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1 Introduction

A brain-computer interface (BCI) connects the human brain directly to an external
device by measuring user brain activity and translating patterns in that activity
into control signals or messages for such an external device (B.-H. Lee et al. 2020;
H. K. Lee and Choi 2018; Kar et al. 2018). The artificial output replaces, restores,
enhances, supplements, or improves natural central nervous system output by design
(J. Wolpaw and E. W. Wolpaw 2012).

BCI is an impactful field of study where research has been conducted to support
the recovery, replacement, and extension of natural movement capabilities for motor
disabled patients and healthy users alike. BCI empowers such users by enabling the
user to control applications and devices in their surroundings interactively through
only brain waves, i.e. without a need for muscle activation. Examples of such
applications could be a prosthesis, computer, wheelchair, text input system, a novel
gaming input device, stroke rehabilitation device, or exoskeleton (Schwartz et al.
2006). Such a solution can also be used to improve the quality of life for subjects
who suffer from neuromuscular diseases that limit conventional communication that
would otherwise take place through speech or gestures, but that leave the brain
otherwise unimpaired, allowing for the retention of cognitive capabilities. Such a
scenario could take place for reasons such as having lost motor control because of
amyotrophic lateral sclerosis (ALS) (Wijesekera and Leigh 2009), stroke, or spinal
cord injury.

Many current BCI solutions make use of electroencephalography (EEG) as it is a
way to measure brain activity in a manner that is low-cost, non-invasive, portable,
and has a high temporal resolution or sampling rate (Xu et al. 2019; B.-H. Lee et al.
2020; H. K. Lee and Choi 2018; Ortiz Echeverri et al. 2019; Lu, Yin, and Jing 2019).
EEG detects the electrical activity of brain cells by continuously measuring potentials
between multiple electrodes placed on the scalp (Gevins et al. 1994). The electrodes
might be placed over specific parts of the brain. Different brain activities result in
different potential patterns, which can be distinguished to some extent. One of the
well known and distinguishable EEG patters is those created by motor imagery (MI).
MI is a mental strategy in which the user imagines some physical activity, regardless
of that activity being executed. Those imagined activities can for instance include
opening or closing the left or right hand (Kar et al. 2018; Xu et al. 2019; Lu, Yin,
and Jing 2019; Freer and Yang 2020). The brain activity created by such a task can
then be decoded based on changes in brain frequency bands in the EEG recordings.
The benefit of MI over other EEG patterns is that does not require the configuration
of additional external devices. Other such patters might, for example, require the
presentation of visual stimulus to elicit specific brain activity. Additionally, MI can
be performed voluntarily at short notice.

However, MI EEG control applications for daily assistance can require as much
as 20 hours of training split over as many as 50 experimental sessions to get started
(Freer and Yang 2020), which is less than ideal for assistive technology. Despite
progress made, there is still much room for improvement regarding the accuracy and
usability of an MI-EEG-based BCI.



Brain activity decoding methods for BCI perform three operations: The removal
of noise from the signal, the reduction of raw data to a more compact set of features,
and the classification of those features. Until recently, performing these methods
would require significant expertise in EEG signal processing. However, deep learning
methods are a popular choice in MI classification research in recent years (Lotte
et al. 2018; Zhang et al. 2019) due to having the ability to self-learn needed features
from raw data without the need for manual noise removal or feature extraction. This
makes them well suited for end-to-end learning in multi-class classification tasks
(Schirrmeister et al. 2017; Uktveris and Jusas 2017). A convolutional neural network
(CNN) is a type of artificial neural network (ANN) that can learn local patterns in a
signal by combining local low-level features from raw input to increasingly high-level
features (Y. Zhang et al. 2019).

CNNs draw inspiration from the animal visual cortex (Uktveris and Jusas 2017)
and are used with great success in image recognition (Krizhevsky, Sutskever, and
Geoffrey Hinton 2012) and acoustic modeling (G. Hinton et al. 2012). However, a
static two-dimensional image on which CNNs are known to be successful is a different
type of data than the EEG signal, which is a dynamic time series with multiple
channels obtained from the scalp surface with electrodes (Gevins et al. 1994). In the
simplest case, the EEG signal is one-dimensional. However, to use two-dimensional
image classification, the signal needs to be transformed using some method. The
mapping of the signal to a time-space representation generates a 2D representation of
EEG (Tang, Li, and Sun 2016), in which case the classifying model is interested in the
variation of electrical activity across various places on the scalp over some duration
of time. Alternatively, the mapping of EEG to a time-frequency representation also
generates a 2D EEG signal (Lawhern et al. 2018), which decomposes an EEG signal
from a small number of electrodes to their frequency components over some time.

However, despite many examples of impressive progress, there is still room
for considerable improvement concerning several important aspects of information
extraction from the EEG, including its accuracy, generalizability, and usability for
online applications. Further, Zhang et al. 2019 recognize that person-independent
classification with high performance is a prerequisite for a widespread diffusion of
BCI technology.

This paper proposes a CNN-based model to perform feature extraction and
classification for MI EEG signals. It attempts answers the following research questions:

e How accurately can the proposed model classify motor imagery-based brain
activity in a brain-computer interface process within subjects?

e How accurately can the proposed model classify motor imagery-based brain
activity in a brain-computer interface process between subjects?

The study conducts three experiments using the proposed model to assess clas-
sification accuracy performance to answer those research questions. Firstly, an
experiment is conducted using the CNN-based model to assess classification accu-
racy within-subjects. Next, an experiment examines whether a between-subjects
approach reaches comparable accuracies to the within-subject procedure. Lastly, an



experiment assesses whether accuracy can be increased by using transfer learning.
The model incorporates a CNN with 4 convolutional blocks and a fully connected
output. The model is trained using trials from the public BCI competition IV 2a
data set, which consists of 4-class MI trials across 9 subjects (Brunner et al. 2008)
to classify minimally processed raw EEG data containing MI brain activity patterns.
The model takes as input a 2-dimensional time-space representation of segments
of MI EEG trials, which resembles a buffered real-time EEG data stream from a
commercially available BCI headset. Every trial contains the performance of exactly
one motor imagery task. The model is optimized by cross-entropy loss and performs
multi-class classification by assigning a probability for each class of motor imagery
task that the trial corresponds to that task.

The remainder of the paper is organized followingly: Section 2 provides background
information on BCI and CNN. Section 3 describes the experiments. Thereafter,
section 4 presents the contribution and results of the work. Lastly, section 5 provides
a discussion and summary of the work.



2 Background

The human brain is an organ that processes information in a highly complex,
nonlinear, and parallel way. Not only is it a focal point of this study, but it also
inspires the tools themselves used to analyze the brain. The background first touches
upon the biology of the relevant components of the human head. Next, it elaborates
on electroencephalography, which is a relevant signal acquisition technique of brain
activity. The elaboration includes a description of motor imagery, which is a strategy
a user can employ to generate specific brain activity. An abstract brain-computer
interface process explains the eventual classification of brain activity. Next, the
chapter introduces the methods of machine learning used in the implementation of
such a process and presents the public data set that contains data relevant to the
study.

2.1 Biology

Brain

The nervous system is composed of two parts - the central nervous system CNS, and
the peripheral nervous system. The main organ of the central nervous system is the
brain, which contains approximately 100 billion nerve cells or neurons. For a model
of the brain, see the subsection ’Artificial Neural Networks”. The brain itself consists
of three parts - the cerebrum, whose surface is known as the cerebral cortex, the
cerebellum, or the little brain highlighted in figure 2, and the brain stem.

Figure 1: Cerebrum Figure 2: Cerebellum

Further, the cerebrum has four main sections highlighted in figure 1; the frontal,
parietal, temporal, occipital lobes. The portion of the frontal lobes that is furthest
to the back is the motor area, which is responsible for the control of voluntary
movement. The forward areas of the parietal lobes contain the sensory areas which
process sensory information, excluding sight or sound. The furthest back areas of
the brain are known as the occipital lobes, and they handle visual information. The
temporal lobe, which lies underneath the frontal and parietal lobes, processes sound.



The nerve cell

Nerve cells respond to stimuli and transmit information. They comprise of one large
branch or axon, multiple short branches or dendrites, and cell bodies or soma. See
figure 3 for a visualization. Axons deliver electrical impulses over long distances as
they can be over 1 meter long. Dendrites are connected to axons or other dendrites
and receive impulses from other nerves. Cell bodies contain most of the metabolism
of the nerve cells. In the human brain, a nerve connects to approximately 10 000
other nerves through these dendritic connections. Communication between nerve cells
takes place along the dendrites, and the end of the axon converts an electrical signal
into a chemical signal and back. Furthermore, Fries 2005 find that to communicate
effectively, neuron groups need to achieve neuronal coherence. This means that the
activation of neuron groups takes place rhythmically. The rhythmic excitation of
neurons results in oscillatory bioelectrical brain activity, which emerges in the form
of brain waves. Importantly, the simultaneous activation of clusters of thousands of
neurons firing generates current and change in electrical potential potent enough,
such that the event can be observed on the person’s scalp.

Figure 3: Neuron Architecture
Skin

The electrical properties on the surface of the skin affect the detectability of
electrical activity on the scalp, which is important when brain activity is monitored
non-invasively through electrical activity on the scalp. Exposed skin has an impedance
of around 200 kOhms and skin covered by the hair has an impedance of 120 kOhms
in the frequencies relevant to BCI (Rosell et al. 1988). However, the hair itself
obstructs physical access to the surface of the skin even though the impedance of
hair-covered skin is lower than uncovered skin. In any case, the use of natural skin
grease and abrasion of the skin can reduce skin impedances to below 10 kOhms.



2.2 Electroencephalography

Electroencephalography (EEG) devices record the changes in the electrical activity
of the brain from the surface of the scalp. By placing multiple electrodes onto
the scalp, the EEG device reads the voltage differences generated by brain activity
between those electrodes on the surface of the head. However, brain activity is not
the only source of signals to the scalp; extra-cerebral source signals come in two
forms. Physiological activities such as blinking and the movement of eyes, as well as
heart activity, generate electrical activity over the skin, as do the electrical properties
of the measurement devices. A group of neurons roughly the size of a diameter of
2.5cm firing together generates enough signal to be measured from the scalp. In
other words, clusters of thousands of neurons firing simultaneously produce the raw
data output that is an EEG signal. Such an event generates enough current and
change in electrical potential that the event can be recorded on the person’s scalp
non-invasively. (Crosson et al. 2010)

EEG electrode placement employs a standard international system known as
the 10/20 EEG system. Image 4 describes sensor placements by using that radial
coordinate system. The top of the skull is the origin.
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Figure 4: International 10/20 system for EEG sensor placement

In other words, an EEG device measures electrical activity on the scalp. More
specifically, EEG records the voltage difference between at least 2 electrodes. The
resolution of an EEG device is quantified spatially and temporally. EEG spatial



resolution is in the magnitude of centimeters, because of attenuation or weakening
of the signal due to traveling through the low-conductivity bone of the skull; noise
signals reduce resolution as well. Spatial resolution can be improved by increasing
the number of electrodes used, as well as by using certain filters, or by switching
altogether to hybrid BCI devices, which use a combination of different signal sampling
modalities. Conversely, the temporal resolution of EEG devices is high - EEG can
sample a thousand measurements over the scalp in one second across different sensors.
While EEG measures activity in real-time, its ability to measure electrical activity
in deeper parts of the brain is limited. (Crosson et al. 2010)

The two types of brain activities known as evoked potentials (EP) and spontaneous
EEG referred to in Zhang et al. 2019 are sub-categories neurological phenomena
measurable by EEG known to be useful for BCI. The key difference between the two
categories of EEG signals is in the source of the stimulus: Spontaneous EEG emerges
as a consequence of internally generated stimuli, while EP relies on the presence of
external stimuli.

2.2.1 Evoked potential

EP is mainly concerned with the detection of a known waveform in response to
external stimuli; these responses are generally robust between individuals and well
stereotyped. Event-related potentials (ERP) and steady-state evoked potentials are
subcategories of EP signals. They are both further categorized to EP generated
through visual, auditory, and somatosensory stimuli, as expanded in table 1. ERPs
detect a high-amplitude and low-frequency response to time-locked external stimuli.
(Zhang et al. 2019)

H Event-Related Potential ‘ Steady-State Evoked Potential

Visual (VEP) (SSVEP)
Auditory (AEP) (SSAEP)
Somatosensory (SEP) (SSSEP)

Table 1: Evoked potentials

For example, P300 potentials are a well-known visual evoked potential (VEP)
signal. Presenting a stimulus in a time-locked event causes the appearance of the
classical P300 waveform, which emerges approximately 300 ms after the stimulus.
The timing of the signal varies from 250 ms to 900 ms, and its amplitude varies
between 5 £V and 20 ¢V for AEP and VEP. Sutton et al. 1965, who first described
it, argue that it may be the most-studied ERP component in selective attention and
information processing. They argue that this because P300 has a relatively large
amplitude and is effortless to elicit in experiments. (Patel SH 2005)



2.2.2 Spontaneous EEG

Spontaneous or oscillatory BClIs are concerned with the signal powers of EEG
frequency bands. These features have a lower signal-to-noise ratio, and more variation
between individuals and are thereby more difficult to train for in comparison to EP
BCI devices. Examples of spontaneous EEG signals are sleeping EEG, emotional
EEG, and motor imagery. Health analysis uses Sleeping EEG signals to recognize
sleep stages and diagnose sleep disorders. Emotional EEG is evaluated in three
metrics: valence, arousal, and dominance. The combination of the three metrics
forms emotions such as fear, sadness, and anger, and emotion is affected by subjective
and environmental factors. Also, gender plays a big part; fear-related emotions are
diverse with women, and sadness-related emotions are diverse with males. Motor
imagery (MI) involves the rehearsal of imaging motion while remaining immobile,
which is a counter-intuitive task for most people - getting a feel for MI takes time
and practice. An MI action can range from a first-person kinesthetic experience to a
third-person view of one’s motion, or even the manipulation of an imaginary object
(Zhang et al. 2019). Motor imagery has the advantage over the other spontaneous
EEG applications in that the user can generate brain activity signals at will with a
higher degree of control, at least in comparison to those other spontaneous activities.
Further, the user can act without a need for some device by which to generate
external stimulus. Overall, MI is particularly applicable to generating control signals
in a BCI context due to its voluntary and internal nature.

EEG waves

A BCI observes brain activity through EEG in the form of neural oscillation.
This oscillatory signal is caused by the rhythmic firing of neurons that enables
their communication (Fries 2005). A mathematical description of neural oscillation
consists of frequency, amplitude, and phase, and the different neural frequencies
connect to different brain states. A BCI can detect brain states such as deep
sleep or unconsciousness, transitioning between deep sleep and wakefulness, inactive
wakefulness and relaxation, active wakefulness, and strong concentration and learning
from the oscillations. These brain waves are called the delta, theta, alpha, beta, and
gamma waves, respectively. Moreover, alpha waves are known usually to occupy the
occipital or visual lobes (Y. Zhang et al. 2019). However, the brain waves of the
same frequency taking place in the motor cortex instead are known as the mu or
sensorimotor waves (Ortiz Echeverri et al. 2019). These are particularly significant
in BCI applications. The frequencies to which all aforementioned waves correspond
are enumerated in more detail in table 2.



Table 2: Brain waves, descriptions, and frequencies

Brain Activity
Wave H State \ Frequencies
Delta Deep meditation 0.5 - 3Hz
Theta Dream 3 - 8Hz
Alpha Presence 8 - 12Hz
Mu Voluntary movement 8 - 12Hz
Beta Active 12 - 38Hz

Motor Imagery and brainwaves

The performance of MI affects brain activity similar to voluntary muscle activation:
The signal powers in certain frequency bands change during a voluntary muscle
activation or the imagination of voluntary muscle activation. For example, it is known
that the imagination of right and left-hand movement results in the attenuation or
reduction of signal power in the alpha wave (8-12 Hz) from the contralateral motor
cortex area of the brain, also referred to as mu waves, and in a power increase in
the beta wave (12-30Hz) from the ipsilateral area of the brain (Kar et al. 2018).
These effects are known as event-related desynchronisation (ERD) and event-related
synchronisation (ERS), respectively (G. Pfurtscheller and Silva 1999). In other words,
the synchronization or desynchronization in the mu and beta bands in the motor
cortex distinguishes MI task performance. However, MI exhibits large variation
in brain activity between subjects and requires longer training times from users in
comparison to EP signals, such as P300 based devices or SSVEP devices. Nonetheless,
the lack of external stimuli needed makes it so that MI-based BCI systems can be
easier to accept by users (Ortiz Echeverri et al. 2019).
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2.3 Brain Computer Interface

Brain-computer interfacing (BCI) is the act of reading brain activity and providing a
feedback loop. A more precise definition for a BCI device is such that it meets four
criteria: (Gert Pfurtscheller et al. 2010)

1. Direct measurement of brain activity
2. Provides user with feedback
3. Operates online

4. Relies on intentional control: voluntarily choose to perform a mental ask to
accomplish some goal

However, while the above better describes active BCIs, there are also passive BCI
devices that rely on other forms of control. BCI measures brain activity and generates
an output to replace, restore, enhance, supplement, or improve the natural output of
brain activity (J. Wolpaw and E. W. Wolpaw 2012). In other words, the BCI changes
how the central nervous system interacts with its external or internal environment.
Examples of passive BCIs include attention monitoring while driving (Lin et al. 2007)
and mood monitoring (Zhang et al. 2019). The development of novel use cases targets
the supplementing of natural central nervous system output with applications that
control a robotic arm or adjust the indoor lighting with thought alone. Furthermore,
BCI devices can utilize one or more categories of brain activity signals; a generic
or hybrid BCI uses more than one category of brain activity. Studies compare BCI
devices by classification accuracy, average detection time, and information transfer
rate. The ratio of correct classifications by all classifications equals classification
accuracy. The average detection time takes the difference between a stimulation
symbol being presented and a generated command. The information transfer rate
describes the amount of information transferred between the human brain and the
BCI per minute.

A typical BCI application follows a pattern. Firstly, an offline training phase
takes place, where a model is defined and potentially pre-trained. Secondly, the online
operational phase recognizes and translates brain activity patterns into commands
in real-time.

Oftline Training
\ 4

Online Operational

Figure 5: BCI Application Flow
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The second step follows also follows a pattern. The user generates a brain activity
pattern using some technique, for example by performing a motor imagery task.
These activity patterns are then measured with tools like electroencephalography.
The measurements might be pre-processed by filtration with spatial and spectral
filters. The BCI obtains features from the pre-processed signals for compact rep-
resentation purposes, then classifies and consequently translates the features into
application commands, and lastly, presents feedback the user to inform the user of
the successfulness of the mental command. The process of an online BCI consists of
signal acquisition, pre-processing, feature engineering, classification, sending control
commands, and feedback. See figure 6 for a visualization.

Signal Acquisition

Y
P re-Proi@

y

Feature E@
A
A

Control Command

Figure 6: BCI Process

2.3.1 Signal acquisition

Signal acquisition refers to the action of measuring the output of brain activity. Brain
activity can be measured to generate signals with electroencephalography (EEG),
which is relevant to this study. Alternatively, magnetoencephalography (MEG),
functional magnetic resonance imaging (fMRI), or near-infrared spectroscopy (NIRS)
are technologies that also measure brain activity. These technologies differ mainly
between cost, availability, temporal resolution, and spatial resolution. See table 3 for
details. (Crosson et al. 2010)
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Table 3: Signal acquisition technology comparison
‘ Technique ‘ Cost ‘ Availability ‘ Temporal Resolution ‘ Spatial Resolution ‘

EEG ‘ low ‘ high ‘ high low
MEG high | high high low
fMRI high | low high high
NIRS low high low high

BCI devices come in three varieties, as far as the signal acquisition method
invasiveness is concerned. BCI invasiveness is divided followingly:

e Non-invasive methods use sensors placed on the scalp measuring the electrical
or magnetic fields generated by the brain,

e semi-invasive methods place electrodes on the exposed surface of the brain, and

e invasive methods place microelectrodes directly into the cortex to measure
single-neuron activity.

EEG is a popular method in both science and in commercial use cases because of
high usability, low user risk, and the temporal resolution. An EEG device can come
in the form factor of an electrode-fitted cap, headset, or even earbuds. Moreover,
EEG signals and their subcategories are dominant in recent research according to
Zhang et al. 2019. However, EEG comes with several drawbacks. EEG signals are
limited by low spatial resolution, which means that, for example, pinpointing brain
activity to some single brain cell is not possible (Freer and Yang 2020). Furthermore,
the EEG signals have a low signal-to-noise ratio (SNR) which is because that EEG is
sensitive to noise from muscle movement such as blinking, and power line noise (Lu,
Yin, and Jing 2019). This means that the signal is much affected by non-task-relevant
sources, which makes decoding the user’s intent fundamentally difficult. Moreover,
EEG data is non-stationary (Liyanage et al. 2013), which means that the statistical
properties of MI EEG activity change over time, exhibiting wide variance within one
subject. In addition, the EEG patterns created by MI vary greatly between subjects
as well (B.-H. Lee et al. 2020; Lu, Yin, and Jing 2019).

2.3.2 Pre-processing

Pre-processing filters the signal for noise and removes external signal sources. Raw
EEG data are noisy, and the noise can come from three sources, which are the BCI
equipment (including leads and electrodes and overall recording system), electrical
interference (from the external AC/DC power sources), and the subject’s muscle
movements (like eye movement and blinking and head or jaw movement and heart
activity). Accounting for the aforementioned noise artifacts can require sophisticated
tooling, which includes some of the following; According to Lakshmi, Prasad, and
Prakash 2014, tools commonly used for this purpose are beyond the use of filters
are Independent Component Analysis (ICA), Common Average Referencing (CAR),
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Surface Laplacian (SL), Principal Component Analysis (PCA), Common Spatial
Patterns (CSP), and Adaptive Filtering (AF). ICA decomposes the EEG data by
the characteristics of that data to components to separate artifacts from the signal.
CAR removes noise by removing common activity which can be the noise present in
the signal. SL estimates the current density that enters or leaves the scalp, which
is a way to increase spatial resolution. PCA reduces the dimensionality of data
based on the variability of signal properties. CSP transforms an EEG signal into
a variance matrix that discriminates between classes maximally by using spatial
information to detect patterns. AF can modify signals even if the signal and noise
overlap. The advantages and disadvantages of each technique are enumerated in
table 2.3.2. Furthermore, it is also possible to control the subject-sourced noise in a
research setting by simply discarding any contaminated samples.
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Table 4: Comparison of preprocessing methods by Lakshmi, Prasad, and Prakash

2014

] Technique H Advantages

‘ Disadvantages

|

ICA Computationally efficient. Inapplicable for under determined
cases
High performance for large data.
Requires more computations for de-
Decomposes signals into temporal composition.
independent and spatial fixed
components
CAR Outperforms reference methods Finite sample density and incom-
. ) plete head coverage cause
Yields improved SNR problems in calculating aver-
ages
SL Robust against artefacts generated | Sensitive to other artefacts
at regions not covered by elec- o )
trode cap. Sensitive to spline patterns
Solves electrode referencing
PCA Reduces dimensionality Underperforms compared to ICA.
Ranking helps classify data Assumes data is linear and contin-
uous.
Low loss of information
Fails to process data for compli-
cated manifold
CSp Doesn’t require knowledge or a pri- | Requires large electrode count
ori selection of specific bands
Electrode position changes may af-
fect performance.
AF Modifies signal features according
to signals being analyzed
Works well for signals with overlap-
ping spectra
About filters

A BCI system typically pre-processes EEG data by filtering out the frequency
ranges beyond those ranges that contain the brain activities of interest. A low-pass
filter allows frequency components below some cutoff frequency in some signal to
pass while filtering any frequencies above that cutoff frequency. A high-pass filter
works oppositely, letting high frequencies pass. A notch filter cuts out all frequencies
between some low and high cutoff in a signal, while a bandpass allows the frequencies
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in that band between the low and high cutoff pass unaffected. A Butterworth filter
is an example of a bandpass filter commonly used due to being maximally flat in
the passband, allowing for the full retention of the desired signal while rejecting all
frequencies in the stopband (Butterworth 1930). Additionally, all the subsystems
in the overall system must be causal for the system to be realizable, which means
that the output depends only on past and present input. This must be the case
because any online system can only act on such input. Increasing the order of the
Butterworth filter increases the steepness of the response roll-off at the higher cutoff
resulting in a better filter at the expense of requiring more computation. See figure
7 for a 2-second segment of a raw brain activity signal filtered using a Butterworth
bandpass filter to extract theta, alpha, and beta waves.

Brain waves

base

0.00 0.25 050 075 100 125 150 175 200

Figure 7: Example 2-second segment Theta, Alpha, and Beta waves

A BCI benefits from signal filtering for at least two reasons: Firstly, it removes the
noise component of a direct current (DC) or alternating current (AC) power source.
A high-pass filter with a cutoff of around 1Hz removes DC component noise in the
signal and a 50Hz or 60Hz notch filter filters out AC power noise. Secondly, BCI
classifiers tend to be interested in a subset of all frequencies, and those frequencies
outside of that range are not studied.

The use of pre-processing tools in studies similar to this study is briefly summarised.
Lu, Yin, and Jing 2019 achieve performance improvements by pre-processing raw EEG
data through extracting the alpha, beta, and gamma waves by utilizing a bandpass
filter with a range of 7-40Hz, by removing noise artifacts from eye and muscle
movement with a 64-component ICA, and by making use of Z-score normalization.
Xu et al. 2019 extract the mu and beta waves and utilize a selection of channels,
namely the C3, C4, and Cz electrodes. Cecotti and Ries 2016 filter the raw EEG band
using an 8-30Hz band to include alpha and beta rhythms, and average EEG signals
from C3, C4, and Cz electrodes. Lawhern et al. 2018 instead apply a bandpass filter
on the raw EEG to create non-overlapping filter banks by filtering the signal in 4Hz
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steps, starting at 4Hz up to 40Hz, which results in having 9 filter banks. Liyanage
et al. 2013 apply a 8-30Hz bandpass filter and use CSP. Hartmann, Schirrmeister,
and Ball 2018 simply downsample the data to 250Hz down from 5000 Hz to improve
training times by reducing the number of training data. Freer and Yang 2020 utilise
a 7-30Hz bandpass filter and a Z-normalisation. B.-H. Lee et al. 2020 bandpass
filter between 1-60Hz and select the 24 electrodes on the motor cortex. Millan and
Mourino 2003 select eight fronto-centro-parietal electrodes, transform them using
SL, and extract the 8-30Hz band and perform normalization.

2.3.3 Feature Extraction

The BCI then converts the pre-processed signals to a more compact set of features
using feature extraction tools, before feeding them to the classifier. Feature en-
gineering typically requires significant expertise to be done well, and EEG signal
feature extraction commonly uses ICA, PCA, Wavelet Transform (WT), Wavelet
Packet Decomposition (WPD), and Fourier Transformation (FT) (Lakshmi, Prasad,
and Prakash 2014). ICA and PCA apply to both pre-processing as well as feature
extraction. FT transforms a signal from the time domain to the frequency domain.
If FT uses one-second segments that overlap by half a second, then the name of
the technique in question is power spectral density (PSD). Also commonly taking
place is the extraction of beta and alpha or mu frequency bands from raw data
using filtering. However, the advancement and success of deep learning techniques
in computer vision and speech recognition, and the adoption of those deep learning
techniques in the field of EEG-based BCI has reduced the need for manual feature
extraction. A comparison of feature extraction methods by Lakshmi, Prasad, and
Prakash 2014 is presented in table 2.3.3

Table 5: Comparison of feature extraction methods by Lakshmi, Prasad, and Prakash
2014

’ Technique H Advantages ‘ Disadvantages ‘
WT Analyzes discontinuous signals Lacking of WT methodology for
noise.
Analyzes signals in time and fre-
quency domains Performance limited by Heisenberg
uncertainty
Extracts energy, distance or clus-
ters
WPD Can analyze the non-stationary sig- | Increased computation time.
nals.
FFT Powerful method of frequency anal- | Applicable to stationary signals
ysis.
Sensitive to noise
Poor time localization
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Nonetheless, Xu et al. 2019 compute Short Time FT (STFT) from the electrodes
C3, C4, and Cz using window sizes of 64 and overlap to 50 to create spectrum images,
from which they extract the mu and beta bands. A similar approach is used by
Wang et al. 2018. On the other hand H. K. Lee and Choi 2018 create a spectrum
image using Continuous Wavelet Transform (CWT) wherein they use two different

so-called mother wavelet known as the Morlet and Bump wavelets; Ortiz Echeverri
et al. 2019 also utilise CWT

2.3.4 Classification

Feature extraction is followed by classification. The classifier translates these ex-
tracted features into commands that subjects desire to output. Lakshmi, Prasad,
and Prakash 2014 found that Linear classifiers and artificial neural networks (ANN)
are popular choices. Frequently used linear classifiers are the linear discriminant
analysis (LDA), which models the probability density function, and support vector
machines (SVM), in which a hyperplane is found where data sets are separated by a
gap as wide as possible. Since then ANN based approaches have gained in popularity.
The strategy generally used for multiclass BCI is the one versus the rest” (OVR)
strategy which consists in separating each class from all the others.

Table 6: Comparison of classification methods by Lakshmi, Prasad, and Prakash
2014

‘ Technique H Advantages ‘ Disadvantages

LDA Low computational requirements Discriminatory function inapplica-

) ble for variance features
Simple to use

Preserves complex structures of

Provides good results. Gaussian distributions

SVM Generalizes well Computationally complex

Outperforms linear classifiers

ANN Robust in practice Difficult to build

Computationally simple classifier Performance depends hyperparam-

) ) eters
Versatile to input data
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2.4 Machine Learning

Artificial intelligence observes its surroundings (AI) and learns to adapt to it, much
like humans. Al is an umbrella term, under which a key idea is machine learning (ML)
- the study of computer algorithms that improve over time (Mitchell and Hill 1997).
A key problem in ML is determining higher-level insights from low-level perceptions.
One can feed in raw data to the ML method to generate predictions. However, it
is typically more efficient to feed the model with a compact set of characteristic
properties of the data set instead. In a machine learning task, it is necessary only to
use a sufficiently large amount of features, even though intuitively it makes sense to use
as many features as possible to describe a data point. However, Furthermore, a large
number of features increase computational and statistical risk; more computations are
required, and the methods will be prone to overfitting. Overfitting happens when the
model is fit too closely to some subselection of data instead of generalizing well across
all or future data. Dimensionality reduction is about finding such a compression map
that transforms a data point to a feature vector, such that from that feature vector
it is possible to reconstruct the original data point as accurately as possible using a
reconstruction map. However, the choice of features that characterize a data point
is critical for overall success, and determining those features can be a difficult task
that can cost vast amounts of expert time. A feature vector is the set of features
that describes any one instance of data. Features need to be computable easily yet
maintain sufficient information about the label. The label represents some high-level
facts and is usually difficult to obtain; producing labels can require human expert
labor, for example. For this reason, labels are often a scarce resource. Unsupervised
learning is an ML method class that can operate in the absence of labeled data -
Such methods can extract relevant information from features. However, supervised
learning is another important ML method class which reads the features of some data
point and predicts some label that approximates the correct label. The production
of the mapping from features to labels uses historic data to test various choices
and selects one that performs best by some metric. The challenge of such methods
is the high amount of data points required and high-dimensionality of those data
points, as well as often utilizing non-linear predictor maps, which are computationally
demanding.

2.4.1 Artificial Neural Networks

An artificial neural network (ANN) is an ML method that models the way the brain
adapts to its environment, usually implemented in hardware or software. For example,
one can consider the human brain to be a type of ANN implemented in hardware.
Haykin 1994 defines neural networks followingly: “A neural network is a massively
parallel distributed processor made up of simple processing units that has a natural
propensity for storing experiential knowledge and making it available for use”. A
neuron is a fundamental operating unit that processes information in an ANN. A
network may employ a large network of neurons or processing units to achieve high
performance. Multitudinous neurons connect to other neurons in a network, and each
connection between neurons transforms the signal passing through such a network.
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Originally discussed in Warren S. McCulloch 1943, Haykin 1994 models a neuron in
figure 8. It comprises of three elements, which are the following:

e a set of synapses that multiply an input signal by the weight assigned to that
connection

e an adder that sums the weighted input signals, and

e an activation function limits the amplitude range to some finite value

Additionally, neurons may be biased. Bias affects the input of the activation
function as though another synapse with a fixed input of +1 were present. This is
the same as applying an affine transformation to the activation function, which is a
linear mapping that preserves points, straight lines, and planes by keeping parallel
lines parallel.
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Figure 8: Artificial Neuron (Illus. by Haykin 1994)

See figure 9 for an illustration of four types of activation functions: the thresh-
old function, sigmoid or logistic function, exponential linear unit (ELU) (Clevert,
Unterthiner, and Hochreiter 2015), and rectified linear unit (ReLU). The threshold
function is almost self-explanatory: If the input is negative, the output is zero, and if
the input is positive, the output is one. This is what is known as the McCulloch—Pitts
model (Warren S. McCulloch 1943). The sigmoid function is another common form of
an activation function, which is a strictly increasing S-curve-shaped that is balanced
between linear and non-linear behavior. The sigmoid function has an output range
between 0 and 1. Additionally, the hyperbolic tangent function resembles the sigmoid
function but differs in that its output ranges from -1 to 1 instead. However, a general
problem with the sigmoid and hyperbolic tangent is that they saturate at high and
low values. ReLU rectifies the input by outputting 0 for negative values, which has
the effect of deactivating some neurons. This results in computational efficiency. ELU
is a variant of the ReLLU, where a log curve replaces the negative part of the function.
Clevert, Unterthiner, and Hochreiter 2015 find that ELUs lead to faster learning
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and better generalization performance than ReLUs, in deep networks. Schirrmeister
et al. 2017 found a similar effect - ReLLU in all layers instead of ELUs reduced the
performance of their EEG-classifying deep convolutional neural network.
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Figure 9: Activation functions

The subset of computationally feasible predictors is called the hypothesis space.
If the problem allows linear algebra and the feature space is the euclidian space, the
ML methods based on the linear hypothesis space boil down to combinations of basic
linear algebra operations, such as vector-matrix multiplications. Standard computing
hardware performs matrix operations efficiently, and so it is wise to reformulate any
ML problem using vectors as features, if possible. Choosing the features as well
as the hypothesis space requires a good understanding of the application. If the
label space is finite, a classifier replaces the hypothesis. Alternatively, regression
problems replace the hypothesis with a predictor. For example, linear classifiers,
which include logistic regression, use classifier maps whose decision boundary is a
hyperplane. Determining the best predictor map in the hypothesis space requires
the measurement of loss. Squared error loss is widely used in regression problems
because it efficiently searches for the optimal predictor within a hypothesis space
using gradient descent. Minimizing the squared error loss is equivalent to maximizing
likelihood estimation within a linear gaussian model. However, squared error loss is
not useful for classification problems involving a discrete label space. A useful loss
function for binary classification problems is the logistic loss because those methods
can make use of a simple gradient descent method. In the case of a multi-class
problem in which only one class label is correct for some feature vector, categorical
cross-entropy is a suitable loss function.

The procedure that assigns the synaptic weights of the network is called a learning
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algorithm, and examples of common learning algorithms used in supervised learning
are the stochastic gradient, and least-mean-square error learning algorithms. The
stochastic gradient is an iterative method that approximates the gradient of the
network from the whole data set with a random subset of the data to find a set of
parameters that ideally results in the fastest learning. The subset selection reduces
the amount of data, which in turn reduces computational complexity. This results
in faster training but worse convergence rates. The Adam optimizer is an example
stochastic gradient descent method by Kingma and Ba 2014 that is well-suited to
non-convex optimization problems and is robust to noisy and non-stationary signals.
On the other hand, the least-mean-square error minimizes the mean square error,
which commonly measures the quality of an estimator.

The choice of good features for any ML application is far from trivial and is
perhaps the most difficult task of all. However, deep learning (DL) methods reduce
the size of the challenge significantly. DL is the branch of machine learning that
learns representations and accomplishes advanced tasks based on multiple neural
layers. DL trains a model using extensive data to provide predictions based on new
data. A deep ANN differs from ANNs by containing more than one hidden layer.
Figure! 10 visualizes such a typical example model
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Figure 10: Typical Neural Network

X
<8

Deep learning models split into three subcategories:
e Discriminative models can be used for feature extraction and classification
e Representative models only perform feature extraction

e (lenerative models generate data to improve a data set

!By Glosser.ca - Own work, Derivative of File:Artificial neural network.svg, CC BY-SA 3.0,
https://commons.wikimedia.org/w/index.php?curid=24913461



22

Zhang et al. 2019 find that more than 70% of discriminative DL models in BCI
research use CNN. They argue that CNN can extract the spatial dependencies, as well
as latent discriminative features, powerfully enough for brain activity classification.
Because of these reasons, CNNs are commonly used for both feature extraction
as well as EEG signal classification, which reduces the need for expert knowledge.
However, Ortiz Echeverri et al. 2019 state that CNNs perform better on preprocessed
EEG data rather than raw data. Also, they found that kernel size and stride in each
convolutional layer have a significant impact on classification accuracy, while the
number of convolutional layers is less significant. Similar to images, EEG data have
an abundance of features that are difficult to define manually. Furthermore, EEG
data points relate to those data that occur close to them in both time and space,
albeit that relationship is less obvious than it is with images. An image can represent
an EEG sample in a variety of ways. CNNs typically operate on 2D planar surfaces or
images. However, a 2D surface fails to represent the spherical geometry of the surface
of the scalp where the EEG data originate from without severe distortion. A more
generalized form (Cohen et al. 2018) adjusts the CNN operation to preserve spatial
proximity. Alternatively, images can use temporal or spectral dimensions in addition
to space, which CNNs can represent. MI has promising results with deep learning
models. Additionally, Zhang et al. 2019 find that BCI studies frequently use CNN to
discriminate between MI EEG based on manual feature extraction for 2-dimensional
CNN or temporal CNN or to representatively perform feature engineering to capture
latent connections.

2.4.2 Convolutional Neural Networks

Convolutional neural networks (CNN) are a category of discriminative artificial neural
networks that utilize temporal and spatial relationships between local data points
to determine the useful features of some machine learning problems. Such methods
have achieved success in the task of classifying images (Krizhevsky, Sutskever, and
Geoffrey Hinton 2012) and acoustic signals (G. Hinton et al. 2012). CNNs reduce
the trainable parameters of a fully-connected deep network without compromising
performance, which allows the development of more efficient networks. A CNN
typically consists of a combination of three different types of layers, which are the
following: convolutional layers, pooling layers, and a fully connected output layer.
Figure? 11 shows a typical CNN architecture that uses such layers.
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Figure 11: Example CNN Architecture

2Source: http://what-when-how.com/wp-content /uploads/2012/07/tmp725d63__thumb.png
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A CNN uses convolution and subsampling or pooling to reduce a signal, typically
an image, to its essential features. The difference between a dense or fully-connected
layer and a convolutional layer is that the latter learns local patterns whereas the
former learns relative to a specific point. It does so by processing a possibly padded
image using filters of some specified size. These filters pass over the image in user-
specified strides and can relate to anything, such as simple edges or complicated
patterns. A scalar product applies the filter to sub-images, and that result is passed
to an activation layer. Thus, a convolutional network can recognize some similar
features in any other part of the signal. Furthermore, convolutional layers can
learn increasingly complex concepts with nested convolutional layers. It does so
by effectively combining simpler features to increasingly complex features in each
layer. A convolutional layer is typically followed by and activation layer that limits
the range of the output. Thereafter, a pooling layer performs subsampling, which
reduces the resolution of the feature map. It does so by selecting a local average or
maximum value typically. Subsampling has the effect of reducing sensitivity to shifts
and distortions as well as reducing training time. One CNN can include multiple
such convolutional and pooling layers. Finally, a fully connected or dense layer takes
as input a one-dimensional vector that represents the previous layers’ output. The
fully connected layer outputs a list of probabilities for the possible labels, and the
highest probability listed is regarded as the classification decision. Since this method
typically operates with images, a typical input data has height and width dimensions,
as well as a depth value. For example, a typical image might have a three-dimensional
depth that represents the color channels red, green, and blue.

2.4.3 Transfer Learning

Zhang et al. 2019 suggest that transfer learning may contribute to the goal of
developing a person-independent classification of brain activity. The method works
in such a way that the learned parameters of some personalized model are transferred
to a similar model to be personalized to a different subject. Transfer learning helps
deal with two challenges: A deep learning model requires a large amount of labeled
data, and such data is may not be excessively available in the context of EEG signal
data. Furthermore, training a deep model is computationally expensive, which can
be observed as long training times in model personalization. A transfer learning
framework consists of a pre-trained model and a target model with a shared structure,
excluding the output layer (Xu et al. 2019). The parameters of the pre-trained
model are transferred to the target model and subsequently frozen to some extent.
The act of freezing parameters makes them unadjustable in a training phase, which
reduces the number of total trainable parameters. This is beneficial due to reducing
the computational load of training a model. Thereafter the later layers are trained
normally in the target dataset. However, the use of transfer learning assumes that
the new task is related to the earlier task for which the pre-trained model parameters
were optimized.
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2.5 Related work

Other CNN-based MI EEG BCI studies achieve the following results: Uktveris
and Jusas 2017 achieve a mean classification accuracy of 68% in the testing set for
4-class MI from BCIC IV 2a problem with less complex feature extraction techniques
utilizing such a network, in this case, a fast Fourier transform energy map. B.-H. Lee
et al. 2020 produce a mean testing accuracy of 66% in a 7-class MI and 88% in a
3-class MI data set with an end-to-end role assigned CNN. Wang et al. 2018 reach a
mean classification accuracy of 92% using a novel 2-class MI data set transformed
using a short-time Fourier transform and a scaled exponential linear unit -based
7-layer CNN. Y. Zhang et al. 2019 propose a 3D CNN that gives a mean accuracy
of 78% using time-frequency MI data. Lawhern et al. 2018 propose a deep CNN
and a shallow CNN with a mean classification accuracy of around 50% and 70%,
respectively in the 4-class MI BCI competition IV 2a dataset with features extracted
through the use of filter banks and CSP. Tang, Li, and Sun 2016 reach an average
accuracy of 86% using a novel CNN, and spatio-temporal EEG from a novel 2-class
MI data set. H. K. Lee and Choi 2018 apply their 1-D CNN to the 2-class BCI
competition IV 2b data set transformed to a time-frequency representation with
CWT and report 78% mean accuracy. Kar et al. 2018 hit a mean accuracy of 70%
in the 4-class BCI competition IV 2a data set using their proposed deep CNN and
raw EEG data. Schirrmeister et al. 2017 present a set of CNNs that are evaluated
against multiple data sets: They propose a deep, shallow, hybrid, and residual CNN
that they evaluated against the 4-class MI data sets BCIC IV 2a as well as their
larger novel high-gamma dataset. The shallow net has an accuracy of 73% in the
smaller data set and 94% accuracy in the larger data set. Ortiz Echeverri et al. 2019
attain 94% accuracy in a 2-class MI dataset (BCI competition III) time-frequency
transformed using a derivative CNN. Xu et al. 2019 use the 2-class MI dataset
2b from the BCI competition IV transformed to time-frequency data and attain
an average accuracy of 74% using the well-known VGG-16 CNN. Lu, Yin, and
Jing 2019 use a novel temporal convolutional network and the large 5-class EEG
Motor Movement/Imagery Dataset (EEGMMIDB) from PhysioNet and realize a
mean accuracy of 97%.
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Table 7: Summary of related work

‘ MI classes ‘ dataset ‘ Accuracy ‘ Author ‘
2-class BCIC III 94% Ortiz Echeverri et al. 2019
2-class BCIC IV 2b 74% Xu et al. 2019
2-class BCIC IV 2b 8% H. K. Lee and Choi 2018
2-class Novel 92% Wang et al. 2018
2-class Novel 86% Tang, Li, and Sun 2016
3-class Novel 88% B.-H. Lee et al. 2020
4-class BCIC IV 2a 68% Uktveris and Jusas 2017
4-class BCIC IV 2a 70% Kar et al. 2018
4-class BCIC IV 2a 70% Lawhern et al. 2018
4-class BCIC IV 2a 74% Schirrmeister et al. 2017
4-class HGD 93% Schirrmeister et al. 2017
5-class EEGMMIDB 97% Lu, Yin, and Jing 2019
7-class Novel 66% B.-H. Lee et al. 2020

2.6 Public Dataset

Multiple MI BCI studies (Ortiz Echeverri et al. 2019; Uktveris and Jusas 2017; Kar
et al. 2018; Schirrmeister et al. 2017) use the dataset 2A from the BCI competition
IV (Brunner et al. 2008) ®. The dataset consists of a cue-based experiment with
9 subjects performing 4 MI tasks: Imagination of left hand, right hand, both feet,
and tongue. The task class labels range between classes 1 through 4, respectively.
The 4 classes of MI tasks are distributed across trials in a balanced way. The
recording device used 22 active electrodes mapped along with the international
10/20 system, shown in figure 12, to record EEG data. The active electrodes are
the following: Fz, FC3, FC1, FCZ, FC2, FC4, C5, C3, C1, Cz, C2, C4, C6, CP3,
CP1, CPZ, CP2, CP4, P1, Pz, P2, POZ. Additionally, the data set provides 3
monopolar electrooculogram (EOG) channels that can be utilized for detecting noise
from sources like eye movements or blinking (these are called artifacts). The authors
marked the collected EEG data for noise artifacts with expert labor in their study.

3Dataset available at http://bnci-horizon-2020.eu/database/data-sets . Accessed in Feb 2020.
The general data format (GDF) files provided here contain one session per subject each, amounting
to 18 files. However, these files are converted to comma-separated value (CSV) tables where each
trial in its file, amounting to approximately 5000 files for this study















































































































