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Chapter 1

Introduction

Brain-Computer Interfaces (BCIs) represent a highly dynamic and promising area
of research within neurotechnology and human-computer interaction [1]. Numerous re-
search groups worldwide are actively working on advancing the capabilities and practical
applications of these systems. Despite significant progress in recent years, BCIs are still
far from being widely accessible or seamlessly integrated into everyday use. Continued
research is essential to overcome the existing technical and usability challenges to bring

these systems closer to real-world deployment [2].

1.1. Motivation

BCI systems are emerging as transformative tools in assistive technologies, offering
individuals with severe motor disabilities a new channel for communication and interac-
tion. Despite decades of research, the performance and reliability of BCI systems are still
far from optimal, primarily due to the complexity and variability of EEG signals. These
signals are not only inherently low in signal-to-noise ratio but are also highly susceptible
to contamination from non-neural artifacts such as eye movements, muscle activity, and
environmental noise. Artifact rejection and preprocessing steps play a critical role in
determining whether useful neural patterns can be extracted and interpreted accurately
3]

While online artifact rejection methods such as FORCe (Fully Online and Automated
Artifact Removal for Brain-Computer Interfacing) [4] and ORICA (Online Recursive
Independent Component Analysis) [5] exist, open-source implementations that are easy
to modify and integrate are not always available. This dissertation presents an online

adaptation of the Fully Automated Statistical Thresholding for EEG artifact Rejection



(FASTER) algorithm [6] that prioritizes transparency, simplicity, and ease of integration,
aiming to provide a practical alternative for real-time BCI applications. The system was
not only implemented and tested in live settings but was also reviewed and accepted by the
Cybathlon organizing committee, highlighting its compliance with technical standards.
Its use helped ensure that our BCI-pilots did not rely on artifacts for control, supporting
fair competition based on genuine neural activity.

Beyond the development of tools, there is a pressing need to understand the interac-
tions between preprocessing steps, signal representations, and machine learning strategies.
Current practices often treat these components in isolation, yet their combined effects
significantly shape the final classification outcomes. For example, while artifact rejection
generally improves signal quality, its effect is not uniform across subjects - some users
benefit, while others experience performance drops. Similarly, transfer learning shows
promise but behaves differently depending on the nature of the input data.

Moreover, how EEG data is structured for machine learning - whether using raw
time series, frequency-filtered segments, or spatial mappings - affects the ability of neural
networks to learn meaningful patterns. Through the development of novel neural archi-
tectures and a dense 3D representation, this work also probes the value of incorporating
spatial information and the role of frequency bands in classification tasks, especially under
cropped training conditions.

In summary, the motivation for this dissertation is twofold:

1. To develop a practical online artifact rejection tool for real-time BCI use, especially

in competitive settings.

2. To provide a detailed investigation into how EEG preprocessing, spatial/frequency
representations, and learning strategies interact and influence BCI classification

accuracy.

By addressing both engineering implementation and theoretical understanding, this work

aims to improve the design, reliability, and personalization of future BCI systems.

1.2. Overview of the Thesis

This dissertation is structured around two main groups of thesis points. The first
group pertains to the development and implementation of an online version of the FASTER

artifact rejection algorithm, as presented in a co-authored publication. This algorithm



was integrated into our Brain-Computer Interface system and employed during the Cy-
bathlon competition. The second group of thesis points is derived from my first-author
publication and investigates the impact of various signal processing steps on the classifi-
cation accuracy of BCI systems.

To establish a comprehensive foundation for these research directions, the dissertation
begins with an introduction to Brain-Computer Interfaces, discussing key components
such as the types of neural signals used and the paradigms applied for system control.
Special emphasis is placed on the motor imagery paradigm, including a review of publicly
available datasets designed around it. Significant attention is also given to machine
learning methods - particularly neural networks - starting from fundamental principles
and progressing toward state-of-the-art models, including transformers.

Chapter 3 presents the design and validation of the proposed Online FASTER al-
gorithm, along with a detailed overview of the Cybathlon competition, where it was
deployed. This chapter forms the basis of the first thesis group.

Chapter 4 focuses on the effect of EEG signal preprocessing techniques on classifi-
cation performance, summarizing the experimental findings reported in my first-author
publication. These results underpin the second thesis group.

Finally, Chapter 5 synthesizes the outcomes of the research and formally presents the

thesis statements.



Chapter 2

Background and Theory

2.1. Brain-computer interfaces

Brain-computer interfaces provide non-muscular communication between the brain
and the external world, using electroencephalographic or other brain-related signals. The
main goal of these devices is to help people with severe neuromuscular disorders, such as
ALS, brainstem stroke, or spinal cord injury, communicate with the external world and
control computer programs or neuroprostheses.

Like every communication or control system, BCIs have an input (for instance, the
electroencephalographic activity of the brain), an output (commands to control a device
or a computer), an inner system for decision-making, translating the input into output,
and a protocol that determines the onset, offset, and timing of operation [1]. The general
structure of a BCI system can be observed in Figure 2.1.

The input of the BCI can be categorized into invasive and noninvasive methods and
will be discussed in chapters 2.2 to 2.8. The second step of a brain-computer interface
is the extraction of features from the input signal. As the signal is usually very noisy,
contains many artifacts, and is hard to characterize in its raw form, filtering is essential to
get closer to the interpretation. Sections 2.6 and 2.7 discuss these aspects. After filtering,
relevant features can be extracted using different methods such as transforming into the
frequency domain, using the wavelet transform, extracting common spatial patterns, or
adding spatial dimensions to the data. The next step is classification, which is the most
discussed part in this dissertation. In this part, a machine learning system classifies the

preprocessed input, translating the user’s thoughts into control commands.
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Figure 2.1: The general architecture of a closed-loop BCI system. First, EEG signals are
recorded from the scalp and converted into a digitized representation. These data then undergo
preprocessing, including filtering, artifact rejection, and other enhancement steps, to obtain a
cleaner neural representation. Depending on the application, features may be extracted before a
classification algorithm infers the user’s intended command, which is subsequently transmitted
to an external device. The system delivers feedback to the user, allowing them to refine their

mental strategies over time and thereby supporting adaptive BCI operation [J2].



2.2. Electric signals of the brain

2.2.1 The origin of the signals

The human brain is composed of neural cells, or neurons, which possess intrinsic
states and communicate through synapses. This intricate system comprises approxi-
mately 10-20 billion neurons, each exhibiting an electric potential. Neurons receive input
signals via dendrites, which integrate incoming information, and transmit output signals
through an axon. When the membrane potential of a neuron surpasses a critical thresh-
old, it generates an action potential, propagating signals to all connected neurons. The
movement of ions and the resulting changes in electric potential fields can be recorded
using electrodes. Various techniques are available to measure these signals, differing in

their level of precision and degree of invasiveness |7].

2.2.2 Invasive methods

Invasive methods of electrical signal acquisition involve procedures where the skull is
opened or drilled to create an access point, allowing electrodes to be placed on the brain’s
surface or inserted into its interior. One notable invasive technique is electrocorticography
(ECoG), which has gained popularity for investigating cortical phenomena in clinical
contexts. ECoG employs subdural platinum-iridium or stainless-steel electrodes to record
electrical activity directly from the cerebral cortex’s surface. By bypassing the signal-
distorting effects of the skull and intermediate tissues, this method achieves a relatively
high signal-to-noise ratio. Spatial resolution can be further enhanced by using flexible,
closely spaced subdural grid or strip electrodes [8].

While ECoG and most noninvasive techniques primarily capture electrical activity in
the cortex’s superficial layers, deeper brain activity can be explored by inserting metal
or glass electrodes or silicon probes into the brain. These tools enable the recording of
local field potentials (LFPs). Achieving high spatial resolution requires numerous closely
spaced observation points and minimal disruption to brain tissue. With a sufficiently
high density of recording sites, it is possible to monitor the spiking activity of nearly
all neurons within a small volume. Advances in this domain have been driven by the
development of micromachined silicon-based probes, which offer an increasing number of

recording units and facilitate more comprehensive exploration of neural activity [8|.



2.2.3 Non-invasive methods

Noninvasive methods for brain signal acquisition do not require surgical intervention,
making them safer and more accessible. However, these methods provide less detailed
information about brain activity, as they cannot detect single-neuron or local poten-
tials. Instead, they measure the superposition of extracellular field potentials generated
by large neuronal populations, where temporally correlated activity contributes domi-
nantly to the measured signal. Among noninvasive techniques, electroencephalography
(EEG) is the most widely used and one of the oldest methods for studying brain electri-
cal activity. Scalp EEG, recorded by individual electrodes, represents a spatiotemporally
smoothed version of the LFP, integrated over an area of approximately 10 cm? or more.
Recent advancements, such as high-density EEG recordings combined with source mod-
eling that incorporates structural MRI-derived anatomical details of gyri and sulci, have
significantly improved the spatial resolution of EEG. The distinction between EEG and
invasive methods is illustrated in Figure 2.2 [§].

Another prominent noninvasive technique is magnetoencephalography (MEG), which
employs superconducting quantum interference devices (SQUIDs) to detect minute mag-
netic fields generated by neuronal currents outside the skull. MEG offers relatively high
spatiotemporal resolution and has the advantage of being less affected by the conductivity
properties of the extracellular space compared to EEG [9].

In contrast, functional magnetic resonance imaging (fMRI) represents a fundamen-
tally different noninvasive brain-imaging approach. This method utilizes magnetic reso-
nance imaging to measure the blood oxygenation levels of different brain regions. The
BOLD (Blood Oxygen Level Dependent) signal measures the deoxygenated hemoglobin
concentration, which is consequent to task-related or spontaneous modulation of neural
metabolism. The strengths of this method are the excellent spatial resolution and the
imaging of the whole brain, not just the surface of it. At the same time, the drawbacks
are the relatively poor temporal resolution (seconds), the price of the machine, and the
immense space occupation of the imaging device, which makes it unsuitable for everyday
BCI control [10], [11].

Finally, it is important to mention functional near-infrared spectroscopy (fNIRS),
a noninvasive and portable brain imaging technique. In fNIRS, emitters project near-
infrared light through the scalp and skull, while detectors measure the reflected or trans-
mitted light. Because oxygenated and deoxygenated hemoglobin exhibit different ab-

sorption characteristics at near-infrared wavelengths, changes in cerebral hemodynamics



- and consequently, brain activity - can be inferred. Compared to fMRI, fNIRS offers
advantages such as portability, lower cost, and greater freedom of movement. Owing to
these properties, fNIRS has become an increasingly popular modality for brain—computer
interface applications [10], [12].

This study focuses on EEG signals, which will be discussed in greater detail in the

following sections.

5-300 pVv
<100 Hz

0.01-5 mV
<200 Hz

<1mV
< 200 Hz

~500 pVv
0.1-7 kHz

Figure 2.2: Schematic depiction of major neural recording modalities, including EEGs, ECoGs,
LFPs, and spikes. Scalp-recorded EEG signals exhibit low amplitudes and contain neural oscilla-
tions spanning a wide frequency range, although higher-frequency components typically appear
with lower signal-to-noise ratios due to volume conduction and attenuation by the skull. ECoG
recordings, obtained directly from the cortical surface, provide higher amplitudes and broader
bandwidth. Depth-electrode recordings capture local field potentials, reflecting population-level
neural activity, while single-unit spikes represent millisecond-scale action potentials from individ-
ual neurons. The right side of the figure illustrates representative waveforms for each modality,

together with their typical amplitude and frequency ranges [13].



2.3. EEG signals

The brain’s electrical activity, as recorded through surface electrodes, is referred to as
the electroencephalogram. EEG signals are typically measured using silver /silver-chloride
(Ag/AgCl) electrodes due to their stability, low noise characteristics, and biocompatibil-
ity. EEG arises from the synchronized synaptic activity of populations of cortical neurons,
which are pyramidal cells organized along cortical columns. The area next to neural den-
drites becomes more negative as a result of the post-synaptic activity; therefore, a neuron
can be modeled as a dipole. For the electric signals to be measurable from scalp elec-
trodes, the neurons must be aligned in a parallel fashion and be synchronously active
[14].

To be detected by an electrode outside the head, neural electrical signals must travel
through multiple layers, including the dura mater, skull, and scalp. Once the signal
reaches the boundary of a conductive volume, ions can no longer move freely, and ca-
pacitance becomes the primary means of propagation. This occurs because insulating
layers separate charged regions, forming a stack of capacitors that transmit the signal by
repelling charges across each layer. While cerebrospinal fluid and brain tissues are good
conductors, they are separated from the electrode by poor conductors like the skull, dead
skin, and hair. To achieve less than 5k{2 impedance between the electrode and the scalp,
conductive electrolyte gel is commonly applied. Electrode gel improves conductivity by
filling air gaps and creating a conductive path from the scalp to the electrode. This gel
layer adds another capacitor to the existing stack of insulating and conductive layers.
Researchers are developing dry electrodes that do not require gel, but their technology is
beyond the scope of this discussion. The EEG signal is largely a result of this capacitive
transmission, though some electron flow occurs between the electrode gel and electrode,
creating DC potentials. To account for these electrochemical effects, EEG users must
allow electrodes to settle before recording. The main advantages of the EEG method are

non-invasiveness, relatively easy applicability, and good temporal resolution [14].

2.4. Paradigms

To distinguish EEG signals effectively, it is essential to identify discriminant modal-
ities, which become apparent when specific paradigms are applied or certain tasks are
performed. One of the most commonly used paradigms is the kinesthetic imagination of

large body movements, such as those involving the hands, legs, feet, and tongue. Imag-



ined movements of these body parts lead to event-related desynchronization (ERD) in
the mu and beta frequency bands, while relaxation triggers event-related synchronization
(ERS) in the motor cortex. This activity is predominantly observed over the C3 and C4
channels (following the 10/20 electrode placement system) and can be discerned using
various feature extraction and classification methods [15]. In this dissertation, I mainly
focus on Motor Imagery (MI) tasks, therefore, these types of signals will be discussed in
the next chapter.

Steady State Visually Evoked Potentials (SSVEP) are also used for BCI control. This
potential is also called photic driving because the origin of this component is the visual
cortex. It is evoked by flickering stimuli. A BCI is controlled by the user shifting his
attention on parts of the computer monitor that flicker with different frequencies, and
the frequency of the observed part is detectable via the EEG signal [15].

Visual P300 paradigms rely on the brain’s response to unexpected visual stimuli,
commonly known as the Oddball paradigm. The P300 component is characterized by a
positive peak, with an amplitude ranging from 5 to 10 microvolts and a latency between
220 ms and 500 ms following the onset of the stimulus. The first Brain-Computer Interface
based on this component was developed by Farwell and Donchin in 1988 [16], with the
implementation of the P300 Speller, which marked a significant advancement in BCI
technology.

There are additional paradigms for BCI control, such as imaginary singing, imag-
inary rotation of certain objects, imaginary navigation, and performing mathematical

operations, such as subtraction [15].

2.5. Motor Imagery

There are multiple explanations of the neural mechanism of motor imagery, with Mo-
tor Simulation Theory (MST) being the most widely accepted. MST, first proposed by M.
Jeannerod [17], [18], suggests that motor imagery and motor execution share the same
neural processes up to the point of muscle activation, where an inhibitory mechanism
suppresses the process, at some point between plan encoding and overt action. For this
mechanism, M. Jeannerod proposed two possible ways in which it may be realized. The
first one is a process inhibiting motor commands from descending past the brainstem or
spinal cord, while according to the second proposition, the reason can be a reduced level of
motor cortex activation during imagery, resulting in output below the threshold required

to activate motor neurons in the spinal cord (and thus below the threshold required for
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movement). In either case, MST’s core case is the existence of this inhibitory mechanism;
otherwise, imaginary movement could not use the same pathways without producing a
movement. Supporting evidence includes mental chronometry studies, which show that
imagined actions take a similar time as physical ones, and fMRI findings indicating over-
lapping neural activation in regions such as the central and cingular gyri, supplementary
motor area, and inferior parietal lobule during both imagery and execution.

G. Pfurtscheller et al. [19] investigated the reactivity of mu rhythms during motor
imagery of the right hand, left hand, foot, and tongue in nine able-bodied subjects using
60 EEG electrodes. Their findings revealed that hand motor imagery led to mu rhythm
desynchronization in all subjects, while foot and tongue motor imagery often induced mu
rhythm synchronization in the hand area. The most reactive frequency components were
centered around 11.7 Hz, with desynchronized components exhibiting broader frequency
bands around 10.9 Hz, whereas synchronized components were narrower and displayed
slightly higher frequencies at 12.0 Hz. Importantly, classification performance in multi-
class BCI improved when ERS patterns were present alongside ERD in at least one or two
tasks, suggesting that these EEG phenomena can enhance BCI control through motor
imagery alone. Furthermore, the study highlighted both intersubject and intrasubject
variability in mu rhythm reactivity during motor imagery, emphasizing the importance
of diverse band power changes for optimal task differentiation in single-trial classifica-
tion. The observed ERD/ERS patterns were specifically elicited by imagined move-
ments, reinforcing their potential utility in motor imagery-based BCI systems. However,
the authors also noted a challenge in distinguishing multiple mental states based solely
on ERD patterns, as alpha rhythm desynchronization can be influenced by various psy-
chophysiological factors, including perception, memory processes, and task complexity.
This underscores the need for incorporating both ERD and ERS features to improve

multi-class BCI performance.

2.6. Motor Imagery EEG databases

2.6.1 Physionet

My research was performed on the EEG motor movement/imagery dataset recorded
by Schalk et al. as part of the Physionet Database [20]. Data was recorded with a 64-
channeled 10-10 EEG system with 160 Hz sampling frequency and by using the BCI2000

framework, without hardware filters [21]. It is one of the largest EEG datasets of motor
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imaginary tasks, consisting of recordings from 109 subjects, 14 files for each. In my work,
I excluded subjects 88, 92, and 100, due to the sampling frequency and data structure
mismatch. I also omitted subject 89, where electrode labels were found to be incorrect.
These problems were also reported previously [22], [23].

The dataset contains 5 classes of motor imagery tasks, namely baseline activity and
imagined activities of right-hand, left-hand, both-hands, and both-legs movements. Al-
though the database includes EEG signals of tasks, where movements were actually re-
alized, I only used data from imagined movements to train and test the systems, as
tetraplegic people are the target patients for BCI research for whom only imagined move-
ments are available. During experiments, I used 4-way classification, for the following
classes: right-hand, left-hand, both hands, and both legs. There are approximately 22

samples per subject per class, resulting in 88 samples for each subject.

2.6.2 BCI Competition IV — 2a, 2b

A key benchmark for EEG classification tasks is the BCI Competition IV dataset,
particularly datasets 2a and 2b, which were both recorded by C. Brunner, E. Leeb et al.
[24]. The number of subjects in these datasets is limited to only nine. The 2a database
includes EEG recordings from 22 Ag/AgCl electrodes with an inter-electrode distance
of 3.5 cm. All signals were recorded monopolarly, with the left mastoid serving as the
reference and the right mastoid as the ground. This dataset contains four motor imagery
classes: left hand, right hand, foot, and tongue movements. During data collection,
subjects were seated in an armchair in front of a computer screen. Each trial began with
the appearance of a fixation cross for 3 seconds, followed by an arrow pointing left, right,
up, or down, indicating the specific MI task to perform. Participants were instructed to
execute the motor imagery task until the cross disappeared at 6 seconds, resulting in 3
seconds of actual motor imagery per trial.

In contrast, the 2b dataset consists of EEG recordings from only three electrodes
(C3, Cz, and C4), sampled at 250 Hz. This experiment involved only two motor imagery
classes: lifting the right or left hand. Although both datasets are widely used for BCI
performance evaluation, they were not included in this study due to the limited number

of subjects.
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2.7. EEG Artifacts

Considering the field of EEG, two distinct categories of artifacts are recognized: phys-
iological /biological and non-physiological artifacts. The latter can be caused by the mea-
surement instrument, meaning faulty electrodes, powerline- and environment noise, high
impedance of electrodes, cable, or body movement artifacts. These can be mostly avoided
by a precise recording system and strict recording procedures [3]. Physiological artifacts
may arise from various sources, including cardiac activity, pulse, respiratory patterns, and
glossokinetic effects. The two most significant contributors to physiological artifacts are
Electrooculograms (EOG), and Electromyograms (EMG). EOGs can come from ocular
movements such as eye blinking, eye movement, and eye flatter, while EMGs can result
from chewing, clenching, swallowing, sniffing, and talking [25], [26]. The components of

the observable EEG signal can be seen with the main artifact sources in Figure 2.3.

EEG

Wyt

Eye-movement \
‘)k'*/’“"‘“ﬂf‘”’\/‘ Observed EEG signal
Eyeblink ) | |

| 1
Muscular

s

Cardiac

Pt

Figure 2.3: Decomposition of the observed EEG signal into its constituent sources. Alongside
genuine neural activity, EEG recordings capture non-neural artifacts arising from eye movements,
blinks, facial and scalp muscle activity, and cardiac rhythms. These components sum together at

the electrodes, producing the measured EEG signal that must be cleaned during preprocessing

[27].

It is crucial to remove artifacts from the EEG signal prior to processing, as they can
potentially interfere with the interpretation of the original data. One important aspect
arising during BCI system development is the fact that we want to use this system,
for example, on tetraplegic or locked-in patients, who are unlikely to produce certain

types of EEG artifacts; however, we usually develop, test, and compare the BCI systems
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dominantly on data derived from healthy subjects. It is clear that healthy subjects will
have a different artifact portfolio than patients with severe brain injuries. In addition,
nearly all the large databases suitable for neural network-type machine-learning-based
BCI system research contain EEG data from healthy subjects, and not from injured
patients. Motor imagery tasks in a healthy subject may evoke, for example, covert,
unwanted limb movement-related artifacts, which action is evidently missing in tetraplegic
patients. In addition, it is also a question of how disabled patients’ brain network changes
after the injury, and whether their brain processing is comparable with that of normal
subjects during motor imagery tasks. In conclusion, at least heuristically, it seems to
be a safe strategy to remove artifacts from the EEG to minimize the difference between

healthy and diseased populations.

2.8. Artifact rejection

To remove artifact contamination, a filtering algorithm needs to be employed. In
the academic literature, several methods have been proposed for this purpose, of which
the Independent Component Analysis (ICA) is one of the most frequently utilized math-
ematical methods [28], [29], [30]. In addition to ICA, other methods such as Wavelet
Transformation [31], Canonical Correlation Analysis [32], Empirical-Mode Decomposi-
tion [33], and further Hybrid approaches [3] are also commonly employed. One of the
widely used algorithms for Artifact Rejection (AR) is the FASTER algorithm [6], also
utilized in this work, which, besides using the ICA method, also performs filtering and

interpolation over global and epoch-wise bad channels.

2.9. Feature extraction

EEG data is inherently high-dimensional, composed of multiple overlapping neural
sources, and is characterized by a low signal-to-noise ratio even after the application of
artifact rejection techniques. The extraction of discriminative features - those capable of
distinguishing between different cognitive or motor states - is critical for effective Brain-
Computer Interface systems. However, designing an appropriate and informative feature
set remains a major challenge. The neural signals of interest are often embedded in a
noisy background and are temporally and spatially overlapped with activity stemming
from unrelated or concurrent brain processes. Consequently, simple signal processing

techniques such as band-pass filtering are frequently insufficient to isolate the desired
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information, particularly when the target signal is obscured by other concurrent neural
sources [34].

To address this, various feature extraction and dimensionality reduction methods have
been proposed. Among the most widely used dimensionality reduction methods are Prin-
cipal Component Analysis (PCA) and the previously mentioned ICA. PCA is a statistical
method that applies a linear transformation to convert a set of possibly correlated vari-
ables into a set of uncorrelated components, referred to as principal components, which
capture the directions of maximum variance in the data. In contrast, ICA attempts
to decompose a multivariate signal into statistically independent sources without prior
knowledge of their nature, making it especially suitable for blind source separation in
EEG signals [34].

Nonlinear approaches for the decomposition of EEG signal include autoencoders,
which are inherently neural network—based architectures (discussed in detail in the follow-
ing section). Conceptually, their objective is similar to certain dimensionality reduction
techniques, such as PCA, which can be viewed as a linear analogue. An autoencoder
consists of two main components: an encoder, which compresses the input into a lower-
dimensional representation, and a decoder, which reconstructs the original input from
this latent space. The intermediate (latent) layer generally has fewer dimensions than
the input and the output layers. When properly trained, the encoder can serve as an ef-
fective feature extractor, while together with the decoder component can even be utilized
for artifact rejection [35], [36], [37].

In addition to spatial and statistical methods, time-frequency domain analysis is often
employed to capture transient or non-stationary features of EEG signals. Two notable
techniques in this domain are Matched Filtering (MF) and Wavelet Transform (WT).
Matched Filtering is a pattern recognition approach that detects predefined signal tem-
plates within noisy EEG data by measuring the degree of correlation between the incom-
ing signal and a set of reference templates. This method is particularly useful when the
temporal profile of the neural response is known in advance [38]. Wavelet Transform,
on the other hand, offers a flexible and robust framework for analyzing non-stationary
signals. It decomposes the EEG into time-frequency representations, allowing the extrac-
tion of localized spectral features that are otherwise difficult to capture using traditional
Fourier-based approaches. WT has found broad applications in signal processing, includ-

ing EEG, audio, and image data [39], [40], [41].
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Another important family of methods focuses on spatial feature extraction, with Com-
mon Spatial Pattern (CSP) being one of the most prominent. CSP is specifically designed
to enhance the discriminability between two classes of multichannel EEG signals by pro-
jecting the data into a spatial subspace that maximizes the variance for one class while
minimizing it for the other. This transformation significantly improves the signal-to-
noise ratio of class-specific patterns, making the subsequent classification more effec-
tive. Although originally developed for binary classification problems, extensions of CSP
have been proposed to accommodate multiclass BCI paradigms [42], [43]. Furthermore,
frequency-aware variants such as Filter Bank CSP (FBCSP) extend the method by apply-
ing CSP across multiple frequency bands, enabling the extraction of band-specific spatial
features that are particularly effective in motor imagery—based BCIs [44].

The next chapter will delve into classification techniques. Neural networks, par-
ticularly transformer-based architectures, represent the current state of the art, while
convolutional neural network-based models remain relevant and widely used.

Unlike traditional classifiers, convolutional neural networks have the capacity to learn
discriminative features directly from raw EEG data through hierarchical layers of convo-
lution and abstraction. As a result, in many modern BCI applications, explicit feature
extraction steps are omitted altogether, and the raw signals are fed directly into the
neural networks, which autonomously learn the relevant representations for classification

tasks.

2.10. Classification

Machine learning plays a crucial role in the classification of EEG signals, enabling
the system to determine the class to which a given EEG epoch belongs. This requires
designing and training a classification model using a large number of trials. In this sec-
tion, I focus on two widely used classifiers, Support Vector Machines and Convolutional
Neural Networks, while also highlighting Recurrent Neural Networks and Transformers
as a state-of-the-art approach. However, there are further approaches not explained here,
such as Linear Discriminant Analysis (LDA), Regularized-LDA, k-nearest-neighbor algo-
rithm (k-NN), Extra Trees algorithm, or Naive Bayes algorithm. Additionally, there are
other deep learning techniques, such as Deep Belief Networks (DBN), which have im-
proved classification by automatically extracting features. Ensemble methods, including
LDA ensembles and tree-based classifiers, have also been introduced to address challenges

in multi-class classification. Despite these advancements, real-time implementation re-
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mains difficult due to calibration constraints, leading to growing interest in alternative
approaches such as capsule networks and spiking neural networks [45]. These methods
are important to note, but like the previously mentioned approaches, they will not be

discussed in detail in this section.

2.10.1 Support Vector Machines

Support Vector Machines (SVMs) were one of the most successful classifiers for motor
imagery EEG signal classification [46], [47] before the era of neural networks, and yet
there are articles from the near past applying this method [48], [49]. The essence of this
algorithm is constructing a hyperplane as the decision surface on the training data, in such
a way that the margin of separation between the 2 classes is maximized. Notationally,
given a labeled training dataset of {z;,y;};, where x € R™ and y; is either 1 or -1,

depending on the class, Support Vector Machines solves the next optimization problem:

N TR
ﬁﬁ{z”w” +C;§i}

constrained to:

yi ((p(z:),w) +b) >1-& Vi=1,....n
&E>0 Vi=1,...,n

In this notation w and b are the parameters of the corresponding hyperplane, which
determines to which class a new x point belongs. It can be shown that minimizing the
norm of the weight vector is equivalent to maximizing the margin between the closest
points and the hyperplane. ¢ is a function which transforms the input vectors into a
new basis, &-s are the error values, with the non-zero values belonging to those training
points, which are classified inside the margin, or which are on the wrong side of the
hyperplane - the value represents the error from the correct classification. These values
are important in such cases, where there is no hyperplane that can classify all training

points well [50].

2.10.2 Neural Networks

In contemporary BCI systems, neural networks have become the predominant choice
for classification, underscoring their critical role in achieving high performance. This

section provides a structured overview, beginning with the fundamental components of
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neural networks and progressing toward more advanced architectures that are specifically

designed or adapted for use in BCI applications.

2.10.2.1 Artificial neuron

The fundamental unit of a neural network is the artificial neuron, a computational
model inspired by the biological neuron found in the human nervous system. The earliest
and simplest form of this concept is Rosenblatt’s perceptron, which computes a weighted
sum of its inputs, adds a bias term, and applies a threshold activation to determine the

output. Mathematically, this can be expressed as:

output = 0, ifw-z+b<0

1, ifw-z4+b>0
where w is the weight vector, x is the input vector, and b is the bias term. Modern
neural networks extend this model by incorporating nonlinear activation functions, such
as the sigmoid, ReLU, or tanh functions, in place of the step function. These nonlin-
earities enable the network to model complex, continuous relationships between inputs
and outputs. Importantly, it has been mathematically established that a neural network
composed of a sufficient number of such neurons - organized into at least one hidden
layer - can approximate any continuous function to arbitrary precision. This property,

known as the universal approximation theorem, underpins the theoretical power of neural

networks in a wide range of learning tasks [51].

2.10.2.2 Fully Connected Neural Networks

The fundamental architecture of artificial neural networks is the Fully Connected
(FC) neural network, commonly referred to as the Multilayer Perceptron (MLP). This
architecture consists of multiple layers composed of varying numbers of artificial neurons,
where each neuron in a given layer [; is connected to every neuron in the preceding layer
l;—1. The network begins with an input layer, ends with an output layer, and may include
one or more hidden layers situated between them. These hidden layers serve as non-linear
feature extractors, enabling the transformation of input data into a feature space where
class separability can be enhanced. Through the process of supervised learning, hidden
neurons adapt to emphasize discriminative patterns in the training data, facilitating
improved classification or regression performance. This hierarchical representation and
transformation of data distinguish the MLP from simpler models like the single-layer

perceptron proposed by Rosenblatt [52].
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A major limitation of fully connected neural networks is their poor scalability with
high-dimensional input data. As the input dimension increases, the number of trainable
parameters grows rapidly, leading to significant computational overhead, slow convergence
during training, and a heightened risk of overfitting due to the model’s excessive capacity.
This makes pure fully connected architectures impractical for real-world tasks involving
high-resolution inputs, such as images or time-series data.

Despite this drawback, fully connected layers are still widely used - particularly in
the final stages of neural architectures. In most classification problems, earlier layers
(e.g., convolutional or recurrent layers) first extract and condense meaningful features
from the input, significantly reducing its dimensionality. These processed feature vectors
are then passed to fully connected layers, which act as decision-making units that map
the extracted features to class probabilities or regression outputs. This hybrid approach

balances expressive power with computational efficiency [53].

2.10.2.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are extensively utilized in image and video
processing, as well as in analyzing temporal data sequences, making them particularly
advantageous for EEG data processing. In contrast to fully connected neural networks,
which often face challenges related to computational complexity and a high susceptibility
to overfitting, CNNs offer a more efficient alternative. As mentioned previously, over-
fitting occurs when a network demonstrates strong performance on the training dataset
but exhibits a significant decline in accuracy on validation and test datasets. This phe-
nomenon is often attributed to an excessive number of parameters and suboptimal net-
work architectures [54]. Fully connected networks are also highly sensitive to input shifts;
even minor displacements in the input can lead to substantially different outputs. This
property is undesirable in signal processing applications, where stability with respect to
small input variations is essential. CNNs offer several advantages over fully connected
networks. Firstly, they employ local connections, meaning that neurons are connected
only to a subset of neurons from the previous layer rather than the entire layer. This
architectural design significantly reduces the number of parameters and accelerates con-
vergence. Secondly, CNNs utilize weight sharing, which further decreases the number
of parameters, enhancing computational efficiency. Lastly, the incorporation of pooling
layers, which will be discussed in detail later, facilitates dimensionality reduction through

downsampling, contributing to improved feature extraction and network performance. To
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construct a CNN model, four essential components are typically required. The funda-
mental operation in convolutional neural networks is convolution, which involves applying
a kernel - a small matrix with learnable parameters - to the input data. The kernel’s
weights are convolved with the input, producing a transformed representation. In the

case of two-dimensional data, this operation follows the mathematical formulation:

N M
Y(z,y) = Z Z X(z—n,y—m)-W(n,m)

n=—N m=—-M

where X is the input data, and W is the convolutional kernel.

The output of the convolution process is referred to as feature maps, as different
kernels capture distinct features within the data. In addition to defining the kernel size,
two crucial hyperparameters must be specified: stride and padding. Stride determines
the step size of the convolution operation, influencing the resolution of feature extraction.
A larger stride results in fewer overlapping operations, reducing computational cost but
potentially losing finer details. Padding addresses edge effects by adding additional values
(e.g., zero-padding) around the input data. This ensures that border regions are included
in the convolution, preserving spatial dimensions when necessary.

The second fundamental component of a CNN is the activation function, similar to
its role in fully connected layers. As demonstrated by He et al. [55], if no activation
function is applied or only a linear function is used, the network’s output remains a lin-
ear transformation of the input, regardless of the number of layers. This results in a
model equivalent to a primitive perceptron, which has limited learning capacity due to
its inability to capture complex representations. To overcome this limitation, nonlinear
activation functions are introduced. The most commonly used activation functions in-
clude the sigmoid function, the hyperbolic tangent (tanh) function, the Rectified Linear
Unit (ReLU), and its various extensions |56].

The third essential component of a CNN is the pooling operator, which is primarily
responsible for reducing the spatial dimensions of the input. This operation serves two
key purposes: first, it decreases the number of weights and parameters in subsequent lay-
ers, enhancing computational efficiency; second, it helps mitigate the risk of overfitting.
Several pooling methods exist, with the most common being max pooling, which selects
the maximum value within a defined region, and average pooling, which computes the
average value. Additionally, more advanced techniques such as mixed pooling, LP pool-
ing, and stochastic pooling have been developed to further optimize feature extraction

and model performance [57].
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Finally, after multiple convolutional and pooling layers, CNNs can incorporate a fully
connected layer to process high-level feature representations. Although alternative ap-
proaches, such as adaptive pooling [58] or fully convolutional neural networks [59], have
been proposed, motor imagery EEG processing pipelines most commonly employ at least
one fully connected layer. Before entering the FC layers, the feature maps are typically
flattened into a one-dimensional vector to match the input dimensions required by the
final layers. The FC network plays a crucial role in tasks such as classification, where the
output is an nx1 vector, with n representing the number of distinct classes. This final
stage enables the network to make predictions based on the extracted features.

Convolutional neural networks are widely used as one of the state-of-the-art classifiers
for motor imagery signal classification [60], [61], [62]. Among the many CNN architectures
proposed for EEG analysis, Shallow ConvNet [63], and EEGNet [64] are particularly

prominent and are described in detail later in this dissertation.

2.10.2.4 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) represent a specialized class of deep learning ar-
chitectures designed to handle sequential data by incorporating a form of internal memory.
Unlike traditional feedforward neural networks, which process inputs independently and
without regard to order, RNNs are explicitly designed to model temporal or sequential
dependencies. This is achieved through a recursive structure, wherein the network main-
tains a hidden state that is updated at each time step. The output at a given time step
is thus a function of both the current input and the hidden state from the previous time
step. This makes RNNs particularly well-suited for time-series data, language modeling,
and other tasks where the order of inputs carries semantic meaning.

Despite their conceptual strengths, standard RNNs suffer from limitations when deal-
ing with long sequences, primarily due to the problem of vanishing and exploding gradi-
ents during backpropagation through time. These issues hinder the network’s ability to
learn long-range dependencies, effectively limiting its "memory" to only a few previous
time steps. To overcome these limitations, the Long Short-Term Memory (LSTM) archi-
tecture was proposed as a more robust variant of RNNs. LSTMs are designed to capture
long-term dependencies by incorporating a more complex internal structure, consisting of
memory cells and a system of gating mechanisms that regulate the flow of information.

Each LSTM unit receives the current input and the previous hidden state, and it outputs
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both an updated hidden state and a cell state, which serve as memory carriers through

the sequence. The core of an LSTM unit lies in its three gates:

1. Input Gate: Controls the extent to which new input values should update the cell

state.

2. Forget Gate: Determines which information from the previous cell state should be

discarded.

3. Output Gate: Governs how much of the cell state should be exposed as the output

at the current time step.

These gates are parameterized using learned weights and are activated using sigmoid
and tanh functions, allowing the network to retain, forget, or update information adap-
tively over long time horizons. In typical classification tasks, particularly in sequence
modeling scenarios such as EEG signal classification, the final hidden state at the last
time step is often used as a compact representation of the entire input sequence. Over-
all, LSTM networks have proven to be significantly more effective than simple RNNs in
modeling long-range temporal dependencies, making them a valuable tool in EEG-based
BCI systems where sequential dependencies and signal dynamics play a critical role [65],

[66], [67], |68], [69].

2.10.2.5 Transformers

One of the novel and widely used structures of machine learning is the Transformer
model, developed by Vaswani et al. [70]. The original use of this structure was Natural
Language Processing (NLP) and translation, but since its release, it has been used for
numerous things, such as text generation, image processing, and signal processing as well
[71]. The model follows an encoder-decoder structure, such as many of the previous ma-
chine translation models, but it is unique in using only the attention mechanism, without
recurrence or convolution. Both the encoder and the decoder consist of multiple layers
of multi-head attention and pointwise fully connected layers in the feed-forward part.
The encoder processes the data, which has been tokenized, embedded, and positional
encoded. The authors employed a residual connection around each sub-layer, followed by
layer normalization.

Multi-head attention layers are built up of Scaled Dot-Product Attention blocks.

There are 3 inputs of this module: a Query, a Key, and a Value vector. The sets of these
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vectors are packed together into matrices Q, K, and V, respectively. The attention is

computed by the following formula:

\/dk

where dy, is the dimension of the key vector, the square root of which the dot product
is scaled. The softmax function serves to obtain the weights on the values. A multi-head
attention layer consists of A number of attention blocks, where the input query, key, and
value vectors are linearly projected h times with different, learned linear projections. The

formula for multi-head-attention is the following:

MultiHead (Q, K, V) = Concat(heady, ... heady,)W©°

where:

head; = Attention(QWZ, KWK, viv))

and Ws denote the parameter matrices of the linear projections.

For EEG decoding, transformers also represent state-of-the-art classification perfor-
mances; however, in most cases, only the Encoder module is used [72], [73], [74], [75],
[76], |77].

A representative model within this category is the EEG Conformer, which integrates a
convolutional module inspired by the Shallow ConvNet architecture with a self-attention
module based on a Transformer encoder. The convolutional component captures low-level
local features through one-dimensional temporal and spatial convolution layers, while the
Transformer encoder directly models global dependencies among these local temporal
representations. The network achieved classification accuracies of 77.66% and 85.87% on
the BCI Competition IV 2a and 2b datasets, respectively. Under the same experimental
conditions, Shallow ConvNet attained 75.69% and 85.13%, whereas EEGNet achieved
77.39% and 87.71% [78].

Another Transformer-based model, CTNet, follows a similar hybrid design. It first
applies a convolutional module, analogous to that of EEGNet, to extract local and spa-
tial features from the EEG time series. Subsequently, a Transformer encoder employing
a multi-head attention mechanism captures global dependencies among high-level EEG
representations. Finally, a classification module composed of fully connected layers pro-

duces the final output. This architecture achieved state-of-the-art performance on the
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BCI Competition IV 2a and 2b datasets, with accuracies of 82.52% and 88.49%, respec-
tively [79].

Jin Xie et al. also conducted experiments employing Transformer-based neural net-
work architectures for EEG classification. They proposed five distinct model configura-
tions, varying in the inclusion of convolutional layers and the use of temporal, spatial,
or combined (fusion) Transformer modules. Among their analyses, they evaluated the
classification performance on 3-second EEG segments from the Physionet database and
compared the results with those of EEGNet and Shallow ConvNet. Their findings indi-
cated that the fusion CNN-Transformer model achieved the highest accuracy of 64.22%,
outperforming EEGNet (63.16%) and Shallow ConvNet (58.58%) [80].

2.10.2.6 Training a neural network

To train a neural network for classification, it is essential to have a great labeled
dataset. To be able to determine the efficiency of a classifier, it is necessary to have a
separate set of data on which the system was not trained, and the accuracy achieved on
this Test set will be the measure of the designed architecture. In the method of cross-
validation, the whole set is iteratively divided into a Train and a Test set, for each item
to be once in the set of evaluation. To prevent overfitting, it is a good idea to determine
a third set, the Validation dataset, on which the efficiency is tested in each epoch during
training. If the accuracy of the network starts to decline, and this decline lasts for a
predetermined patience parameter, training stops, and the final weights will be the ones
with the highest validation accuracy. The network with these weights will be tested on
the Test set, and the accuracy is determined this way [53].

To understand how neural networks weights are updated during training, we have to
know about the backpropagation algorithm. Backpropagation is a fundamental algorithm
used to train artificial neural networks by minimizing the error between predicted and
actual outputs. It works by propagating the error backward through the network, layer
by layer, and adjusting the weights using gradient descent. During this process, the
algorithm computes the gradient of the loss function with respect to each weight by
applying the chain rule of calculus. These gradients indicate how much a small change
in each weight would affect the overall error, allowing the model to learn by gradually
updating the weights in a way that reduces the loss. Backpropagation enables deep
learning models to learn complex patterns from data and is essential to the success of

modern machine learning [53].
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2.10.2.7 Parameters to tune

The design and training of a neural network involve the careful tuning of numerous
hyperparameters, which can be broadly categorized into architectural, training-related,
and data-centric parameters. From an architectural perspective, key decisions include
the number of layers and neurons per layer, the types of layers used (e.g., convolutional,
recurrent, fully connected), and the overall structural layout of the network. Additional
parameters such as activation functions, kernel sizes, stride and padding values, pooling
types and sizes, as well as input sequence length and window size, also play crucial roles
in defining the network’s representational capacity and performance. Training-related
hyperparameters must also be carefully chosen to ensure effective learning. Among these,
the learning rate is perhaps the most critical, as it determines the magnitude of weight
updates during training and has a significant impact on convergence. The choice of
optimization algorithm (e.g., Adam, Stochastic Gradient Descent) affects the training
dynamics and stability, while parameters such as batch size, number of epochs, and early
stopping patience influence the generalization ability of the model. The selection of an
appropriate loss function is also essential and depends on the specific task - categorical
cross-entropy, for instance, is commonly used in classification problems. To prevent
overfitting and improve generalization, regularization techniques such as dropout are
often employed. Dropout involves randomly deactivating a proportion of neurons during
each training iteration, thereby ensuring that the network does not become overly reliant
on specific neurons and learns more robust representations. During inference, the full
network is utilized, resulting in improved stability and performance. Finally, data-related
parameters are also of considerable importance. Data augmentation techniques - such as
adding noise, rotating images, or applying temporal shifts - can enhance the diversity of
the training set without requiring additional data collection. Additionally, normalization
and scaling of input features are crucial preprocessing steps, as they help ensure numerical
stability and consistency across input dimensions.

Collectively, these hyperparameters must be thoughtfully configured to develop a
neural network model that is both accurate and generalizable. Their appropriate tuning
often requires empirical experimentation and may significantly influence the success of

the learning process [81], [82].
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Chapter 3

Online Artifact rejection algorithm
for Cybathlon 2020 and Cybathlon
2024

3.1. The Cybathlon competition

The Cybathlon is a prestigious international competition organized by ETH Zurich,
with the primary objective of fostering the development of assistive technologies and com-
putational solutions aimed at improving the quality of life for individuals with physical
disabilities. Often referred to as the "Bionics Olympics," the Cybathlon is held every
four years, beginning in 2016. The event features various disciplines that simulate real-
world challenges faced by people with disabilities. These disciplines initially included six
categories: Exoskeletons, Functional Electrical Stimulation (FES), Powered Wheelchairs,
Powered Leg Prostheses, Powered Arm Prostheses, and Brain-Computer Interfaces. For
the 2024 edition, two additional categories were introduced: the Assistance Robot Race
and the Vision Assistance Race.

Our research group, under the leadership of Csaba Méarton Kollgd, participated in
the Brain-Computer Interface race. In accordance with Cybathlon protocol, participants
with severe motor impairments - referred to as pilots - operate assistive systems via
non-invasive brain signals. We conducted weekly experimental sessions with two pilots
diagnosed with tetraplegia, focusing on improving the reliability and responsiveness of
BCI control systems.

Our initial preparations were aimed at participating in Cybathlon 2020. Unfortu-

nately, due to restrictions imposed by the COVID-19 pandemic, we were ultimately un-
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able to take part in the event. The 2020 BCI task involved controlling a virtual vehicle
navigating a track. Pilots had to issue directional commands (left or right) to guide the
vehicle at turns, and trigger a ‘lights-on’ command when sections of the track became
dark. No command was needed when the vehicle was on a straight path. Incorrect or
mistimed commands resulted in a speed reduction, and team performance was scored
based on the time taken to complete the entire course.

Between 2021 and the release of the new game for Cybathlon 2024, our efforts con-
tinued using the 2020 game as a training and evaluation platform. Upon the release of
the updated 2024 challenge, we transitioned to the new and significantly more complex
game environment. The 2024 BCI race required a broader range of mental commands to

complete five distinct and increasingly sophisticated virtual tasks:

1. Wheelchair Navigation - Maneuvering a virtual wheelchair through various obsta-

cles from a starting door to an exit point.

2. Cup-Filling Task - Precisely guiding a cup beneath an automated ice dispenser and

holding it still while ice cubes were dispensed.

3. Mouse Control - Moving a cursor to a designated region on a computer screen and

executing a virtual mouse click.

4. Key Insertion - Controlling a virtual hand to insert a key into a keyhole and rotate

it in the correct direction.

5. Obstacle Avoidance - Navigating a wheelchair through a space populated with mov-

ing robot vacuum cleaners, avoiding collisions to successfully complete the task.

Each of the tasks was given 2 times, resulting in 10 tasks for the 8 minutes of the
competition.

A key regulatory requirement of the BCI race is the implementation of artifact filter-
ing prior to signal classification, in order to ensure that the systems rely exclusively on
EEG-derived information rather than on extraneous signals (e.g., muscle activity or eye
movements). In response to this requirement, I extended the original offline FASTER
algorithm to support online operation. This enhancement enabled real-time artifact re-
jection during gameplay, making our BCI system compliant with competition rules while

maintaining signal integrity for effective command recognition.
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3.2. The FASTER algorithm

The Fully Automated Statistical Thresholding for the EEG artifact Rejection method
(FASTER algorithm) was designed by H. Nolan et al [6]. In this chapter, the steps of
this method are explained with particular attention to the parts I modified, compared
to the original algorithm. I employed a method comprising four sequential steps, with a
deviation from the original algorithm by excluding the final artifact detection step across
subjects. The algorithm utilizes statistical criteria to identify channels and components
that exhibit deviations exceeding three times the standard deviation of the computed
parameters.

In preparation for algorithm application, frequency filtering was implemented, em-
ploying a 5th-order Butterworth filter. The initial step of the algorithm involves the
identification of globally artifactual channels. Channels exceeding predetermined thresh-
olds for variance, the mean of the channel’s correlation coeflicients with other channels,
or Hurst exponent parameters are flagged as faulty. Subsequently, the algorithm pro-
ceeds to eliminate epochs containing artifacts. The examined parameters for this step
included amplitude range in epoch, deviation from each channel’s average value, and
variance in each epoch. The third step involves the utilization of ICA to segregate time-
dependent data into statistically independent waveforms. During this process, epochs
and channels labeled as defective are disregarded. A transformation is performed using
the fast-ICA algorithm. Components displaying excessive correlation with the signal of
electrodes proximal to the ocular region are omitted in the resultant space if they fail
to meet the Z-score criterion for kurtosis, power gradient, Hurst exponent, and median
gradient parameters. To revert to the time domain, inverse matrix multiplication is per-
formed. In the last step, defective channels are determined on an epoch-by-epoch basis.
Subsequently, both globally and individually impaired channels are replaced through the
spherical spline interpolation technique. Ultimately, the data is referenced to the average

of all scalp electrodes.

3.3. The Online FASTER algorithm

In order to enable real-time operation, the original FASTER algorithm required spe-
cific modifications to adapt it for online use. The resulting implementation, referred to
as the Online FASTER algorithm, is designed to perform artifact rejection and signal

filtering in a quasi-real-time fashion. The operational pipeline of this algorithm consists
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of a preparatory phase followed by an online filtering stage. The preprocessing phase
relies on prerecorded EEG data to estimate several parameters that cannot be reliably
computed during online execution. Specifically, during this offline pretraining stage, the
algorithm identifies and marks globally bad channels based on their statistical deviation
from normative characteristics. These channels are then excluded from further compu-
tation. Additionally, bad epochs are detected within the training data and removed to
ensure the integrity of subsequent steps. The most computationally demanding compo-
nent of the algorithm - the Independent Component Analysis - is also carried out during
this phase. The ICA decomposition matrix, derived from the cleaned training data, is

preserved and later reused during online execution.
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Figure 3.1: The algorithm of the Offline FASTER method (left), with the designed Online
FASTER method (right). In the proposed online algorithm, the identification and exclusion of
globally poor-quality channels are conducted during the offline prefiltering phase, which precedes
the online filtering process. Additionally, the ICA matrix required for artifact correction is also
computed in this initial stage. It is important to note that, unlike the offline version, the online
method does not involve the removal of bad epochs. All subsequent filtering and classification

steps proceed in the same manner as in the offline implementation.

Once these preparatory steps are complete, the algorithm is ready to be deployed in
an online setting. The first alteration from the original FASTER pipeline involves the
treatment of globally bad channels: in the online version, these are no longer recalcu-

lated but are instead directly taken from the pretraining phase, thereby eliminating the
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need for repeated computation. The most critical modification, however, concerns the
ICA component. In the offline FASTER pipeline, ICA decomposition is computationally
intensive and thus unsuitable for real-time use. In the online variant, this step is resched-
uled: the precomputed ICA transformation matrix is applied directly to incoming EEG
data segments, enabling real-time decomposition without the need for re-estimation.

Each resulting independent component is then evaluated based on several artifact-
related criteria. These include statistical measures such as the Z-score of its correlation
with electrooculographic (EOG) signals, spatial kurtosis, the slope within a defined fre-
quency band, the Hurst exponent, and the median gradient. If any of these parameters
exceed predefined thresholds - typically a Z-score greater than 3 - the corresponding
component is identified as artifactual and is removed from the signal.

After the ICA step of artifact rejection, the online FASTER pipeline proceeds in a
manner consistent with its offline counterpart. Channels marked as bad in the current
epoch are removed and subsequently interpolated using data from the surrounding good
channels and the globally bad channels identified during pretraining. Finally, a Common
Average Reference (CAR) transformation is applied to enhance spatial signal consistency.
The output of this process is an artifact-cleaned EEG segment for each incoming epoch,
suitable for further real-time analysis or classification.

The implementation of the proposed algorithm can be found in the designated sub-
folder of the project’s GitLab repository:
https://dev.itk.ppke.hu/adoan/dissertation-codebase/-/tree/main/bionic_apps/

artifact_filtering/.

3.4. The usage of the Online FASTER algorithm

At the outset of each weekly session, a 20-minute guided EEG recording was con-
ducted immediately after headset placement. The first several minutes served to establish
a baseline: activity was recorded first with the participant’s eyes open and subsequently
with eyes closed. These baseline segments provided the data required to estimate the
initial parameter set for the Online FASTER artifact rejection filter.

The task phase that followed was cued visually. Over the course of the project,
the cueing paradigm evolved considerably. During preparation for Cybathlon 2020, we
evaluated two alternative control schemes: (i) a four-class protocol in which each game
command corresponded to a distinct mental task, and (ii) a binary protocol comprising

one active and one passive task. For Cybathlon 2024, the paradigm was streamlined to
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two active mental tasks plus a resting state. In the current implementation, the two
active commands are displayed on a screen; at each trial, an arrow highlights one of
them, which the pilot must actively imagine. Real-time feedback is provided throughout
the task: after online filtering with the FASTER parameters derived from the baseline,
the incoming EEG is classified by a pre-trained neural network, and the predicted class
is shown to the pilot. Although the new recordings enlarge our dataset, they are used
only to refine the session-specific FASTER parameters; the classifier itself is not retrained
online. Instead, the best-performing network from prior offline training is fixed for the
game session. The flow of control of the BCI game can be observed in Figure 3.2.
During gameplay, the continuous EEG stream is segmented into 1-second epochs. Each
epoch is passed through the Online FASTER filter and then delivered to the neural
network, which assigns the segment to one of the predefined classes. The resulting label
is translated immediately into the corresponding in-game command, enabling real-time
BCI control. The average processing time for the online FASTER method was 0.123 +
0.017 s, whereas the EEGNet neural network required an additional 0.061 + 0.010 s on
average. Considering the 1-second EEG segment used for classification, the total latency
remains within the optimal time window of 1-2 s, which provides a balance between
classification performance and system responsiveness, as suggested by Miladinovié¢ et al.

83).

&

Set the parameters for the Online
FASTER (ICA matrix, thresholds, etc.)
based on the recorded data

.

Recording a new dataset s ‘ Control of the game

Select the best performing pretrained
neural network

Figure 3.2: Workflow of the online EEG artifact rejection and control system. The recorded data
are used to set the parameters of the Online FASTER method and to select the best pretrained

neural network for real-time game control.
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Chapter 4

The effect of preprocessing steps on
the classification accuracy of BCI

systems

In this chapter, five neural network architectures are evaluated using data from 105
subjects of the Physionet database. The primary objective is to investigate how various
preprocessing techniques - including artifact rejection, transfer learning, cropped train-
ing, and frequency filtering - affect classification accuracy across these architectures. The
following two subsections first provide a review of the existing literature regarding the
impact of preprocessing methods, with particular emphasis on artifact rejection and fre-
quency filtering. Subsequently, the examined neural network models are introduced, and
the applied methodologies are described in detail. Finally, the results of this exploratory
analysis are presented and summarized.

The complete codebase supporting this research is publicly available at https://
dev.itk.ppke.hu/adoan/dissertation-codebase. The EEG data used in this study
were obtained from the PhysioNet EEG Motor Movement /Imagery dataset, accessible at

https://physionet.org/content/eegmmidb/1.0.0/.
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4.1. Effect of artifact rejection on the classification of EEG

signals — literature review

The examined studies concerning the effects of artifact rejection can be found in this
section.

Junjie Zhong and Feifei Qi [84] investigated the influence of artifact rejection on the
performance of a P300-based BCI in their study. The artifact rejection was achieved
through the utilization of ICA, and the classification was performed using Bayesian Lin-
ear Discriminant Analysis (BLDA). Their classification results underscored that artifact
rejection methodologies can indeed enhance BCI performance by augmenting both accu-
racy and information transfer rate. However, the study was limited by the use of manual
component filtering and a small sample size of only 8 participants.

Minju Kim et al. [85] also examined the effect of various AR methods (such as ICA,
adaptive filtering, and Artifact Subspace Reconstruction) on the classification accuracy
of the P300 and N200 components. As their results showed, the mean accuracy of ERPs
denoised by ICA, which was 62.87% =+ 8.81%), was higher than those by other algorithms
or no rejection, using an SVM as a classifier.

M. Mohammadi and M. R. Mosavi [86] compared 2 ICA-based EOG artifact rejection
methods with each other and examined the classification accuracy using Linear Discrim-
inant Analysis. In their study, the ICA with wavelet decomposition proved to be the
better method, and their comparison yielded better accuracies in the BCI Competition
IV 2a [24] dataset than those in the work of Ang et al. [87] and the work of Gouy-Pailler
et al. [88]. This work, however, did not aim to compare the raw and artifact-rejected
classification accuracies and only examined a small dataset.

Winkler et al. [30] presented an ICA-based AR method, specifically for BCI usage.
They used multiple databases to test their system and utilized shrinkage-regularized linear
classifiers to evaluate BCI performance. Regarding their result, the AR method had a
low effect on BCI classification accuracy in two databases, such as ERP BCI [89] and
MI-BCIT [90]. They observed the highest value of performance changes in the MI-BCI
dataset using lateralized readiness potential as a feature, while the average accuracy did
not change significantly; subject-wise, greater disturbances were observable.

Asif Igbal et al. [91] used the BCI Competition IV 2a. [24] collection of EEG data to
test their novel EEGNet and Temporal Convolution Network (TCN)-based classifier and

their ocular artifact removal system based on linear regression. The study demonstrated
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that their neural network architecture, coupled with an EOG artifact removal system, led
to a notable enhancement in BCI classification accuracy, achieving an impressive 80.5%
accuracy rate. This represents a 4% improvement compared to the performance of the
EEG-TCNet classifier, upon which their network architecture was based. Additionally,
the researchers observed a notable reduction in the variance of classification accuracy
across test subjects following the removal of EOG artifacts from EEG data.

E. Bou Assi et al. [92] employed their devised method, which integrates ICA with
K-means clustering, for the purpose of artifact rejection. In their study, physiologically
interpretable features were extracted using methods such as wavelet coherence, wavelet-
phase locking value, and band power analysis. These features were then subjected to
a statistical test to ascertain significant differences between relaxed and motor imagery
states. Features that successfully passed the statistical test were retained and subse-
quently utilized for classification purposes. They utilized SVM and LDA as classifiers,
and they observed that removing artifactual components increases the 2-class classifica-
tion accuracy from 66% to 88.1% in the Physionet database.

David E. Thompson et al. [93] found that automated artifact rejection methods
caused a significant performance decline in the use of P300-based BCIs. They used the
simple least squares classification method for the detection of the P3 signal and tested
10 AR algorithms. Their study revealed that methods titled SOBI, JADER, and EFICA
induced the least amount of performance decline; however, even with these methods,
there was a discernible (up to 10%) decrease in accuracy.

Laura Frolich et al. [94] investigated the effects of different artifact types, such as
blinks, lateral eye movements, heartbeat artifacts, muscle artifacts, and mixed artifacts
on motor imagery BCI. They used their own developed classifier ‘IC_ MARC’ to label
independent components as a type of artifact. The research was conducted on a dataset
of 80 subjects with a classical motor-imagery paradigm of 3 classes. They found that
if all the 119 EEG channels are used, muscle artifacts adversely affect BCI performance
while using only the 48 centrally located channels, artifact effects were reduced.

Mannan et al. [95] conducted a comprehensive investigation to examine the impact of
EOG-based artifact rejection on classification accuracy. Their research determined that
employing a low-pass filter on the EOG signal with a cutoff frequency of 7 Hz yielded
optimal results. Moreover, they demonstrated that the integration of this method with
the examined 5 artifact filtering approaches led to notable improvements in classification

accuracy when utilizing the CSP classifier on the BCI Competition IV 2a dataset.
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Ian Daly et al. [4] presented the Fully Online and Automated Artifact Removal
for Brain-Computer Interfacing (FORCe) algorithm for artifact rejection. They made a
comparison of the classification accuracy, comparing them on the raw signal and on using
the Lagged Auto-Mutual Information Clustering (LAMIC), the FASTER algorithm [6],
or their method. They used a small database of 14 subjects with cerebral palsy and
revealed significant differences between the original EEG and the FORCe method and
between the FORCe method and FASTER.

Pavel Merinov et al. [96] compared 4 AR methods with two benchmark solutions,
using the measurements of the BCI Competition IV 2a dataset and CSP as a classifier.
They concluded that there was no significant difference between the accuracies of the
examined methods. Their research also showed a high degree of subject dependence on
classification performance.

Stigt et al. [97] performed their experiments on the TUH Abnormal EEG Corpus
dataset, which contains normal and pathological EEG data. First, they designed a CNN
to classify artifactual data, and in the second step, they examined whether the rejection
of artifacts improves the classification accuracy of the used Shallow ConvNet. They
found that artifact rejection did not improve abnormal vs normal EEG classification
performance, but it made the training of the network slightly faster.

Yao Chen et al. [98] examined the influence of certain types of artifacts on classi-
fication accuracy, such as EMG, EOG, power-line interference, and electrode artifacts.
They used ICA to separate the different artifactual components and performed their ex-
periments on a database consisting of 6 subjects’ data with 26 scalp electrodes. Their
experimental findings indicate that, in terms of artifact types, the order of influence
on classification accuracy was as follows: EMG, power-line interference, electrode arti-
fact, and EOG. Specifically, they observed relative increments in accuracy of 5.5%, 4.0%,
3.1%, and 1.7%, respectively, when these artifacts were effectively removed from the EEG
signals.

Md Kauf Islam et al. [99] proposed a probability mapping-based method for EEG
artifact removal from EEG signals. They used the BCI Competition IV 1, 2a, and 2b
datasets to apply their system. They found that removing the artifacts with their method
enhances the outputs of the used LDA BCI classifier with windowed means feature, based
on receiver operating characteristic curves and an error rate diagram.

Maisha Anjum et al. [100] also researched the difference in classification accuracy by

using or neglecting a probability mapping-based artifact detection method. They showed
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in their 12-subject database, recorded by the 14-channel Emotiv Pro headset, that AR
can increase performance by 16% on average. However, because of the limited number of

electrodes used, their original results were not conclusive.

4.2. Effect of Frequency filtering on the classification of EEG

signals - literature review

In the pursuit of classifying motor imagery EEG signals, several studies have consis-
tently employed frequency filtering techniques, often focusing on restricting the frequency
domain to the mu and beta bands. By narrowing the analysis to these specific frequency
ranges, typically associated with motor-related brain activity, researchers aim to extract
discriminative features that encode the neural signatures of motor intention and execu-
tion. In a comprehensive review conducted by Ali Al-Saegh et al. [101], the authors
systematically examined the frequency ranges employed in the reviewed 36 papers. A
notable consensus emerged across these studies, with the frequency range from 8 to 25
Hz being consistently included. Remarkably, this frequency range was observed in all
analyzed papers, underscoring its widespread adoption and recognition as relevant for
motor imagery classification in EEG signals. Conversely, the frequency band from 0 to
5 Hz was notably absent in the majority of the surveyed literature, utilized in only 7
out of 36 studies. This observation highlights a tendency to prioritize higher-frequency
bands over lower-frequency ones in the context of motor imagery EEG signal analysis,
suggesting a prevailing emphasis on spectral components associated with motor-related
brain activity.

In the article of R. Salazar Valas and Roberto A. Vazquez [102], the authors under-
took an evaluation of the impact of cutoff frequencies during the pre-processing stage,
employing experiments conducted on the BCI Competition IV 2a dataset. Within this
framework, three distinct feature extraction methods were employed: a second-order
autoregressive model and fractal dimension calculations. Their investigation involved
varying bandwidths and lower cutoff frequencies, with subsequent testing of classification
accuracy using a linear discriminant classifier. Their work shows that even the frequency
range of 0 to 10 Hz could carry significant information, as there were cases where this

range also showed accurate classification accuracy.
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4.3. Materials and methods

4.3.1 Artifact rejection

In this section I used the offline version of the FASTER algorithm, which is detailed in
Chapter 3. While the original article specified a frequency range from 1 to 95 Hz with a
notch filter at 50 Hz, my study deviated by utilizing distinct frequency ranges tailored to
my specific experimental parameters and objectives. The exact frequencies are detailed

in Subsection 4.3.5.2.

4.3.2 Networks for MI signal classification

In this chapter, the two well-known and widely utilized neural networks are described,
which I also used for examining the effects of different processing steps. Both of these

networks are convolution-based systems and perform well in EEG classification tasks.

4.3.2.1 EEGNet

EEGNet, designed by Lawhern et al. [64], is a compact CNN architecture especially
constructed for EEG-based BCIs. It can be applied across different BCI paradigms, it
is optimal for training with very limited data, and it has been shown that it generates
features that are neurophysiologically interpretable. It consists of three blocks of multiple
types of convolution and a final classification layer. In the first block, two convolutional
steps are performed in sequence. Initially, a 2D convolution is performed with a kernel
size of (1,64), essentially meaning 1D convolution for each channel. The dimension of
the kernel is designed to be half of the sampling rate of the data, enabling the system to
extract frequency features at 2Hz and above. The number of kernels is I}, therefore, the
output of this layer consists of F} feature maps containing the EEG signal in different
band-pass frequencies. The second convolutional step is the so-called depthwise convo-
lution, in which the kernel dimension is the number of channels times 1. This operation
is for performing spatial filtering, and in this type of convolution, each input channel is
convolved with a different kernel. The advantage of depthwise convolution is reducing the
number of parameters to fit, as these convolutions are not fully connected to all previous
feature maps. In the case of EEG processing, it means that there is a direct way to learn
separate spatial filters for each frequency-filtered input, resulting in frequency-specific
spatial filtering. This two-stage convolution was inspired by the FBCSP algorithm. Both

convolutions are kept linear, and Batch Normalization and ELU nonlinearity are applied
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as well. During training, a dropout with a 0.5 probability was applied. In the following

block, separable convolution is performed. The structure is depicted in Figure 4.1.
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Figure 4.1: The structure of the EEGNet. Raw EEG data undergoes temporal, depthwise, and

separable convolution, while a fully connected layer performs the final classification [103].

4.3.2.2 Shallow ConvNet

The next architecture employed in this work is based on the Shallow convolutional
neural network (Shallow ConvNet) proposed by Schirrmeister et al. [63], which was
specifically designed for the classification of EEG signals. This model comprises two
convolutional layers, each containing 40 filters, followed by pooling, flattening, and fully
connected layers, culminating in a softmax output layer. The first convolutional layer
performs temporal filtering by convolving along the time axis independently for each EEG
channel. This operation is analogous to applying a set of linear finite impulse response
(FIR) filters to each channel, enabling the network to extract relevant temporal features
from the raw signal. Importantly, no spatial mixing occurs at this stage; the operation
is channel-wise and captures frequency-specific characteristics of the EEG. The second
convolutional layer performs spatial filtering by convolving along the channel dimension
at each time step. This layer receives the temporally filtered signals and applies spatial
filters that aggregate information across all EEG channels. Due to the use of valid
padding and the kernel size being equal to the number of EEG channels, each spatial
filter produces a single scalar output at each time point by computing a weighted sum
of all channels. This effectively reduces the multi-channel input to a single-channel time
series per filter, allowing the network to exploit inter-channel spatial dependencies in a
data-driven manner. Following the convolutional stages, the resulting time series are

subjected to average pooling, which reduces temporal resolution while retaining the most
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salient temporal features. The pooled outputs are then flattened into one-dimensional
feature vectors and passed through a fully connected (dense) layer that integrates the
learned spatial-temporal features. The final layer of the network is a softmax activation
function, whose number of output units corresponds to the number of target classes in the
classification task. This architecture, while relatively simple, has been demonstrated to be
highly effective for EEG-based classification tasks due to its ability to learn interpretable

spatial and temporal features directly from raw EEG data with minimal preprocessing.
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Figure 4.2: The architecture of the Shallow ConvNet classifier. On the raw data, temporal and

spatial convolutions are applied, and finally, a fully connected network performs the classification

[104].

4.3.3 The 3D representation of the EEG signal

Considering that the spatial configuration of the electrodes can provide informative
cues for classification, the EEG signals were represented as a three-dimensional tensor,
consisting of two spatial dimensions corresponding to the 2D projection of the electrode
layout and one temporal dimension capturing the signal time course, as applied in pre-
vious studies [105], [106], [107]. For this transformation, I used a unique arrangement
of electrode placements, referred to as dense 3D transformation. In this construction,
the Iz electrode is omitted, and the remaining 63 electrodes are rearranged into a 9x7-
dimensional rectangle. The arrangement can be seen in Figure 4.3. This arrangement

will be the input shape for 2D and 3D convolutional neural networks.
4.3.4 Networks with the 3D representation as the input

4.3.4.1 Conv2D Net

My first proposed network processes the raw EEG tensor described in the previous
subsection using two-dimensional convolutional layers whose kernels extend across all
time steps. Concretely, each kernel has dimensionality (kx, ky, T), where T equals the

number of samples in the temporal dimension. Consequently, the convolution is executed

39



Spatial arrangement of 2-dimensional projection Dense representation
electrodes

0 0 0 02223240 0 0 0
o0 o RS o o o 25 26 22 27 23 24 28 29 38
o 0 30 31 32 33 34 35 36 37 38 0 30 31 32 33 34 35 36 37 40
SR 0391 2 3 45 6 7400 391 2 3 4 5 6 7 42
" T T~ 43 41 8 9 10 11 12 13 14 42 44 43 8 9 10 11 12 13 14 44
& & @& - 04515 16 17 18 19 20 2145 0 === 41 15 16 17 18 19 20 21 46
=z T/ N2/ 0 47 48 49 50 51 52 53 54 55 O
B ] o) 45 48 49 50 51 52 53 54 55
@) 3 (A;\ & & 0 0 0 56575859600 0 0 ®
VPN =/ v\ o0 o0 olstlleo o oo 47 56 57 61 58 62 63 59 60
N IR TAYR IR ION
S AGOAGIGIEAGREY o000 offlooooo
[ @ ) e e & /@ )\
N PO e®OW \~
[ |
(T (E)—(E) ()€ E-C~)1) | e 5 =
‘\\(;D_‘\q)_& OO \LA/’_CU/H\@)_\Q | " Chl "= ¥ IS
‘ -, )
J B () @) € @) ) 67y LA/ E =
| 22999900g [~ ¥ S5
Y YATAYAYS /
\ m0O®00O®® e / S S o
\ @ &)/ < % g
s ) ) )
@O & @ o £
) 1 @ Ch64 oy BN S
8 (0:) . .
. ' Time Time
Original EEG data The dimension of the input

Figure 4.3: 3D representation of the EEG data: the channels x time initial arrangement of the
EEG data is rearranged into a 3-dimensional form, where the first two dimensions refer to the
spatial arrangement of the electrodes, while the third dimension is time. For the spatial dimen-
sion, I used a dense electrode arrangement: while the original distribution contains placeholder

zero channels, I rearranged this map to have a dense representation with no such cells [J2].

over the spatial layout of the electrodes, while a weighted summation is applied along the
full temporal axis, thereby integrating information from every time point within a single
filter response. Prior to convolution, the input undergoes L2-normalisation to ensure
scale invariance across channels. The normalised data are then passed through three
successive 2D convolutional layers, each followed by a nonlinear activation and, where
appropriate, batch normalisation. The output feature maps are subsequently flattened
and fed into a two-layer fully connected (dense) sub-network, which serves to synthesize
the learned spatial-temporal features. Finally, a softmax output layer produces class
membership probabilities, enabling multiclass classification. A schematic representation

of the complete architecture is provided in Figure 4.4.

4.3.4.2 Conv3D Net

Neural networks utilizing 3D convolutional layers are commonly applied in video
processing tasks [108], and their potential for EEG signal classification has also been
demonstrated in several studies [107], [109]. The key distinction between this architecture
and conventional 2D convolutional structures lies in the additional convolution operation

along the third dimension, which yields a four-dimensional feature representation after
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Figure 4.4: The structure of the designed 2D convolutional neural network: The input is the
3D representation of the EEG signal, on which 2D convolution is performed with 32 kernels of
the size of [3 x 3 x number of timepoints| in the first layer. In the next two layers of convolution,
firstly 64, then 128 kernels of dimension [3 x 3 x number of kernels of the previous layer| are used.
Next, the flattened representation is given to two layers of a fully connected network with 1024
and 64 neurons, and finally, a softmax layer is responsible for classification with the output of 4

numbers, as the number of classes [J2].

the second convolutional layer. Although this approach results in increased memory
consumption, it offers the advantage of capturing temporal dependencies and features
distributed over time.

The architecture I designed begins with L2 normalization, followed by three layers of
3D convolution. The kernel size in the first layer is set to [1, 1, 30|, allowing temporal
feature extraction without spatial interaction, while the subsequent layers use kernels
of size |2, 2, 40| to incorporate both spatial and temporal dimensions. Each convolu-
tional layer employs 32 kernels. Between convolutional operations, batch normalization,
and Exponential Linear Unit (ELU) activation functions are applied to improve train-
ing stability and non-linearity. Following the convolutional blocks, the feature maps are
passed through two fully connected layers, and finally, a softmax layer is used to perform

classification. The architecture of this network is illustrated in Figure 4.5.

4.3.4.3 Multi Branch Conv3D Network

The second type of examined 3D CNNs is based on the article of Xingiao Zhao et al.
[105]. It consists of three branches, all of them with two layers of different dimensions
of convolutional kernels and three layers of a fully connected network. The last layers
are the size of the number of classes; thereafter, the outputs of all three branches are
added up, and a softmax operation is performed for the final classification. The detailed

structure can be observed in Figure 4.6.
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Figure 4.5: The structure of the 3D convolutional network. The input is identical to that of
the Conv2D Net; the difference is that in this structure, 3-dimensional convolution is performed.
There are 32 kernels in all the layers, the shape is (1 x 1 x 30) in the first, and (2 x 2 x 40) in the
second and third layers. The fully connected part consists of two layers with 32 neurons each,

and finally a softmax classification layer [J2].

4.3.5 The examined processing techniques
4.3.5.1 Transfer Learning and Finetuning

A deep learning system usually requires a great amount of data to generalize features
well and to have reasonable accuracy. Systems for EEG classification only acquire a
limited number of samples, as recording and labeling these signals is cumbersome, requires
a significant amount of time to process, and requires human intervention. The main idea
of transfer learning (TL) application is pre-training a system, or a part of the system, over
an independent dataset and transferring these weights as an initial state. These weights
are fine-tuned during the actual training phase of the network. In the case of EEG
studies, two main types of transfer learning are used [110]. One of the TL approaches is
when the feature space generated from the EEG data is similar to one of those tasks, for
which a way larger dataset is available. An example is ImageNet as an initial system for
classifying EEG samples transformed into images [111]. However, although it represents
a promising research direction, this form of transfer learning was not investigated in the
present work.

The second approach - the one I actually used in my research - involves using EEG

data as the base for pretraining as well, but these data originate from subjects other
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Zhao et al. [105].
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than the target individual. In other words, networks pretrained on multiple subjects are
then fine-tuned for each individual. Multiple studies used this technique, and it yielded
significant improvements in classification accuracy [Aul|, [104], [112].

In my research, transfer learning was performed as follows: I iteratively split the 105
subjects in the Physionet database into two groups. The network was pretrained on 90%
of the subjects (using 20% of this set for validation), and then fine-tuned and tested on
the remaining 10% of the subjects individually. The exact method for training can be

observed in Figure 4.7.
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Figure 4.7: Transfer learning and the generation of results. To have statistically significant
results, I performed a 5-fold cross-validation for each subject 3 times, resulting in 15 results for
each subject, network, and preprocess option. 90% of the subjects’ data is used for pretraining
the classifier, which is fine-tuned over the individual subjects’ training set. The whole process

iterates 10 times for every subject to be tested [J2].

4.3.5.2 Frequency filtering

In the later stages of the research, I analyzed the impact of frequency filtering. I
examined how classification accuracy is influenced when a band-pass filter is applied to
the 0.1-5 Hz frequency range, and similarly evaluated the range between 5 and 75 Hz.
Additionally, I investigated the results obtained when frequency filtering is entirely omit-
ted. For the filtering steps, a fifth-order Butterworth filter was used. The Butterworth
filter, renowned for its characteristic of being maximally flat, ensures a uniform magni-
tude response within the pass band. However, a noteworthy drawback of this filter is the

substantial width of its transition band [113].
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4.3.5.3 Cropped training

To investigate the generalizability of EEG signals with varying onset times, I imple-
mented the cropped training method, which was also employed by Schirrmeister et al.
[63]. In this approach, the original data are augmented by systematic temporal shifts,
thereby expanding the training and testing datasets. This ensures that neural networks
are exposed to a wider range of temporal variations within the EEG signals, facilitating
the simulation of different onset times and improving the generalizability of the models.

In the case of my research, I used 1-second-long windows instead of the previous 2-
second ones, and performed shifts in 0.1-second steps up to 2 seconds. This resulted in
11 overlapping crops from a single epoch. All samples originating from a given epoch
were assigned exclusively to either the training or the test set - no mixing occurred.

The previously described experiment regarding frequency dependence was repeated
on this augmented dataset across all networks, both with and without the application of

the FASTER method.

4.4. Results

4.4.1 Effect of Artifact Rejection

As can be observed in Figure 4.8 and Table 4.1, without using the TL method, the
average of the classification accuracy of Conv 2D, Conv 3D, Shallow ConvNet, and Multi
Branch Conv3D Net models are significantly improved due to the FASTER, algorithm,
while regarding the EEGNet there was no significant improvement. In this scenario, I
used 2s-long windows, and during the FASTER algorithm, a frequency filter between 0.1
and 75 Hz was applied. For the raw data, I did not use any frequency filtering.

Upon subject-specific scrutiny, it becomes evident that the influence of artifact rejec-
tion is contingent on the particular subject under evaluation. My analysis encompassed
a comprehensive approach. Initially, I executed 5-fold cross-validation three times for all
four networks, both with and without artifact rejection. To substantiate disparities, I
scrutinized the distribution of 15 results obtained for an individual subject with a spe-
cific network. If the data followed a normal distribution, I executed a T-test; conversely,
if non-normality was detected, a Mann-Whitney U test was performed to ascertain the
significance of the observed differences.

I categorized subjects based on the extent of change in the corresponding classification

performance across the various networks. Intriguingly, several scenarios arose in which

45



EEGNet Conv3D Net
1.0 1.0
091 606 pts 0.9 482 pts
0.81 over line** * 0.81 over line X
0.7 .. 0.7 -
* 0.6 0.6
E 05 ; 05
0.4 0.4
0.3 0.3
02 647 pts 02 " 766 pts
01 below line*1* 01 below line

0.0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
artifact rejected

Shallow ConvNet

0.0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

artifact rejected

MB Conv3D Net

10 1.0
0.91414 pts . A 0.91388 pts
0.8 overline e A 0.8 over line
07 rl. 0.7
0.6 ! 06
=
Zo0s 205
c ©
0.4 0.4
03 03
02 : 839 pts 02 859 pts
01 below line 0.1 below line

0.0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
artifact rejected

Figure 4.8: The comparison of neural networks with and without using the FASTER method.
Each point represents two accuracies for a subject: the one obtained with AR and the other
obtained without using the FASTER algorithm. The test was run 12 times to get significant
results. The red line indicates the points with no difference between the two options; points

over the line run with the raw option as the more accurate, and points below the line where the
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artifact-rejected version yields better results [J2].

Table 4.1: The accuracy of each classifier with and without artifact rejection, and the P-value

Conv2D Net

0.91 385 pts
0.81 over line

860 pts
0.1 below line

0.0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
artifact rejected

* - raw means unprocessed data (with no
frequency filtering nor the FASTER
method applied)

** - points over the line represent cases
when unprocessed data is performed
with greater accuracy

*** . points below line represent cases
when the FASTER-ed data was the better
performer

of the significance of differences using the Wilcoxon signed-rank test.

Classifier Original Acc. AR Acc. P value
EEGNet 0.460 0.455 0.907

Shallow ConvNet 0.394 0.439 3.46E-17

Conv2D Net 0.367 0.411 4.90E-21

Conv3D Net 0.378 0.405 4.09E-09

Multi Branch Conv3D Net 0.401 0.444 2.05E-19
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certain networks led to a notable enhancement, while others yielded a significant decline
in the performance for the same subjects. In response to a slight variance in results
observed during a second examination, I iteratively conducted the calculations two more
times to explore the evolving significance of the observed differences. Finally, I had 4
times 3 accuracy results for each cross-fold iteration and network, meaning four results

of significance for each classifier.

EEGNet Shallow ConvNet Conv2D Net Conv3D Net MB Conv3D Net Summary

Color code of
improvements
(out of 4 rounds)

s wNn e o

Subjects

Color code of
declines
(out of 4 rounds)

s wNn e o

Figure 4.9: Subject dependence of artifact filtering. The shade of color indicates how many
runs there were statistically significant improvements (green) or significant declines (red). (The
deeper the shade, the more runs were significant.) Significance is based on the T-test in the case
of normality and the Mann-Whitney U test in the case of non-normality. Subjects are ordered
by summary number, computed as the sum of the significance of improvements minus the sum

of the significance of decline [J2].

In my assessment, a numerical score was assigned to each subject, denoted as follows:
a value of -1 indicated a significant decline, 0 denoted no significant difference, and
+1 represented a discernible increase observed for each computational aspect across all
networks. Therefore, the cumulative score per subject ranged from -20 to 20. Twenty-five
subjects scored over 8, indicating substantial performance gains from the AR method,
with Subject 69 achieving a remarkable 20-point increase. Conversely, some subjects,
like Subject 15, experienced significant declines, with only five subjects scoring below -8.
Regarding classifiers, EEGNet showed the least improvement, with only three subjects

scoring at least 3, while six scored below -3. In contrast, the other four networks had

47



at least 20 subjects exceeding the three-point mark, with fewer than five scoring -3 or

worse. The subject dependence on AR is illustrated in Figure 4.9.

4.4.2 The Effect of Transfer Learning

The classification accuracy obtained by transfer learning was significantly better in
every scenario. Based on the signed-rank Wilcoxon test, the learning process performed
significantly better in the case of each network, both in the case of unfiltered data (Table
4.2) and artifact-rejected data (Table 4.3). In Figure 4.10, it can be observed that transfer
learning does not improve as much in cases of artifact-rejected data as in the case of raw
data, resulting in higher classification accuracies in the latter case. (This difference is

significant in all the cases except the Multi Branch Conv3D Network.)

Table 4.2: The accuracy of each classifier on unfiltered data, with and without transfer learning,

and the P value of significance using the Wilcoxon test.

Classifier Simple Acc. TL Acc. P value
EEGNet 0.461 0.587 1.50E-18

Shallow ConvNet 0.394 0.637 5.83E-19
Conv2D Net 0.366 0.528 7.78E-19
Conv3D Net 0.378 0.56 7.14E-19

Multi Branch Conv3D Net 0.401 0.561 1.30E-18

Table 4.3: The accuracy of each classifier on artifact-rejected data, with and without transfer

learning, and the P value of significance using the Wilcoxon test.

Classifier Simple Acc. TL Acc. P value
EEGNet 0.455 0.538 1.67E-17

Shallow ConvNet 0.441 0.559 1.38E-18
Conv2D Net 0.410 0.491 7.20E-17
Conv3D Net 0.405 0.521 7.14E-19

Multi Branch Conv3D Net 0.444 0.557 5.52E-18

4.4.3 Comparison of Neural Networks

In network comparisons, the primary evaluative criterion centers on classification

accuracy. As illustrated in Figure 4.11, when transfer learning is not employed, the
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Figure 4.10: The comparison of neural networks with and without using the FASTER method,
using transfer learning. Each point represents two accuracies for a subject: the one obtained with
AR and the other obtained without using the FASTER algorithm. The test was run 3 times. The
red line indicates the points with no difference between the two options, points over the line run
with the raw option as the more accurate, and points below the line where the artifact-rejected
version yields better results. Generally, by the usage of transfer learning, accuracies without

artifact rejection tend to be higher [J2].
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highest classification accuracy is achieved by the EEGNet classifier, both in raw and
artifact-rejected conditions. However, in the latter case, the differences between the
EEGNet, Shallow ConvNet, and MB Conv3D Net were not significant. In the raw data
scenario, the Multi Branch Conv3D Net is the second-best performer, followed by the

Shallow ConvNet, with my proposed networks trailing.

I EEGNet
10 I Shallow ConvNet
I Conv2D Net
>08 I Conv3D Net
< I MB Conv3D Net
2 0.6
Significance Levels
04 * :p<0.05
: **:p<0.01
#6%: p < 0.001
0.2 0k p < 0.0001

Raw - simple learning | AR - simple learning | Raw - transfer learning|AR - transfer learning

Figure 4.11: The accuracies obtained by neural networks, with and without transfer learning
and artifact-rejection. In the box plot, x denotes the mean, while the horizontal line marks the
median value. The limits of the box indicate the range of the central 50% of the data. Before
applying the TL method, EEG Net was the greatest performer, while after the application,
Shallow ConvNet had the highest accuracy. These observations are generally true for the raw
and the artifact-rejected data as well. The figure also shows that without transfer learning,
networks generally perform better with the FASTER method, while after the application, raw
data will get a higher precision [J2].

However, the performance landscape shifts with the introduction of TL. Shallow Conv-
Net emerges as the top performer, surpassing EEGNet and other classifiers. In the raw
data scenario with TL, EEGNet ranks second, followed by the 3D convolutional networks.
In the artifact-rejected condition with TL, the MB Conv3D Net outperforms EEGNet,
securing the shared first position, with non-significant differences from the Shallow Conv-
Net. This demonstrates that TL significantly influences the performance hierarchy among

different network architectures.

4.4.4 The Effect of Input Representation

Using the dense 3D representation for input did not yield significant improvements
in classification performance. This indicates that incorporating spatial information did

not lead to higher accuracies compared to networks without this additional spatial data.
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The only exception is with the artifact-rejected data using transfer learning, where the

MB Conv3D Net slightly outperformed the EEGNet.

4.4.5 The Effect of Frequency Filtering

The outcomes stemming from the frequency filtering analysis have yielded unexpected
findings. I compared results using the 0.1 to 5 Hz range and the 5 to 75 Hz range. As
observed in Table 4.4, three out of the five neural networks yielded significant results only
within the first frequency range (0.1-5 Hz). Shallow ConvNet and EEGNet are the only
networks for which the 5 to 75 Hz range also provides results greater than the chance
level. However, for EEGNet, these results were still far below the accuracy achieved in

the lower frequency range.

Table 4.4: Results of comparing the classification accuracies of neural networks when filters of

certain frequency ranges are applied.

Shallow Conv2D Conv3D MB Conv3D
Frequency range EEGNet

ConvNet Net Net Net
0.1-5 Hz — Raw 0.482 0.406 0.437 0.410 0.457
5-75 Hz — Raw 0.315 0.362 0.262 0.258 0.271
0.1-5 Hz — AR 0.452 0.405 0.421 0.436 0.462
5-75 Hz — AR 0.324 0.381 0.261 0.261 0.289

4.4.6 The Effect of Simple and Cropped Training

The results derived from simple and cropped learning can be observed in Figure
4.12. Upon comparing results from the simple learning process, we can state that those
experiments, when 5 Hz to 75 Hz frequency filtering was performed, had the lowest
accuracies. Only the Shallow ConvNet attained moderately higher accuracy, as we have
observed in the previous paragraph. The relation between AR data (with 0.1 to 75 Hz
frequency filter) and raw data also remains the same, as we have seen in the first part
of the results: classification accuracy is enhanced by the application of artifact rejection
in the case of four out of five networks, with EEGNet as the only exception. When I
apply the mentioned frequency filter without the FASTER algorithm, the case of Shallow
ConvNet becomes similar to the EEGNet, in the sense of being the non-artifact-rejected

option, the better performer. The partly unexpected finding is the superior performance
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of cases where frequency filtering between 0.1 and 5 Hz was applied. These signals include
only the lowest part of the frequency spectrum, meaning that they do not contain the
mu or beta band.

When applying cropped training, I acquired noteworthy results, depending on the
network I used for classification. Contrastingly to the simple learning approach, in the
specific context of the Shallow ConvNet and the EEGNet, an inverse trend was observed
where the highest performances were achieved in the broader frequency range spanning
from 5 to 75 Hz. On the other hand, the worst results were attained by the higher
frequency range for the other three networks, where the input feature was the 3D rep-
resentation. These results show that the frequency ranges of the mu, beta, and gamma
bands are the most valuable in the case of EEGNet and Shallow ConvNet, while the
other three networks are not able to extract those features effectively. It is important
to emphasize that for the two widely used networks to achieve better results at higher
frequencies, as reported in the literature, cropped training was necessary.

Within the realm of neural networks, the integration of cropped training demonstrates
a parallel effect akin to the observed outcomes with transfer learning. In the absence
of cropped training, EEGNet emerges as the preeminent performer. However, upon
application, there is a discernible transition where Shallow ConvNet surpasses EEGNet

in terms of classification prowess.

4.4.7 Subject Dependence in Simple Learning and Cropped Training

I extended my investigation to explore subject dependence within the context of
cropped training. This involved conducting a series of experiments, comprising four sets
of three trials each, on both the EEGNet and Shallow ConvNet systems. I selected
these two networks because only these two classifiers achieved reasonable accuracy on
the frequency-filtered data during cropped training. I meticulously assessed subject-wise
performance, focusing on the frequency range of 5 Hz to 45 Hz for the FASTER method.
As there were 4-4 significance values for both networks, each subject was assigned a point
ranging from -8 to 8, facilitating a comparative analysis between FASTER-processed and
completely raw data.

Furthermore, alongside these comparisons, I computed accuracies based on frequency-
filtered raw data spanning the 5 Hz to 45 Hz range and juxtaposed these against both
raw and FASTER-processed data. These findings are synthesized and presented in Fig-

ure 4.13, providing valuable insights into the relative efficacy of different preprocess-
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Figure 4.12: The results obtained with and without cropped training, ordered by the classifi-
cation accuracy. Arrows mark the cases examined in the first part of chapter 4: the differences
between the FASTER-ed (green arrow) and the fully raw data (blue arrow). The relation be-
tween the two datasets remains the same, as only the EEGNet yields a better raw classification
accuracy; however, during cropped training, the Shallow ConvNet also joins this group. Dots
marked the results when frequency filtering was presented between 0.1 and 5 Hz. (Red dots for
artifact rejected and blue dots for raw data.) Without cropped training, these results tend to
be unexpectedly high, indicating that this low-frequency range contains the most relevant infor-
mation for MI classification on the Physionet database when subject-wise learning is performed
without any augmentation of the training dataset. The most noteworthy result is that while
during simple learning almost every 5-75 Hz filtered attempt was presented on the lowest part
of the list, the cases of EEGNet and Shallow ConvNet jumped to the first places of the cropped

training results, corresponding to the extensive literature [J2].
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ing techniques across various subjects. As can be observed, the FASTER-applied and
frequency-filtered data exhibit similar subject-wise distributions when compared to the
raw data, indicating that both methods have comparable effects on subject dependence.
However, when comparing these two methods, it is evident that frequency filtering alone
yields significantly higher accuracy results. Another important factor to note is that the
set of subjects whose classification accuracies improved during cropped training differs

substantially from those who showed improvements in the simple training process.

4.5. Discussion

As can be seen from the results, classification accuracy depends on many factors. The
slight decrease in classification accuracy observed after applying the FASTER algorithm
in the case of EEGNet can be attributed to the possibility that the artifact rejection
method may remove not only non-neural components but also neural signal components
that are informative for classification. The EEGNet architecture is designed to efficiently
extract spatial and temporal EEG features, and it can already achieve higher performance
using minimally preprocessed or even raw EEG data. Consequently, it may be more
sensitive to the loss of subtle yet discriminative neural information caused by aggressive
preprocessing or artifact rejection. For the other four networks, however, when only
a limited amount of training data was available, the removal of artifacts significantly
boosted performance, suggesting that these architectures are more sensitive to noise and
benefit more from the improved signal-to-noise ratio provided by the artifact rejection
process.

The subject dependence of the efficacy of artifact rejection is also a noteworthy result.
The question that emerges is, what is the reason behind these differences? As each
subject has a different scale of artifact contamination, the reasoning can be the amount
and quality of contained artifacts. However, it is only partially true because, for instance,
subject 15 has the greatest accuracy decline after artifact rejection, but if we examine it
closely, multiple artifactual components were rejected there. The real reason can be the
number of rejected components on which neural networks can base their classification. If
the data from a certain subject contains artifactual yet useful components, the accuracy
will decline as a result of the application of the FASTER method.

The application of transfer learning yields a noteworthy improvement for each clas-
sification task. This beneficial effect of the process is well-documented in the existing

literature [Aul], [110], [111], [112]. What is interesting to note is that transfer learn-
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Figure 4.13: Subject-wise effect of the FASTER artifact rejection method and the frequency
filtering on the classification performance of the EEGNet and Shallow ConvNet, related to the
raw data, during cropped and simple training. The shade of the color means the number of
significant increases (green) or declines (red) out of the 4 tests. Subjects are ordered by the score
achieved during the AR method compared to the unfiltered data. The order of the subjects is
almost the same in the second graph, meaning that frequency filtering has a similar subject-wise
effect as the FASTER algorithm, related to the raw data. However, this sequence is merely
different from the result from the first part of the article, meaning that during cropped training,
it changes which subjects the AR has positive effects on. The sequence is also different on the
FASTER compared to the plain frequency filtering graph, where, for most of the subjects, the AR
method caused a significant decline. It means that during cropped training, it is more advised to
filter only the appropriate frequency ranges and not to use the more complex FASTER method
to get better results [J2].
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ing improves the raw data classification to the greatest extent, and results obtained this
way surpass the accuracy achieved on the artifact-rejected data. A plausible underlying
explanation for this phenomenon may be that, with a substantial amount of training
data, neural networks can learn to disregard artifacts and focus on neuronal processes.
Conversely, the FASTER artifact rejection method may filter out components that are
relevant and could have been utilized by neural networks for learning.

The best accuracy is achieved by the Shallow ConvNet with raw data as input and
transfer learning, replacing the EEGNet, which was the classifier with the highest accu-
racy when transfer learning was not applied. This confirms Shallow ConvNet’s superior
performance in transferring weights from the broader dataset, as was also described earlier
[Aul].

As it was presented, adding the spatial dimension using dense 3D representation did
not lead to improvements in most cases. This is likely because networks like Shallow Conv-
Net and EEGNet can inherently learn the spatial relationships between channels through
their architectures. Shallow ConvNet achieves this via spatial filtering, while EEGNet
uses DepthwiseConv2D layers. These methods allow the networks to autonomously iden-
tify and leverage the importance of spatial data and channel interactions, which proves
to be more effective for classification performance than explicitly incorporating a dense
3D spatial representation.

Discussing results from the frequency filter section, the conclusion that can be drawn
is that when a limited amount of data is given to train the classifier, such as in the case of
subject-wise training, even the well-known and widely used Shallow ConvNet and EEG-
Net tend to concentrate on the lowest frequency ranges, which ranges can contain relevant
information. This attention to lower ranges of frequency can be seen in Figure 4.12. An
unexpected observation is that networks trained on the 0.1-5 Hz filtered dataset exhib-
ited relatively high accuracies, often surpassing those trained on the 0.1-75 Hz filtered
version. In the scenario of lowpass filtering, raw data yielded greater accuracies than
the artifact-rejected data, indicating that the previously examined effect of AR does not
hold under these circumstances. One possible explanation for the superior classification
accuracy of the delta band is its inherently higher amplitude power compared to other
frequency bands. This elevated power may provide the classifier with more prominent fea-
tures, thereby enhancing performance. Additionally, the delta band is closely associated
with attentional processes, which may contribute to the presence of underlying features

that strongly influence classification accuracy. Furthermore, the limitations of training
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data without the use of cropped training or transfer learning might impair the networks’
ability to effectively recognize the importance of higher-frequency bands, such as mu and
beta. In this work, I demonstrated that the inclusion of cropped training significantly
improves the classification of signals containing higher-frequency components, a result
that aligns with prior findings in the literature.

It is important to note that when comparing raw data with the artifact-rejected
dataset filtered in the 0.1-75 Hz range, we observe the same results: artifact rejection
improves performance in four out of five networks, except EEGNet. However, when
frequency filtering is applied to the raw data, the Shallow ConvNet without AR also
outperforms the version where the FASTER method was applied. For the remaining
networks, the performance relationship remains unchanged. Nevertheless, when cropped
training was present, the overall picture changed. On one hand, the average classification
accuracy of the networks decreases with this method. This decline can be attributed
to the test set containing an extended range of data, making it more challenging for
the classifiers to produce accurate results. On the other hand, via this method, we can
acquire more data to train the classifier, as in the case of transfer learning. This extended
version of the dataset is enough for the EEGNet and the Shallow ConvNet to learn
from the higher frequency ranges, as expected from the literature. In investigating this
aspect, it is shown that EEGNet and Shallow ConvNet are more capable of generalizing
data, as they effectively leverage the variability introduced by cropped training. This
demonstrates their ability to adapt to different temporal onsets in the EEG signals, a
crucial factor in improving classification accuracy and model robustness.

Figure 4.13 demonstrates a notable consistency in the performance trends observed
during cropped training across networks trained on frequency-filtered and FASTER-
processed datasets, exhibiting a similar propensity for performance enhancement in com-
parison to the raw dataset. This consistency suggests that, in this case, the performance
enhancement caused by the FASTER algorithm can be explained by the effect of fre-
quency filtering. Moreover, if we compare the artifact rejection method to the frequency-
filtered performance, the latter gets significantly higher accuracies in the vast majority
of subjects. That means that with a simple frequency filter, we can achieve better per-
formance during cropped training than with a complex AR method. Another important
observation to note is that the subjects that had higher accuracies with the FASTER
method compared to the raw data during cropped training differ from the subjects that

were obtained by simple learning. This could be an effect of the phenomenon that dur-
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ing cropped training, different parts of the original signals are simultaneously presented,
and neural networks can learn about other factors, some of which are filtered out during
artifact rejection.

There are only a limited number of papers examining the subjects of the Physionet
database regarding the effect of artifact rejection; therefore, it is hard to give a thorough
comparison. There are studies where filtering enhances the classification performance
in various datasets [92], [99]. Other articles report a decline in accuracy due to artifact
rejection [93]. Subject dependence remains a significant factor, as evidenced not only
in various articles exploring the BCI Competition IV Dataset 2a [96] but also in this
study focusing on the Physionet database. My findings highlight that the efficacy of
the FASTER artifact rejection method in terms of classification accuracy is profoundly
influenced by the specific subject under consideration.

For the case of frequency dependence, Hauke Dose et al. [104], who also examined the
Shallow ConvNet’s accuracy on the Physionet database, concluded that this architecture
tends to concentrate on the lowest part of the frequency domain. In their experiment,
they analyzed the squared frequency responses of the learned temporal filters, and the
mean focused on the lowest frequency range (below 10 Hz). These results correspond
to my findings. The frequency results obtained through cropped training and the use of
Shallow ConvNet and EEGNet align with the broader literature. As imagery movements
are described to be mostly classifiable in the mu and beta ranges [19], [114], it is expected
that signals filtered between 5 and 75 Hz exhibit higher (or at least similar) accuracies
compared to unfiltered signals.

The study reveals how small changes in the preprocessing pipeline can significantly
impact classification accuracy, underscoring the need for tailored solutions in EEG-based
BCI systems. As discussed by Xu et al. [115]|, while much progress has been made in
neural interface research, translating these advancements into reliable, real-world applica-
tions remains challenging. This research contributes to bridging that gap by optimizing
processing techniques that can enhance the practicality of BCIs in neurorehabilitation
and beyond.

In conclusion, my research indicates that the FASTER method can enhance perfor-
mance in a subject and network-specific manner. There are subjects where the application
of AR comes with an efficiency increase, while in other cases, it comes with a deteriora-
tion of the results. Transfer learning proved to be effective in improving the performance

of all networks in both raw and artifact-rejected data. However, it was noted that the
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accuracy of classification for artifact-rejected data did not improve as significantly as it
did for the unfiltered data, resulting in less precision. My findings also revealed an un-
expected outcome from frequency filtering, as the tested networks demonstrated strong
classification performance based on the low-frequency components during learning. No-
tably, I observed that higher frequency ranges were more discriminative in the case of
EEGNet and Shallow ConvNet when cropped training was applied. In summary, my
study underscores the intricate interplay between processing techniques and neural net-
work performance, highlighting the necessity for tailored processing approaches designed

for specific subjects and network architectures.
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Chapter 5

Summary

5.1. New Scientific Results

Thesis group I

The first group of thesis points focuses on the design, implementation, and real-world
deployment of an online artifact rejection system, developed specifically to support our
BCI team during the Cybathlon 2020 and 2024 competitions. These international events
present a unique environment where Brain-Computer Interface systems must operate
under strict real-time conditions, with high demands for technical reliability. The thesis

points of this group are based on my second-author article, [J1].

Thesis 1.1:  Based on the FASTER (Fully Automated Statistical Thresholding for EEG
artifact Rejection) algorithm - originally developed for offline EEG processing, I developed
an online artifact removal system which can be used during real-time BCI experiments

with an average latency of 0.123 + 0.017 s.

Explanation: The additional processing required for EEGNet adds 0.061 £ 0.010 s,
and together with the 1-second EEG segment the total delay remains within the recom-
mended 1-2 s window for real-time BCI operation. This confirms that the developed
online artifact rejection method satisfies the temporal constraints of practical BCI appli-

cations.

Thesis 1.2: [ integrated the developed real-time artifact removal system into our team’s
BCI framework for the 2020 and 2024 Cybathlon events. The system was officially ap-
proved for our team in the 2024 competition by the Cybathlon organizing committee, con-

firming that the solution meets the event’s strict technical requirements.
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Explanation: The integration of the online artifact removal system into the Cybathlon
BCI framework demonstrates its applicability in a real-time competition environment.
The official approval by the Cybathlon organizing committee confirms that the system
complied with the event’s technical specifications and operated reliably within the con-

straints of the competition setting.

Thesis group 11

The second thesis group investigates the complex and often nonlinear relationships be-
tween EEG preprocessing steps and the resulting classification performance in brain-
computer interface systems. Preprocessing plays a fundamental role in improving EEG
signal quality and reducing noise. However, its effect on classification outcomes is not
always intuitive or consistent across different subjects, datasets, and neural network ar-

chitectures. The theses described here are based on my first-author journal article [J2].

Thesis II.1: [ demonstrated that the impact of the FASTER artifact removal algo-
rithm on classification accuracy strongly depends on the subject under consideration. In
a comparative analysis, I found that applying the FASTER algorithm led to improved
classification accuracy for 80 out of 105 subjects, with an average improvement of 5.4%.
However, this positive effect is not universal: for the remaining 25 subjects, the method

resulted in a decrease in accuracy of 4.4% on average.

Explanation: These findings highlight that the effectiveness of automated artifact re-
moval is not uniform across subjects. The variability suggests that individual differences
in EEG signal quality, artifact characteristics, or task-related neural activity can in-
fluence whether the FASTER procedure preserves or removes information relevant for
classification. Consequently, while the method generally provides notable benefits, its
subject-dependent behavior should be taken into account when designing or optimizing

BCI pipelines.

Thesis I1.2: I demonstrated that transfer learning consistently improves EEG classifi-
cation accuracy across multiple pre-training conditions for both raw and artifact-cleaned
datasets. The magnitude of these improvements, however, differed substantially: for raw
data, transfer learning increased accuracy from 40.0% to 57.5%, whereas for data pro-

cessed with the FASTER artifact-remouval pipeline, the improvement was smaller, from
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43.1% to 53.8%. These values represent averages across all five ezamined neural network

architectures.

Explanation: These results indicate that transfer learning is particularly effective when
the input data retains a richer set of signal characteristics, as in the case of raw EEG. The
comparatively smaller improvement observed for FASTER-processed data suggests that
artifact removal reduces not only noise but also some of the variability and informative
structure that transfer learning can exploit. Overall, this pattern highlights that the
benefit of transfer learning depends on the preprocessing strategy, with the largest gains

obtained when the model can adapt to the full complexity of the unfiltered EEG signals.

Thesis 11.3: [ designed two neural networks to assess the role of explicitly modeling
spatial dimensions in EEG classification. For this purpose, I introduced a novel dense 3D
representation of EEG data that captures the electrode layout more accurately. This rep-
resentation improved accuracy for certain architectures, yielding a significant 4.43% gain
with Conv3D, a non-significant 1.19% gain with Conv2D, and a non-significant 0.15%
decrease with the Multi Branch Conv3D model. The results concerning the comparison
of manual and learned spatial encodings indicate that explicit spatial encoding does not
outperform architectures that tmplicitly learn spatial relationships: while networks with
manual spatial encoding achieved an average accuracy of 53.6%, models relying on im-

plicit spatial feature learning reached 58.0%, with transfer learning applied.

Explanation: This tendency is most relevant for the configuration combining raw EEG
data with transfer learning, which yielded the highest overall performance and therefore
carries the greatest significance. In contrast, for data processed with the FASTER al-
gorithm, a slight deviation from this pattern was observed: the Multi Branch Conv3D
network slightly outperformed EEGNet, while the Conv2D and Conv3D architectures

remained among the lowest-performing models.

Thesis I1.4: [ demonstrated that applying frequency filtering yields unexpected patterns
in classification performance on the Physionet motor imagery database, with the § band
being a decisive factor. Awveraged across all five networks, the classification accuracy
reached 46.8% in the 0.1-5 Hz frequency band, whereas it was 30.3% in the 5-75 Hz
band. In contrast, when training and testing were performed on cropped EEG segments,
the higher-frequency bands - the p, B, and v ranges - became more informative for both

EEGNet and Shallow ConvNet. Specifically, EEGNet achieved 36.4% accuracy in the
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0.1-5 Hz band and 45.1% in the 5-75 Hz band, while Shallow ConvNet reached 37.7%
and 48.8% in the respective bands.

Explanation: As illustrated in Table 5.1, the shift in frequency sensitivity is partic-
ularly evident for EEGNet and Shallow ConvNet - the two architectures capable of ex-
ploiting the additional variability introduced by cropped training. While simple training
favors the low-frequency range due to the limited number of available samples, cropped
training provides a much larger set of segments, enabling these models to learn more
complex oscillatory patterns associated with the p and 8 bands. For the remaining net-
works, which rely on the dense 3D spatial representation, this shift was not observed in
the broader analysis: their performance continued to be dominated by the low-frequency
range regardless of training strategy. This underscores that the effect of frequency filter-
ing is strongly architecture-dependent and is modulated by how effectively a model can

utilize the increased data quantity generated by cropping.

Table 5.1: Comparison of EEGNet and Shallow ConvNet on different frequency ranges and

training strategies.

0.5-5 Hz 5-75 Hz

EEGNet 48.48% 30.07%

Simple training
Shallow ConvNet 44.22% 39.46%
EEGNet 36.42% 45.13%

Cropped training
Shallow ConvNet 37.65% 48.78%

Thesis I1.5: [ demonstrated that, during cropped-segment training of EEGNet and Shal-
low ConvNet, the FASTER method generally improves performance for subjects who also
benefit from frequency filtering alone. Moreover, frequency filtering by itself typically pro-
duces better results than the full FASTER algorithm, with average accuracies across the
two networks of 46.4% for frequency filtering and 43.3% for the full FASTER algorithm.
I also showed that the subjects whose accuracy improved with cropped-segment training

were largely distinct from those who benefited under full-length segment training.

Explanation: To assess the consistency of subject-specific preprocessing effects, each
subject was assigned a score between —8 and +8, reflecting the number of rounds in
which MI classification accuracy significantly increased or decreased following prepro-
cessing. Separate scores were obtained for frequency filtering and for the full FASTER

method. The rank correlation between the two score sets was strong (Spearman’s p =
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0.824, Kendall’s 7 = 0.689, p < 0.001), indicating that subjects exhibiting consistent im-
provements under frequency filtering tended to show similar improvement patterns under
the full FASTER procedure. This finding suggests that the effectiveness of preprocessing
is strongly subject-dependent and that individual signal characteristics influence the ben-
efits observed across different artifact rejection strategies. In line with this observation,
Table 5.2 demonstrates that, on average, frequency filtering alone yields higher classi-
fication accuracy than the full FASTER algorithm, with both preprocessing methods

outperforming the raw data condition.

Table 5.2: Comparison of EEGNet and Shallow ConvNet on different preprocessing strategies.

Raw data Freqency-filtered FASTER filtered
EEGNet 36.39% 42.98% 41.08%
Shallow ConvNet 43.73% 49.72% 45.47%

5.2. Potential Applications and Benefits

The results of this dissertation offer direct applications in both real-time and of-
fline Brain-Computer Interface systems. The development and deployment of the online
artifact rejection system provides a practical solution for ensuring the integrity and relia-
bility of neural signals during live use. This system, officially accepted by the Cybathlon
committee, sets a precedent for technically robust artifact handling in competitive envi-
ronments. The second thesis group provides analytical insights into the non-linear and
subject-dependent effects of EEG preprocessing on classification accuracy. These findings
can significantly enhance the personalization of BCI pipelines by informing developers
when and how to apply specific preprocessing techniques - such as artifact rejection,
frequency filtering, or transfer learning - based on subject characteristics and training
strategy. The discovery that simpler filtering can sometimes outperform more complex
methods (like FASTER) under certain conditions, and that different subjects benefit from
different training regimes, promotes the development of adaptive and context-aware BCI
frameworks. More broadly, this work contributes to improving the efficiency, generaliz-
ability, and interpretability of neural network models applied to EEG data, making BCI

systems more accessible, accurate, and responsive to user variability.
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Use of AI Assistance

During the preparation of this dissertation, I utilized ChatGPT (developed by Ope-
nAl) to enhance grammar and improve readability. Following the use of this tool, I
carefully reviewed and edited the content to ensure accuracy and appropriateness. I take
full responsibility for the content and conclusions presented in this work. All results,
insights, and critical reasoning are entirely my own. The use of Al tools was limited to

supporting clarity and coherence.
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