of the true class to which the EEG signals belong. The box on the right reflects the
image of the predicted class our classifier predicts as a result of the classification of EEG

signals. This area is shown in figure 4.19.

True Image Predicted Image

Figure 4.19. True Image and Predicted Image boxes

Two different images are used to display in the True Image and Predicted Image boxes.
These are the right-hand and left-hand classes that represent the EEG classes in the

dataset. These images are shown in figure 4.20.

b | 4

Figure 4.20. Images representing Right-hand and Left-hand classes

When the system is started and the visualization of the EEG signals is finished, the true
classes of the EEG signals and the predicted classes of the classifier are indicated in the
True Image and Predicted Image boxes with the visuals shown in figure 6.9. If the true
class and the predicted class are the same, the background of the boxes is filled with green
color, otherwise the true class is represented by a green background, while the incorrectly

predicted class is visualized with a red background.
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If the true class is right-hand and the classifier also predicted right-hand, a right-hand
image is added to both boxes and the background of both boxes is filled with green. This
scenario is shown in figure 4.21.

Figure 4.21. Right hand scenario of true class and predicted class

If the true class is left-hand and the classifier predicted left-hand, a left-hand image is
added to both boxes and the background of both boxes is filled with green. This scenario

is shown in figure 4.22.

Figure 4.22. Left hand scenario of true class and predicted class

If the true class is left-hand and the classifier predicted right-hand, a left-hand image is
added to the True Image box and a right-hand image is added to the Predicted Image box.
The background of the True Image box is filled with green, and the background of the

Predicted Image box is filled with red. This scenario is shown in figure 4.23.

Figure 4.23. The scenario where the true class is left-hand and the predicted class is
right-hand
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If the true class is right-hand and the classifier predicted left-hand, a right-hand image is
added to the True Image box and a left-hand image is added to the Predicted Image box.
The background of the True Image box is filled with green, and the background of the

Predicted Image box is filled with red. This scenario is shown in figure 4.24.

Figure 4.24. The scenario where the true class is right-hand and the predicted class is
left-hand

4.3.5. Accuracy Charts

In the accuracies section, there are three different dynamic pie charts and text boxes below
these charts. These charts and text boxes are shown in figure 4.25. NF-BCI records the
true labels, predicted classes, correctly predicted classes, incorrectly predicted classes and
their ratios for each class in the background. On the left are the correct and incorrect
prediction percentages of the true left classes of EEG signals entering the system. This
chart is updated each time the system completes the classification process and its current
rates are displayed on the screen. In the left-hand accuracy box below the left-hand chart,
the ratio of the total number of correctly predicted left-hand classes to the actual total left-

hand classes is expressed as a fraction.
Left Hand Accuracy Total Accuracy Right Hand Accuracy

Figure 4.25. Dynamic accuracy pie charts and accuracy boxes
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In the middle are the total percentages of correct and incorrect predictions obtained as a
result of the classification of the EEG signals entering the system. This chart is updated
each time the system completes the classification process and displays the current rates
on the screen. In the total accuracy box below the middle chart, the ratio of the total
number of correctly predicted left and right hand classes to the actual total left and right
hand classes is expressed as a fraction. While the system continues to run, these rates are
updated after each trial and these rates and values are displayed on the screen. The graph

that occurs while the system is running is shown in figure 4.26.

O

Left Hand Accuracy: 1/ 2 Total Accuracy: 3/ 4 Right Hand Accuracy: 2 / 2

Figure 4.26. Continuous accuracy pie charts and accuracy boxes

On the right are the correct and incorrect prediction percentages of the true right classes
of EEG signals entering the system. This chart is updated each time the system completes
the classification process and its current rates are displayed on the screen. In the right-
hand accuracy box below the right-hand chart, the ratio of the total number of correctly
predicted right-hand classes to the actual total right-hand classes is expressed as a

fraction. The graph that occurs after the system completes the run is shown in figure 4.27.

0 0O

Left Hand Accuracy: 5/ 5 Total Accuracy:8/9 Right Hand Accuracy: 3/ 4

Figure 4.27. Final accuracy pie charts and accuracy boxes
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4.3.6. Control Scenarios

Besides visualizing and classifying EEG signals, the NF-BCI can control a computer,
external device or a robotic arm with classification results. The control section is shown

in figure 4.28.

Please Select a Control Scenario from the List to Control the PC, Device or Robotic Arm

Click to Select a Control Scenario

Figure 4.28. Control scenarios screen

One of the predefined control scenarios can be selected on this control screen. These
scenarios include opening and closing all the fingers of the robotic arm at the same time,
rotating the wrist of the robotic arm, sequentially opening and closing the fingers of the
robotic arm, changing the background color of the computer, muting the computer, and
making an emergency call. The selection screen of these scenarios is shown in figure
4.29.

Please Selec Robotic Arm - Open and Close Palm obotic Arm
Robotic Arm - Rotate Wrist

Robotic Arm - Move Fingers in Order

PC Control - Change Background Color

PC Control - Mute Computer

PC Control - Call Emergency

Figure 4.29. Predefined control scenarios
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Once one of these control scenarios is selected, the NF-BCI establishes a communication
link with the computer, external device or robotic arm in the background. After
establishing this connection, it generates the necessary control signals and transfers them
to the microcontroller and realizes the control scenario in real time. The selected control

scenario screen is shown in figure 4.30.

Please Select a Control Scenario from the List to Control the PC, Device or Robotic Arm

Robotic Arm - Open and Close Palm >

Figure 4.30. Selected control scenario
4.3.7. Start / Stop / End Session Buttons

There are three buttons in this section to start, stop and end the session, these are start
session, stop session and end session buttons. The real-time NF-BCI session is started
with the start session button. Stopping the session waits for the current session to end, and
after the session ends, the general operation is interrupted and then allowed to continue
from where it left off. The end session button waits for the current session to end and ends
the current session after the current trial ends. The start, stop and end session buttons are

shown in figure 4.31.

Figure 4.31. Start / Stop / End Session buttons

NF-BCI plots EEG signals in real time during each trial and updates the subject name
box, true images and predicted images boxes, accuracies charts, and accuracies text boxes
at the end of the trial. After all sessions are completed, the screen shows the total statistics
of previous trials. The screen after the system has finished the trial operations is shown
in figures 4.32 and 4.33.
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Figure 4.32. Final screen of sessions - 1

Subject 9 Trial Number: 71 True Class Predicted Class

EEG Channels
10
ES
-10
0 20 40 60 80 100
Channel 1
5
=
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Left Hand Accuracy: 5 /5 Total Accuracy: 9/ 9 Right Hand Accuracy: 4 / &
0 20 40 60 80 100
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Please Select a Control Scenario from the List to Control the PC, Device or Robotic Arm
20
-5
0 20 40 60 80 100
Channel 3 Robotic Arm - Open and Close Palm e
Start Session Stop Session End Session.

Figure 4.33. Final screen of sessions - 2
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5. ROBOTIC ARM

One of the aims of this thesis is to use the developed CNN models NF-EEG and IS-EEG
and the designed NF-BCI software in real-time control of a robotic arm. NF-EEG and IS-
EEG models outperformed many state-of-the-art classifier models in their fields of use.
In addition, these models we have developed do not perform any signal processing and

use raw data.

NF-BCI software has also been developed in a flexible structure where many different
classifiers, especially NF-EEG and IS-EEG, can be integrated. NF-BCI software can run
NF-EEG and IS-EEG models in real time in the background. In this section, the robot
arm to be controlled with the NF-BCI software is introduced and the developed CNN
models are used during these controls. This section also describes the mechanical

components, electronic components and features of this robotic arm.
5.1. Mechanical Components

In this study, robotic arm parts of the Humanoid Robotic Torso PROTO1 [235] design
were used as a robotic arm. There are eight main parts in this model: fingers, hand, mini
servo — thumb connector, wrist connector, arm body, servo motor bearing, arm rotation
part and servo horns. The 3D models of these parts are purposefully organized and
structured. All parts were then printed using PLA material via a 3D printer. After the
printing process is completed, the parts are mounted to each other using elastic string,
fishing line, screws and strong adhesive and made ready for application together with

electronic component connections.
5.1.1. Fingers

The robotic arm has 5 fingers. The thumb has one knuckle and consists of 2 parts, while
the other 4 fingers have 2 knuckles and 3 parts. The fingers are connected to each other
with elastic string and fishing line. Each finger has full closing and full opening functions.
The fingers can be brought to the desired opening or closing angles by means of the servo

motors to be used. Finger models are shown in figure 5.1.
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Figure 5.1. Robotic arm fingers

5.1.2. Hand

The hand of the robotic arm is modeled to be joined to the fingers from the upper part and
to the wrist from the lower part. The fingers are mounted on the hand with the help of
fishing line and elastic rope. Wrist and hand connection is made by shrink fit and adhesive
on the wrist. There is also a mini servo slot on the hand, allowing a mini servo to be
attached to the thumb. With the servo motor to be placed in this mini servo slot, it is aimed
to make the movement that will enable the thumb to come and go towards the palm. The

hand model is given in figure 5.2.
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Figure 5.2. Robotic arm hand
5.1.3. Mini Servo — Thumb Connector

This part not only connects the thumb and the mini servo, but also connects the thumb to
the hand. It has a mini servo shrink fit slot on the bottom and thumb joints on the front.
This piece and thumb are connected to each other by means of fishing line and elastic

cord. This part is shown in figure 5.3.
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Figure 5.3. Mini servo — thumb connector

5.1.4. Wrist Connector

With the wrist connector, the hand and arm of the robotic arm are connected to each other.
On the upper part of the connection piece, there are threads that will fit into the shrink fit
sockets under the hand. In addition, there are slots for the fishing line threads that will
enable the servo motors to move the fingers and for the connecting cables of the mini

servo motor. The wrist connector is shown in figure 5.4.
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Figure 5.4. Wrist connector

5.1.5. Robotic Arm Body

This part forms the main body of the robotic arm. It connects to the wrist connector part
from the upper part and to the arm rotation slot from the lower part. There is a placement
area and fixing slots for the servo motor bed to be used to place the servo motors that
perform the movements of the fingers on the body. Thanks to this fixation area, the
fixation and storage of the servo motors is provided. There is also a cover that can be
attached and removed from the main body. In this way, changes to servo motors or servo

motor - finger connections are facilitated. The robotic arm body is shown in figure 5.5.
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Figure 5.5. Robotic arm body
5.1.6. Servo Motor Bearing

Servo motor bearing is a part on which four servo motors can be placed and fixed to the
arm body. Thanks to this part, the servo motors that will be used to move the fingers are
fixed and more stable and accurate operation is ensured. Servo motors are placed to form
two columns and two servo motors on top of each other. Four servos to be placed on this
part control a total of five fingers. A servo motor is used to move the thumb, a servo motor
is used to move the index finger, a servo motor is used to move the middle finger, and a

servo is used to move the ring and pinky fingers. Fishing line is used for servo motors to
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move the fingers. Fishing lines for thumb, index finger and middle finger are connected
to separate servo motors. The fishing line used for the ring finger and pinky fingers is
connected to a single servo motor. During the movement of the servos, there are holes for
the fishing line at the end of the servo motor bed so that the fishing lines are in an order
and not mixed with each other. Thanks to these holes, the fishing line used for each finger
is passed through these holes, preventing them from mixing with each other and

preventing each other's movements. Servo motor bearing is shown in figure 5.6.

Figure 5.6. Servo motor bearing
5.1.7. Arm Rotation Part

The arm rotation piece is used to rotate the arm main body about the vertical axis. This
part is connected to the main body of the arm from the upper part. This part is designed
to be fitted with a servo motor. The servo motor placed in the part is fixed and it is
provided to rotate the main body of the arm. Thanks to the servo motor, the robotic arm
can rotate 360 degrees on the vertical axis. In addition, there are holes where the part
connects with the arm main body and on the side for the servo motor cables to pass.
Thanks to these holes on the arm rotation part, the servo motor cables are carried to the

microcontrollers. The arm rotation part is shown in figure 5.7.
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Figure 5.7. Arm rotation part
5.1.8. Servo Horns

Servo horns are connecting parts that are fixed on the gears of servo motors, helping to
convert rotational motion into linear motion. They use the rotational movements of servo
motors to achieve the movement that allows the fingers to open and close. Servo horns
are used for the thumb, index finger and common finger. Fishing line from the fingers is
placed in the gaps on these parts and knotted. One servo horn is used for the ring finger
and little finger, and the fishing line from both fingers is fixed on a single servo horn. The
servo horns fixed to the servo motors are shown in figure 5.8 in order for the fishing line

to gain movement.
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Figure 5.8. Servo horns
5.1.9. Elastic String

Elastic string is used to hold the fingers together and to give flexibility to the fingers.
These elastic strings are connected to each other by passing through the parts forming the
fingers. In this way, both the unusual movements of the finger are prevented, and

flexibility is provided to the fingers so that they can work at different angles.
5.1.10. Fishing Line

Fishing lines are used to make the opening and closing movements of the fingers. The
fishing line threads are passed through the fingers and connected to the servo motor horns.
In this way, depending on the movements of the servo motors, the fingers are given the
ability to move. The flexibility, thickness and durability of the strings used are very

important for the fingers to move at the desired speed and angle.
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5.2. Electronical Components

In order for the robotic arm to move physically, servo motors are needed, and these motors
need to be powered and digitally controlled. Control scenarios and control commands of
servo motors are generated by NF-BCI. In order for these control commands produced
by NF-BCI to move the servo motors, a connection line must be established between the
servo motors and these control commands. This connection line can be set up with
microcontrollers and servo driver shields. In this study, microcontrollers and servo motor
drivers were used to establish this connection line. These parts used are explained in detail

below.
5.2.1. Microcontroller

Microcontrollers are an external device built on an integrated circuit (IC), with CPU
(Central Processing Unit), RAM (Random Access Memory), ROM (Ready Only
Memory), I/O ports, serial and parallel ports, counters and converters. They are computers
that store data in its memory, compile it and get output as a result. Microcontrollers can
successfully implement real-time applications. Because of these features,
microcontrollers can be used in mechatronics, electromechanics, etc. They act as brains

in systems.

In this study, the control signals generated after the control scenario selected on the NF-
BCI are transmitted to the microcontroller. In order to control the robotic arm, the control
cables of the servo motors are connected to the pins of the microcontroller. In this way, a

connection is established between NF-BCI and servo motors.

In this study, Arduino Uno R3 microcontroller was chosen as the microcontroller.
Arduino is a microcontroller platform that can be programmed via computers. Thanks to
the processors and electronic connections on the Arduino microcontrollers, many
different hardware can be controlled and many different applications can be realized.
Arduino IDE program is used externally to program Arduino microcontrollers. Arduino
microcontrollers can also be programmed in different programming languages through
various libraries. The Arduino microcontroller we used in our study is controlled via NF-

BCI. Arduino Uno R3 microcontroller is shown in figure 5.9.
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Figure 5.9. Arduino Uno R3 Microcontroller

Arduino Uno has ATmega328P processor. This microcontroller has fourteen digital 1/0
(input-output) pins, six of which can be used as PWM (Pulse Width Modulation) outputs.
In addition, there are six analog inputs, 16 MHz ceramic resonator, power jack, ICSP
reader, USB connection and reset button. Technical specifications of Arduino Uno

microcontroller are given in table 5.1.

Table 5.1. Arduino Uno R3 Technical specifications

Name Arduino UNO R3
Board

SKU A000066
Microcontroller ATmega328P

Built-in LED Pin 13

Digital 1/0 Pins 14
USB connector

Analog input pins 6

PWM pins 6

UART Yes
Communication

12C Yes
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SPI Yes

I/0 Voltage 5V

Input voltage (nominal) 7-12V
Power

DC Current per /O Pin 20 mA

Power Supply Connector | Barrel Plug

Main Processor ATmega328P 16 MHz
Clock speed

USB-Serial Processor ATmegal6U2 16 MHz
Memory ATmega328P 2KB SRAM, 32KB

FLASH, 1KB EEPROM

Weight 25¢
Dimensions Width 53.4 mm

Length 68.6 mm

However, the pinouts of the Arduino Uno board are given in figure 5.10, table 5.2 and

table 5.3.
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Figure 5.10. Arduino Uno R3 Pinouts
Table 5.2. Analog pinouts
Pin Function Type Description

NC

NC

Not connected

IOREF

IOREF

Reference for
digital logic V -
connected to 5V

Reset

Reset

Reset
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4 +3V3 Power +3V3 Power Rail

5 +5V Power +5V Power Rail

6 GND Power Ground

7 GND Power Ground

8 VIN Power Analog input O
/GPIO

9 A0 Analog/GPIO Analog input 1
/GPIO

10 Al Analog/GPIO Analog input 2
/GPIO

11 A2 Analog/GPIO Analog input 3
/GPIO

12 A3 Analog/GPIO Analog input 4
IGPIO

13 A4/SDA Analog input/12C Analog input 4/12C
Data line

14 A5/SCL Analog input/12C | Analog input 5/12C
Clock line
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Table 5.3. Digital pinouts

JDIGITAL

Pin Function Type Description

1 DO Digital/GP10 Digital pin 0/GPI1O

2 D1 Digital/GP10O Digital pin 1/GPI1O

3 D2 Digital/GP10 Digital pin 2/GPI1O

4 D3 Digital/GP10 Digital pin 3/GPI1O

5 D4 Digital/GP10O Digital pin 4/GP10O

6 D5 Digital/GP10O Digital pin 5/GPI1O

7 D6 Digital/GP10 Digital pin 6/GP1O

8 D7 Digital/GP10O Digital pin 7/GP10O

9 D8 Digital/GP1O Digital pin 8/GPIO

10 D9 Digital/GP10 Digital pin 9/GPI1O

11 SS Digital SPI Chip Select

12 MOSI Digital Main Out
Secondary In

13 MISO Digital Main In Secondary
Out

14 SCK Digital SPI  serial clock
output

15 GND Power Ground
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16 AREF Digital Analog reference

voltage
17 A4/SD4 Digital Analog input 4/12C
Data line

(duplicated)

18 A5/SD5 Digital Analog input 5/12C
Clock line
(duplicated)

5.2.2. Servo Motor Shield

There are electronic boards developed for microcontrollers that are designed and
produced to perform many different tasks easier and faster. These cards are usually
developed to fulfill a specific purpose. They are also used to add additional features that
the microcontroller does not have. In this study, a customized electronic card that can
control servo motors is used in order to control servo motors more easily and efficiently.
This electronic board is the PCA9685 16 Channel 12C PWM/Servo Driver Shield card,
which can control 16 different servos and has an external power input. The servo driver
board used is shown in figure 5.11.
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Figure 5.11. CA9685 16 Channel 12C PWM/Servo Driver Shield

One of the purposes of using this motor driver is that there are insufficient pins on the
Arduino Uno and there will not be enough pins for other tasks. Thanks to this board, both
the pins of the Arduino board are not occupied, and the servo motor connections can be
made faster and more effectively. Another reason why this card is preferred is that it has
an external power input. The Arduino board cannot provide the power needed by the
robotic arm internally. Thanks to this card, the power needed can be added to the card
externally, and thus the total power needed by the servo motors can be easily met. The
servo motor driver board is connected to the inputs on the Arduino board thanks to its
pins. An 12C connection is established between the servo motor driver board and the
Arduino board, and thus 16 PWM outputs are obtained using only 2 pins (SDA and SCL).

5.2.3. Servos

In this study, a total of six servo motors were used to move the fingers of the robotic arm,
to ensure that the thumb moves towards the palm and to rotate the arm around the vertical
axis. Four of these were used to open and close the fingers, one to rotate the arm, and one
to move the thumb towards the palm. A total of six servo motors are five of the same type

and one of them is a different type of servo motor. Five servo motors are used to open
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and close the fingers and rotate the arm on the vertical axis. These servo motors are
MG996R 13 kg Servo Motors. This servo motor is shown in figure 5.12.

Figure 5.12. MG996R 13 kg servo motor

Technical specifications of MG996R 13 kg servo motor are given in table 5.4.
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Table 5.4. Technical specifications of MG996R 13 kg servo motor

Property Description

Brown Wire Ground wire connected to the ground of
system

Red Wire Powers the motor typically +5V is used

Orange Wire PWM signal is given in through this wire

to drive the motor

Operating Voltage +5V
Current 2.5A (6V)
Stall Torque 9.4 kg/cm (at 4.8V)

Maximum Stall Torque

11 kg/cm (6V)

Operating speed 0.17 s/60°
Gear Type Metal
Rotation 0°-180°
Weight 55¢g
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SG90RC Mini Servo Motor is used to enable the thumb to close and open towards the

palm. This servo motor is shown in figure 5.13.

Figure 5.13. SG90RC Mini Servo Motor

Technical specifications of SG90RC mini servo motor are given in table 5.5.

Table 5.5. Technical specifications of SG90RC mini servo motor

Property Description

Brown Wire Ground wire connected to the ground of
system

Red Wire Powers the motor typically +5V is used

Orange Wire PWM signal is given in through this wire
to drive the motor

Operating Voltage 4.8-6.0V
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Current 2.5A (6V)

Stall Torque 0-5 kg/cm
Maximum Stall Torque @6V: 1.8 kg.cm
Operating speed 0.06 - 0.12 sn/60°
Gear Type Plastic

Rotation 0°-180°

Weight 99

Dimensions 23.1x12.2x 29 mm

5.3. Connections and Assembly

Different cables are used to establish communication between computer, microcontroller,
servo motor shield and servo motors. USB connection has been established between NF-
BCI (computer) and microcontroller. The connection between the microcontroller and the
servo motor driver is established by interlocking the input pins on the microcontroller and
the output pins on the servo motor driver. Cable connections have been established
between the servo motor driver and the servo motors via PWM outputs. While the system

is running, all these connections are protected, and they all work simultaneously.

All these mechanical, electronical and connection parts mentioned above are brought
together and the system is brought together to work in real time. While the system is
running, all the mentioned parts are actively used, and all connections are protected. The
assembled and operational state of the system is shown in figure 5.14.
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Figure 5.14. Assembly of the robotic arm
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5.4. Motion Scenarios

The movements that the robotic arm can do, such as opening and closing the palm,

sequentially opening and closing the fingers, moving the thumb and rotating the robot

Figure 5.15. Opening and closing the palm

Figure 5.16. Sequentially opening and closing the fingers

arm, are shown in figures 5.15 — 5.18.
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Figure 5.17. Moving the thumb

Figure 5.18. Rotating the robotic arm
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6. EXPERIMENTAL RESULTS

6.1. NF-EEG Experimental Setup

In this study, python was used as development language and to develop deep learning
algorithms TensorFlow and Keras libraries were used. 12 core 3.80 GHz processor, 32
GB ram as memory and GeForce RTX 2080 Super as GPU were used. As mentioned
before, there are separate training and test sets in the datasets. All the training processes
were done only by using training sets, and then the trained model was tested with the
unseen test sets. Training sets were separated as 80% training and 20% validation sets,
and the model was trained by performing 5-fold cross validation. Total number of samples

for training, validation and test sets are shown in table 6.1.

In order to prevent overfitting, the validation loss value was used as a variable and early
stopping was applied and sparse categorical cross entropy was used as loss function. If
the validation loss value did not decrease during the repetitive 100 epochs, the model with
the best validation loss value was selected among the last 100 epochs, and evaluation was
made on the test set with this model. Evaluation process was implemented separately for
each subject’s data to measure each subject’s accuracy. Many different model
combinations including different layer numbers and different layer types were examined
to determine the model architecture, and many different values were tested for many
hyperparameters by applying grid search to determine the model hyperparameters, and
the hyperparameters that gave the best classification success were selected from this
hyperparameter pool. Grid search lists and selected hyperparameters are shown in figure
6.1.
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Figure 6.1. NF-EEG hyperparameters and grid search lists

In this section, total of three main data groups as two-class (left hand, right hand) BCI
Comepetition 1V 2A data, two-class (left hand, right hand) BCl Competition IV 2B data
and four-class (left hand, right hand, both feet and tongue) BCl Competition 1V 2A data
were trained and classified separately. The developed NF-EEG model and state-of-the-
art CNN-based models and other deep learning and machine learning methods were
compared. In addition, the results before data augmentation were compared with the
results after data augmentation, and the results before the input reshaping with the results
after the input reshaping were also compared. Also, different data augmentation methods
were compared with each other. The classification results of the compared methods were
taken as the values stated in the researchers' own papers for the models they trained and
classified on the same datasets. The highly cited and recommended EEG-Net [169],
ShallowConvNet [174] and DeepConvNet [174] EEG classification models were also
adapted to existing datasets and retrained with reference to the model structures and
parameters specified in their papers for a fair comparison and these classification results
were used for comparison. Considering the information mentioned in the previous
sections, NF-EEG, which was developed using raw data without any signal
preprocessing, achieved the best classification accuracy comparing to all state-of-the-art
models. Classification accuracy comparison tables and graphs are explained in detail in

the following sections.
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Table 6.1. Number of samples for training and test sets

Number of Samples
Training Set  Validation Set Test Set

Dataset Classes (%80) (%20) (Unseen Data)
2 Class BCI-IV-2A  Left Hand, Right Hand 930 233 1183

2 Class BCI-1V-2A  Left Hand, Right Hand 6513 1628 1183

w/ Augmentation

2 Class BCI-1V-2B  Left Hand, Right Hand 2421 605 2241

2 Class BCI-1V-2B  Left Hand, Right Hand 16946 4236 2241

w/ Augmentation

4 Class BCI-1V-2A  Left Hand, Right Hand, 1862 466 2368

Foot, Tongue
4 Class BCI-IV-2A  Left Hand, Right Hand, 13037 3259 2368

w/ Augmentation Foot, Tongue

6.2. Performance of The Input Reshaping for NF-EEG

Input reshaping operations have provided great and significant improvements in
classification accuracy. Among the first three subjects with the highest results and highest
increase in BCI-1V-2A dataset, the classification accuracy increase rate was 62.83% for
subject 2, 54.64% for subject 8, 51.78% for subject 1 and 44.67% on average. BCI-1V-
2A input reshaping results are shown in figure 6.2. For the BCI-IV-2B dataset, the
classification accuracy rate increased by 36.97% for subject 2, 35.08% for subject 3,
23.95% for subject 5 and an average of 17.01%. BCI-I1V-2B input reshaping results are

shown in figure 6.3.

Also, as mentioned earlier, this input reshaping process has reduced the number of
complex computations for the layers to wander along the 2D data axes of the kernels and
considerably shortened the time required for each epoch. A shortening of 2.57 times for
the 3-channel 2B dataset and 10.75 times for the 22-channel 2A dataset has occurred. As
expected, as the number of channels increases, the gain in the 22-channel dataset was
higher than in the 3-channel dataset, as the kernels would have to scan a larger area. With
this striking change, it is clearly seen that the time to be gained during the training of
models that has multi-channel and multiple epochs is quite high. The times taken for an

epoch are shown in table 5.2.
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Table 6.2. Epoch time comparison of models before and after input reshaping

Dataset BCI-IV-2A BCI-1V-2B
Input Shape LxNcx1l Lx1xNc LxNcx1 Lx1xNc
Epoch Time 43 seconds 4 seconds 18 seconds 7 seconds
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Figure 6.2. Classification performance of different input shapes for BCI-1V-2A
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Figure 6.3. Classification performance of different input shapes for BCI-1V-2B
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6.3. Performance of The Data Augmentation Methods for NF-EEG

As a result of the jittering and scaling processes applied to the datasets, among the first
three subjects with the highest results and highest increase in BCI-IV-2A dataset, the
classification accuracy increase rate was 15.39% for subject 9, 7.86% for subject 6, 7.63%

for subject 2, and 4.42% on average. BCI-1V-2A data augmentation results are shown in
figure 6.4.

Classification Performance of Different Data Augmentation Methods for BCI-IV-2A
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Figure 6.4. Classification performance of different data augmentation methods for BCI-
IV-2A

For the BCI-IV-2B dataset, the classification accuracy rate increased by 12.43% for
subject 3, 5.29% for subject 9, 4.30% for subject 6 and an average of 2.59%. BCI-1V-2B
data augmentation results are shown in figure 6.5.

Classification Performance of Different Data Augmentation Methods for BCI-IV-2B
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Figure 6.5. Classification performance of different data augmentation methods for BCI-
IV-2B
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Training and validation accuracies and losses were recorded during training of datasets.
These records include information according to number of epochs. These records include
information before and after data augmentation and their graphs are shown in figure 6.6,

figure 6.7, figure 6.8 and figure 6.9 respectively.

Training and Validation Accuracy Training and Validation Loss
12
100

= Training Loss

10 Validation Loss
20
1 - o Iluv
T 1 L o M T
g ® f
§ 0 § e \ !l,.‘ L ‘ J Mx Ly 'VJ
e AT W phib
= Training Accuracy 0z
o Validation Accuracy
1] 50 00 150 200 250 00 oo 1] 50 00 150 200 250 00
Mumber of Epochs Mumber of Epochs

Figure 6.6. Training and validation accuracies and losses for 2 Class BCI-1V-2A
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Figure 6.7. Training and validation accuracies and losses for 2 Class BCI-1V-2B
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Figure 6.8. Training and validation accuracies and losses for 4 Class BCI-1V-2A
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Figure 6.9. Training and validation accuracies with and without data augmentation

6.4. BCl Competition 1V 2A — 2 Class Performance Comparison for NF-EEG

In this section, the proposed method is compared with the methods developed with the 2-

class BCI-IV-2A dataset. NF-EEG achieved the best average classification accuracy

results among all models compared. Among the first three subjects with the highest results

and highest increase in 2-class BCI-1V-2A dataset, the classification accuracy increase
rate was 11.41% for subject 2, 5.43% for subject 7, 3.80% for subject 4 and 2.20% on

average. This model has a lowest standard deviation as 3.46 among all models compared.

BCI-1V-2A 2-class performance comparison results are shown in table 6.3 and in figure

6.10.

Table 6.3. Classification accuracy comparison of state-of-the-art methods for 2-class

BCI-IV-2A dataset

Method Sl S2 S3 S4 S5 S6 S7 S8 S9 AVG
DFFS [159] 63.69 6197 9109 6172 6341 66.11 5957 62.84 84.46 68.32
WTRCSP [218] 88.89 5486 96,53 70.14 6597 6181 8125 9583 90.97 79.40
ALCSD [219] 90.28 54.17 93.75 64.58 57.64 6528 6520 9097 8542 73.84
TLCSD [219] 90.28 57.64 9514 6597 61.11 6528 61.11 091.67 86.11 74.92
EMD-MI [220] 66.71 6390 7780 6320 7220 70.10 6460 7640 771 70.20
SS-MEMDBEF [221] 91.49 60.56 94.16 76.72 5852 6852 7857 97.01 9385 79.93
EEG-Net [169] 7292 6990 7499 7872 9333 8263 9129 7290 7277 78.75
DeepNet [174] 68.67 68.20 71.34 7355 9333 7244 7957 67.16 77.38 75.12
ShallowNet [174] 69.38 69.61 77.18 8045 91.11 76.22 90.29 76.13 7892 78.84
HS-CNN [182] 90.07 80.28 97.08 89.66 97.04 87.04 9214 9851 9231 9157
NF-EEG 9149 8944 9562 93.10 9481 88.89 97.14 9925 9231 93.56%

% indicates p < 0.05 in Wilcoxon signed-rank test.
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Classification Accuracy Comparison of State-of-Art Methods on 2 Class BCI Competition IV - 2A
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Figure 6.10. Classification accuracy comparison of state-of-the-art methods for 2-class
BCI-IV-2A dataset

6.5. BCI Competition IV 2B — 2 Class Performance Comparison for NF-EEG

In this section, the proposed method is compared with the methods developed with the 2-
class BCI-IV-2B dataset. NF-EEG achieved the best average classification accuracy
results among all models compared. Among the first three subjects with the highest results
and highest increase in 2-class BCI-1V-2B dataset, the classification accuracy increase
rate was 6.90% for subject 2, 3.25% for subject 9, 2.43% for subject 1 and 1.00% on
average. This model has a standard deviation as 8.13. BCI-IV-2B 2-class performance

comparison results are shown in table 6.4 and in figure 6.11.
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Table 6.4. Classification accuracy comparison of state-of-the-art methods for 2-class

BCI-1V-2B dataset

Method S1 S2 S3 S4 S5 S6 S7 S8 S9 AVG
BSP BCI [222] 77.00 65.00 60.5 96.00 82.00 84.50 75.00 90.50 87.50 80.00
FBCSP [164] 70.00 60.00 61.00 97.50 92.80 81.00 77.50 92.50 87.20 80.00
HCRF [163] 80.00 66.00 53.00 98.50 93.50 89.00 81.50 94.00 90.50 83.00
DFFS [159] 73.20 67.50 63.00 97.40 9550 86.70 84.70 95.90 92.60 84.10
WPD+SE-IM [161] 84.58 66.25 62.92 95.83 89.17 97.92 82.08 86.25 97.08 84.68
FDBN [172] 81.00 65.00 66.00 98.00 93.00 88.00 82.00 94.00 91.00 84.00
CNN-SAE [158] 76.00 65.80 75.30 95.30 83.00 79.50 74.50 75.30 73.30 77.60
RSMM [223] 7250 56.43 55.63 97.19 88.44 78.75 77.50 91.88 83.44 77.97
ALCSD [219] 71.90 50.00 52.80 93.40 54.40 73.10 62.20 77.80 75.00 67.90
TLCSD [219] 70.30 50.60 52.80 93.80 63.80 74.10 61.90 83.10 77.20 69.70
EMD-MI [220] 62.80 67.10 98.70 88.40 96.30 75.30 72.20 87.80 85.30 81.60
EEG-Net [169] 71.49 61.22 76.96 93.49 97.07 72.11 92.67 83.04 73.47 80.72
DeepNet [174] 64.47 60.00 73.04 7459 89.38 7131 83.62 90.87 59.18 74.16
ShallowNet [174] 66.67 65.31 73.91 80.13 95.24 67.33 90.95 89.13 61.22 76.89
HS-CNN [182] 80.50 70.60 85.60 94.60 98.30 86.60 89.60 95.60 87.40 87.60
NF-EEG 8246 7547 78.70 96.74 98.53 86.85 91.61 95.04 90.24 88.40%

% indicates p < 0.05 in Wilcoxon signed-rank test.
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Figure 6.11. Classification accuracy comparison of state-of-the-art methods for 2-class

BCI-1V-2B dataset

6.6. BCl Competition IV 2A — 4 Class Performance Comparison for NF-EEG

In this section, the proposed method is compared with the methods developed with the 4-

class BCI-IV-2A dataset. NF-EEG achieved the best average classification accuracy

results among all models compared. Among the first three subjects with the highest results

and highest increase in 4-class BCI-1V-2A dataset, the classification accuracy increase
rate was 12.61% for subject 4, 5.55% for subject 2, 3.38% for subject 6 and 2.56% on

117



average. This model has a standard deviation as 7.35. BCI-1V-2A 4-class performance

comparison results are shown in table 6.5 and in figure 6.12.

Table 6.5. Classification accuracy comparison of state-of-the-art methods for 4-class

BCI-IV-2A dataset

Method Sl S2 S3 S4 S5 S6 S7 S8 S9 AVG
DFFS [159] 63.69 61.97 91.09 61.72 63.41 66.11 59.57 62.84 84.46 68.32
EMD-MI [220] 66.70 63.90 77.80 63.20 72.20 70.10 64.60 76.40 77.10 70.20
EA-CSP-LDA [194] 87.50 56.25 98.61 73.61 50.00 64.58 68.75 89.58 72.93 73.53
EEG-Net [169] 77.73 63.07 86.52 73.61 68.58 61.60 79.17 67.94 56.03 70.69
DeepNet [174] 7475 62.24 8229 7298 7094 61.74 8298 66.25 5159 69.74
ShallowNet [174]  75.82 60.12 8559 69.04 68.41 54.30 80.09 68.10 59.17 69.36
WTRCSP [218] 88.89 51.39 96.53 70.14 54.86 71.53 81.25 93.75 93.75 78.01
TLCSD [219] 90.28 54.17 93.75 64.58 57.64 65.28 65.20 90.97 85.42 73.84
C2CM [224] 87.50 65.28 90.28 66.67 62.50 45.49 89.58 83.33 79.51 74.46
FBCSP-SVM [164] 85.31 64.51 90.00 64.02 73.66 52.72 92.10 88.62 72.10 75.89
FBCNet [225] 85.76 61.07 94.51 68.84 8254 58.71 93.08 86.21 80.54 79.03
NF-EEG 83.63 68.90 90.11 82.89 75.72 73.95 89.53 86.72 78.03 81.05%

% indicates p < 0.05 in Wilcoxon signed-rank test.
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Figure 6.12. Classification accuracy comparison of state-of-the-art methods for 4-class

BCI-IV-2A dataset

6.7. Statistical Information of NF-EEG Models

In this section, statistical data of the developed NF-EEG model were calculated and these

data were compared with previous studies. In this context, the average accuracy values of

the compared models for each dataset were calculated according to the subjects. These

values were compared with the accuracy values of the proposed method and the average
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accuracy increase rates (IR) were calculated. Although it has different ranges in each
dataset, it has subject-based accuracy increase rates ranging from 0.43% to 39.51% for

all datasets. These values are shown in table 6.6.

Table 6.6. Subject-Based average accuracy increase rates of NF-EEG according to

compared models.

2 Class BCI-IV-2A 2 Class BCI 1V-2B 4 Class BCI-1V-2A
NF-

Average NF-EEG IR®  Average NF-EEG IR® Average EEG IR
Subjectl  79.24 91.49 15.46 73.49 82.46 12.20 80.36  83.63 4.07
Subject 2 64.11 89.44 39.51 62.45 75.47 20.84 60.36  68.90 14.15
Subject 3  86.91 95.62 10.03 67.41 78.70 16.75 89.72 90.11 0.43
Subject4  72.47 93.10 28.47 92.94 96.74 4.09 68.04  82.89 21.83
Subject5  75.37 94.81 25.80 87.46 98.53 12.66 65.89  75.72 14.93
Subject6  71.54 88.89 24.25 80.35 86.85 8.09 61.11 73.95 21.02
Subject 7 76.36 97.14 27.21 79.19 91.61 15.68 77.85  89.53 15.00
Subject8  82.94 99.25 19.66 88.51 95.04 7.38 79.45  86.72 9.15
Subject9  83.93 92.31 9.99 81.43 90.24 10.82 73.87  78.03 5.63
Average 77.09 93.56 21.37 79.33 88.40 11.44 73.01 81.05 11.02

* Increase Rate

Along with all these information, the true positive, false positive, false negative, and true
negative rates and amounts of the NF-EEG model for each dataset and each class are
shown with confusion matrices in figure 6.13, 6.14 and 6.15. In addition, the average
precision, recall, F1 score, kappa and standard deviation values of the proposed model

are given in table 6.7.
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Figure 6.13. Confusion matrix of 2 Class BCI-IV-2A
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Figure 6.14. Confusion matrix of 2 Class BCI-1V-2B

500
E 501 /593
o 84.5%
3 400
c;; é 4857590
sz 82.2% 300
E ©
E
3 § os%
'_
el 33 33 62 457 1585 100
'5 5.6% 5.6% 10.6% 78.1%
Left Hand Right Hand Foot Tongue
Predicted Imagery Labels
Figure 6.15. Confusion matrix of 4 Class BCI-1V-2A
Table 6.7. Statistical values of NF-EEG models.
Dataset Precision Recall F1Score Kappa STD
2 Class BCI-IV-2A 0.938 0.937 0.937 0.873 3.461
2 Class BCI-1V-2B 0.886 0.884 0.884 0.768 8.131
4 Class BCI-1V-2A 0.813 0.812 0.812 0.749  7.346
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6.8. IS-EEG Experimental Setup

Python programming language, TensorFlow and Keras libraries were used to design the
training and classification processes covering the datasets, input shapes and CNN models
defined in the previous sections. GeForce RTX 2080 Super GPU card, 32 GB ram and 12
core 3.80 Ghz processor were used as hardware. During the training of the datasets, only
the training sets were used, and the test sets were not included in the training in any way.
Training sets are divided into two parts, 80% training and 20% validation. Determining
the validation set let to investigate the tendency of the model to be overfitting or
underfitting during training. Early stopping method was used to prevent overfitting. In
this method, the validation loss value was chosen as a variable and the loss value was
recorded after each epoch. If the validation loss value does not decrease during the
following 20 epochs, the training session is finished and the model with the best value is
taken. With this method, the performance of the model was measured with an unseen test
set. Accuracy values were measured for each subject according to each input shape, and

their average accuracy values were calculated according to the input shapes.

In this section, training and classification of BCI-1V-2A and BCI-1V-2B datasets are done
by using 8 different input shapes and 2 CNN models that we have designed. Training and
validation accuracy graphs, training and loss values graphs and epoch time values were
obtained, and after training, accuracy values for each subject, their average values and

confusion matrices were obtained and statistical values of models were given.
6.9. Training and Validation Graphs for IS-EEG

While both data sets were trained with the developed CNN models and 8 different input
shapes, the training - validation accuracy changes and the graphs of the training -
validation loss changes were obtained so that the training process could be observed and
analyzed better. These graphs are shown in figures 6.16 — 6.31 for the BCI-1VV-2A dataset
and BCI-1V-2B dataset.
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Figure 6.16. Training-Validation accuracies and losses of T x C input shape for BCI-
IV-2A
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Figure 6.17. Training-Validation accuracies and losses of C x T input shape for BCI-
IV-2A
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Figure 6.19. Training-Validation accuracies and losses of C x T x 1 input shape for

BCI-IV-2A
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Figure 6.20. Training-Validation accuracies and losses of 1 x T x C input shape for
BCI-1V-2A
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Figure 6.21. Training-Validation accuracies and losses of 1 x C x T input shape for
BCI-IV-2A
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BCI-IV-2A
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Figure 6.23. Training-Validation accuracies and losses of C x 1 x T input shape for
BCI-IV-2A
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Figure 6.24. Training-Validation accuracies and losses of T x C input shape for BCI-
IV-2B
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Figure 6.25. Training-Validation accuracies and losses of C x T input shape for BCI-
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Figure 6.27. Training-Validation accuracies and losses of C x T x 1 input shape for

BCI-IV-2B
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Figure 6.28. Training-Validation accuracies and losses of 1 x T x C input shape for

BCI-IV-2B
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Figure 6.29. Training-Validation accuracies and losses of 1 x C x T input shape for
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BCI-IV-2B

6.10. Accuracy Values for IS-EEG

In order to measure the effect of the designed input shape structures on the success of the

classifier, the subject-based and average accuracy values of each input shape were

calculated. While calculating these values, the test set, which is a separate group in the

129



dataset, was not used in the training phase and not seen by the model before was used.
The obtained accuracy values are given in table 6.8 for BCI-1V-2A dataset and in table
6.9 for BCI-1V-2B dataset.

Table 6.8. Subject-Based and average accuracy values of BCI-1V-2A.

TxC CxT TxCxl1l CxTx1l 1xTxC 1xCxT Tx1xC Cx1xT

S1 8440 6028 54,61 63,12 68,09 47,52 81,56 60,28
S2 78,87 5423 5141 72,54 80,28 51,41 81,69 58,45
S3 96,35 54,74 48,18 71,53 75,18 51,82 88,32 59,12
S4 88,79 6121 60,34 79,31 81,90 51,72 84,48 64,66
S5 9259 7259 68,15 87,41 94,07 57,04 96,30 74,81
S6 84,26 59,26 56,48 74,07 80,56 50,00 83,33 62,04
S7 9214 72,14 65,00 91,43 85,71 56,43 93,57 74,29
S8 97,76 5597 55,97 79,10 84,33 55,22 94,03 59,70
S9 8846 5462 53,85 81,54 82,31 56,15 88,46 60,00
Average 89,29 60,56 57,11 77,78 81,38 53,03 87,97 63,71
STD 547 6,41 5,70 7,70 6,38 2,96 5,02 5,74

Table 6.9. Subject-Based and average accuracy values of BCI-1V-2B.

TXxC CxT TxCx1l CxTx1l 1xTxC 1xCxT Tx1xC Cx1xT

S1 78,95 62,72 70,61 64,91 63,16 59,65 78,95 61,40
S2 70,20 56,73 63,67 71,43 64,49 66,53 64,49 61,63
S3 73,48 60,87 67,39 68,70 76,09 67,83 66,96 58,70
S4 96,74 57,33 94,14 64,17 61,56 58,96 94,79 58,31
S5 96,70 93,04 92,31 95,24 97,07 93,77 98,53 89,01
S6 83,67 60,96 76,10 69,32 68,53 64,14 78,09 61,35
S7 90,09 80,60 87,93 81,47 89,66 82,76 93,10 76,72
S8 91,74 6435 88,26 81,30 78,26 62,61 89,57 62,17
S9 82,86 51,84 82,45 56,33 55,92 51,43 79,59 54,29
Average 84,94 65,38 80,32 72,54 72,75 67,52 82,67 64,84
STD 8,61 11,70 10,08 10,44 12,27 11,63 10,85 9,79
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6.11. Epoch Times for IS-EEG

As a result of the training for each input shape, the training epoch times were measured
for the datasets used. Epoch times are seconds measured for a single epoch. The measured
epoch times for the BCI-1V-2A and BCI-1V-2B datasets are given in table 6.10.

Table 6.10. Epoch times for each input shape for BCI-IV-2A and BCI-1V-2B.

Epoch Time (second / epoch)

Input Shape BCI— IV - 2A BCI— IV - 2B
TxC 4 10
CxT 3 9

TxCxl1 18 10

CxTx1 23 10

I1xTxC 2 6
I1xCxT 2 4
Tx1xC 2 6
Cx1xT 2 5

6.12. Confusion Matrices for IS-EEG

Confusion matrix graphs were created to measure the ability of the trained models to
distinguish the classes in the dataset and to determine which classes can be better
distinguished with which input shape. With these graphs, true positive, true negative, false
positive and false negative numbers and ratios of the models were obtained. These
obtained values are given in figure 6.32 — 6.47 and in table 6.11 for BCI-1VV-2A and BCI-
IV-2B datasets.
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Figure 6.33. Confusion matrix of C x T input shape for BCI-IV-2A
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Figure 6.34. Confusion matrix of T x C x 1 input shape for BCI-I1V-2A
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Figure 6.35. Confusion matrix of C x T x 1 input shape for BCI-IV-2A
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Figure 6.36. Confusion matrix of 1 x T x C input shape for BCI-I1V-2A
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Figure 6.37. Confusion matrix of 1 x C x T input shape for BCI-IV-2A
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Figure 6.38. Confusion matrix of T x 1 x C input shape for BCI-1V-2A
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Figure 6.39. Confusion matrix of C x 1 x T input shape for BCI-1V-2A
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Figure 6.40. Confusion matrix of T x C input shape for BCI-1VV-2B
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Figure 6.41. Confusion matrix of C x T input shape for BCI-1VV-2B
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Figure 6.42. Confusion matrix of T x C x 1 input shape for BCI-1VV-2B
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Figure 6.43. Confusion matrix of C x T x 1 input shape for BCI-1VV-2B
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Figure 6.44. Confusion matrix of 1 x T x C input shape for BCI-1VV-2B
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Figure 6.45. Confusion matrix of 1 x C x T input shape for BCI-1V-2B
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Figure 6.46. Confusion matrix of T x 1 x C input shape for BCI-1VV-2B
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Figure 6.47. Confusion matrix of C x 1 x T input shape for BCI-1V-2B
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Table 6.11. Confusion matrix values for BCI-1VV-2A and BCI-IV-2B.

Input BCI—IV-2A BCI_IV-2B
Shape ~ TL*  FL* TR* FR*  TL FL TR FR
Tyc 536/593 57 521/500 69 936/1118 182 979/1123 144
(90.4%)  (9.6%) (88.3%) (11.7%) (83.7%) (16.3%) (87.2%) (12.8%)
CxT 384593 209 333/500 257 665/1118 453 802/1123 321
(64.8%) (35.2%) (56.4%)(43.6%) (59.5%) (40.5%) (71.4%) (28.6%)
TyCyq 314/593 279 361500 229 93V/1118 187 882/1123 241
(53.0%) (47.0%) (61.2%)(38.8%) (83.3%) (16.7%) (78.5%) (21.5%)
CxTxi 2406593 153 480/500 110 749/1118 369 877/1123 246
(74.2%) (25.8%) (81.4%)(18.6%) (67.0%) (33.0%) (78.1%) (21.9%)
LyTxc 481/593 112 481/500 109 8051118 313 823/1123 300
(81.1%) (18.9%) (81.5%)(18.5%) (72.0%) (28.0%) (73.3%) (26.7%)
LyCx 3295593 264 299/500 201 675/1118 443 840/1123 283
(55.5%) (44.5%) (50.7%)(49.3%) (60.4%) (39.6%) (74.8%) (25.2%)
Tylyc 5W/593 79 528/500 62 876/1118 242 989/1123 134
(86.7%) (13.3%) (89.5%) (10.5%) (78.4%) (21.6%) (88.1%) (11.9%)
CxlxT 378593 215 376/500 214 610/1118 508 846/1123 277
(63.7%) (36.3%) (63.7%) (36.3%) (54.6%) (45.4%) (75.3%) (24.7%)

6.13. Model Statistics for IS-EEG

The statistical values of the model were calculated according to the input shape structures
for the datasets. The F1 score, which is the harmonic mean of the precision and recall
values and the success of balancing the precision and recall values of the model, the cappa
coefficient value and the standard deviation values for each input shape were obtained.

These obtained values are given in table 6.12 for both data sets.

Table 6.12. Statistical values of BCI-1VV-2A and BCI-1VV-2B Models.

Input BCI-1V-2A BCI-1V-2B

Shape Accuracy F1 Score Kappa STD Accuracy F1 Score Kappa STD

TxC 89.293 0.893 0.787 5.471 84.943 0.854 0.709 8.607

CxT 60.561 0.605 0.212 6.413 65.383 0.653 0.309 11.695
TxCx1l 57114 0.570 0.141 5.704 80.318 0.809 0.618 10.083
CxTx1 77.782 0.777 0.555 7.697 72.538 0.725 0.451 10.436
1xTxC 81.376 0.813 0.626 6.376 72.747 0.726  0.453 12.269
1xCxT 53.033 0531 0.062 2.958 67.518 0.674 0.352 11.628
Tx1xC 87.969 0.881 0.762 5.021 82.665 0.830 0.664 10.846
Cx1xT 63.713 0.637 0.275 5.737 64.835 0.646 0.299 9.790
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6.14. NF-BCI Control Scenario Results

In this section, the results of NF-BCI software to visualize and classify EEG signals and

apply control scenarios according to classification results are given.
6.14.1. Robotic Arm - Open and Close Palm

In this scenario, it is aimed that the NF-BCI software will close and open all fingers on
the robotic arm. When the classifier working on NF-BCI makes a right hand prediction,
the palm of the robotic arm is closed. When the classifier makes a left hand prediction,
the palm of the robotic arm is opened. The results obtained when this scenario is applied

while NF-BCl is running are given in figure 6.48 and figure 6.49.
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Figure 6.48. Robotic arm — open and close palm scenario for right hand classification
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Figure 6.49. Robotic arm — open and close palm scenario for left hand classification

6.14.2. Robotic Arm — Rotate Wrist

In this scenario, the NF-BCI software is aimed to rotate the main body of the robotic arm.
When the classifier working on NF-BCI makes a right hand prediction, the robotic arm
body turns to the right. When the classifier makes a left hand prediction, the robotic arm
body turns to the left. The results obtained when this scenario is applied while NF-BCI is

running are given in figure 6.50 and figure 6.51.
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Figure 6.51. Robotic arm — rotate wrist scenario for left hand classification

6.14.3. Robotic Arm — Move Fingers in Order

In this scenario, NF-BCI software is aimed to close and open all fingers on the robotic
arm in sequence. When the classifier working on NF-BCI makes a right hand prediction,
all the fingers on the robotic arm are closed in sequence. When the classifier makes a left
hand prediction, all fingers on the robotic arm are opened in sequence. The results
obtained when this scenario is applied while NF-BCI is running are given in figure 6.52
and figure 6.53.
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Figure 6.52. Robotic arm — move fingers in order scenario for right hand classification
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Figure 6.53. Robotic arm — move fingers in order scenario for left hand classification
6.14.4. PC Control — Change Background Color

In this scenario, the NF-BCI software is intended to change the color of its interface
background. When the classifier working on NF-BCI makes a right hand prediction, the
color of the interface background changes to a turquoise color. When the classifier makes
left-hand prediction, the interface background color changes to purple. The results
obtained when this scenario is applied while NF-BCI is running are given in figure 6.54
and figure 6.55.
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Figure 6.54. PC control — change background color scenario for right hand
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Figure 6.55. PC control — change background color scenario for left hand classification
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6.14.5. PC Control — Mute Computer

In this scenario, it is aimed that the NF-BCI software will mute and unmute the computer
it is running on. When the classifier working on NF-BCI makes a right hand prediction,
the computer is muted. When the classifier makes a left-hand prediction, the computer's
volume is turned up. The results obtained when this scenario is applied while NF-BCI is
running are given in figure 6.56 and figure 6.57.
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Figure 6.56. PC control — mute computer scenario for right hand classification
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Figure 6.57. PC control — mute computer scenario for left hand classification
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6.14.6. PC Control — Call Emergency

In this scenario, it is aimed that the NF-BCI software opens and closes the phone
application of the computer it is running on. When the classifier working on NF-BCI
makes a right hand prediction, the phone application of the computer is opened. Quick
search definitions can be made through this application. When the classifier makes a left-

hand prediction, the computer's phone application is closed. The results obtained when

this scenario is applied while NF-BCI is running are given in figure 6.58.
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Figure 6.58. PC control — call emergency scenario for right hand classification
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7. DISCUSSION AND CONCLUSIONS

7.1. Discussion for IS-EEG

In this study, the datasets were converted into 2D and 3D matrix sizes, and these
conversion processes provided a total of 8 different input shapes, 2 different combinations
in 2D structure and 6 different combinations in 3D structure. Afterwards, 2D and 3D
CNN models were developed to train 2D and 3D input shape structures. These models
have the same type of layers, same number of layers and same parameters. The raw data
prepared in the input shape structures described in the previous sections were given as

direct input to the designed CNN models without any signal preprocessing.

In this section, the results obtained during and after training the datasets with 8 different
input shape structures were compared with each other, the pros and cons of the models

were presented and the results were evaluated.

The models trained with raw data, without applying any preprocessing methods, showed
a classification success between 53.03% and 89.29% for the BCI-IVV-2A dataset and
between 65.38% and 84.94% for the BCI-1V-2B dataset. Classification accuracies

according to the input shape change are shown in figure 7.1.
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Figure 7.1. Average accuracy values for each input shape.

In addition to these, it has been observed that the different input shapes and the number

of channels in the dataset are also effective on the epoch times. Epoch times were
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measured in the range of 2-23 seconds for BCI-1V-2A and 4-10 seconds for BCI-1V-2B.
The epoch times obtained according to the input shape change are shown in figure 7.2.
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Figure 7.2. Epoch times for each input shape.

With the input shape in the T x C structure, which achieved the best accuracy for the BCI-
IV-2A dataset, an average success rate of 89.293% and a standard deviation of 5.471 were
obtained. With the input shape in T x C structure, which achieved the best accuracy for
the BCI-1V-2B dataset, an average success rate of 84.943% and a standard deviation of
8.607 were obtained. These values obtained with the developed models reveal the high
classification success and robustness of the models.

In both datasets, the average accuracy values span a wide range (range value 36.26 for
2A dataset and 20.10 for 2B dataset). It has been observed that some input shapes cause
high levels of overfitting during training (figure 6.17, figure 6.21, figure 6.23; figure 6.25,
figure 6.29, figure 6.31). Although these input shapes have very high training accuracy
values, their validation values are quite low. Input shapes have been observed to have a
significant effect on epoch times too (table 6.10). In both datasets, the epoch times are
spread over a wide range (range value 21 for dataset 2A and range value 6 for dataset
2B). As a result, it has been determined that input shape structures are a very important
parameter in the performance of CNN models (table 6.8, table 6.9).

In both datasets, the highest accuracy values were achieved with T x C and T x 1x C input

shapes respectively (figure 7.1). Researchers can train their models by selecting
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appropriate input shapes for 2D and 3D CNN architectures if needed. In both datasets, it
has been observed that the changes in the accuracy and epoch time values obtained as the
input shape changes are parallel (figure 7.1, figure 7.2). However, it cannot be concluded
that a given input shape will achieve the same success in every CNN model and every
dataset to be used (figure 7.1). For this reason, it was concluded that researchers should
try different input shape structures for the CNN models they set up.

In the BCI-IV-2A dataset, both higher average accuracy values and lower standard
deviations were obtained compared to the 2D dataset (table 6.12). When the training and
validation graphs were examined, it was observed that the models trained with the 2A
dataset learned faster and reached lower loss values than the models trained with the 2B
dataset (figure 6.16 - 6.23, figure 6.24 — figure 6.31). The decisive reason for this is that
the 2A dataset has 22 EEG channels, while the 2B dataset has 3 channels.

To deal with the possible covariate shift, we used batch normalization layers along the
path of the data. Instead of normalizing all the data outside the model and giving it as
input to the model, we started the model with batch normalization. In this way, each batch
entering the model was normalized only within itself, not all data together. The data was
then propagated through layers. When the data enters a new layer, it is processed here and
the 0 mean and unit variance distributions change. In order to avoid covariate shifts that
may arise as a result of these changes, we used a batch normalization layer after each
convolutional layer and ensured that the data were normalized throughout the training in
the model. Since each batch entering the model may show a very different distribution
from the previous or next batches, we have kept the feature values of the batches on the
same scale in order to achieve high classification success with a more robust and stable

model against possible covariate shifts.

In models with high classification accuracy, we predict that the model establishes a
relationship between different channels, as EEG channels are scanned one by one de-
pending on time during the training of input shapes. In this way, we predict that higher
classification accuracies are obtained by scanning the relationships between the EEG
channels of the test data entering the models, and that the models are more stable and in-
variant against time-dependent feature changes. In models with low classification

accuracy, we predict that model scan channels together in a single time period during
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training and establishing relationships between time periods rather than between
channels. In this way, we predict that models looking for relationships between certain
time periods give low test accuracy values against nonstationary EEG signals whose time-

dependent properties are highly variable.

Large amounts of training data are needed to achieve high classification success using
deep neural networks. However, collecting large amounts of motor imagery signals is
quite challenging. Pre-training and experience are needed to collect these signals. In
addition, the subjects’ inability to keep their attention at the same level during the signal
acquisition session, fatigue and the presence of environmental disrupting factors make
this process even more difficult.

In order to overcome this problem, researchers have used data augmentation methods that
create new data and increase existing dataset systematically. Data augmentation can
reduce the tendency of overfitting and increase the classification success and stability of
the model. It can also enable models trained with nonstationary EEG data to make fewer
mistakes, be invariant and increase robustness when encountering new test data
[226,227,228]. Signal acquisition processes can take days, weeks and even months, and
data augmentation applications have shown very promising results compared to the
results obtained as a result of these signal acquisition processes [229,230] These gains
may also reduce the time and funds that researchers allocate to collect signals [195].

Our CNN model, IS-EEG, which was trained with raw data without signal preprocessing
methods, achieved accuracy values close to or better than many state-of-the-art models
with  the  correct input shape and correct CNN  architecture
[159,172,174,220,224,225,231-234]. Accordingly, it has been shown that by establishing
the right CNN architecture and choosing the right input shape structure, feature extraction
of EEG motor imagery signals can be done successfully with raw data. Thus, the loss of
possible distinguishing features in sensitive EEG signals is prevented and much faster

and more successful results can be obtained by saving time and effort.
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7.2. Discussion for NF-EEG

Almost all of the existing EEG based motor imagery classification methods have applied
a wide variety of signal preprocessing methods to a greater or lesser extent and have
developed their models in this way. At the same time, various data augmentation methods
have been developed to enlarge the limited datasets. However, signal preprocessing
methods are largely based on human knowledge and experience, and the development
and implementation of these methods causes a great loss of labor and time. In addition,
inappropriate or incorrectly applied signal preprocessing methods greatly affect and
reduce the classification success. However, since there may be unknown relations and
patterns in the dataset, it is not possible to perform preprocessing operations to detect

these patterns without having this pattern information.

For the reasons mentioned above, we developed the NF-EEG model, which trains and
classifies directly with raw data without applying any signal preprocessing, and with this
model, we achieved higher classification success than state-of-the-art models with or
without signal preprocessing. In addition, we increased the classification success with
input reshaping and data augmentation methods. Along with all this, we have reduced the
amount of effort and time required to achieve a notable classification result by automating
the EEG signal classification processes, which are very difficult to analyze and to extract
features, and also require a lot of effort and time.

7.3. Conclusions

With this study, we outperformed many state-of-the-art models by achieving a
classification success of 93.56% in the two-class BClI Competition IV 2A dataset, a
classification success of 88.40% in the two-class BCI Competition 1V 2B dataset, and a
classification success of 81.05% in the four-class BCl Competition IV 2A dataset by
developing NF-EEG model. We have shown that high classification successes can be
achieved with the right model architecture, appropriate hyperparameter selection and
efficient input shape structure by using raw data without applying signal preprocessing

methods.
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NF-EEG is also emerging as an option for the development and implementation of real-
time BCI systems. It is generalizable, robust, and fast with high classification accuracies,

low standard deviation rates, and fast evaluation times which needed for these systems.

In this thesis, also the effect of input shape structures on the performance of CNN models
used in the classification of EEG motor imagery signals is shown with quantitative data.
The obtained results showed that even if researchers develop correct CNN models during
classification of EEG signals, if they choose the inaccurate input shape, they can achieve
poor classification success. This may cause researchers to disrupt the correct models they
have established and may increase the time and energy they will spend to build a model.
In order to prevent this situation, researchers can increase the classifier performance by
trying different input shape structures and minimize the losses they may experience due

to this parameter.

Training and classification with raw signals can let researchers to develop real-time fast,
reliable and robust models with high accuracy values. Since signal preprocessing methods
are not used, possible data loss that may occur in these processes can be pre-vented. In
addition, pre-training processes can be shortened by automating feature extraction
processes. Along with these advantages, there are also some disadvantages. Deep learning
models need a large amount of data and the difficulty of collecting EEG signals may lead
to the need to develop data augmentation methods. In addition, hyperparameter
optimization may be required for newly designed artificial neural network models to

achieve high classification success, which may cause time and computational costs.

These advantages and disadvantages create some future research opportunities.
Performance gains can be achieved quickly by applying fine tuning and hyperparameter
optimization to deep learning models that are previously designed and used by
researchers. In addition, new neural network layers and architectures can be designed to
detect EEG features accurately and quickly, and the right parameters for models can be
searched. By developing data augmentation methods, it is possible to obtain the required
large amount of data. Also, previously or newly developed robust and fast models can be

used and tested in real-time systems.

In addition to all these, with a correctly constructed CNN model, high classification

successes can be achieved without the need for laborious and time-consuming signal pre-
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processing to extract distinctive features from EEG signals. With the CNN model
developed in this study and using raw data, close or better results were obtained than the

models that achieved high classification success using signal preprocessing.

It is predicted that this developed methodology will be useful in the development and use
of real-time brain-computer interfaces, as it does not need signal preprocessing, can train
the system quickly with new data, and is robust with low standard deviation values.

The NF-BCI software emerged as a program with the capabilities to visualize and classify
brain signals in real time, and to control the generated robotic arm by connecting with a
microcontroller. While this software can use NF-EEG and IS-EEG models in the
background, it offers a flexible structure where different classifier models can be
integrated. It can also connect with the computer it is working on and a microcontroller.
With this connection, it can control the computer or an external device it is connected to
via a microcontroller. These control scenarios can be pre-designed and selected via the
interface. It also stands out as a research platform for researchers who want to test a
dataset or classifier model with its ability to visualize the signals entering the system and
display real-time classification results. The real-time performance of the CNN models
and interface software developed with the produced robotic arm has been tested. Control
signals coming from the interface have been successfully applied and computer and
robotic arm control scenarios have been fulfilled. These control scenarios can be adapted
to the needs of patients with basic care needs or adapted to the needs of healthy people
who want to gain environmental control ability and new skills, and desired scenarios can

be realized.

By combining all these developed models, methods and software, an end-to-end brain-
computer interface operating in real time has been developed. This interface fulfilled the
defined tasks and enabled the thesis to reach its goals. In addition, the NF-BCI interface
is a platform open to development with its flexible structure. It is planned to add new
modules to this interface in future studies. Some of these modules are modules that allow
users to upload their own datasets and classifier models and provide signal acquisition

support for various devices.

However, it is clear that there is still a long way to go before the robust implementation

of brain computer interface control scenarios. Sensitive brain signals from users can
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change very quickly and these signals deteriorate very quickly, making it very difficult to
maintain continuous and robust control scenarios. Against these rapid changes, the system
needs to be integrated quickly. To overcome this problem, various security layers can be
developed in software and certain security layers and protocols can be added between
signals from users and control tasks. Failure to perform control operations without
passing these security layers can prevent false control operations or undesired control
scenarios. This field of study also emerges as a crucial area of progress for brain-computer

interfaces.
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