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Abstract

Muhammad Ahsan Awais

From Traditional BCIs to Real-World Applications: Toward

Noise-Resilient Brain-Computer Interfaces

Brain–Computer Interfaces (BCIs) offer promising communication pathways be-

tween the human brain and external devices, yet their deployment in real-world

settings remains limited by noise susceptibility, subject variability, and practical

constraints. This thesis addresses these challenges using Rapid Serial Visual Pre-

sentation (RSVP)-based P300 paradigms, with a focus on enhancing robustness,

generalisability, and real-world applicability.

To begin, I systematically investigated the impact of real-world behavioral ar-

tifacts, body movement, head movement, and talking, on EEG signal quality and

classification performance. Results reveal that such noise substantially degrades

system accuracy and often leads to significant data loss during artifact rejection,

underscoring the limitations of traditional denoising methods and motivating adap-

tive solutions.

Next, I explored subject-independent classification using various deep learning

models. Transformer-based architectures, especially when combined with EEG-

specific convolutional neural networks (i.e., EEGNet), demonstrate superior gen-

eralisation under the Leave-One-Subject-Out (LOSO) framework. In particular,

the hybrid Transformer with a multiband input strategy consistently outperformed

other architectures, highlighting the effectiveness of integrating temporal attention

mechanisms with frequency-specific spatial filtering. This underscores robust gener-

alisation across subjects, a crucial step toward the practical and scalable deployment

of BCIs.

While subject-independent models offer strong baseline performance, their real-

world adaptability is further enhanced through lightweight subject-specific calibra-
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tion, where incorporating a small amount of personalised data yields noticeable

performance gains. To reduce system complexity without compromising accuracy,

I identified a 16-channel EEG configuration that retains over 95% of baseline per-

formance, with 10–12 channel setups also viable for certain applications. How-

ever, channel selection remains inherently subject- and task-dependent, necessitat-

ing application-specific validation. Additionally, I evaluated the impact of display

modality, finding that both head-mounted displays (HMDs) and traditional monitors

support comparable classification performance. With their added portability, HMDs

represent a promising avenue for mobile and ecologically valid BCI applications.

Practical recommendations are offered on model choices, data volume, chan-

nel optimisation, and calibration, aiming to bridge the gap between lab-based BCI

research and real-world deployment. While the work primarily focuses on RSVP-

based P300 detection, the insights contribute broadly to the development of more

noise-tolerant and effective BCI systems.
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Chapter 1

Introduction

Brain-computer interfaces (BCIs) are systems that enable direct communication be-

tween the brain and external devices by translating neural activity into actionable

commands without the need for peripheral muscle control [1], [2]. BCIs hold im-

mense promise across a wide range of applications, particularly for individuals with

motor impairments who cannot rely on traditional forms of communication or inter-

action. By leveraging electrical brain signals, BCIs allow users to control assistive

technologies, communicate through spellers, manipulate robotic arms, or interact

with virtual environments.

Among various neuroimaging methods used for BCI development, Electroen-

cephalography (EEG) [3] has emerged as one of the most practical and widely used

modalities. EEG measures the brain’s electrical activity through electrodes placed

on the scalp and offers several advantages: it is non-invasive, cost-effective, portable,

and provides high temporal resolution, making it well-suited for real-time applica-

tions. As a result, EEG-based BCIs have found increasing utility in domains such

as communication aids for locked-in patients, neurorehabilitation, gaming, cognitive

state monitoring, and more.

Despite their potential, EEG-based BCI systems face critical challenges, espe-

cially when deployed outside controlled laboratory environments. EEG signals are

inherently low in amplitude and highly susceptible to noise and artifacts. Com-

mon sources of contamination include ocular movements (e.g., blinking, saccades),
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muscular activity (e.g., jaw clenching, speaking), head and body movements, and ex-

ternal electrical interference. These noise sources significantly degrade signal quality,

compromise model accuracy, and reduce the overall usability of BCI systems [4].

This challenge is especially relevant in applications such as virtual art galleries

[5], [6], where BCIs are used to assess user engagement or attentional interest during

natural, unconstrained exploration in immersive VR environments [7], [8]. In such

contexts, artifacts arising from free head movement, eye movement behavior, and

spontaneous reactions are not only expected but inevitable, underscoring the need

for noise-resilient BCI solutions.

In traditional lab-based BCI studies, participants are typically asked to remain

still, and the environment is carefully controlled to minimise interference. However,

such constraints are unrealistic in real-world settings where users are expected to

move, speak, or interact with their environment naturally. This discrepancy high-

lights a major limitation of many BCI systems: their lack of robustness to non-ideal

conditions. Developing BCIs that can operate reliably under these conditions is

essential for transitioning BCI technologies from research labs into everyday use.

To explore these challenges, this thesis adopts the Rapid Serial Visual Presen-

tation (RSVP) P300 paradigm, a widely used task in BCI research that is both

scientifically well-characterised and practical for controlled and naturalistic condi-

tions. In RSVP, a rapid sequence of visual stimuli (e.g., images) is presented on

the screen, among which infrequent target items are embedded, eliciting the P300

event-related potential when detected by the participant [9]. By utilising the RSVP-

based P300 task across both clean and noisy conditions, the aim is to differentiate

between the EEG responses captured in ideal lab settings from those affected by

real-world artifacts. This controlled variation enables a systematic investigation of

how different types of noise, such as head movement, speech, or body movement,

impact P300 detection and classification accuracy.

The RSVP-P300 paradigm is particularly well-suited for this investigation be-

cause it offers a reliable ground truth and provides accuracy as a straightforward
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performance metric [10]. This allows us to assess not only the robustness of var-

ious classification models but also the effectiveness of signal denoising techniques.

Through this framework, I gain insights into the relationship between behavioral

artifacts and EEG signal degradation, which is critical for building noise-resilient

BCI systems.

A general diagram illustrating how the RSVP experiment was employed for EEG

recordings under both noisy and noise-free conditions is provided below.

Figure 1.1: Schematic diagram of the experimental process.

This thesis is motivated by the need to bridge the gap between high-performing

BCI systems developed in ideal lab conditions and their effective deployment in

real-world environments. Specifically, it investigates noise-resilient EEG-based BCIs

through the lens of single-trial classification, subject-independent generalisation,

minimal calibration requirements, and robustness to behavioral and environmental

noise. The findings have implications for improving the usability and reliability of

BCI systems in naturalistic contexts, where artifacts are unavoidable but perfor-

mance must remain reliable.

3



1.1 Hypothesis

This thesis hypothesises that real-world behavioural artifacts, such as body move-

ment, head movement, and talking, introduce systematic disruptions in EEG signals

that substantially reduce the performance of P300-based RSVP BCI systems. Mod-

els trained solely on clean laboratory data are expected to show limited generalisabil-

ity under such noisy conditions, whereas incorporating noisy data and advanced deep

learning architectures should improve robustness in subject-independent scenarios.

The work further assumes that addressing practical considerations for real-world

deployment will be essential to achieving resilient and efficient BCI systems.

1.2 Research Questions

(RQ.1) How do specific types of intentional behavioral artifacts (body movement,

head movement, talking) impact EEG signal measurement and the perfor-

mance of a traditional RSVP-P300 BCI system?

(RQ.2) How well do BCI models trained on clean versus artifact-contaminated

EEG data generalise to real-world conditions, and can training on noisy data

yield comparable performance when tested on similarly noisy inputs?

(RQ.3) Which advanced machine learning models are most effective in achieving

subject-independent P300 detection robust to real-world noise?

(RQ.4) What are the key practical refinements and design considerations needed

to transition BCI systems from lab-controlled environments to effective real-

world applications?

(RQ.4a) What is the impact of the amount of training data from different

subjects on the performance of subject-independent BCI models?

(RQ.4b) How much subject-specific calibration data is required to effectively

adapt subject-independent models for improved performance in the pres-

ence of noise?
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(RQ.4c) What is the optimal number and combination of EEG channels

required to maintain high classification accuracy while minimising com-

plexity in real-world BCI applications?

(RQ.4d) How does the use of a head-mounted display (HMD) for RSVP

presentation, compared to a traditional monitor, affect the EEG signals

and BCI performance in both clean and noisy conditions?

1.3 Objectives

1. To systematically investigate the impact of common real-world behavioral ar-

tifacts on RSVP-P300 BCI performance.

2. To evaluate the effectiveness of different machine learning approaches for

subject-independent and noise-resilient P300 detection.

3. To explore the potential of using head-mounted displays to create more eco-

logically valid and mobile BCI paradigms.

4. To determine the feasibility and data requirements for subject-specific adap-

tation (fine-tuning) of generalisable BCI models in noisy environments.

5. To identify the minimum number and optimal combinations of EEG channels

that maintain robust classification performance in RSVP-based P300 BCIs,

particularly under subject-independent settings and real-world noise condi-

tions.

6. To provide insights into the design and development of BCIs that are more

suitable for real-world applications.

1.4 Contributions

1. A systematic protocol was developed to collect EEG data under varied en-

vironmental conditions and display modalities (AMBER and AMBER 2.0),
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enabling controlled comparisons of laboratory and real-world settings.

2. Noise was found to significantly degrade EEG signal quality, with head move-

ment causing the strongest disruptions among the tested artifact conditions.

3. Across a wide range of models, a hybrid Multiband EEGNet-Transformer

achieved the best performance in both clean and noisy conditions, outper-

forming traditional and baseline deep learning approaches.

4. Session-based fine-tuning demonstrated that using as little as two sessions

of subject-specific data notably improved performance, enhancing real-world

adaptability of subject-independent models.

5. A direct relationship between training data volume and performance was re-

vealed, with larger datasets and greater subject diversity improving generali-

sation across individuals.

6. A reduced EEG channel set of 16 electrodes preserved about 95% of perfor-

mance compared to the full 32-channel configuration, supporting the develop-

ment of lightweight, wearable BCI systems.

7. The use of head-mounted displays showed no significant differences from monitor-

based presentation, indicating their potential as a practical and portable so-

lution for real-world BCI applications.

1.5 Thesis Structure

The remainder of this thesis is organised as follows:

Chapter 2 – Background and Related Work: This chapter introduces the

foundational concepts of Brain-Computer Interfaces, including the P300 paradigm

and the Rapid Serial Visual Presentation protocol. It then reviews related work

in the areas of P300 detection, machine learning approaches for BCI, and the
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transition from controlled to real-world BCI systems, highlighting the need for

noise-resilient and generalisable models.

Chapter 3 – Systematic EEG Data Collection for Real-World BCIs: Pro-

tocol Design and Acquisition: This chapter presents the design of the

data acquisition protocol and the development of two datasets, AMBER and

AMBER 2.0, capturing EEG signals under both clean and intentionally con-

taminated conditions using different display modalities.

Chapter 4 – Impact of Noise on P300 Detection: This chapter investigates

the influence of specific behavioral artifacts (e.g., body movement, head move-

ment, and speech) on EEG signal quality and classification performance. It

also evaluates model generalisability across clean and noisy conditions.

Chapter 5 – Subject-Independent Benchmarking: This chapter explores

subject-independent classification approaches, benchmarking a range of mod-

els including traditional machine learning algorithms, CNNs, transformers,

and hybrid architectures under noisy conditions.

Chapter 7 – Conclusion and Future Work: This final chapter summarises

the research contributions, reflects on the findings, and outlines potential di-

rections for future work toward developing robust, adaptive, and deployable

BCI systems.
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Chapter 2

Background and Related Work

This chapter provides an overview of the existing literature and key research devel-

opments in the field of brain-computer interfaces (BCIs), with a particular focus on

the transition from traditional laboratory-based settings to real-world applications.

It covers relevant topics such as the P300 event-related potential, RSVP paradigms,

the impact of artifacts and noise in EEG signals, traditional and deep learning

classification methods, and recent advances in robust and adaptive models for BCI

applications. Special emphasis is placed on subject-independent classification, data

volume requirements, and calibration techniques, all of which are pivotal to enabling

BCIs that operate reliably in non-ideal settings.

The remainder of this chapter is organized as follows: first, I provide an overview

of BCIs, their applications, and the main paradigms, highlighting current trends

and challenges. I then discuss the P300 event-related potential, followed by an

examination of RSVP paradigms. Next, I review machine learning and deep learning

approaches for RSVP-P300 classification. Finally, I address the challenges of moving

beyond laboratory-based evaluations and emphasize the need for developing BCIs

that can perform reliably in real-world environments.
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2.1 Brain-Computer Interfaces: An Overview

Brain-Computer Interfaces, often also referred to as Brain-Machine Interfaces (BMIs),

represent an emerging technology that establishes a direct communication link be-

tween the brain and an external device, bypassing the body’s typical efferent motor

pathways [1], [2]. This allows for the translation of neural activity directly into

commands for controlling computers, prosthetic limbs, or other technologies [11],

[12].

The significance of BCIs is far-reaching, impacting several key scientific and

technological domains. In neuroscience, BCIs serve as invaluable tools for probing

the complexities of brain function, investigating neural encoding mechanisms, and

studying principles of neuroplasticity. Beyond fundamental research, BCIs play a

significant role in cognitive and neurological diagnostics. For instance, clinicians

are exploring BCI applications to aid in the diagnosis and monitoring of condi-

tions such as Parkinson’s disease, ADHD (Attention deficit hyperactivity disorder),

Alzheimer’s disease, and traumatic brain injuries by analyzing distinct neural sig-

natures associated with these disorders [13]–[17]. These applications also extend to

monitoring cognitive load and fatigue, offering objective measures that can inform

therapy planning and rehabilitation strategies [18]–[21]. For assistive technology,

BCIs offer transformative possibilities for individuals with severe neuromuscular

disabilities, such as those resulting from amyotrophic lateral sclerosis (ALS), spinal

cord injury, stroke, or cerebral palsy [1], [22]. By enabling alternative means of

communication and control over assistive devices, BCIs can substantially improve

autonomy and enhance the quality of life for these individuals [23]–[26].

2.1.1 Background and History of BCIs

The conceptual roots of BCIs can be traced back to early investigations into the

electrical activity of the brain. A seminal moment was the invention of electroen-

cephalography by Hans Berger in the 1920s, which demonstrated the ability to record

electrical oscillations from the human scalp [27], [28]. This breakthrough provided
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the idea that brain signals could potentially be used for purposes beyond clinical

diagnosis.

While the notion of a direct brain-machine link had been considered, the term

“Brain-Computer Interface” was formally introduced by Jacques Vidal in the 1970s

[29]. Vidal’s pioneering work at UCLA (University of California, Los Angeles) ex-

plored the modulation of slow cortical potentials and visually evoked potentials as

a direct means for users to interact with a computer [30].

The 1980s represented a pivotal period in the advancement of BCI research,

characterised by foundational experiments conducted primarily in animal models.

During this time, researchers demonstrated that neural signals recorded from single

neurons or small populations within the motor cortex could be harnessed to control

external devices. Notably, several studies successfully trained monkeys to control

the movement of a computer cursor through the intentional modulation of their

neural activity [31], [32]. These findings offered strong empirical support for the

feasibility of translating brain signals into functional control commands.

Initially, BCI research primarily focused on invasive techniques that required sur-

gical procedures to record neural activity directly from the brain. However, during

the 1980s and 1990s, there was a significant shift toward non-invasive approaches,

particularly EEG, to capture brain signals from the scalp. This transition was driven

by the desire to develop safer, more accessible, and user-friendly BCI systems suit-

able for broader clinical and non-clinical applications [33].

The late 20th and early 21st centuries saw the translation of BCI research to hu-

man participants, particularly in the development of assistive communication and

control systems for individuals with severe motor impairments, showcasing the prac-

tical utility of both invasive and non-invasive approaches [33], [34]. The continuous

progress in signal acquisition hardware, processing algorithms, and machine learning

techniques continues to drive the capabilities of both invasive and non-invasive BCI

technologies [35]–[37]

Today, BCI research spans a diverse array of applications, ranging from clinical
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rehabilitation and assistive technologies for individuals with motor impairments [38],

[39] to cutting-edge developments in gaming [40], virtual and augmented reality [41],

mental workload monitoring [42], and smart home control [43]. As the field evolves,

researchers continue to focus on enhancing the accuracy, usability, and real-time

responsiveness of BCI systems, while also addressing challenges related to noise

robustness, portability, and user adaptability, key factors for successful deployment

in everyday environments.

2.1.2 Applications of BCIs

Clinical Applications

Over the past two decades, BCI research and development has seen vigorous growth

in clinical applications, primarily focusing on restoring lost motor and communica-

tion functions, and aiding in the diagnosis and monitoring of neurological conditions.

BCIs offer significant hope to individuals with severe movement disorders, including

those with Amyotrophic Lateral Sclerosis (ALS), spinal cord injury, stroke, cerebral

palsy, and other significant neuromuscular conditions [1], [13].

A major focus within clinical BCIs is the restoration of motor control. Re-

searchers are actively developing systems that enable individuals with paralysis to

control external devices such as robotic arms for reaching and grasping tasks or

manipulate computer cursors using decoded neural signals [38], [39], [44]. BCIs

are being explored for controlling prosthetic limbs, including lower limb prosthetics,

allowing users to regain mobility through thought control [45], [46]. Restoring lo-

comotion is another critical area, with significant effort directed towards developing

BCI-actuated wheelchairs and exoskeletons controlled by various BCI paradigms

such as MI, P300 event-related potentials, Steady-State Visual Evoked Potentials

(SSVEP), and hybrid approaches combining multiple signal types [46]–[50].

Beyond motor restoration, EEG plays an increasingly important role in the di-

agnosis and monitoring of neurological and cognitive disorders. By analyzing spe-

cific brain signal patterns, EEG can provide objective measures related to cognitive
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function and neurological state. For example, the P300 event-related potential and

serves as a biomarker that reflects cognitive processes like attention and decision-

making [51]. Deviations in P300 characteristics can offer insights into conditions

affecting cognitive processing. Furthermore, analyses of EEG and other neurophysi-

ological signals are being investigated as diagnostic and monitoring tools for a range

of neurological and psychiatric conditions, including Parkinson’s disease, ADHD,

Alzheimer’s disease, epilepsy, and the assessment of consciousness in patients with

traumatic brain injuries and disorders of consciousness [15], [52]–[54]. Functional

neuroimaging techniques like functional Magnetic Resonance Imaging (fMRI) and

functional Near-Infrared Spectroscopy (fNIRS), which measure changes in blood

oxygenation as an indicator of neural activity, are also employed in BCI research

for diagnosis and rehabilitation monitoring, providing insights into brain activation

patterns associated with different states and tasks [55], [56].

BCIs are also being integrated into neurorehabilitation protocols to promote neu-

ral plasticity and functional recovery after stroke or spinal cord injury. By providing

real-time feedback on brain activity related to attempted movements, BCIs can help

patients retrain brain circuits and improve motor function [57]. Neurofeedback, a

form of BCI, has also shown promise in alleviating symptoms of anxiety and de-

pression by training individuals to self-regulate specific brain activity patterns [56],

[58]–[60].

Non-Clinical Applications

While clinical applications remain a primary driver for BCI development, the tech-

nology is increasingly extending into non-clinical domains, offering novel ways to

interact with technology and enhance human capabilities for the general population.

This diversification is driven by advancements in non-invasive sensing technologies

and more sophisticated signal processing.

One of the most pertinent non-clinical application areas is entertainment and

gaming. The gaming industry offers a fertile ground for BCI experimentation, en-
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abling immersive interaction through direct neural control. Studies have shown that

games can act not only as engaging environments for experimentation but also as ef-

fective tools for neurofeedback training, cognitive rehabilitation, and stress reduction

[40], [61]. Researchers have successfully integrated BCIs with popular game genres,

such as virtual shooters, puzzle games, and sports simulations, to create experiences

where users control game play through motor imagery or attention modulation [62]–

[64].

BCIs are also being integrated into Virtual Reality (VR) and Augmented Reality

(AR) environments to enhance user interaction and presence, enabling control or

adapting the virtual experience based on neural signals [41], [65].

Smart home integration is another promising frontier. BCI-driven home automa-

tion allows users, particularly individuals with motor impairments, to control lights,

appliances, or other connected devices using thought alone. These interfaces provide

an intuitive and accessible alternative to traditional input methods and could play

a pivotal role in the design of more inclusive smart environments [43], [66].

Beyond consumer applications, BCIs are being investigated in neuromarketing,

where researchers analyze neural responses to advertisements and branding elements

to better understand consumer attention, engagement, and emotional responses [67],

[68]. Although this application area raises ethical concerns, it demonstrates the

broader potential of EEG signals in interpreting internal cognitive and emotional

states in naturalistic contexts.

Security and authentication represent another emerging use case. EEG-based

biometric systems explore brainwave patterns as unique identifiers, offering an al-

ternative to traditional authentication mechanisms such as fingerprints or facial

recognition. Brainprint authentication methods may offer higher resistance to spoof-

ing and improved privacy, though challenges around consistency and environmental

variability remain [69], [70].

Current trends in non-clinical BCI research include exploring applications in

demanding operational environments such as driving and aviation. Monitoring a
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driver’s cognitive state, such as drowsiness or distraction, using passive BCIs can

enhance safety systems [42], [71]. In aviation, BCIs are being investigated for pi-

lot state monitoring, workload assessment, and potentially as an additional con-

trol modality or communication channel in complex cockpit environments [72], [73].

These applications highlight the growing interest in using BCIs to augment human

performance and improve safety in critical tasks.

As non-clinical applications continue to grow, they expand the role of BCIs

beyond assistive technologies into tools for augmenting human interaction, decision-

making, and everyday convenience. This shift reflects a broader trend in neurotech-

nology: the transition from laboratory experiments to real-world, user-centered sys-

tems that enhance both capability and quality of life.

2.1.3 Types of BCIs

Brain-Computer Interfaces can be categorized based on several criteria, reflecting

different aspects of their design, operation, and how they interact with the user

and the brain. Understanding these classifications is crucial for comprehending the

diverse landscape of BCI research and applications.

Based on User Intention

This categorisation focuses on how the user engages with the BCI system, whether

through deliberate effort or spontaneous brain activity.

1. Active BCIs: Active BCIs are systems where the user consciously and in-

tentionally generates brain activity to control an external device. Examples

include motor imagery (MI) paradigms, where users imagine limb movements

to navigate a cursor or operate assistive devices [74].

2. Reactive BCIs: Reactive BCIs rely on brain responses that are elicited by

external stimuli. The system detects event-related potentials (ERPs) such as

the P300 or Steady-State Visual Evoked Potentials (SSVEPs) in response to
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specific sensory inputs. Users do not need to initiate control voluntarily but

instead react to presented stimuli by intentionally attending to them, making

reactive BCIs highly suitable for spelling systems or stimulus-driven interfaces

[75].

3. Passive BCIs: Unlike active and reactive systems, passive BCIs monitor

spontaneous brain activity without requiring any intentional effort from the

user. These systems are often used for assessing mental states such as fatigue,

emotional engagement, or workload [74].

Based on System Interaction

This categorisation relates to the timing and control of the interaction between the

user and the BCI system.

1. Synchronous BCIs: Synchronous BCIs operate in a time-locked fashion,

where the system prompts the user to issue commands at predefined intervals.

The system prompts the user with a cue, and the user is expected to perform

a specific mental task or attend to a stimulus within a designated time frame

[76].

2. Asynchronous BCIs: Asynchronous or self-paced BCIs allow users to is-

sue commands at any time, providing a more natural and flexible interaction

paradigm. These systems pose greater challenges for signal detection due to

the need to distinguish intentional commands from resting brain activity but

are essential for real-world BCI deployment [76].

Based on Invasiveness

The final categorisation is based on how the neural signals are acquired from the

brain, distinguishing BCIs by their level of invasiveness.

1. Invasive BCIs: At the inception of BCI research, systems were primarily

invasive in nature, involving direct implantation of electrodes into the brain
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tissue, typically in the cortex. These systems provide high spatial and temporal

resolution and have been used in clinical trials to restore motor functions in

individuals with severe paralysis. However, they require neurosurgery and

carry significant medical risks [77].

2. Semi-invasive BCIs: As technology advanced, a middle ground was estab-

lished in the form of semi-invasive BCIs. These systems, such as electro-

corticography (ECoG), place electrodes on the surface of the brain without

penetrating the cortex. These provide a balance between signal quality and

surgical risk, offering better resolution than non-invasive methods while avoid-

ing penetration into brain tissue [77].

3. Non-invasive BCIs: With growing interest in safety, accessibility, and real-

world applications, the field has predominantly shifted toward non-invasive

BCIs. Unlike invasive methods that marked the early beginnings of BCI re-

search, the non-invasive story began much later, gaining momentum in the

1990s as technological advances enabled practical and reliable brain signal ac-

quisition without surgical intervention [78]–[80]. These systems record brain

activity without penetrating the skull, using modalities such as electroen-

cephalography. Although they offer lower signal quality compared to invasive

methods, they are more accessible and suitable for a broad range of applica-

tions.

2.1.4 Neuroimaging Modalities Used in BCIs

The performance and potential applications of a Brain-Computer Interface are fun-

damentally dependent on the neuroimaging modality used to acquire brain signals.

Each modality offers different trade-offs in terms of spatial resolution, temporal res-

olution, invasiveness, and portability. A comparative overview of these modalities is

presented in Table 2.1, followed by a detailed description of each technique below.

1. Electroencephalography (EEG): EEG is a widely used technique for record-
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Table 2.1: Comparison of different neuroimaging modalities [81]–[83]

Method Invasiveness
Spatial

Resolution

Temporal

Resolution
Portability

Signal

Type

EEG Non-invasive 10 mm 0.05 s Portable Electrical

MEG Non-invasive 5 mm 0.05 s Non-portable Magnetic

fMRI Non-invasive 1 mm 1 s Non-portable Metabolic

fNIRS Non-invasive 5 mm 1 s Portable Metabolic

ECoG Semi-Invasive 1 mm 0.003 s Portable Electrical

Intracortical Invasive 0.5 mm 0.003 s Portable Electrical

ing the brain’s electrical activity through the placement of electrodes on the

scalp surface [3]. These signals arise from the electrical interactions among

neurons within the brain. EEG-based BCIs detect specific frequency patterns

by measuring small voltage fluctuations generated during various mental activ-

ities. Typically, EEG signals occupy a frequency range of up to 50 Hz and are

characterised by high temporal resolution, making them particularly suitable

for real-time applications [82].

EEG is a non-invasive, relatively low-cost, and portable neuroimaging tech-

nique that offers high temporal resolution and is easy to set up for basic

applications. However, it suffers from poor spatial resolution and is highly

susceptible to artifacts from muscle movements and environmental noise, with

signals often attenuated and distorted by the skull and scalp [33].

2. Magnetoencephalography (MEG): MEG measures the magnetic fields

generated by neuronal activity in the brain. It offers excellent temporal res-

olution comparable to EEG, but with improved spatial localisation due to

reduced distortion from the skull and scalp. MEG is often used in clinical

research and neuroscience but is less common in everyday BCI systems due to

its high cost, immobility, and the need for magnetically shielded rooms.

MEG-based BCIs have shown promise in detecting cognitive processes and

have been used to decode motor intentions and language processing. How-

ever, its utility in practical BCI applications remains limited due to logistical
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constraints [84].

3. Functional Near-Infrared Spectroscopy (fNIRS): fNIRS is a non-invasive

optical imaging technique that measures changes in oxygenated and deoxy-

genated hemoglobin concentrations in the cortex, reflecting underlying neural

activity. Although fNIRS has lower temporal resolution compared to EEG or

MEG, it offers decent spatial resolution and is relatively tolerant to motion

artifacts.

fNIRS-based BCIs are gaining attention for portable and wearable applica-

tions, especially in mental workload assessment and affective computing, and

are often combined with EEG in hybrid systems to enhance performance [85].

4. Functional Magnetic Resonance Imaging (fMRI): fMRI detects brain

activity by measuring changes in blood oxygenation (BOLD signals) associated

with neural activation. fMRI offers exceptional spatial resolution, making

it valuable for identifying specific brain regions involved in various cognitive

tasks.

However, fMRI’s extremely low temporal resolution, high operational cost, and

large, immobile equipment significantly limit its use in real-time or portable

BCIs. Most fMRI-based BCI studies remain confined to research environments

focused on understanding brain function rather than deploying practical sys-

tems [86].

5. Electrocorticography (ECoG): ECoG involves placing electrodes directly

on the cortical surface, offering a balance between the high spatial resolution

of fMRI and the high temporal resolution of EEG. Being semi-invasive, ECoG

provides clearer signals with less contamination from skull or scalp artifacts.

ECoG is predominantly used in clinical contexts, especially for patients under-

going epilepsy surgery, where electrodes are already implanted for monitoring

purposes. ECoG-based BCIs have demonstrated impressive accuracy in de-

coding motor and language intentions, and are an active area of research in
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both invasive and hybrid BCI systems [87].

6. Intracortical: Intracortical BCIs represent the most invasive neuroimaging

approach currently used in BCI systems. These systems involve implanting mi-

croelectrode arrays directly into the cortical tissue, allowing for the recording

of action potentials from individual neurons or small populations of neurons.

This method offers the highest spatial and temporal resolution among all BCI

modalities, making it highly effective for decoding fine motor intentions [88].

Despite their precision, intracortical BCIs require invasive neurosurgery and

carry risks such as infection, inflammation, and long-term signal degradation,

which limits their widespread clinical use.

2.1.5 EEG-Based BCIs

The discovery of EEG laid the groundwork for the eventual development of brain-

computer interface systems [28], [34], [57]. The origins of EEG can be traced back

to the 19th century, when English physician Richard Caton first recorded electri-

cal activity from the brains of animals and published his findings in 1875 in the

British Medical Journal [89]. Around the same period, Polish scientists Napoleon

Nikodem Cybulski and Adolf Beck were also conducting pioneering work on bioelec-

trical brain signal recordings, contributing significantly to the early foundations of

neurophysiology [90], [91].

One of the primary strengths of EEG is its non-invasive nature, allowing safe

and repeatable use across diverse populations. Its high temporal resolution makes it

ideal for applications requiring real-time feedback, such as neurofeedback, assistive

communication, and gaming. EEG systems are often lightweight and portable, mak-

ing them suitable for out-of-laboratory environments and practical for long-term or

mobile use.

Despite these advantages, EEG suffers from several limitations. The most crit-

ical among them is the low signal-to-noise ratio (SNR), as EEG signals are often

contaminated by physiological artifacts (e.g., eye blinks, muscle movements) and en-
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Table 2.2: EEG Frequency bands and their description [33], [82], [93]

Band
Frequency
Range

Brain State Functional Significance

Delta 0.5 – 4 Hz
Deep sleep,
unconsciousness

Associated with deep, dreamless sleep and
unconscious states. It reflects a lack of cognitive
engagement, typically observed when the brain is at
its lowest level of arousal.

Theta 4 – 8 Hz
Drowsiness,
meditation

Linked to deep relaxation, meditative states, and
inward-focused mental activity. It is often associated
with creativity, intuition, daydreaming, and access to
subconscious material such as imagery and fantasy.

Alpha 8 – 13 Hz
Relaxed,
eyes closed

Represents a relaxed, wakeful state characterized by
calmness and a lack of active cognitive processing.
It is prominent during eyes-closed rest and is related
to a balanced mood, enhanced self-awareness, and
readiness to learn new information.

Beta 13 – 30 Hz
Active
concentration

Associated with active mental engagement, attention,
and problem-solving. It reflects states of alertness,
concentration, and sometimes stress or agitation
during high cognitive load.

Gamma >30 Hz
High-level
cognition

Linked to high-level cognitive functions such as
memory, perception, sensory processing, and
consciousness. It is thought to play a role in complex
tasks involving learning, language, and information
integration

vironmental electrical noise [92]. EEG also has limited spatial resolution due to the

skull’s filtering effect, making it difficult to localize neural sources precisely. These

factors can reduce the reliability and accuracy of EEG-based BCIs, particularly in

uncontrolled environments.

EEG signals can be decomposed into different frequency bands, each associated

with specific cognitive or physiological states. The most commonly studied bands

include delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), and

gamma (> 30 Hz) rhythms. These rhythms are implicated in various brain functions,

such as attention, arousal, memory, etc [33], [82], [93].

Due to its millisecond-level time resolution, EEG is particularly well-suited for

real-time BCI applications. It has been successfully deployed in assistive technologies

such as spellers, wheelchair control, and robotic arm manipulation. In addition,

EEG is widely used in cognitive workload monitoring, gaming, VR/AR integration,

and neurorehabilitation. Advances in wireless EEG systems and real-time signal

processing have significantly improved its practicality for continuous, user-friendly
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BCI systems beyond the lab.

2.1.6 BCI Paradigms

The design and functionality of Brain-Computer Interfaces depend heavily on the

paradigm used to induce meaningful patterns that can be extracted from brain

activity. These paradigms entail the mental strategies that users employ to generate

distinguishable neural signals. Some of the most widely adopted paradigms in EEG-

based BCIs include evoked potentials, event-related potentials, motor imagery, and

hybrid BCIs [94].

Evoked potentials (EPs)

Evoked Potentials are neural responses elicited by external stimuli and recorded as

time-locked signals using neuroimaging tools like EEG. They are classified based on

the sensory modality used to stimulate the brain:

1. Visual Evoked Potentials (VEPs) are generated in response to visual stim-

uli and reflect activity in the visual cortex (occipital lobe). VEP-based BCIs

aim to detect the user’s visual attention by analyzing brain responses to flash-

ing or flickering stimuli, often used in gaze-based spellers or target detection

tasks [95].

2. Auditory Evoked Potentials (AEPs) result from auditory inputs such

as tones, speech, or clicks. These small electrical signals originate from the

auditory cortex and are useful in scenarios where visual input is limited or

inaccessible [96].

3. Steady-State Evoked Potentials (SSEPs) are elicited by repetitive, peri-

odic stimuli at a fixed frequency [97]. The most commonly used form is the

Steady-State Visual Evoked Potential (SSVEP), triggered by flickering visual

stimuli. SSVEP responses appear at the stimulus frequency and its harmon-

ics, typically in the occipital region [98]. Other types include Steady-State
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Auditory Evoked Potentials (SSAEPs) [99] and Steady-State Somatosensory

Evoked Potentials (SSSEPs) [100], though these are less common in practical

BCI systems.

Event-Related Potentials (ERPs)

ERPs are brain responses time-locked to specific sensory, cognitive, or motor events.

Unlike EPs, ERPs can reflect higher-order cognitive processing and are typically

categorized by latency and polarity:

1. Exogenous ERPs (e.g., N100, P100) occur closer to 200ms of stimulus onset

and reflect early sensory processing [101].

2. Endogenous ERPs (e.g., P300, N400) appear later and are associated with

cognitive processes like decision-making or semantic evaluation [101].

Figure 2.1 illustrates the typical morphology of event-related potentials, includ-

ing prominent components such as N100, P200, P300, and N400, commonly observed

in EEG recordings during cognitive tasks

Motor Imagery (MI)

Motor Imagery refers to the mental simulation of movement without actual exe-

cution. MI-based BCIs detect changes in brain activity (particularly over the sen-

sorimotor cortex) when a user imagines performing actions such as moving a limb

[102].

The main neural signatures are Event-Related Desynchronisation (ERD) and

Event-Related Synchronisation (ERS), which correspond to decreases and increases

in power within the 8–30 Hz frequency band, respectively [103]. These patterns

mirror those produced during real movements and are typically lateralized: imagined

movement of the right hand activates the left hemisphere motor cortex, and vice

versa. MI is considered a robust and active mental strategy for continuous control

in BCIs.
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Figure 2.1: ERP components in an EEG signal

Hybrid

Hybrid BCIs integrate two or more types of neural signals or combine different BCI

paradigms [104]. These systems aim to improve classification accuracy, information

transfer rate, and robustness by leveraging the strengths of multiple paradigms.

For instance, a hybrid system might use SSVEP for target selection and P300

for confirmation, or combine motor imagery with a P300-based speller to enhance

communication [105]. Hybrid systems can operate in parallel or sequentially, with

one component acting as a trigger or filter for the other, such as a “brain switch”

that activates only when a certain brain pattern is detected.

2.1.7 Current Trends and Challenges in BCI Research

A long-standing challenge in BCI research is the issue of subject variability. Tradi-

tional BCI models often rely on subject-specific training data, which hinders their

scalability and generalisation across users. Subject-independent BCIs aim to over-

come this limitation by creating models that generalise well across different indi-

23



viduals without requiring extensive per-user calibration. However, variability in

neurophysiological signals between individuals, due to anatomy, cognitive states,

and recording conditions, continues to pose a challenge for universal models [106].

Recent advances in deep learning have enabled the development of sophisticated

neural decoding models capable of extracting complex patterns from brain signals.

Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and

Transformer-based architectures have been applied to EEG, ECoG, and fMRI data

to decode motor intentions, cognitive states, and even visual imagery [107], [108].

These approaches outperform traditional machine learning in many tasks, yet they

require large datasets, are computationally intensive, and often lack interpretability.

Translating BCI systems from controlled lab conditions to real-world applica-

tions introduces new challenges due to the presence of various artifacts (e.g., muscle

movements, eye blinks, and environmental noise) [109].

Extensive user-specific calibration has traditionally been required before deploy-

ing BCI systems. This process is time-consuming and can be frustrating for end-

users. So, creating plug-and-play BCIs that require little or no calibration without

compromising accuracy is essential for mainstream adoption [110].

As BCIs become more integrated into healthcare, entertainment, and commu-

nication technologies, ethical concerns surrounding privacy, user consent, cognitive

liberty, and neurosecurity are gaining prominence. The ability to record, interpret,

and potentially manipulate neural activity raises profound questions about auton-

omy and data protection [111].

2.2 The P300 Event-Related Potentials

One of the most well-known and extensively studied ERPs is the P300 ERP, named

for its positive polarity and typical latency of around 300 milliseconds post-stimulus

[112]. The P300 component is associated with a wide range of cognitive processes,

where its distinct characteristics have made it a crucial response for studying at-

tention, memory, and decision-making. The P300 ERP is typically elicited when an
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individual detects a rare, unexpected, or salient event within a sequence of standard

events [113]. It is most prominent over the parietal cortex and is commonly used in

speller systems and target detection tasks [51].

Applications of P300 systems

P300-based brain-computer interfaces offer significant opportunities in both non-

clinical applications [114], such as gaming, adaptive learning systems, and user au-

thentication, and clinical applications [115], [116], particularly in assistive commu-

nication for individuals with severe motor disabilities.

For instance, P300 spellers allow individuals with locked-in syndrome, such as

those affected by amyotrophic lateral sclerosis (ALS), to communicate by selecting

letters or words through brain activity alone [117]. This non-invasive technology

offers a critical bridge to independence and enhances the quality of life for patients

who have lost motor function.

Deceptive information processing in the brain elicits a P300 response, which can

be detected using the Concealed Information Test (CIT) [118], [119]. More recent

work has shown that analyzing brain connectivity between brain regions improves

classification accuracy, distinguishing liars from the innocents [120], [121].

P300-based BCIs have shown potential for smart home control, enabling users

to interact with devices through brain signals alone. Several recent studies have

demonstrated successful implementations, such as controlling lights, appliances, and

other home systems using P300 responses in response to visual stimuli [122].

P300-based BCIs can assist individuals with amyotrophic lateral sclerosis in

browsing the internet by enabling them to select web links using brain signals. This

allows users to navigate webpages and access content such as news articles without

any physical movement [123].

P300-based BCIs provide a creative and entertaining medium, enabling users to

paint using their brain signals, enhancing engagement and playful interaction [124].

Similar work has been reported under the application known as “Brain Painting”
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[125].

P300 BCIs have been used to develop simple games like chess [126], MindGame

[127], Bacteria Hunt [128], etc. The games use brain responses, such as stronger P300

ERPs, to control actions like movement, image manipulation, or targeting. Since

they require no prior training, such games can help users become familiar with BCI

systems and can also be used to study attention and cognitive engagement [129].

P300-based brain-computer interfaces have become a valuable tool in cogni-

tive and neurological diagnostics due to their ability to capture neural correlates

of higher-order brain functions. Clinicians leverage P300 responses to assess and

monitor various neurological and psychiatric disorders, providing objective measures

that complement behavioral assessments. For example, Altered P300 responses are

biomarkers for neurological disorders such as Alzheimer’s [130] and schizophrenia

[131], making them valuable for early diagnosis and monitoring cognitive states.

Post-stroke patients with aphasia often struggle to communicate due to impaired

motor pathways. A P300 BCI paradigm has been used to provide an alternative

communication channel, helping activate language circuits and potentially acceler-

ating post-stroke recovery [132], [133].

Abnormalities in P300 amplitude and latency have been linked to Parkinson’s

disease, where diminished P300 responses may reflect dopaminergic dysfunction and

attentional deficits [15]. In attention-deficit/hyperactivity disorder (ADHD), altered

P300 characteristics help differentiate subtypes and evaluate treatment efficacy [16].

Similarly, in Alzheimer’s disease, P300 alterations correlate with cognitive decline,

offering a potential biomarker for early detection and disease progression [17]. Fur-

thermore, traumatic brain injury patients often exhibit disrupted P300 patterns,

aiding in the assessment of cognitive impairment severity and recovery trajectories.

Beyond diagnostics and assistive communication, P300 BCIs are increasingly

used in cognitive rehabilitation and neurofeedback therapy [134]. By monitoring

real-time P300 responses, clinicians can evaluate cognitive load, mental fatigue, and

attentional engagement, enabling personalized therapeutic interventions. These ap-
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plications are particularly relevant in stroke rehabilitation, where P300-based feed-

back can enhance neural plasticity, and in occupational settings, where mental work-

load assessment improves safety and performance optimisation [18]. As research

advances, P300 BCIs continue to expand their role in both clinical and research set-

tings, offering non-invasive, objective insights into brain function and dysfunction.

2.3 Rapid Serial Visual Presentation (RSVP)

The Rapid Serial Visual Presentation is an approach to BCI in which a series of

images is displayed at high speed. Participants are asked to differentiate between a

set of target images and a set of standard images, where P300 ERP is evoked by a

target image but not by standard images [9], [10]. BCI signal processing algorithms

are then used to recognize spatio-temporal electrophysiological responses and link

them to target image identification, ideally on a single-trial basis [135].

RSVP-based BCIs are typically deployed using two modes of visual stimulus

presentation: static and moving [136], [137]. Both modes can be used with or

without a button press. In some studies, users manually respond to detected targets

using a button press to assess baseline performance, measure reaction times, or

enhance classification accuracy.

Static Mode

In static RSVP mode, images are briefly displayed, typically for 100–500 ms, before

disappearing. Each image enters and exits the screen at the same location, occupying

most of the display area, which enhances visibility and recognition. Several task

types have been explored in the literature. In one common approach, participants

are shown a specific target image prior to the RSVP stream and are instructed

to detect its appearance during the sequence. High recognition rates have been

reported even at rapid presentation rates of up to 10 images per second [138]. In

another variation, participants are asked to identify broader categories of targets

(e.g., animals) among non-target images. This type of task generally requires slower
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presentation rates, around 4 images per second, to allow sufficient processing time

for accurate detection [139].

Moving Mode

In moving RSVP mode, participants view short video clips and are tasked with

identifying one or more target events within each clip. Since targets span over time,

it is important to ensure sufficient temporal separation between them to avoid ERP

suppression effects such as diminished P300 amplitude. The literature presents var-

ious task formats. In simpler scenarios, participants are asked to detect predefined

visual targets, such as a “person” or “vehicle”, within dynamic scenes [140]. More

complex tasks involve recognizing behavioral patterns that unfold over time, such

as identifying a person placing a suspicious object in a public area. These tasks

require the integration of both motion and form cues across spatial and temporal

dimensions [141].

RSVP based BCIs

The RSVP paradigm is widely adopted in BCI systems due to several key advan-

tages. One of its primary strengths is the high information transfer rate, made

possible by the rapid presentation of visual stimuli, which facilitates quick decision-

making. Additionally, RSVP-based BCIs benefit from robust ERP signatures, par-

ticularly the P300 component, which can be consistently detected with minimal

subject-specific calibration. Unlike motor imagery paradigms that require extensive

training and user adaptation, RSVP-based BCIs demand little to no prior train-

ing, making them especially suitable for users with limited experience or cognitive

impairments [142].

RSVP-based BCIs have been widely employed to detect and recognize specific

targets such as objects, scenes, people, and relevant information within static images

and videos. This paradigm holds significant potential for domains like counterintel-

ligence, law enforcement, and healthcare, where professionals are required to process
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and analyze vast amounts of visual information on a regular basis. While human

observers are superior to computers in understanding complex imagery, manual anal-

ysis is often time-consuming and inefficient [143], [144].

A growing body of research [142] demonstrates the effectiveness of RSVP-based

BCIs in identifying target items across various image types. These systems have

shown promise in supporting visual search tasks and, in some cases, leveraging

learned visual recognition skills. Furthermore, researchers such as Huang et al. [145]

have explored whether combining RSVP-based BCIs with behavioral responses could

lead to greater efficiencies, suggesting a possible direction for enhancing performance

in real-world applications.

Mental fatigue is a critical factor influencing performance in RSVP-based tar-

get detection tasks. Zhou et al. [146] examined the impact of mental fatigue

on RSVP-based small target detection using a 75-minute multi-stage experiment.

Their findings showed a significant decline in P300 amplitude at the Pz electrode

across sessions, suggesting it as a reliable indicator of fatigue. This highlights the

importance of considering cognitive fatigue in sustained RSVP-BCI applications.

Blanco-Dı́az et al. [147] investigated how cognitive and physical factors, specifically

concentration level, eye fatigue, and coffee consumption, affect P300-based BCI per-

formance. Using a public dataset and comparing multiple detection methods, they

found that P300 detection accuracy improved by 3–6% under high concentration

and after coffee intake, highlighting the need to account for user state in optimising

BCI performance.

A study by Ricardo et al. [148] explored non-gaze dependent RSVP-based BCI

spellers, comparing three types of visual stimuli: white letters (WL), famous faces

(FF), and neutral pictures (NP). Their results demonstrated that FF and NP stim-

uli yielded better classification performance and user preference than traditional

letter-based stimuli, suggesting that such visually rich alternatives may enhance

communication efficiency, particularly for users with impaired eye-motor control.

Riccio et al. [149] examined how attentional and memory processes affect P300-
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based BCI control in individuals with ALS. Participants completed RSVP and

change detection tasks to assess temporal and spatial filtering, along with a P300

BCI spelling task. The results showed that only temporal filtering capacity signifi-

cantly predicted BCI accuracy and P300 amplitude, highlighting the critical role of

sustained attentional filtering in successful BCI use.

Cognitive biometrics is a developing research topic that enables user authenti-

cation and identification by exploiting the mental states of an individual. In this

context, Gupta et al. [150] explored the potential of RSVP-based P300 BCIs for

cognitive biometrics, introducing the concept of a “BrainWord” that could serve as

a secure authentication method. They investigated how variations in stimulus rele-

vance and spatial presentation affect performance, comparing RSVP and a Spatially

Varying Paradigm across eight participants. Their findings indicate that RSVP of-

fers reliable classification accuracy and bit rates, making it a promising approach

for EEG-based biometric identification.

Matthew et al. [151] developed a novel unified deep learning framework for

hybrid RSVP-SSVEP BCIs, specifically optimised for gaming applications. Imple-

mented in a Bejeweled-inspired interface, the system demonstrates how single-model

processing can maintain classification accuracy while significantly improving user en-

gagement and system simplicity. The approach marks an important advancement

in making responsive, intuitive BCI controls for extended gaming sessions, bridging

the gap between laboratory prototypes and consumer-ready brain-controlled gaming

technology.

BCI systems struggle with real-world robustness due to insufficient data on in-

dividual neural differences and intra-individual variability. Rexwinkle et al. [152]

explored using a game with a purpose (GWAP) as an engaging platform for large-

scale, longitudinal BCI data collection. Pilot results demonstrate that the game-

embedded tasks elicit comparable neural responses to traditional BCI paradigms

while maintaining participant engagement through reward mechanisms. This gam-

ified approach shows promise for addressing critical gaps in BCI development by
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enabling the collection of more comprehensive datasets that capture both inter-

and intra-individual neural variability, potentially improving system robustness and

reducing BCI illiteracy.

Recent research has explored the application of RSVP in optimising memory

retention and cognitive processing, particularly among young adults. Studies em-

phasize the critical role of interval timing and word count in maximizing memory

effectiveness, with findings suggesting that an optimal balance between presentation

speed and information load enhances recall performance [153]. These findings sup-

port tailored RSVP protocols for memory training and adaptive learning systems,

offering practical applications in education and cognitive enhancement.

Galvin et al. [154] explored RSVP-BCI-based neurofeedback for cognitive train-

ing in mild Alzheimer’s disease (AD). Results indicated that participants with mild

AD could consistently complete multiple weekly assessments, showed reliable base-

line performance, and successfully learned to use a BCI spelling system with train-

ing. The findings support BCI’s potential as a cognitive intervention tool for AD

and highlight important considerations for future research. The work expands BCI

applications into neurodegenerative disease management.

Cognitive fatigue during prolonged RSVP tasks reduces target detection accu-

racy. Recent work by Zhou et al. [155] uses fNIRS-measured prefrontal HbO lev-

els and reaction times to objectively monitor fatigue, showing increased HbO and

slower, lognormally-distributed responses as fatigue progresses. These biomarkers

could enable adaptive RSVP systems that adjust presentation rates dynamically,

particularly for demanding applications like medical image review.

The growing demand for efficient breast cancer screening has driven interest in

RSVP-based BCIs, which leverage rapid image presentation and EEG-recorded neu-

ral responses to accelerate detection. Hope et al. [156] demonstrates the feasibility of

applying cortically-coupled computer vision to mammography, with studies explor-

ing both single-electrode and multi-electrode configurations to optimise detection

sensitivity. These developments highlight RSVP’s potential as a high-throughput
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adjunct to traditional screening methods, particularly for processing large medical

imaging datasets.

Recent advances in RSVP-based BCIs have expanded communication options

for people with locked-in syndrome, and Fried-Oken et al. [157] developed the first

standardized protocol to assess sensory, cognitive, and motor prerequisites for RSVP

Keyboard use, combining adapted standardized tests (e.g., auditory comprehension,

working memory) with novel visual attention tasks. These brief (< 1 hour), mul-

tidisciplinary evaluations test essential cognitive, sensory, and communication skills

through adapted tasks using eye gaze responses. Initial validation shows high ac-

curacy (92-100%) in identifying appropriate BCI candidates, establishing a crucial

framework for clinical implementation, while highlighting the need for accessible

communication technologies in rehabilitation.

Despite the extensive research and diverse applications explored with RSVP-

based BCIs, their evaluation in real-world, noisy environments remains limited.

Most existing studies are confined to controlled laboratory settings, overlooking

the practical challenges posed by everyday behavioral artifacts and environmental

variability. This gap highlights a critical limitation in current literature and un-

derscores the need for further research to understand, adapt, and optimise RSVP

paradigms for deployment in naturalistic, real-world scenarios.

2.4 Machine Learning and Deep Learning for RSVP-

P300 Classification

Classic classification algorithms such as Linear Discriminant Analysis (LDA), Sup-

port Vector Machines (SVM), and Bayesian Ridge Regression have been extensively

used in RSVP-P300-based BCI studies.

For instance, Sheng et al. [158] in their study on RSVP-based P300 spellers

for patients with oculomotor dysfunction (e.g., ALS), employed Linear Discrimi-

nant Analysis to classify target symbols presented rapidly (88 ms on, 22 ms off)
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without requiring eye movements. The paradigm achieved 90% offline accuracy

in identifying targets among 26 symbols, though performance varied (up to 68%)

with increasing participant sample size. The results demonstrated LDA’s effec-

tiveness in decoding RSVP-P300 responses, highlighting its potential for BCIs in

eye-movement-impaired populations. Cui et al. [159] proposed an ERP feature

enhancement framework combining latency detection and EEG reconstruction to

address variability in RSVP-based P300 classification. Using LDA-based methods,

their approach improved AUC, accuracy, and robustness with fewer training sam-

ples/channels, outperforming conventional RSVP classification frameworks.

Zhang et al. [160] introduced an RSVP-EEG benchmark dataset for target de-

tection (human/non-human images at 10 Hz) and evaluated four different classi-

fiers, including SVM, SWFP (spatially weighted Fisher LDA-PCA), Discriminative

Canonical Pattern Matching (DCPM), and Hierarchical Discriminant Component

Analysis (HDCA), providing a standardized comparison for RSVP-BCI algorithms.

Mijani et al. [161] introduced Dual/Triple shifted RSVP paradigms, where 2-3

characters appeared simultaneously (displaying targets 2-3 times vs. once in single

RSVP). Using LDA and SVM, they tested all three paradigms with three subjects,

finding the Dual paradigm outperformed the single and Triple RSVP paradigms in

balancing speed and reliability.

Xiao et al. [162] evaluated Bayesian LDA alongside other classifiers (standard

LDA, stepwise LDA, shrinkage LDA, STDA, and DCPM) for single-trial ERP de-

tection in RSVP-based BCIs using an N200/P300 dataset. The study demonstrated

Bayesian LDA’s utility as part of a broader comparison of advanced LDA variants

for noisy, small-sample ERP classification. Rahman et al. [163] in another study

employed Bayesian methods alongside other machine learning approaches to predict

drivers’ reaction times to road events using pre-event EEG spectral features (an-

alyzing 2-second windows before events). The Bayesian framework helped classify

drivers as slow/fast responders while enabling subject-independent reaction time

prediction in a driving simulator environment, demonstrating its utility for EEG-
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based driver safety systems.

Wang et al . [9] introduced a novel Multiple Time Window LDA Beamformer

(MTWLB) spatial filtering method and compared nine classification pipelines for

RSVP-based BCI. Among three classifiers tested (LDA, Bayesian Linear Regres-

sion (BLR), and Logistic Regression), BLR demonstrated robust performance when

combined with effective spatial filters (MTWLB or xDAWN), though the proposed

MTWLB method generally enhanced classification most significantly (as measured

by AUC). The results showed that while spatial filtering improved detection, CSP

underperformed compared to other methods, and Bayesian approaches remained

competitive when paired with proper feature enhancement. Another study [164] in-

vestigated single-trial ERP detection in RSVP tasks using a Bayesian discriminant

analysis approach combined with spatial filtering to maximize signal-to-noise ratio,

demonstrating Bayesian effectiveness for robust classification in challenging RSVP

conditions.

These algorithms typically require hand-crafted features such as signal ampli-

tude, latency, or time-frequency features. Although these models are computa-

tionally lightweight, they often fall short when dealing with high inter-subject and

inter-condition variability, especially in the presence of noise.

Deep learning has transformed the landscape of EEG classification. Convolu-

tional Neural Networks, recurrent neural networks, and other CNN-based optimised

algorithms such as the EEGNet [165] and CNN1 [166] architectures, have demon-

strated the capacity to learn spatial and temporal features from raw EEG signals.

These models outperform traditional methods when sufficient training data is avail-

able and are more resilient to moderate noise. Their ability to process raw signals

without manual feature engineering makes them particularly valuable for real-world

EEG applications.

For instance, Uma et al. [167] employed Convolutional Neural Networks to

classify P300 signals in a gaze-independent RSVP speller system, achieving 97%

accuracy for target character prediction. Their CNN approach outperformed tradi-
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tional methods (LDA, SVM) by effectively extracting high-level features from raw

EEG data, demonstrating particular utility for paralyzed patients lacking oculomo-

tor control.

Zang et al. [168] proposed a phase-locked CNN architecture specifically de-

signed for single-trial RSVP EEG classification, addressing a critical gap in existing

models that inadequately exploit ERP’s phase-locked characteristics. By integrat-

ing standard convolutional, permute, and depthwise convolutional layers, the model

separately processes spatial features across distinct ERP time windows, achieving

superior classification performance compared to conventional deep learning and tra-

ditional methods.

Yuan et al. [169] proposed PSAEEGNet, an optimised CNN integrating pyramid

squeeze attention (PSA) modules with deep convolutional layers to address the low

SNR and small sample sizes of single-trial EEG in RSVP tasks. By hierarchically

refining spatiotemporal P300 features, the model achieved a superior classification

score over existing methods, demonstrating its potential for robust EEG-based tar-

get recognition. In another study, Wang et al. [170] developed a cascade network

combining EEGNet with xDAWN to create a unified P300 detection system for both

speller and RSVP paradigms. This hybrid architecture effectively handled variable

P300 responses across different stimulus types while reducing the required repeti-

tion rounds. The approach demonstrated superior performance in cross-paradigm

applications, showcasing EEGNet’s adaptability when integrated with xDAWN pre-

processing for robust P300 classification in diverse BCI tasks.

Aljlaly et al. [171] explored LSTM networks as an alternative to CNNs for

P300 signal detection in BCIs designed for motor-impaired patients. While both

architectures achieved comparable accuracy in P300 speller applications, the study

highlighted LSTM’s potential for modeling temporal dynamics in brain signals, offer-

ing a viable deep learning approach for robust P300 recognition despite the signal’s

inherent noise and complexity.

To address severe class imbalance in RSVP-based BCI systems, Xu et al. [172]
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developed BWGAN-GP, a novel data augmentation method combining Wasserstein

GANs with gradient penalty and autoencoder initialisation. This approach effec-

tively synthesized minority-class (target) EEG data by learning discriminative fea-

tures from majority classes. When integrated with EEGNet, the augmented dataset

improved the prediction by 3.7% as compared to the non-augmented data. The

results demonstrate the ability of GAN-based models to mitigate class imbalance

issues and enhance deep learning performance in RSVP paradigms, with potential

applications across other EEG-based BCI systems.

While deep learning models have demonstrated strong performance in RSVP-

P300 classification, their validation remains largely confined to controlled experi-

mental settings. Real-world applications like engaging environments or their use

in clinical settings introduce challenges like variable noise and non-stationary EEG

signals.

2.5 Challenges and the Need for Real-World BCI

Evaluation

Deploying BCI systems beyond controlled laboratory settings introduces several

critical challenges. While BCI performance in ideal conditions has advanced sig-

nificantly, transferring this performance to dynamic, real-life environments remains

non-trivial. One major limitation is the lack of ecologically valid datasets that reflect

realistic, noisy conditions, a gap that hinders the development and benchmarking

of BCI systems for practical use. Additional challenges include inter-subject vari-

ability, the burden of subject-specific calibration, limited training data volume, and

degraded signal quality due to real-world artifacts, all of which constrain the robust-

ness and scalability of current BCI solutions.
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2.5.1 From Traditional to Noisy Datasets

Prior studies have predominantly focused on EEG signals in isolation, yielding lim-

ited success in addressing these artefacts. EEG, known for its accessibility and

safety, has been widely utilised in building and operating Brain-Computer Interface

applications. The RSVP paradigm, used in a number of BCI applications, involves

the rapid display of images, requiring participants to differentiate between target

and standard images, to evoke the P300 Event-related Potential. Although the

RSVP approach has demonstrated promising results in controlled laboratory set-

tings, its translation into non-laboratory contexts necessitates a deeper understand-

ing of performance in ecologically valid scenarios, including online worlds, metaverse

environments, and gaming contexts. These application scenarios are characterised

by less constrained user behavior, including talking, head movements, and hand

movements, thus involving a greater number of EEG-contaminating artefacts.

Prior studies [135], [173], [174] have typically focused on using characteristics of

EEG signals in isolation without contextual signal sources to identify and ameliorate

such artefacts with limited success. Presently, however, no suitable dataset exists in

order to train and evaluate such approaches.

Several research articles have discussed P300 RSVP datasets available to re-

searchers [142]. Notably, Won et al. [175] collected P300 RSVP data from 50

participants using a 32-channel Biosemi ActiveTwo system. The presented dataset

could potentially improve P300 speller applications and is particularly useful for

evaluating feature extraction and classification algorithms in various contexts such

as cross-subject, cross-dataset, and cross-paradigm BCI model development.

Another dataset was presented by Acqualagna et al. [176], acquired from 12

subjects, which explored non-gaze dependent RSVP paradigms, offering insights

into gaze-independent BCI control.

An extensive dataset introduced by Zhang et al. [160], involved 64 subjects

recorded with a 64-channel Synamps2 system. This benchmark dataset can support

comparisons of RSVP-based target identification algorithms, offline simulations of
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novel system architectures, and detailed analyses of ERP and SSVEP components

in RSVP-based BCIs.

Furthermore, Xue et al. [177] collected a multi-subject, multi-session EEG

dataset (MSS) for modeling human visual object recognition using the RSVP paradigm

from 32 participants. Data were recorded using a 128-channel Quik-Cap (Com-

pumedics Neuroscan) with SynAmps 2/RT and Neuvo amplifiers. The MSS dataset

can be used to explore characteristics of visual EEG responses, compare visual

paradigms, and develop robust cross-subject and cross-session machine learning

models for BCIs.

These datasets share a common limitation in that they solely focus on data

collected in traditional laboratory environments using standard monitor displays,

without incorporating real-world contextual variability. While they provide valu-

able insights into RSVP-based P300 responses and serve as strong benchmarks for

algorithm development, they do not reflect the conditions under which BCIs would

be deployed in everyday scenarios. The absence of contextual signal sources, such

as those arising from natural head movement, body motion, or conversational in-

teraction, limits their ecological validity. To enable the practical deployment of

EEG-based BCIs outside the lab, it is essential to bridge this gap by collecting and

analyzing EEG data under realistic, noisy, and dynamic conditions. Only then can

we develop systems that are robust and adaptive enough for real-world applications.

2.5.2 Subject-Independent Classification and Calibration

Despite recent advancements in machine learning and signal processing techniques,

training models for robust P300 classification continue to be a substantial challenge.

One crucial obstacle lies in the variability of EEG signals across individuals. Fac-

tors such as differences in brain anatomy, cognitive state, electrode placement, and

external noise significantly influence the recorded signals [106].

Consequently, machine learning models trained on subject-specific data often fail

to generalise effectively to new users, limiting the scalability and usability of BCIs
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in real-world scenarios [178].

Traditional approaches to P300 classification have predominantly relied on pre-

processing techniques such as filtering, trial averaging, and dimensionality reduction,

followed by classical classifiers like Linear Discriminant Analysis [179], [180]. While

effective in subject-specific scenarios, these methods often struggle with generali-

sation. LDA, in particular, performs poorly with high-dimensional input signals,

which are typically required to capture cross-subject variability. Similarly, Support

Vector Machines with linear kernels have been widely adopted [181], but they tend to

require high computational resources and are usually applied to transformed inputs

(e.g., via PCA), which limits their ability to learn transferable, subject-independent

features.

To address these limitations, recent studies have explored deep learning tech-

niques such as CNNs and RNNs [182]–[184]. CNNs can extract spatial features

from EEG data and learn complex patterns that are difficult for linear models to

capture. However, they often demand high-dimensional inputs and remain largely

subject-specific, showing limited ability to generalise to unseen individuals. RNNs,

particularly suited for sequential data like EEG, aim to capture temporal dynamics

more effectively [184]. Yet, their performance on subject-independent tasks remains

suboptimal, and they often require computationally intensive data transformations

that are not well-optimised for P300 classification [185].

Hybrid architectures that combine spatial and temporal feature extraction have

shown promise for single-trial P300 classification [186]. However, these models are

still primarily trained in subject-specific contexts and struggle to learn generalised

features applicable across subjects.

In addition to the scalability limitations of subject-independent approaches,

which often struggle to generalise across users, the burden of user-specific calibration

poses another challenge for practical BCI deployment. While subject-independent

models aim to reduce or eliminate the need for per-user training, they frequently

require some level of fine-tuning to achieve acceptable performance, especially un-
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der noisy conditions. Existing solutions have explored transfer learning, such as

fine-tuning pre-trained models with 5–10 user-specific trials [187], [188]. However,

fine-tuning has primarily been validated on clean, lab-based datasets and tends to

degrade in performance when applied to data collected under realistic conditions.

Moreover, an open question remains: how much fine-tuning is truly sufficient,

especially under noisy conditions? While a few clean trials may suffice in laboratory

settings, it is unclear whether the same applies when calibration data is contami-

nated by movement, speech, or environmental artifacts. There is currently a gap in

the literature exploring the reliability and optimal amount of fine-tuning required

on noisy trials. Addressing this issue is essential to designing BCI systems that can

adapt quickly and reliably in real-world contexts, where obtaining clean calibration

data may not be feasible. Developing models that can be fine-tuned effectively with

limited, noisy data would represent a major step toward practical, plug-and-play

BCIs.

2.5.3 The Role of Training Data Volume

The volume of training data is a critical factor in determining the effectiveness of

EEG-based Brain-Computer Interfaces. In general, larger datasets lead to better

generalisation, improved robustness, and enhanced decoding accuracy of brain sig-

nals. However, collecting high-quality EEG data at scale is often impractical due

to challenges such as participant fatigue, inter-subject variability, and the time-

intensive nature of EEG recording sessions.

Despite its importance, the impact of training data size remains relatively under-

explored in BCI research. A few notable studies have addressed this issue. Śliwowski

et al. [189] systematically investigated the effect of dataset size on the performance

of deep learning models using ECoG data. They observed that while model accuracy

generally improved with more training data, the gains diminished beyond a certain

threshold, approximately 40 minutes of data, suggesting a saturation point where

additional data offers limited performance benefit.
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In a broader context, Roy et al. [190] conducted a systematic review of deep

learning applications in EEG analysis. They pointed out that a significant number

of studies are constrained by small dataset sizes, which not only hinders the training

of deep architectures but also limits the generalisability of the models across subjects

and tasks. The authors emphasized the need for more extensive and diverse EEG

datasets to fully exploit the capabilities of deep learning in BCIs.

When access to large datasets is limited, data augmentation has emerged as a

practical strategy to expand the training set and improve model performance. Rom-

mel et al. [191] conducted a comprehensive comparison of EEG data augmentation

techniques and demonstrated that, in low-data scenarios, appropriate augmenta-

tion could enhance classification accuracies. Their findings underscore the potential

of augmentation to compensate for insufficient data, especially in real-world BCI

applications.

Importantly, while these studies highlight the influence of data volume on model

performance, the relationship is often non-linear and highly task-dependent. Factors

such as the type of BCI paradigm, target brain signals (e.g., ERPs), and model

architecture can influence how much data is “enough.”

Despite these insights, a significant gap remains in the literature regarding the

systematic exploration of training data volume in EEG-based BCIs. There is a

clear need for studies that rigorously compare model performance across varying

dataset sizes, particularly under noisy or real-world conditions. Understanding how

data requirements scale with different levels of noise and complexity is essential to

determine how much data is truly sufficient for reliable and practical BCI deployment

outside controlled lab settings.

2.5.4 Optimal Channel Selection

Electrode channel selection plays a critical role in optimising the performance and

practicality of P300-based BCI systems. Identifying a minimal yet effective subset

of electrodes can reduce system complexity, setup time, and user discomfort.
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Numerous studies have investigated the impact of electrode selection on P300

speller performance. Some works, such as [192]–[194], employ spatial filtering meth-

ods to identify subject-specific optimal electrode sets. Others, including Ludwig and

Kong [195], determine the optimal electrodes empirically. Interestingly, Ludwig and

Kong observed significant inter-subject variability: while some users achieved peak

performance using just 3 electrodes, others required up to 10 out of a 14-electrode

array. Despite this variability, parietal and occipital electrodes consistently emerged

as the most informative regions.

However, tailoring the electrode configuration for each user typically requires

data collection with a large electrode set before identifying a smaller optimal subset,

a process that can be impractical in clinical or commercial deployments. To address

this, Krusienski et al. [196] proposed a fixed 6-electrode configuration (Fz, Cz, Pz,

PO7, PO8, Oz) that performed comparably or better than larger 19-channel setups

across users. Similarly, Speier et al. [197] found that a reduced set of channels

(PO7, PO8, POz, and CPz) was nearly as effective as a full 32-channel montage.

McCann et al. [198] systematically evaluated electrode sets ranging from 1 to 16

channels and reported only marginal gains beyond 4 electrodes. Additionally, Noble

et al. [199] examined configurations of 32, 16, 8, 6, and 4 channels, concluding that

a 6-electrode set (P3, Pz, P4, POz, O1, and O2) without spatial filtering yielded

the highest performance. Furthermore, Sahay et al. [200] identified 8-channels

(P7, P3, Pz, Oz, P4, P8, Fz, and Cz) as an optimal configuration for P300-based

classification, striking a balance between accuracy and channel reduction.

These findings underscore the importance of identifying an optimal electrode

subset, as reducing channel count is crucial for real-world BCI use where portability,

ease of use, and user comfort are essential.

While existing studies have made significant progress in optimising electrode

configurations for P300-based BCIs, several critical limitations remain unaddressed.

First, most research has focused predominantly on posterior and occipital regions,

potentially overlooking the role of other brain areas that may become relevant in
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real-world usage scenarios. Second, few studies have systematically evaluated pro-

gressive channel reduction (e.g., comparing 32, 16, 8, 6, and 4 channel configurations)

to determine the precise trade-off between channel count and classification accuracy.

Third, and perhaps most importantly, current approaches have been validated pri-

marily under controlled laboratory conditions, leaving open questions about their

performance in practical settings with motion artifacts, variable electrode contact,

or when integrated with head-mounted displays. These gaps highlight the need

for more comprehensive investigations that address both technical performance and

real-world usability constraints.

2.5.5 Noise and Artifact Robustness

There is an extensive body of literature that has explored various approaches for

noise mitigation in EEG signals within the domain of Brain-Computer Interfaces,

where researchers have investigated challenges and advancements in efficiently fil-

tering unwanted noise to improve the reliability and accuracy of EEG-based BCIs

[201], [202]. Non-biological sources of noise, such as poor electrode settings, high

impedances, and electrical interference, along with non-neural noise sources like eye

movements, muscle activity, cardiac signals, and body movements, play a significant

role in the contamination of EEG signals [4].

Recognizing the importance of artifact removal in EEG-based BCIs, researchers

employ a range of techniques, including both fundamental and advanced methods

to effectively eliminate noise from EEG signals [203].

Researchers have extensively utilised Independent Component Analysis (ICA)

to eliminate noise sources from EEG signals recorded in traditional lab environ-

ments, with particular emphasis on ocular and muscular artifacts. Dimigen et al.

[204] proposed an artifact removal method based on ICA optimisation by system-

atically varying a range of parameters, including high-pass and low-pass filters, and

thresholding for component rejection. They reported a significant improvement in

performance with minimal distortion of neural activity. Gao et al. [205] proposed
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a combination of canonical correlation analysis (CCA) and ICA to adaptively re-

move ocular artifacts from the EEG data. Liu et al. [206] explored the effect of

ocular artifacts on EEG recordings during both rapid eye movement (REM) and

non-REM sleeping stages. Shi et al. [207] proposed a denosing method by using

CCA and second-order blind identification (SOBI) followed by adaptive and strict

fixed thresholds to localize and remove artifacts. In addition, some researchers [208],

[209] have employed ICAs to eliminate various noise sources, including movement

artifacts.

Moreover, the literature showcases other diverse approaches to noise mitigation

in EEG signals. Specifically, Cimmino et al. [210] and Javed et al. [211] lever-

aged principal component analysis, a few researchers [212]–[214] applied regression

methods and wavelet transforms, whereas brophy et al. [215] and others [216]–[218]

employed GANs and CNNs for addressing various noise sources in EEG signals

recorded in traditional lab settings.

However, a significant research gap remains regarding the management of EEG

signals in real-world, out-of-the-lab environments. Most existing noise removal tech-

niques are designed and evaluated under clean, controlled conditions and often fail

to generalise well when applied to signals contaminated by real-life artifacts such as

movement, speech, or environmental noise. Furthermore, many of these methods are

computationally intensive, requiring considerable processing time and power, mak-

ing them less feasible for real-time or portable BCI systems. Another key concern is

that aggressive denoising may unintentionally discard informative neural data along

with noise, thereby reducing the quality and quantity of usable EEG information.

These limitations highlight the need for more adaptive, efficient, and artifact-resilient

preprocessing methods tailored for practical, real-world BCI deployment.
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2.6 Emerging Directions: Robust and Adaptive

Models

To address the inherent variability in EEG signals and the limitations of conventional

classifiers, recent research has begun to explore more flexible and expressive deep

learning models. Among these, Transformer-based architectures [219], [220] and

hybrid models [221]–[224] represent promising directions due to their ability to model

long-range dependencies and complex spatiotemporal dynamics in neural data.

Transformers, initially developed for natural language processing tasks, have

been successfully adapted to EEG decoding tasks thanks to their self-attention mech-

anism, which can dynamically weigh contributions from different channels and time

points [225]. This allows them to capture both global and local patterns in EEG

signals more effectively than traditional CNNs or RNNs [226].

Hybrid models that combine CNN-based architectures with Transformer layers

have also gained attention. For example, EEGNet + Transformer frameworks aim

to extract frequency-specific features via EEGNet and refine temporal or spatial

relationships using Transformer encoders [223], [227]. Similarly, EEG-Conformer

models integrate convolutional and self-attention modules with feed-forward layers

to exploit both local dependencies and global contextual cues, offering a robust ap-

proach to modeling EEG signals [222]. In parallel, contrastive learning techniques

have been introduced to learn subject-invariant and noise-resilient representations,

especially in subject-independent settings, by encouraging the model to cluster sim-

ilar neural patterns while distinguishing unrelated ones [228]–[230].

Despite recent advancements in deep learning for EEG decoding, the application

of such architectures remains limited in the context of P300-based RSVP paradigms.

Most existing Transformer-based and hybrid EEG models have predominantly fo-

cused on domains like motor imagery, emotion recognition, or cognitive workload

assessment, with comparatively little emphasis on RSVP tasks. Moreover, their ro-

bustness in the presence of noise or under naturalistic conditions, key for real-world
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BCI deployment, remains largely unexplored.

In particular, the integration of Transformers and their hybrid variants into

diverse EEG datasets that include artifact-contaminated or ecologically valid sce-

narios is still an open research area. Exploring such models in noisy environments

can unlock their true potential for adaptive and generalisable real-world BCI sys-

tems. Furthermore, advanced strategies like multiband processing [231]–[233] or

Mixture-of-Experts (MoE) architectures [234]–[237], designed to capture frequency-

specific and spatially diverse EEG features, have shown promise in other domains

but are still underexplored with Transformers and in RSVP-based BCIs. Investi-

gating these approaches could lead to more resilient models capable of handling the

complex variability seen in real-life EEG applications.

2.7 Summary

Brain-Computer Interfaces enable direct communication between the brain and ex-

ternal devices, with applications ranging from clinical neurorehabilitation to non-

clinical domains such as gaming and assistive technologies. Among various neu-

roimaging techniques, EEG remains the most widely adopted modality for BCI

development due to its non-invasive nature, portability, and high temporal reso-

lution. While laboratory-based studies have significantly advanced BCI research,

translating these systems into real-world settings remains a major challenge.

One critical bottleneck is the lack of datasets recorded in real-world environ-

ments. Most existing EEG datasets are collected in highly controlled lab conditions,

limiting their ecological validity. To bridge the gap between research and deploy-

ment, it is imperative to record and utilise datasets that reflect the complexities

of naturalistic environments. Such data can facilitate the development of models

robust to real-world variability and noise. This limitation is addressed in Chap-

ter 3 through the introduction of a novel dataset that captures EEG data in both

traditional laboratory and real-world environments.

This lack of dynamic data contributes to an additional limitation: the under-
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explored nature of how real-world artifacts, such as movement, speech, and envi-

ronmental interference, affect EEG signal quality and processing. This limitation

has been addressed in Chapter 4, which systematically investigates the impact of

various noise types on EEG signal characteristics and classification performance.

Moreover, most BCI systems have been designed and evaluated in a subject-

dependent fashion, which restricts scalability and practical use. In real-world scenar-

ios, subject-independent classification is essential to ensure that models generalise

across users without extensive retraining. However, even with subject-independent

models, a minimal level of fine-tuning or calibration is often needed. A key gap in

the literature is understanding how much calibration data is sufficient, particularly

when dealing with noisy EEG signals. These limitations are addressed in Chapter

5, where a range of models, from traditional to advanced adaptive architectures, are

explored for subject-independent classification, and in Chapter 6, which investigates

fine-tuning strategies and the amount of calibration data required.

Another underexplored factor is the role of training data volume. While it is

well-acknowledged that larger datasets tend to yield more robust models, system-

atic investigations into how data volume affects subject-independent classification,

especially in noisy or unconstrained settings, are still limited. This research gap is

addressed in Chapter 6, where the effect of training data volume is systematically

explored.

In addition, the number of electrodes used in traditional EEG-based BCIs is often

impractical for real-world use. While identifying an optimal electrode subset that

balances performance with practicality remains a priority, current approaches ex-

hibit notable limitations. Most studies focus narrowly on posterior-occipital regions,

potentially overlooking configurations better suited for real-world noise or motion

artifacts. Few systematically evaluate progressive channel reduction to quantify ac-

curacy trade-offs, and none address the unique constraints of HMD-integrated sys-

tems, where electrode placement must accommodate physical hardware obstructions.

These gaps highlight the need for electrode optimisation frameworks that prioritize
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both classification robustness and real-world usability, particularly for wearable ap-

plications where portability and ergonomics are paramount. This gap is addressed

in Chapter 6, where progressively reduced channel configurations are systematically

examined.

Noise and artifact removal remains a central concern in EEG processing. While

various algorithms exist, many are computationally expensive and may result in

the loss of important signal components. This highlights the need for adaptive and

artifact-resilient models that can operate effectively without intensive preprocessing.

Emerging directions such as transformer-based architectures and hybrid models

(e.g., EEGNet combined with transformers) offer promising avenues for develop-

ing robust BCIs. However, these methods are still largely explored in subject-

dependent settings under controlled conditions, and their adaptation to real-world,

subject-independent scenarios remains an open and vital research direction. This is

addressed in Chapter 5 by exploring a number of advanced methods to investigate

their performance in the presence of noise and assess their resilience to real-world

artifacts.
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Chapter 3

Systematic EEG Data Collection

for Real-World BCIs: Protocol

Design and Acquisition

Brain-Computer Interfaces have shown immense promise in enabling direct commu-

nication between the brain and external devices. As discussed in Section 2.5.1 of the

literature review, one of the major limitations in current BCI research is the lack

of datasets that reflect realistic, noisy, and dynamic environments. Most existing

datasets supporting BCI research and development are limited to highly controlled

laboratory environments. These datasets fail to account for the challenges of real-

world applications, where various sources of noise and dynamic environments can

significantly affect performance and reliability.

To bridge this gap, I introduced ”AMBER: Advancing Multimodal Brain-Computer

Interfaces for Enhanced Robustness – A Dataset for Naturalistic Settings”. This

dataset was designed to provide a comprehensive resource for researchers aiming

to build robust BCIs capable of functioning outside traditional laboratory environ-

ments. Following the success and learnings from AMBER, its successor AMBER

2.0 was developed, which extends the experimental design to scenarios even closer

to real-world applications.
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This chapter addresses the contribution of systematically collecting EEG data

under controlled and intentionally induced noisy conditions using different display

modalities. Specifically, it outlines the development of two complementary datasets:

the AMBER dataset, which captures EEG recordings during RSVP tasks under

well-defined noise scenarios (e.g., body movement, head movement, and speech),

and the AMBER 2.0 dataset, which extends this work by incorporating a more

ecologically valid setup using a head-mounted display. Together, these datasets

provide a structured foundation for investigating BCI robustness in both traditional

and real-world-inspired environments.

Both the AMBER and AMBER 2.0 datasets have been used to support the

analyses presented in Chapters 4, 5, and 6 of this thesis. These datasets, collected

under controlled and real-world conditions, provide a comprehensive foundation for

investigating noise impact, model robustness, fine-tuning strategies, and subject-

independent classification performance.

3.1 Dataset 1 – AMBER

The AMBER dataset incorporates a multimodal and contextual approach by cap-

turing video data of the participant alongside the EEG recording. The inclusion

of video data enriches the dataset by providing contextual information and addi-

tional modalities for analysis. By recording video data simultaneously with EEG

signals, researchers can leverage a broader range of contextual cues, such as facial

expressions, body movements, and eye movements.

EEG is an accessible and safe method for researchers and users to build and

operate BCI applications [238]. While the initial use of such techniques began in

clinical/rehabilitative settings for the purposes of augmenting communication and

control, a recent trend has been to use such signals and methods in new domains,

such as the image annotation task, which relies on the identification of target brain

events to trigger labelling [239]–[241].

The Rapid Serial Visual Presentation is an approach to BCI in which a series of
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images is displayed at high speed. Participants are asked to differentiate between a

set of target images and a set of standard images, where P300 ERP is evoked by a

target image but not by standard images [9], [10].

While the RSVP-BCI paradigm can be demonstrated in controlled lab-based

environments, translation of this paradigm into consumer contexts requires a bet-

ter understanding of real-world EEG artefacts that impact EEG signal quality in

ecologically valid settings e.g., in online worlds, metaverse, and gaming contexts.

Such application scenarios are characterised by less constrained user behavior, some

of which is entirely necessary for the normally expected interactions. Examples in-

clude talking, head and hand movements, all of which generate artefacts that impede

the application of EEG in BCIs in real-world contexts.

EEG results obtained in the presence of noise and those obtained in noise-free

conditions are differentiated using the P300/RSVP task in this dataset. This differ-

entiation allows for a comprehensive analysis of the impact of noise on EEG signals

and facilitates the evaluation of signal-denoising techniques. The P300/RSVP task

is particularly relevant as it involves measuring accuracy, making it an effective de-

pendent variable to assess the efficacy of noise cleaning and evaluate the influence

of behavioral artefacts on the EEG signals. Furthermore, this can provide insights

into the relationship between noise, behavioral artefacts, and the quality of EEG

signals, ultimately enhancing our understanding of the robustness of EEG data in

real-world settings.

For the purpose of creating this dataset, participants were instructed to pro-

duce particular artefacts at particular times via a carefully controlled protocol, e.g.,

moving head left to right versus up and down, eye movement, eye blinks, facial

expressions, lip movement, body movement, etc. The specific artefacts that partici-

pants were instructed to produce during data recording reflect the most problematic

artefacts encountered in real-world EEG recording [202], [242], [243].

Moreover, the AMBER dataset represents a significant advancement in the field

of brain-computer interfaces by providing researchers with a resource to address
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one of the key challenges in EEG data analysis, signal denoising. EEG recordings

are often plagued by various artifacts and noise, which can obscure the underly-

ing neural signals and hinder accurate analysis. The importance of signal-denoising

lies in its potential to enhance the quality and reliability of EEG measurements,

enabling more accurate identification and interpretation of neural responses. By

effectively removing unwanted artifacts and noise, researchers can gain deeper in-

sights into brain activity and cognitive processes, leading to a more comprehensive

understanding of neural mechanisms. Moreover, denoising techniques are crucial

for developing robust BCIs that can reliably detect and interpret brain signals in

real-world scenarios. The dataset serves as a valuable resource for exploring and

developing novel signal denoising techniques, ultimately paving the way for more

effective and practical applications of BCIs in naturalistic settings.

The AMBER dataset aims to support researchers in developing signal-denoising

techniques that mitigate the impact of noise sources such as eye blinks, eye gaze,

talking and body movements, in order to ameliorate the signal-to-noise characteris-

tics of Electroencephalography measurements. The emphasis of this research is to

enable the robust performance of brain-computer interface systems in naturalistic

real-world settings, i.e., outside of the lab.

3.1.1 Data Acquisition

Ten healthy participants aged between 20 and 35 years were recruited from Dublin

City University to participate in the data collection. Among these participants, there

were 6 males and 4 females, and each participant was assigned an alias ranging from

”P1” to ”P10”. Data acquisition was performed with approval from the Dublin City

University (DCU) Research Ethics Committee (DCUREC/2021/175).

Prior to the experiment, each participant was briefed about the study protocol,

including its purpose, procedures, and potential risks. A plain language statement

detailing this information was provided, followed by an informed consent form to

ensure voluntary participation. Both documents, the plain language statement and
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the informed consent form, are included in Appendix A.

The hardware used for data collection was the ANT-Neuro eego sports mobile

EEG system. A 32-channel EEG cap positioned according to the 10-20 international

electrode system was used for the data acquisition (See figure 3.1). CPz was used

as the online reference channel, and the impedance of all electrodes was kept under

15 kOhm. Data was collected at a sampling rate of 1000 Hz (using a lowpass filter

of 500 Hz) and saved in EDF format.

Figure 3.1: Standard 10–20 EEG electrode configuration

EEG was recorded from the ten participants while they followed a pre-defined

protocol of tasks. Timestamp information for image presentation (via a photodiode

and hardware trigger) was also captured to allow for precise epoching of the EEG

signals for each trial [244].
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3.1.2 Experimental Protocol

The AMBER dataset employs a multimodal approach that encompasses two primary

signal sources: 1) EEG data collection and 2) video recording. Both EEG recordings

and video are captured at the same time.

EEG Recording

The dataset contains EEG responses to 10,500 images, in total. Each participant

completed 4 sessions, where each session contained 8 blocks, followed by 3 different

baselines. Each session lasted approximately 30 minutes, including inter-trial inter-

vals. Between sessions, participants were given a short break; the duration of the

break was not fixed but typically lasted around 5 minutes. During these breaks, the

EEG cap remained in place. Before the experiment, participants were instructed in

detail on how to perform the required movements and actions, and were reminded

to minimize unnecessary movements during the recordings. A description of each

task in a single session is given in Table 3.1.

Table 3.1: AMBER: Description of tasks performed in a single session

No. Task ID Task Description Duration
1. B1 Baseline Eyes Open 60s
2. B0 Baseline Eyes Movement 10s
3. B2 Baseline Eyes Close 60s
4. X1 RSVP Task 90s
5. X2 RSVP Task 90s
6. X3 Artefact 1: Body Movement 90s
7. X4 RSVP + Body Movement 90s
8. X5 Artefact 2: Talking 90s
9. X6 RSVP + Talking 90s
10. X7 Artefact 3: Head Movement 90s
11. X8 RSVP + Head Movement 90s

As seen in Table 3.1, the data collection is split into three sections:

1. The standard RSVP image search paradigm, in which the subjects perform

the target search task while sitting still in front of the monitor (X1 and X2);

2. The RSVP paradigm with participant-induced noise, in which the participants
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through following a protocol, generate three distinct types of EEG artefactual

noise through movements (i.e., head movement, body movement, and talking)

while doing the RSVP task (X4, X6 and X8);

3. The noise paradigm, in which the participants generate three distinct types of

noises throughout the trial without performing any RSVP image search task

(X3, X5 and X7).

In the image search RSVP task, participants searched for a known type of target

(e.g., a car) and were instructed to covertly count occurrences of target images

in the RSVP sequence so as to maintain their attention on the task. Figure 3.2

presents examples of the target search images used. In each 90-second RSVP block,

images were presented successively at a rate of 4 Hz with target images randomly

interspersed among standard images with a percentage of 10% across all blocks. In

each block, 360 images (36 targets/324 standards) were presented in rapid succession

on screen. The images selected for presentation were chosen in accordance with

standard RSVP paradigms reported in the literature [10], [245].

There were 288/2592 target/standard trials captured for the standard RSVP task

per participant, whereas, in the case of each noisy RSVP task (1-body movement, 2-

talking and 3-head movement), there were 144/1296 target/standard trials available.

In addition to recording using the pre-defined RSVP paradigm, intentional arte-

facts were also generated by the participants following a protocol. In the first sce-

nario, participants generated noise in parallel with the RSVP task, and in the second

scenario, they generated artefactual noise without performing the RSVP task.

These intentional artefacts were induced to simulate realistic scenarios and study

the effects of body movement, talking, and head movement on EEG data. By

performing these intentional artefact-generating tasks in parallel with the RSVP

task, this dataset captures the effect of coincident noise on task performance and

EEG data. The inclusion of intentionally generated artefacts also enables a more

comprehensive analysis of the noise characteristics and their impact on EEG data,

enabling researchers to develop more effective signal-denoising techniques.
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Figure 3.2: Illustration of the P300/RSVP task where images of cars have been used
as the target class.

Artefact 1: Body Movement

To induce body movement artefacts, participants were instructed to repeatedly raise

and wave their hands, followed by putting their hands down, and repeating this

sequence of movements for the entire duration of the 90-second block. Participants

were given the freedom to choose which hand(s) to raise and in what sequence,

with the intention of inducing variability around artefact production. They were

instructed to perform the task at a comfortable speed, neither too fast nor too

slow, in order to maintain consistency across participants. This task was designed

to simulate a real-world or metaverse-type environment where a person might be

moving their hands and arms while using a virtual reality setup such as playing a

game or engaging in any other activity that involves body movements.
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Artefact 2: Talking

To generate talking artefacts, participants were instructed to count aloud, mixing

numbers and letters in random sequences, for the entire 90-second block. They were

given the freedom to choose the order and sequence of their counting, with the aim

of inducing variability.

During the RSVP task, participants were instructed to count and continuously

repeat the number of target images out loud to create talking artefactual noise in

the EEG. The aim of this instruction was to simulate a real-life scenario where in-

dividuals may need to focus on a task while simultaneously communicating verbally

in situations like playing a game or collaborating with others in a virtual space.

Artefact 3: Head Movement

To generate head movement artefacts, participants were instructed to move their

heads in an up-down (nodding) or left-right motion, at a natural speed, throughout

the entire 90-second block. Participants were specifically instructed to alternate

between up-down and left-right head movements in a randomised manner. This

task was designed to simulate real-world scenarios where a person might produce

head movements in situations like nodding in agreement during a conversation or

shaking their head in response to a question. Additionally, this task aimed to

simulate VR environments, where a person might use a VR headset and move their

head to explore different directions while playing games or visiting virtual spaces.

Figure 3.3 illustrates the organisation of the EEG recordings for each participant.

It also provides an overview of the files (i.e., raw EEG data and labels) associated

with each task.

3.1.3 Video Recording

A multimodal approach was employed that involved capturing video data of BCI

participants while they produced specific artefacts.
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Figure 3.3: AMBER: Organisation of the EEG recordings for each participant

Video Data Collection and Framing

To accurately capture the various artefacts, video data was recorded using a Logitech

C920 webcam, which has a frame rate of 20 fps. The camera was calibrated using

OpenCV [246] to determine the camera matrix and distortion coefficients, ensuring

the accuracy of the recorded video data.

During the recording of eye, head, and mouth-related artefacts, the participant’s

face was kept fully in the frame. This framing approach allowed for a clear and
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unobstructed view of the participant’s movements, including pupil dilation, eye-

opening size, and movement. For arm movements, the upper torso was maintained

in full frame, ensuring proper visibility of the body movements.

Video Data Annotation and Time-stamping

Each video frame was timestamped and assigned a corresponding frame number,

which was recorded in a corresponding CSV file. This file also contained information

on frame size, zoom factors, and camera matrix. The timestamping process ensured

that the video data could be accurately synchronized with the EEG data, allowing

for a robust multimodal analysis.

Significance of Video Data in Contextual EEG Dataset

The integration of video data into the Contextual EEG Dataset is critical for de-

veloping advanced signal-denoising techniques and improving BCI performance in

real-world settings. Combining video data with EEG recordings enables researchers

to explore the correlations between facial expressions, head movements, and brain

activity, leading to a better understanding of various (neuro-)physiological phenom-

ena. By capturing these problematic artefacts encountered in naturalistic environ-

ments, researchers can better understand the factors affecting EEG data quality and

develop solutions to mitigate their impact on BCI performance.

3.1.4 Data Records

In this work, EEG data from 10 participants were collected, which is labeled as

Dataset A. For illustrative purposes, basic pre-processing steps were conducted on

the raw EEG data, resulting in a modified version referred to as Dataset B. Alongside

the EEG recordings, video data were simultaneously captured, which were indepen-

dently processed to extract relevant information. These video-derived extractions

are denoted as Dataset C. The availability of multiple datasets enables comprehen-

sive analysis, allowing us to explore the relationship between EEG signals, video
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data, and their potential combined insights. Detailed descriptions of each dataset

are provided below.

Dataset A: Raw EEG Data

The raw EEG data recorded during each task is stored in EDF file format, which

contains all the relevant information, including the complete EEG signal as well as

the events that occurred during the task. For each participant, there are 11 EDF

files corresponding to each session, which results in a total of 44 files for all four

sessions.

The RSVP tasks have additional information about the target and standard

image triggers, which are given in the form of CSV files. There are five RSVP tasks

per session (two standard and three noisy RSVP tasks), which results in 20 CSV

marker files for each participant. This combination of EDF and CSV files provides

a comprehensive dataset that allows for detailed analysis of EEG signals and their

corresponding events during the RSVP tasks. An overview of the files (i.e., EDF

and CSV) associated with each task in a session can be seen in Figure 3.3.

During each RSVP task, a total of 360 images were presented to participants.

As a result, each corresponding CSV marker file contains 360 rows of information

having two distinct labels, ”1” and ”2”. The label ”1” indicates the presence of

a target image in the corresponding epoch for the RSVP task, while the label ”2”

indicates the absence of a target image and, therefore, a standard non-target image.

These labels provide vital information for the analysis of the EEG data as they allow

the identification of the specific moments in time when the target and non-target

stimuli were presented during the task.

Dataset B: Processed EEG Data

In addition to the raw data (i.e., Dataset A), an illustrative pipeline has been pro-

vided that encompasses crucial preprocessing steps to make the EEG data amenable

to analysis, visualisation, and machine learning. This transformation procedure was
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proposed as an example to restructure the continuous raw data into a more compact

dataset and to make it easier to use.

The pipeline includes essential stages such as filtering, resampling, re-referencing,

and epoching. By following this example pipeline, researchers can effectively trans-

form and structure the data, allowing for a deeper understanding of its characteris-

tics and facilitating further analysis. Python (version 3.9.12) was mainly used along

with the MNE (version 0.24.0) to implement the processing. This example pipeline is

available at https://github.com/meharahsanawais/AMBER-EEG-Dataset/blob/main/

Example_Code.ipynb, allowing interested researchers to modify the processing setup

as they wish.

Raw data loading

A function was developed in Python to quickly load the raw EEG data for a particu-

lar participant and session. This function is helpful for efficiently accessing the EEG

data for analysis and processing. The raw data is stored in the EDF file format,

which contains all the relevant information related to the EEG recordings, including

the event markers. Further information about event markers is stored in separate

CSV files for each RSVP task.

Digital filtering

A low-pass IIR filter with a cut-off frequency of 30 Hz was applied to the EEG data

to remove any high-frequency noise or artefacts that may be present in the signal

above 30 Hz. This filtering step helped to improve the signal-to-noise ratio and

enhance the quality of the EEG data.

Re-sampling

The original signal, sampled at 1000 Hz, was down-sampled to a new sampling rate

of 100 Hz. The down-sampled signal can help reduce the computational load of

subsequent processing steps while preserving the essential features of the signal.
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Re-referencing

The raw EEG data were initially recorded using the default CPz reference. However,

in order to improve the quality of the data, common average referencing (CAR) was

applied using the MNE re-reference function.

Epoching

The continuous EEG recordings were segmented into epochs by extracting the time

series data from -0.2 seconds to 1 second relative to the onset of the visual stimulus.

After undergoing the aforementioned pre-processing steps, the data is saved into

CSV files. Each session comprises 11 CSV files, resulting in a total of 44 files for

each participant. Each file contains comprehensive information about the channels,

epochs, and their respective categories. By providing access to this pre-processed

data as an example, users can explore the raw datasets in a multitude of ways,

unlocking various possibilities for analysis and interpretation.

Data C: Video Data

This section describes the process of extracting metadata from video recordings using

OpenCV libraries and synchronizing it with EEG data recorded in the European

Data Format (EDF).

Video Processing and Metadata Extraction

Video recordings can provide valuable information on an individual’s facial expres-

sions, head position, and skeletal movements. To extract this information, OpenCV

libraries were utilised, which offer a wide range of functionalities for image and video

analysis. The metadata extracted includes:

1. Three-dimensional head position

2. Eye opening

3. Mouth opening
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4. Two-dimensional eye position

5. Three-dimensional skeleton movement

Each of these metadata elements is timestamped to ensure accurate synchroni-

sation with the EEG data.

Data Conversion and Representation

Once the metadata is extracted from the video, it is converted into a suitable format

for integration with the EEG data. Each metadata element is represented as a graph

line to facilitate the visualisation and analysis of the combined data. This graphical

representation allows researchers to easily identify patterns and correlations between

video metadata and EEG activity.

Synchronisation with EEG Data

In order to accurately integrate the video metadata with the EEG data, the video

frame timestamps are used as a reference for aligning the metadata with the EEG

data. This ensures that each metadata element is correctly associated with the

corresponding EEG activity.

The combined analysis of video metadata and EEG data has numerous appli-

cations in various fields, such as neuroscience, psychology, and human-computer

interaction. By understanding the relationship between facial expressions, head

movements, and brain activity, researchers can gain insights into emotion recog-

nition, attention, and cognitive processes. Moreover, this approach can also be

applied to develop advanced human-computer interfaces and improve the accuracy

of brain-computer interfaces [247].

3.2 Dataset 2 – AMBER 2.0

Despite the extensive use of RSVP paradigms for P300 elicitation, most studies

rely on traditional computer monitor displays. This experimental setup offers a
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consistent and familiar visual environment, reducing distractions and delivering ac-

curate data for P300 detection. However, real-world applications of BCIs frequently

go beyond the boundaries of a standard laboratory setting, necessitating systems

that work in dynamic and engaging environments. For example, BCIs designed for

immersive gaming or other settings that mimic real-world situations.

Building upon the foundation of AMBER, the AMBER 2.0 dataset was intro-

duced to simulate more immersive real-world scenarios. The primary innovation in

AMBER 2.0 is the use of a head-mounted display for RSVP image presentation,

replacing the traditional monitor setup. This change was motivated by the need

to explore BCI performance in virtual and augmented reality environments, which

are increasingly relevant in applications such as assistive technology, gaming, and

training simulations. The RSVP experiment was displayed using the ”VisionHMD

bigeyes H3” head-mounted display device, as shown below.

Figure 3.4: VisionHMD bigeyes H3 head mounted display

3.2.1 Dataset Structure

AMBER 2.0 also includes data collected from four sessions for each participant,

but instead of eleven blocks per session as in AMBER, it contains seven blocks

per session, resulting in a total of 28 blocks across all four sessions. On average,

participants were given a break of about 5 minutes between sessions, similar to the

AMBER dataset. A description of each task in a single session is given in Table 3.2.

As seen in Table 3.2, the data collection excluding the baselines is split into two
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Table 3.2: Description of tasks performed in a single session

No. Task ID Task Description Duration
1. B1 Baseline Eyes Open 60s
2. B0 Baseline Eyes Movement 10s
3. B2 Baseline Eyes Close 60s
4. X2 RSVP Task 90s
5. X4 RSVP + Body Movement 90s
6. X6 RSVP + Talking 90s
7. X8 RSVP + Head Movement 90s

sections:

1. The standard RSVP image search paradigm, in which the subjects perform

the target search task while wearing a head mount display (X2);

2. The RSVP paradigm with participant-induced noise, in which the participants,

through following a protocol, generate three distinct types of EEG artefactual

noise through movements (i.e., head movement, body movement, and talking)

while doing the RSVP task (X4, X6, and X8).

Similar to AMBER, a total of 360 images per RSVP block were presented to

participants in AMBER 2.0. The image selection procedure was the same as in AM-

BER; however, these images were displayed using a head-mounted display instead of

a monitor screen. Consequently, each corresponding CSV marker file contains 360

rows of information, with two distinct labels: ”1” and ”2.” The label ”1” denotes the

presence of a target image in the corresponding epoch for the RSVP task, while the

label ”2” signifies the absence of a target image, representing a standard non-target

image.

There were a total of 144/1296 target/standard trials captured for each inten-

tionally as well as non-intentionally contaminated RSVP task per participant.

3.2.2 Data Records

The raw EEG data recorded from 10 participants during each task are stored in

EDF file format, which contains all the relevant information, including the complete
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EEG signal as well as the events that occurred during the task. For each participant,

there are 7 EDF files corresponding to each session, which results in a total of 28

files for all four sessions.

The RSVP tasks have additional information about the target and standard

image triggers, which are given in the form of CSV files. There are total four RSVP

tasks per session (one traditional and three noisy RSVP tasks), which result in 16

CSV marker files for each participant. This combination of EDF and CSV files

provides a comprehensive dataset that allows a detailed analysis of EEG signals and

their corresponding events during RSVP tasks. An overview of the AMBER 2.0 files

(that is, EDF and CSV) associated with each task in a session can be seen in Figure

3.5.

3.2.3 Differences from AMBER

Display Technology: The use of an HMD instead of a monitor introduces a more

immersive and dynamic testing environment.

1. Task Design: The exclusion of tasks involving only noise (e.g., X3, X5, X7

from AMBER) simplifies the dataset while maintaining its focus on RSVP

tasks under noisy conditions.

2. Video Recordings: Unlike AMBER, AMBER 2.0 does not include video record-

ings, emphasizing EEG data collection and analysis.

3.2.4 Applications and Advantages

AMBER 2.0 reflects the growing demand for datasets that replicate real-world BCI

scenarios. By incorporating HMD-based testing, it facilitates:

1. Research into BCIs for virtual and augmented reality settings.

2. Comparative studies on the impact of display technology on BCI performance.

3. Development of robust algorithms tailored to immersive environments.
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Figure 3.5: AMBER 2.0: organisation of the EEG recordings for each participant

3.3 Summary

As part of this work’s core contributions, the AMBER and AMBER 2.0 datasets

were systematically designed and collected to support the development of real-world

BCI systems. These datasets provide comprehensive resources for advancing BCI

research in naturalistic and ecologically valid environments. By addressing the limi-

tations of lab-constrained datasets, these datasets aim to facilitate the development

of robust and reliable BCIs capable of handling the complexities of everyday use.

AMBER relies on a traditional computer monitor display offering a consistent
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and familiar visual environment, supporting multimodal analysis with video syn-

chronisation, while AMBER 2.0 introduces immersive scenarios beyond the bound-

aries of a standard laboratory setting, through HMD-based RSVP tasks, marking

significant strides toward practical BCI deployment.

Both datasets serve as benchmarks for evaluating BCI algorithms and explor-

ing the interplay of environmental factors, task demands, and user performance.

Together, they lay the groundwork for the development and validation of next-

generation, noise-resilient applications in neurotechnology.

68



Chapter 4

The Impact of Noise on P300

Detection

BCIs could enable numerous opportunities in both clinical and non-clinical appli-

cations; however, deploying BCIs outside of controlled lab settings introduces chal-

lenges due to environmental noise and movement artifacts. Removing unwanted

noise from EEG recordings would enable a broader application of BCIs in real-

world settings, particularly in clinical and health-focused application spaces, as well

as those in human-computer interaction, including Virtual Reality.

Traditional analysis methods have predominantly relied on cleanly recorded EEG

data collected within controlled laboratory settings that aim to minimise noise. Nev-

ertheless, a significant research gap persists in the investigation of the P300 ERP

within real-world conditions. In real-world conditions, EEG data collection can

occur in environments where complex and uncontrolled scenarios can generate sig-

nificant noise in the EEG recording that hinders the detection and use of the P300 in

applications such as BCIs. Mitigating this issue to allow effective detection of impor-

tant ERP phenomena in EEG, such as the P300, is not only essential for expanding

the understanding of cognitive processes in naturalistic environments but also for

the development of applications in fields such as human-computer interaction.

In order to measure and understand the impact of different sources of movement-
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related noise on P300 detection in a RSVP-BCI image search application, detection

performance was assessed using both EEG data captured in clean recording condi-

tions (i.e., where participants were instructed to withhold movements) and a variety

of movement conditions where participants intentionally produced movements to

contaminate the EEG recordings. This demonstrates variations in classification ac-

curacy based on various systematically induced types of noise.

The primary objective of this research was to predict target versus non-target

single-trial responses in a novel dataset, specifically, RSVP-based P300 datasets

[248] [249], which included both clean and intentionally induced noisy recording

conditions. The impact of noise and artifacts on detection performance has been

systematically examined, highlighting their influence on prediction accuracy. In

addition, the importance of using clean data for training machine learning models

was investigated, along with the effects of utilising contaminated data on detection

accuracy.

The key contributions of this chapter are as follows:

1. Assessing the impact that different noisy recording conditions (i.e., body move-

ment, talking, head movement) have on single-trial P300 detection perfor-

mance.

2. Investigating the generalisability of models trained on clean EEG data by

evaluating their performance on artifact-contaminated test data.

3. Assessing the impact of noisy data when used to train machine learning models,

and measuring this in terms of the performance of an RSVP-BCI using ROC-

AUC.

This chapter addresses two key research questions focused on the robustness of

RSVP-P300 BCI systems in the presence of real-world noise and behavioral variabil-

ity. Research Question 1 (RQ.1) investigates how specific types of intentional

behavioral artifacts namely, body movement, head movement, and talking, affect

EEG signals and BCI performance. Research Question 2 (RQ.2) explores how
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well BCI models trained on clean versus artifact-contaminated EEG data generalise

to real-world conditions, and can training on noisy data yields comparable perfor-

mance when tested on similarly noisy inputs. By systematically analyzing these

questions, the chapter provides critical insights into the resilience and practical vi-

ability of traditional BCI systems beyond controlled laboratory settings.

4.1 Methodology

In this section, I briefly describe the dataset used, the preprocessing steps carried

out, the analysis techniques employed, and the metric used for evaluation and com-

parison.

During EEG data acquisition, participants engaged in an RSVP task presented

on a computer screen (in the AMBER dataset) and inside an HMD display (in the

AMBER 2.0 dataset). Following data acquisition, preprocessing procedures were

applied, and subsequent analyses involved target versus non-target prediction to

examine the influence of noise on classification performance. Further elaboration on

these methodological aspects is provided in the following subsections.

4.1.1 Dataset

The following two datasets were utilised in this study, the detailed descriptions of

which can be found in Chapter 3:

1. AMBER: Advancing Multimodal Brain-Computer Interfaces for Enhanced Ro-

bustness – A Dataset for Naturalistic Settings [248]

This dataset involves RSVP task presentations on a traditional monitor dis-

play. A detailed description is provided in Section 3.1.

2. AMBER 2.0: A Dataset for Naturalistic Settings with HMD-Based RSVP

Tasks [249]

This dataset involves RSVP task presentations using a head-mounted display

(HMD). A detailed description is provided in Section 3.2.
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4.1.2 Preprocessing

The preprocessing of EEG data is an essential step as it helps enhance the quality

and interpretability of the recorded signals [238]. It involves a series of procedures

aimed at removing noise and preparing the data for subsequent analysis. In this

study, Python, along with the MNE library (version 1.6.0), was utilised for data

preprocessing. The preprocessing steps in this study comprise the following steps:

1. Digital Filtering: To mitigate high-frequency noise, an Infinite Impulse Re-

sponse (IIR) band-pass filter with cut-off frequencies of 0.1 Hz and 30 Hz was

applied to the EEG data.

2. Re-sampling: The original data, initially sampled at 1000 Hz, was downsam-

pled to 100 Hz. This reduction in sampling frequency allows for more man-

ageable data processing while preserving critical temporal information.

3. Re-referencing: The EEG data was re-referenced from the initial CPz electrode

to a common average reference, a technique that aids in reducing common-

mode noise and enhancing signal quality [250].

4. Epoching: The continuous EEG recordings were segmented into epochs by

extracting time series data from -0.2 to 0.8 seconds relative to the onset of the

visual stimulus. This step is crucial for aligning the data with specific events

of interest, facilitating subsequent analysis focused on event-related potentials

and other cognitive processes.

4.1.3 Classification and Evaluation

The investigation in this chapter did not intend to surpass any existing single-trial

P300 detection models. Instead, the classifier was merely a tool to enable systematic

evaluation, where the primary objective of this research was to comprehensively

examine the impact of noise and artifacts on classification performance for RSVP-

P300 datasets.
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Bayesian Ridge Regression:

Bayesian machine learning approaches have gained widespread acceptance among

researchers in the field of Brain-Computer Interfaces due to their effectiveness in

addressing classification challenges [251]–[254].

Bayesian Ridge Regression is a machine learning approach that combines Bayesian

principles with ridge regression shrinks the coefficients to achieve greater numerical

stability, resulting in improved computational accuracy [255]. It is particularly use-

ful when dealing with datasets that have properties such as multicollinearity, i.e.,

where the input features are highly correlated [256].

In traditional regression analysis, model parameters are estimated based solely

on the observed data. However, Bayesian ridge regression incorporates prior infor-

mation about the parameters into the model, allowing more informed estimates.

It assigns prior distributions to coefficients and combines them with a likelihood

function to yield a posterior distribution through Bayes’ theorem. It then estimates

parameters based on this posterior distribution, and introduces regularisation to

prevent overfitting [257], [258].

In this work, the Bayesian Ridge algorithm [259] [260] was used for single-trial

P300 detection as similar to [163], [261], [262], for both IC-RSVP (noisy) and RSVP

(clean) conditions using the AMBER dataset. Scikit-learn [263] version 1.3.2 was

used for model training, hyperparameter tuning, and evaluation.

The default configuration for Bayesian ridge was employed. RandomizedSearchCV,

a random search approach, was utilised to tune two alpha and two lambda param-

eters, optimising the model’s performance.

Receiver Operating Characteristic - Area Under Curve:

Model performance was assessed using ROC-AUC (Receiver Operating Character-

istic - Area Under Curve) [264]. This metric enables measurement of a model’s

discriminative ability.

ROC-AUC is insensitive to class imbalances, ensuring that the performance eval-
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uation is not skewed by the dominance of one class over the other, making it par-

ticularly useful in scenarios where ranking or prioritisation is a key objective. For

Rapid Serial Visual Presentation EEG research, ROC-AUC is a commonly employed

evaluation metric [9], [265]–[267].

4.1.4 Analysis Procedure

In this study, P300-based Rapid Serial Visual Presentation trials from both datasets

were categorized into two types: RSVP (i.e., traditional clean RSVP) and IC-RSVP

(i.e., RSVP trials subjected to intentional artifact production using body move-

ments, talking, and head movements).

The data (both traditional RSVP and intentionally contaminated IC-RSVP)

were each further categorized into “clean” and “bad” on the basis of peak-to-peak

thresholding, following the recommendation by Steven J. Luck [113], where a thresh-

old between 50µV and 200µV is commonly employed for ERP analysis. This cate-

gorisation was made to investigate the impact of using clean, bad, or a combination

of both types of data (clean + bad) on training and testing, ultimately influenc-

ing the classification performance. A 100µV threshold was applied, consistent with

various studies [268] [269] [270] [271].

As this study explores P300 detection to understand how noise affects detection

performance, a classifier was trained using clean trials from traditional RSVP, serv-

ing as a baseline for understanding the influence of noise on prediction outcomes.

After training the model on clean trials, the classifier was used to test on both bad

trials and a combination of clean and bad trials from the same RSVP dataset. In

the case of artifact-laden RSVPs (i.e., IC-RSVP), predictions were conducted on all

trials (clean and bad), only bad trials, and only clean trials for each of the three dif-

ferent artifact-producing behaviors (body movement, talking, and head movement).

An overview of the total number of trials, the percentage of retained trials (here-

after, referred to as Rt%), and the percentage of dropped trials (hereafter, referred

to as Dr%) resulting from the rejection procedure using the peak-peak threshold
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(as presented in Table 4.1 and 4.2 ) is crucial in understanding the size of the

dataset used for training and testing the model. For instance, in subject 1 (AM-

BER dataset), out of a total of 2880 trials, 73.30% (2111 trials) were retained as

clean trials, while 26.70% (769 trials) were identified as bad trials. With a sampling

rate of 100 and an epoch size of 1 second across 32 channels, the model was trained

on the clean trials, equivalent to a dataset size of 2111x3200, and tested on the bad

trials, amounting to 769x3200.

Next, to highlight the significance of training models on clean trials from tradi-

tional RSVP and to assess how detection accuracies are affected when intentionally

contaminated RSVPs are used for training, a comparative analysis was conducted.

This involved employing different strategies to train and test models on both RSVP

and IC-RSVP datasets, aiming to evaluate detection performance under various

conditions.

1. Condition 1: Training and testing on clean trials from the RSVP dataset,

i.e., train (clean RSVP) and test (clean RSVP). Additionally, for comparative

analysis, training on clean trials from the IC-RSVP dataset was performed,

and the testing was executed using the same subset from RSVP, i.e., train

(clean IC-RSVP) and test (clean RSVP).

In IC-RSVP, ”clean trials” refer to those that are below the peak-to-peak

rejection threshold, and not necessarily completely free from contamination.

2. Condition 2: Training and testing on the combination of clean+bad trials

from the RSVP dataset, i.e., train (clean+bad RSVP) and test (clean+bad

RSVP) 1. Additionally, for comparative analysis, training on the combination

of clean+bad trials from the IC-RSVP dataset was performed, and the testing

was executed using the same subset from RSVP, i.e., train (clean+bad IC-

RSVP) and test (clean+bad RSVP).

3. Condition 3: Training on clean trials from the IC-RSVP dataset and testing

1Although participants were instructed to minimise behaviors that would induce noise in the
EEG recording during the RSVP condition, some trials containing artifacts were still present.
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it on the subset within the same category, i.e., train (clean IC-RSVP) and

test (clean IC-RSVP). Additionally, to explore the impact of bad trials within

intentionally contaminated RSVP, training on a combination of clean and bad

trials from the IC-RSVP dataset was performed, and the testing phase was

then executed on the subset within the same category, i.e., train (clean+bad

IC-RSVP) and test (clean+bad IC-RSVP).

The objective was to assess the impact concerning choices when training models

on various trial combinations from intentionally contaminated RSVPs and tradi-

tional RSVPs. I maintained consistency across all training models by using an

equal number of trials for training (1080 trials) and the remaining trials for testing

purposes. Models were trained and evaluated on a participant-per-participant basis.

Given the utilisation of a 100µV threshold for trial rejection, further analysis

was conducted by systematically varying the threshold from 50µV to 500µV. This

analysis serves as the concluding exploration, where the objective was to observe

the impact of threshold variations on the percentage of rejected trials, as this factor

significantly influences the training and testing phases of the classification.

4.2 Results and Discussion

Figure 4.1 presents target versus standard averaged epochs for two different subjects

at channel Pz. The first column shows examples from subject 4 (AMBER dataset),

while the second column shows data from subject 8 (AMBER 2.0 dataset). The first

row shows averaged epochs in a traditional lab setting, while the subsequent three

rows show averaged epochs from RSVP contaminated with talking, body movements,

and head movements, respectively.

Figure 4.2 shows grand averages across all subjects at channel Pz and compares

the traditional RSVP with intentionally contaminated RSVP, illustrating all arti-

facts combined, as well as each artifact separately, all within a single figure. In this

representation, dotted lines represent the grand average of standard epochs, while
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Figure 4.1: Visualisation of averaged epochs at channel Pz for RSVP, talking, body
movement, and head movement conditions (top to bottom). The first column shows
examples from subject 4 (AMBER dataset), while the second column shows data
from subject 8 (AMBER 2.0 dataset).
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the solid lines represent the grand average of target epochs. The high amplitude of

noise caused by head movement in the AMBER dataset (Figure 4.2 (a)) made it im-

practical to display the comparison in the combined figure. Therefore, the IC-RSVP

(head movements) condition was scaled down to fit within the comparison.

In order to visually analyze it further in depth, Figure 4.3 presents butterfly

plots using all the electrode channels instead of only Pz as used in Figures 4.1 and

4.2. The butterfly plots show the difference between the grand averages of target

epochs and standard epochs across all blocks. In addition, topographic analysis has

also been made part of the butterfly plot for better understanding. Characteristic

P3b activity can be seen at posterior scalp sites approximately between 300ms and

600ms following target detection; however, it cannot be as readily identified in the

topographic maps of intentionally contaminated RSVPs.

From these figures, it becomes clear that studying the effect of artifacts on P300

detection solely through visual inspection of the averaged epochs is challenging.

Nevertheless, the impact is clearly visible in topographic plots related to the in-

tentionally contaminated RSVPs, specifically of the head movement artifacts, i.e.,

Figure 4.3.

4.2.1 Bad Trials Rejection

The initial step in the analysis involved rejecting bad trials using a 100µV peak-to-

peak threshold. Table 4.1 (AMBER dataset) and 4.2 (AMBER 2.0 dataset) detail

the outcomes of the bad trials rejection process, providing information on total trials,

the percentage of retained trials after rejection (i.e., clean trials), and the percentage

of dropped trials (i.e., bad trials). In these tables, the percentage of retained trials

is referred to as Rt% and the percentage of dropped trials is referred to as Dr%.

AMBER dataset

For the RSVP condition, a total of 2880 trials were recorded. In contrast, for IC-

RSVP, each artifact category for each participant had 1440 trials. Table 4.1 displays
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(a) AMBER dataset

(b) AMBER 2.0 dataset

Figure 4.2: Target vs Standard grand average comparisons under different condi-
tions at channel Pz. The solid lines on the plot represent target epochs, whereas the
dotted lines refer to the standard epochs.
IC—intentionally contaminated, T—talking, B—body movement, H—head move-
ment
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(a)Traditional RSVP (b) Traditional RSVP

(c) IC-RSVP body movement) (d) IC-RSVP body movement)

(e) IC-RSVP (talking) (f) IC-RSVP (talking)

(g) IC-RSVP (head movement) (h) IC-RSVP (head movement)

Figure 4.3: Butterfly plot (ERP averages) of target epochs minus averaged standard
epochs across all blocks. The colors on time-series plots refer to the electrode loca-
tions on the scalp.
Column 1 – AMBER dataset , Column 2 – AMBER 2.0 dataset
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Table 4.1: Trial rejection using peak-to-peak threshold of 100µV in AMBER dataset.

Subject

RSVP IC-RSVP
Total
Trials

Trials
Rt (%)

Trials
Dr (%)

Total
Trials

Body Movement Talking Head Movement
Trials
Rt (%)

Trials
Dr (%)

Trials
Rt (%)

Trials
Dr (%)

Trials
Rt (%)

Trials
Dr (%)

1 2880 73.30 26.70 1440 13.61 86.39 53.96 46.04 1.25 98.75
2 2880 95.66 4.34 1440 91.25 8.75 94.93 5.07 60.97 39.03
3 2880 77.26 22.74 1440 55.69 44.31 81.53 18.47 0.14 99.86
4 2880 87.81 12.19 1440 90.76 9.24 95.90 4.10 0 100
5 2880 99.31 0.69 1440 98.75 1.25 95.35 4.65 0.42 99.58
6 2880 97.05 2.95 1440 71.81 28.19 15.07 84.93 0.07 99.93
7 2880 90.90 9.10 1440 44.65 55.35 86.60 13.40 5.97 94.03
8 2880 77.85 22.15 1440 68.19 31.81 58.06 41.94 2.92 97.08
9 2880 97.95 2.05 1440 97.15 2.85 98.33 1.67 27.85 72.15
10 2880 93.58 6.42 1440 95.07 4.93 33.26 66.74 0 100

Average 2880 89.07 10.93 1440 72.69 27.31 71.30 28.70 9.95 90.04

Trials Rt (%)—Percentage of trials retained, and Trials Dr (%)—Percentage of trials dropped
RSVP—traditional RSVP, and IC-RSVP—intentionally contaminated RSVP

subject-wise trial rejections, revealing that subject 1 had the highest number of trials

rejected for RSVP and IC-RSVP with body movement. However, for talking, subject

6 exhibited the most rejections, while for the head movement category, subjects 4

and 10 had all trials rejected.

IC-RSVP with head movement showed the highest trial rejections, averaging

90.04% across all 10 subjects. Only one subject retained 61%, and another retained

approximately 28% of the trials, while the remaining subjects had over 90% of

the trials rejected. In contrast, the RSVP condition, owing to its non-artefactual

nature, had the fewest trials rejected, averaging 91% retention. For IC-RSVP with

body movement and talking, an average of 72.7% and 71.3% of trials were retained,

respectively.

AMBER 2.0 dataset

For both RSVP and IC-RSVP conditions in AMBER 2.0, a total of 1440 trials were

recorded. Table 4.2 displays subject-wise trial rejections, revealing that subject 5

had the highest number of trials rejected for RSVP and IC-RSVP with talking.

However, for body movement, subject 9 exhibited the most rejections, while for the

head movement category, subjects 1 and 3 had almost all trials rejected.

IC-RSVP with head movement showed the highest trial rejections, averaging
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Table 4.2: Trial rejection using peak-to-peak threshold of 100µV in AMBER 2.0
dataset.

Subject

RSVP IC-RSVP
Total
Trials

Trials
Rt (%)

Trials
Dr (%)

Total
Trials

Body Movement Talking Head Movement
Trials
Rt (%)

Trials
Dr (%)

Trials
Rt (%)

Trials
Dr (%)

Trials
Rt (%)

Trials
Dr (%)

1 1440 94.72 5.28 1440 93.19 6.81 90.69 9.31 2.15 97.85
2 1440 98.61 1.39 1440 93.54 6.46 76.04 23.96 13.54 86.46
3 1440 96.25 3.75 1440 86.81 13.19 84.17 15.83 1.67 98.33
4 1440 91.04 8.96 1440 71.51 28.49 92.22 7.78 16.74 83.26
5 1440 88.54 11.46 1440 69.17 30.83 71.60 28.4 19.38 80.62
6 1440 94.65 5.35 1440 70.14 29.86 90.00 10.00 30.62 69.38
7 1440 96.11 3.89 1440 78.12 21.88 100 0 31.94 68.06
8 1440 96.25 3.75 1440 87.43 12.57 95.42 4.58 74.51 25.49
9 1440 97.71 2.29 1440 37.36 62.64 77.08 22.92 31.39 68.61
10 1440 99.44 0.56 1440 85.42 14.58 86.81 13.19 29.79 70.21

Average 1440 95.33 4.67 1440 77.27 22.73 86.40 13.60 25.17 74.83

Trials Rt (%)—Percentage of trials retained, and Trials Dr (%)—Percentage of trials dropped
RSVP—traditional RSVP, and IC-RSVP—intentionally contaminated RSVP

74.83% across all 10 subjects. Only one subject retained 74%, while the remaining

subjects had over 68% of trials rejected. In contrast, the RSVP condition, owing to

its non-artefactual nature, had the fewest trials rejected, averaging 95.33% retention.

For IC-RSVP with body movement and talking, an average of 77.27% and 86.40%

of trials were retained, respectively.

These results from both datasets highlight the substantial impact of artifact-

producing movement, particularly head movement, on the quality of trials. The

observed trial rejection rates highlight the challenges posed by such artifacts and

emphasize the need for robust preprocessing techniques in P300-based studies in-

volving real-world scenarios.

4.2.2 P300 Detection

After performing trial rejection to categorize trials into clean and bad, single-trial

P300 detection was carried out by training only on clean trials from RSVP, as it

serves as a baseline for understanding the influence of noise on prediction outcomes.

Considering the percentage of dropped trials outlined in Table 4.1, it’s note-

worthy that for some subjects, prediction was not feasible using clean trials due to

insufficient data for testing after trial rejection. For instance, as shown in Table 4.3,
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Table 4.3: ROC-AUC scores (AMBER dataset). The model was trained on tradi-
tional RSVP (clean trials) and tested across different conditions from RSVP and
IC-RSVP.

Subject
RSVP

IC-RSVP
Body Movement Talking Head Movement

Clean
+
Bad

Bad
Clean
+
Bad

Clean Bad
Clean
+
Bad

Clean Bad
Clean
+
Bad

Clean Bad

1 0.66 0.61 0.62 * 0.62 0.68 0.74 0.64 0.53 * 0.53
2 0.94 0.68 0.90 0.92 0.69 0.88 0.89 0.69 0.85 0.87 0.81
3 0.77 0.69 0.79 0.84 0.75 0.83 0.87 0.67 0.57 * 0.57
4 0.83 0.77 0.87 0.89 0.72 0.87 0.89 0.46 0.62 * 0.62
5 0.91 0.92 0.91 0.92 0.71 0.88 0.88 0.83 0.57 * 0.57
6 0.89 0.69 0.77 0.79 0.73 0.76 * 0.76 0.63 * 0.63
7 0.85 0.62 0.73 0.85 0.65 0.79 0.80 0.73 0.58 * 0.58
8 0.77 0.56 0.74 0.79 0.66 0.71 0.75 0.66 0.66 * 0.65
9 0.89 0.62 0.90 0.90 0.71 0.90 0.90 0.57 0.74 0.76 0.74
10 0.95 0.69 0.85 0.86 0.66 0.75 0.89 0.70 0.56 * 0.56

Average 0.85 0.69 0.81 0.86 0.69 0.81 0.85 0.67 0.63 0.82 0.63

* There were insufficient clean trials available to perform the prediction.
Given that the model was exclusively trained on clean trials from traditional RSVP, the table does
not include results for the testing scenario using clean trials from RSVP.

no predictions could be made for Subject 1 under the body movement condition,

and for Subject 6 under the talking condition, where more than 80% of the trials

were discarded, leaving insufficient data for testing.

Notably, head movement IC-RSVP tasks posed additional challenges, limiting

predictions to only two subjects (i.e., 2 and 9) from the AMBER dataset, as indicated

in Table 4.3. Similarly, in the AMBER 2.0 dataset, clean predictions under head

movement were only possible for five subjects, as shown in Table 4.4. This highlights

the challenges of conducting accurate predictions in real-world scenarios, where noise

and artifacts can significantly impact data availability and model performance.

AMBER dataset

The results, presented in Table 4.3 as ROC-AUC scores, provide an overview of

detection performance under various conditions in the AMBER dataset.

When tested on a combination of clean and bad trials from RSVP, the model

exhibited an average ROC-AUC score of 0.85, reflecting its ability to distinguish

target and non-target stimuli effectively. However, when subjected to predictions
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exclusively on bad trials within the RSVP, the average ROC-AUC score decreased

to 0.69, highlighting the impact of noise on detection accuracy, even in controlled

settings.

Expanding the analysis to trials from artifact-laden RSVP tasks (i.e., IC-RSVP),

predictions on clean trials from body movement artifacts demonstrated an average

ROC-AUC score of 0.86. However, introducing bad trials alongside clean trials in the

same category slightly reduced the average ROC-AUC score to 0.81, indicating the

challenges associated with mitigating noise effects during predictions in real-world

scenarios. Similarly, for talking artifacts, the model achieved an average ROC-AUC

score of 0.85 when tested on clean trials. Yet, introducing bad trials alongside clean

trials in the same category led to a marginal decrease in the average ROC-AUC

score to 0.81, which highlights the importance of addressing verbal interactions as

potential noise sources in P300 detection.

The analysis of head movement artifact IC-RSVPs revealed distinct challenges.

Predictions on clean trials achieved an average ROC-AUC score of 0.82 for the

limited subset of subjects with sufficient data. However, when considering bad

trials from all subjects, the average ROC-AUC score dropped to 0.63, emphasizing

the challenges in handling intentional head movements as noise sources.

In Figure 4.4, boxplots are used to visually compare ROC-AUC scores obtained

when the model trained on clean trials from traditional RSVP is tested across various

conditions.

AMBER 2.0 dataset

The results, presented in Table 4.4 as ROC-AUC scores, provide an overview of

detection performance under various conditions in the AMBER 2.0 dataset.

When tested on a combination of clean and bad trials from RSVP, the model

exhibited an average ROC-AUC score of 0.78, reflecting its ability to distinguish

target and non-target stimuli effectively. However, when subjected to predictions

exclusively on bad trials within the RSVP, the average ROC-AUC score decreased
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Figure 4.4: Box plots of ROC-AUC scores across subjects obtained when the model
was trained on the clean trials from traditional RSVP (AMBER dataset).
C—Clean trials, B—Bad trials and C+B—Clean+Bad trials

to 0.65, highlighting the impact of noise on detection accuracy, even in controlled

settings. Moreover, when performing predictions on bad trials, there were insufficient

data available for some subjects, specifically Subjects 2, 3, and 10, due to a low

number of rejected trials, which limited the analysis in these cases.

Expanding the analysis to trials from artifact-laden RSVP tasks (i.e., IC-RSVP),

predictions on clean trials from body movement artifacts demonstrated an average

ROC-AUC score of 0.75. However, introducing bad trials alongside clean trials in the

same category slightly reduced the average ROC-AUC score to 0.73, indicating the

challenges associated with mitigating noise effects during predictions in real-world

scenarios. Similarly, for talking artifacts, the model achieved an average ROC-AUC

score of 0.76 when tested on clean trials. However, introducing bad trials alongside

clean ones resulted in a slight decrease in performance, with the average ROC-AUC

score dropping to 0.75.

The analysis of head movement artifact IC-RSVPs revealed distinct challenges.

Predictions on clean trials achieved an average ROC-AUC score of 0.66 for the

limited subset of subjects with sufficient data. However, when considering bad

trials from all subjects, the average ROC-AUC score dropped to 0.61, emphasizing

the challenges in handling intentional head movements as noise sources.
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Table 4.4: ROC-AUC scores (AMBER 2.0 dataset). The model was trained on
traditional RSVP (clean trials) and tested across different conditions from RSVP
and IC-RSVP.

Subject
RSVP

IC-RSVP
Body Movement Talking Head Movement

Clean
+
Bad

Bad
Clean
+
Bad

Clean Bad
Clean
+
Bad

Clean Bad
Clean
+
Bad

Clean Bad

1 0.80 0.73 0.83 0.84 0.67 0.82 0.83 0.72 0.59 * 0.59
2 0.91 * 0.79 0.80 0.64 0.74 0.77 0.67 0.58 * 0.57
3 0.75 * 0.69 0.72 0.56 0.72 0.73 0.68 0.61 * 0.62
4 0.82 0.60 0.74 0.74 0.79 0.83 0.84 0.69 0.66 * 0.66
5 0.70 0.67 0.65 0.68 0.59 0.72 0.74 0.68 0.60 * 0.60
6 0.56 0.60 0.61 0.62 0.59 0.61 0.60 0.65 0.52 0.64 0.48
7 0.72 0.46 0.66 0.66 0.65 0.72 0.72 * 0.59 0.64 0.58
8 0.84 0.59 0.76 0.78 0.61 0.78 0.79 0.56 0.69 0.71 0.64
9 0.87 0.87 0.80 0.87 0.77 0.76 0.77 0.73 0.68 0.69 0.68
10 0.83 * 0.76 0.82 0.54 0.8 0.82 0.73 0.60 0.63 0.58

Average 0.78 0.65 0.73 0.75 0.64 0.75 0.76 0.68 0.61 0.66 0.60

* There were insufficient trials available to perform the prediction.

In Figure 4.5, boxplots are used to visually compare ROC-AUC scores obtained

when the model trained on clean trials from traditional RSVP is tested across various

conditions.

Relationship between ROC-AUC Scores and % of dropped trials

The percentage of dropped trials, as outlined in Table 4.1, significantly impacts

detection performance, as reflected in the ROC-AUC scores in Table 4.3 and 4.4.

Figure 4.6 illustrates the inverse relationship between the percentage of dropped

trials and the ROC-AUC scores achieved when tested with a combination of clean

and bad trials from each category. A higher percentage of dropped trial results in

lower ROC-AUC scores, and vice versa. The red color represents the ROC-AUC

scores for traditional RSVP, while green, blue, and black represent the scores for

body movement, talking, and head movement RSVPs, respectively.

To statistically assess this correlative relationship, the Pearson correlation coef-

ficient and the p-value was calculated between the percentage of dropped trials and

ROC-AUC scores showing a significant negative correlation resulting in (r = - 0.907,

p = 7.924e - 16) for AMBER dataset and (r = - 0.663, p = 3.201e - 06) for AMBER
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Figure 4.5: Box plots of ROC-AUC scores across subjects obtained when the model
was trained on the clean trials from traditional RSVP (AMBER 2.0 dataset).
C—Clean trials, B—Bad trials and C+B—Clean+Bad trials

2.0 dataset.

As shown in Table 4.1, the percentage of dropped trials varied across subjects,

resulting in differing training set sizes. To address this variability, the training

size was standardized to 1595 trials for the AMBER dataset and 1000 trials for

the AMBER 2.0 dataset, corresponding to the subject with the highest number of

dropped trials. Predictions were then recomputed based on the standardized data,

and the Pearson correlation coefficient and p-value were recalculated using these

predictions and the percentage of dropped trials: (r = - 0.911, p = 3.738e - 16) for

AMBER dataset and (r = - 0.678, p = 1.534e - 06) for AMBER 2.0 dataset.

4.2.3 Impact of Bad Trials on Training and Testing Evalu-

ation

To emphasize the importance of training models on clean trials from RSVP, a com-

parative analysis wa conducted. The outcomes of the investigation into various

conditions, encompassing both RSVP and IC-RSVP used for training and testing,

are presented in Table 4.5 (AMBER dataset) and 4.6 (AMBER 2.0 dataset).

The observations for each training and testing setup are detailed below:
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(a) AMBER dataset

(b) AMBER 2.0 dataset

Figure 4.6: Scatterplot showing the relationship between the percentage of dropped
trials and ROC-AUC scores. For each subject, the model was trained on clean trials
from the traditional RSVP and tested on a combination of clean and bad trials from
both traditional and intentionally contaminated RSVP conditions.
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Table 4.5: ROC-AUC scores (AMBER dataset). The models were trained in differ-
ent conditions, including only clean trials for training and then training the model
using a combination of clean and bad trials.

Subject

Condition 1 Condition 2 Condition 3
Train: RSVP
(Clean)

Train: IC
(Clean)

Train: RSVP
(Clean+Bad)

Train: IC
(Clean+Bad)

Train: IC
(Clean)

Train: IC
(Clean+Bad)

Test: RSVP
(Clean)

Test: RSVP
(Clean)

Test: RSVP
(Clean+Bad)

Test: RSVP
(Clean+Bad)

Test: IC
(Clean)

Test: IC
(Clean+Bad)

1 0.68 * 0.61 0.52 * 0.54
2 0.93 0.91 0.92 0.92 0.92 0.87
3 0.82 * 0.78 0.60 * 0.55
4 0.86 * 0.82 0.80 * 0.78
5 0.90 * 0.87 0.88 * 0.86
6 0.86 * 0.88 0.79 * 0.76
7 0.81 * 0.78 0.73 * 0.62
8 0.78 * 0.78 0.69 * 0.71
9 0.86 0.87 0.88 0.84 0.87 0.86
10 0.92 * 0.90 0.86 * 0.81

Average 0.84 0.89 0.82 0.76 0.90 0.74

RSVP—traditional RSVP, IC—intentionally contaminated RSVP
* There were insufficient clean trials available to train the model (i.e., more than 80% of the

trials were dropped using a 100µV peak-to-peak threshold).

Table 4.6: ROC-AUC scores (AMBER 2.0 dataset). The models were trained in
different conditions, including only clean trials for training and then training the
model using a combination of clean and bad trials.

Subject

Condition 1 Condition 2 Condition 3
Train: RSVP
(Clean)

Train: IC
(Clean)

Train: RSVP
(Clean+Bad)

Train: IC
(Clean+Bad)

Train: IC
(Clean)

Train: IC
(Clean+Bad)

Test: RSVP
(Clean)

Test: RSVP
(Clean)

Test: RSVP
(Clean+Bad)

Test: RSVP
(Clean+Bad)

Test: IC
(Clean)

Test: IC
(Clean+Bad)

1 0.89 * 0.89 0.84 * 0.78
2 0.88 0.85 0.9 0.81 0.82 0.64
3 0.83 * 0.73 0.68 * 0.68
4 0.84 0.83 0.83 0.75 0.85 0.78
5 0.79 0.74 0.82 0.62 0.73 0.57
6 0.61 0.61 0.68 0.59 0.66 0.61
7 0.84 0.76 0.82 0.71 0.68 0.65
8 0.79 0.8 0.82 0.72 0.76 0.73
9 0.88 0.85 0.85 0.83 0.78 0.77
10 0.88 0.87 0.91 0.89 0.82 0.79

Average 0.82 0.63 0.83 0.74 0.61 0.7

RSVP—traditional RSVP, IC—intentionally contaminated RSVP
* There were insufficient clean trials available to train the model (i.e., more than 80% of the

trials were dropped using a 100µV peak-to-peak threshold).
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1. Condition 1 involved training the model with clean trials from RSVP and

testing it on a subset from the same category, resulting in an average ROC-

AUC score of 0.84 for the AMBER dataset. To investigate the impact of noise

in training data, the model was trained on clean trials from IC-RSVP 2 and

tested it on the clean trials from RSVP used in Condition 1. Due to the

insufficient number of trials for training in all subjects except subjects 2 and

9 in the AMBER dataset, the analysis could not be extended. For these two

subjects, the average ROC-AUC score was 0.89.

In the AMBER 2.0 dataset, similar procedures were followed. The model was

trained on clean trials from the traditional RSVP task and tested on the same

category, achieving an average ROC-AUC score of 0.82. Next, the model was

trained using clean IC-RSVP trials, and unlike AMBER, the AMBER 2.0

dataset allowed for a broader analysis, as sufficient trials were available for

most subjects except Subjects 1 and 3. For the participants with sufficient

trials, the average ROC-AUC score was 0.63.

This decrease in performance in both datasets illustrates the difficulty of

achieving reliable classification when training data is insufficient or affected

by artifacts, despite the clean trials appearing to have minimal contamina-

tion.

2. Condition 2 encompassed training the model with a combination of clean

and bad trials from RSVP and testing it on the same category, resulting in

an average ROC-AUC score of 0.82 and 0.83 for AMBER and AMBER 2.0

datasets, respectively. To explore the influence of noise in the training dataset,

the model was then trained on clean and bad trials from IC-RSVP and tested

on the clean trials from RSVP used in Condition 2. The average ROC-AUC

score dropped to 0.76 (for AMBER) and 0.74 (for AMBER 2.0), showing a

decline in performance.

2In the context of intentionally contaminated RSVP, ”clean” trials refer to those below the
peak-to-peak rejection threshold, rather than truly clean trials.
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3. Condition 3 examined model training using only the clean trials from IC-

RSVP and testing on that same clean subset. In the AMBER dataset, this

analysis was feasible for only two subjects, yielding an average ROC-AUC of

0.90, because the 100 µV peak-to-peak threshold led to the rejection of too

many trials for the remaining eight subjects. In contrast, in the AMBER

2.0 dataset, sufficient clean trials were available for all but Subjects 1 and 3,

resulting in an average ROC-AUC of 0.61.

When both clean and bad IC-RSVP trials were combined for training and

tested on the corresponding combined subset, the average ROC-AUC scores

dropped to 0.74 for AMBER and 0.70 for AMBER 2.0, highlighting the diffi-

culty of training reliable models on artefactual data.

This finding aligns with the earlier discussions on the challenges posed by in-

tentional artifacts. Connecting this analysis to the previous section of this chapter,

where the model was exclusively trained on clean trials from RSVP, the comparison

underlines the importance of using non-artifactual data for model training. The per-

formance deterioration when the model was trained on data subjected to intentional

artifacts, as compared to the ROC-AUC scores measured by training the model on

non-intentionally contaminated data, signifies the importance of having clean and

noise-free data for training purposes.

Figure 4.7 displays a graphical comparison of ROC-AUC scores derived from the

three aforementioned conditions as boxplots.

4.2.4 Trials Rejection Using Different Peak-to-Peak Thresh-

olds

Following the bad trial rejection at the 100µV threshold and the subsequent pre-

diction analysis performed using this rejection threshold, an extended version of

Table 4.1, denoted as Table 4.7 and 4.8, has been included. These tables provide

insights into the percentage of dropped trials, presenting both average and standard
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(a) AMBER dataset

(b) AMBER 2.0 dataset

Figure 4.7: Box plots of ROC-AUC scores obtained when the model was trained and
tested on different conditions incorporating both traditional RSVP and IC-RSVP.
C—Clean trials and C+B—Clean+Bad trials
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deviation values. The rejection thresholds were systematically varied from 50µV

to 500µV to cover the range commonly applied in related studies, with particular

emphasis on the frequently used 100µV threshold.

While this study did not set out to determine the optimal threshold for bad trial

rejection, the focus was on utilising a previously established peak-to-peak threshold,

namely 100µV, to conduct this analysis. The primary objective was to highlight the

influence of artifacts on prediction accuracies, emphasizing the necessity of address-

ing these common types of noise that occur in real-world conditions. The aim is

rooted in the broader goal of ensuring EEG data integrity beyond controlled labo-

ratory environments.

4.3 Summary

Addressing Research Question 1 (RQ.1) and Research Question 2 (RQ.2),

this chapter comprehensively examined the impact of specific intentional behavioral

artifacts on EEG signals and BCI performance. Additionally, it evaluated the gen-

eralisation capabilities of models trained on clean versus artifact-contaminated EEG

data, with a particular focus on whether training on noisy inputs can support robust

performance when tested under similarly noisy conditions.

To distinguish between clean and artifact-contaminated trials, a peak-to-peak

amplitude threshold of 100 µV, commonly used in the literature [268] [269] [270]

[271], was applied. This led to substantial trial rejection, especially in the head move-

ment condition, with some subjects left with insufficient clean data. The Bayesian

Ridge model was then trained exclusively on clean trials from traditional RSVP

settings and subsequently tested on diverse subsets of the dataset, examining clean

trials, bad trials, and a mix of clean and bad trials, each associated with different

artifact condition categories. ROC-AUC scores were employed to evaluate classifi-

cation performance, consistently demonstrating degraded detection in the presence

of noisy data.

Further experiments investigated different training–testing conditions across RSVP
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Table 4.7: Trial rejection in AMBER dataset using different peak-to-peak thresholds,
showing percentage of rejected trials.

Threshold
(µV)

RSVP
IC-RSVP

Body Movement Talking Head Movement
Avg
(%)

SD
(%)

Avg
(%)

SD
(%)

Avg
(%)

SD
(%)

Avg
(%)

SD
(%)

50 33.36 25.09 58.26 35.69 68.37 27.97 99.83 0.46
75 16.46 13.75 37.96 31.45 39.74 33.64 97.06 6.48
100 10.93 9.60 27.31 27.96 28.70 29.62 90.04 19.85
150 4.89 5.28 16.46 19.37 14.81 19.62 77.12 33.70
200 2.39 3.22 11.00 14.52 8.70 13.78 65.79 36.61
250 0.97 1.02 8.30 12.75 5.60 11.24 52.71 36.53
300 0.30 0.29 6.81 11.04 3.98 9.16 42.94 33.67
350 0.16 0.22 5.84 9.62 3.28 8.34 37.13 31.50
400 0.09 0.16 5.20 8.56 2.86 7.43 33.22 29.30
450 0.05 0.14 4.34 7.13 2.43 6.38 30.01 26.92
500 0.05 0.14 3.73 6.08 2.17 5.65 27.34 24.62

Avg—Average, and SD—Standard deviation

Table 4.8: Trial rejection in AMBER 2.0 dataset using different peak-to-peak thresh-
olds, showing percentage of rejected trials.

Threshold
(µV)

RSVP
IC-RSVP

Body Movement Talking Head Movement
Avg
(%)

SD
(%)

Avg
(%)

SD
(%)

Avg
(%)

SD
(%)

Avg
(%)

SD
(%)

50 22.15 14.28 68.33 23.88 56.67 22.79 97.15 5.29
75 7.75 4.58 38.43 22.94 24.00 12.77 86.29 15.26
100 4.67 3.35 22.73 16.74 13.60 9.13 74.83 20.80
150 1.92 1.99 8.87 8.50 6.85 5.74 56.24 25.17
200 0.90 0.99 4.10 4.35 3.35 3.22 43.35 25.12
250 0.51 0.60 2.08 2.39 1.62 1.71 33.58 22.42
300 0.36 0.51 1.13 1.53 1.04 1.19 25.97 20.34
350 0.26 0.48 0.60 0.98 0.77 1.01 20.83 18.23
400 0.15 0.35 0.33 0.60 0.63 0.86 16.88 16.69
450 0.10 0.31 0.21 0.40 0.53 0.80 13.83 14.94
500 0.07 0.22 0.13 0.29 0.45 0.72 10.77 13.40

Avg—Average, and SD—Standard deviation
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and IC-RSVP modalities under clean and mixed-quality data regimes. While mod-

els trained and tested on clean data yielded the highest performance, including

noisy trials in the training set did not always improve generalisability, particularly

when the noise levels differed between training and testing phases. These findings

underscore the complex trade-offs involved in noise-handling strategies. Statistical

analyses using the Pearson correlation coefficient confirmed a significant relation-

ship between the number of rejected trials and ROC-AUC scores, reinforcing the

idea that signal quality is a critical factor in model performance.

Given that such artifacts are unavoidable in real-world BCI applications, this

study emphasizes the need for robust preprocessing and adaptive model approaches

that minimise information loss while maintaining performance. Overall, these find-

ings highlight the foundational role of noise resilience in extending EEG-based BCI

systems from the laboratory to more dynamic, everyday environments.
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Chapter 5

Subject-Independent

Benchmarking

Despite recent advancements in machine learning and signal processing techniques,

training models for robust P300 classification continues to be a substantial chal-

lenge. One crucial obstacle lies in the variability of EEG signals across individuals.

Factors such as differences in brain anatomy, cognitive state, electrode placement,

and external noise significantly influence the recorded signals [106]. Consequently,

machine learning models trained on subject-specific data often fail to generalise ef-

fectively to new users, limiting the scalability and usability of BCIs in real-world

scenarios [178].

Traditionally, machine learning models for P300 classification are trained on

subject-specific data. While this approach delivers high accuracy within the train-

ing set, it often results in models that are overly specialized to the specific charac-

teristics of the training subject’s EEG responses. Such models often exhibit poor

performance when applied to data from new subjects due to inter-subject variability.

This limitation poses a significant barrier to developing generalised BCIs capable of

serving diverse populations without requiring extensive retraining for each user.

Most existing BCIs rely on subject-specific training protocols, requiring signif-

icant time and effort to calibrate for each new user. These protocols limit scal-
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ability and hinder the widespread adoption of BCI technology. To address this,

subject-independent classification methods have emerged as a promising solution

[178], [200], [229]. By training models on data from multiple users, these methods

aim to learn invariant features of P300 signals, enabling BCIs to generalise across

individuals without extensive retraining. This approach not only minimises the need

for lengthy calibration sessions but also makes BCIs more practical and accessible

for real-world applications.

Subject-independent classification also aligns with the goal of building inclu-

sive and adaptive technologies by enabling generalisation across different users.

This study investigates the effectiveness of deep learning and other performant

machine learning algorithms for subject-independent P300 classification in RSVP

paradigms, highlighting their potential to improve classification accuracy and adapt-

ability across individuals.

This work addresses Research Question 3 (RQ.3), ”Which advanced ma-

chine learning models are most effective in achieving subject-independent P300 de-

tection robust to real-world noise?” by evaluating the robustness of EEG-based

brain-computer interface systems under naturalistic conditions using a subject-

independent classification framework.

5.1 Methodology

Single-trial classification of P300 responses elicited during RSVP tasks was per-

formed using a leave-one-subject-out (LOSO) approach, where data from 19 sub-

jects were used for training, and the remaining subject was held out for testing in

each iteration, as shown in Figure 5.14. This strategy provides a realistic assessment

of model generalisability across individuals, a critical requirement for practical BCI

deployment in real-world, noisy environments.

The development of EEG decoding models has progressed from traditional ma-

chine learning approaches to advanced deep learning architectures, as comprehen-

sively reviewed in Section 2.4. Early work relied on Bayesian methods and shallow

97



Subject

1 2 3 4 20

Training Subjects Test Subject

LOSO Configuration

Figure 5.1: Leave-one-subject-out (LOSO) configuration

classifiers, which were later surpassed by convolutional neural networks that better

capture spatiotemporal patterns in EEG signals. Recent advances have introduced

Transformer-based models and their hybrids, combining the local feature extraction

of CNNs with global attention mechanisms. These architectures have demonstrated

superior performance in capturing both transient evoked potentials and long-range

dependencies in EEG data [222], [227], [272].

This work evaluates both established and novel EEG decoding architectures, each

carefully optimised for P300 classification performance. The investigation encom-

passes: (1) Bayesian methods [259], [260] as traditional ML baselines, (2) CNN-based

architectures (CNN-1 [166], EEGNet [165]), (3) Transformer architectures, and (4)

Transformer hybrids (EEGNet-Transformer [227], EEG Conformer [222]). While a

few of the models were proposed in prior work, all implementations in this study

were systematically tuned for my specific task through hyperparameter optimisation

to act as suitable baselines.

Beyond these baseline adaptations, I further explored several architectural vari-

ants, including frequency-band specialized models and Mixture-of-Experts (MoE)

extensions. The motivation for incorporating multi-band models stems from the
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well-established neurophysiological principle that different EEG frequency bands

capture distinct cognitive and perceptual processes. Processing these bands sepa-

rately enables the model to learn frequency-specific features that are often obscured

in full-band representations, thereby enhancing both the interpretability and pre-

cision of EEG decoding [93], [273]. Prior studies have shown that frequency de-

composition can enhance classification performance in BCIs [231]–[233]. Leveraging

this evidence, a multi-branch architecture was adopted to enable frequency-aware

learning tailored to the spectral characteristics of brain activity.

Complementing this, the Mixture-of-Experts framework was employed to fur-

ther enhance model adaptability and generalisation. MoE architectures allow the

network to dynamically assign specialized “experts” to different subspaces of the

input, enabling context-sensitive feature processing [237], [274]. Instead of forcing a

one-size-fits-all representation, MoE lets the model learn diverse patterns that cater

to different subjects or noise profiles. Notably, recent literature has demonstrated

the effectiveness of MoE approaches in improving classification performance EEG

EEG-based BCI applications [235], [275]. Building on this evidence, my design in-

tegrates MoE to enable flexible and robust decision-making across diverse recording

conditions.

The overall methodology consists of three key stages, each detailed in subsequent

sections. First, EEG data were collected from two experimental datasets, AMBER

and AMBER 2.0, which differ in display modalities (see Section 5.2). Next, the

raw EEG data underwent a standardized preprocessing pipeline to enhance signal

quality and reduce noise (detailed in 5.3). Finally, evaluation of deep learning models

for subject-independent P300 classification, with architectural details provided in

Section 5.4.

5.2 Dataset

The dataset used in this study includes EEG recordings from a total of 20 partic-

ipants, collected as part of two datasets: AMBER: Advancing Multimodal BCIs
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for Enhanced Robustness – A Dataset for Naturalistic Settings [248], and AMBER

2.0: A Dataset for Naturalistic Settings with HMD-based RSVP Tasks [249]. These

datasets are comprehensively described in Sections 3.1 and 3.2, respectively.

The AMBER dataset comprises data from the first 10 subjects who performed

RSVP tasks using a conventional monitor display. In contrast, AMBER 2.0 contains

data from another set of 10 subjects who engaged in the same RSVP paradigm but

viewed the stimuli through a head-mounted display, allowing for an immersive and

more naturalistic user experience.

This dataset was originally designed to evaluate BCIs under both clean and noisy

conditions by incorporating RSVP-BCI tasks in naturalistic settings, where a proto-

col involving instructed movements was used in order to systematically contaminate

particular blocks of trials.

For the purposes of this study, however, the training phase strictly utilised only

the clean RSVP P300 trials, which were extracted from blocks where subjects re-

mained stationary and no additional artifacts were introduced. These trials repre-

sent the ideal, noise-free condition and serve as the foundation for building baseline

classification models. During the testing phase, model performance was evaluated

not only on clean trials but also across all noisy conditions (including those affected

by talking, head movement, and body movement). This approach enabled a detailed

investigation into the generalisability and robustness of the models when faced with

EEG data of varying quality and contamination levels.

5.3 Data Preparation

To ensure high-quality input for subsequent classification tasks, several preprocess-

ing steps were applied to the EEG data. First, the raw EEG signals were band-

pass filtered between 0.1 Hz and 30 Hz to remove slow drifts and high-frequency

noise, preserving the frequency components relevant for P300-based analysis. Next,

stimulus-locked epochs were extracted from the continuous EEG data, capturing a

time window from 0 ms (stimulus onset) to 800 ms post-stimulus. This interval was
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chosen to encompass the P300 component, which typically occurs between 250 ms

and 600 ms.

To reduce computational complexity and improve model efficiency, the data were

then downsampled to 50 samples per second (SPS). Following this, a common av-

erage reference was applied across all channels to minimise the influence of global

noise and enhance the spatial resolution of the EEG signal. Finally, the data were

normalised using min-max normalisation, which rescaled the input values to a stan-

dard range between 0 and 1. This normalisation step helped stabilize training and

ensured consistent input for the machine learning models.

5.4 Classification

Single-trial subject-independent classification was performed using a leave-one-subject-

out approach, evaluating a diverse range of models spanning traditional machine

learning techniques to advanced neural architectures. The evaluated models in-

cluded: (1) traditional machine learning approaches (e.g., Bayesian Ridge Regression

[259], [260]); (2) convolutional neural networks such as CNN-1 [166] and EEGNet

[165], which are widely used in EEG decoding due to their efficiency in capturing

spatiotemporal features; (3) advanced transformer-based models, including simple

transformer baselines, Multiband Transformer, and Mixture-of-Experts Transformer

variants, which leverage attention mechanisms to capture long-range temporal de-

pendencies; and (4) hybrid models that combine CNNs and attention layers, such

as the EEG Conformer [222] and EEGNet Transformer variants [223], [227], which

have demonstrated improved performance by integrating local feature extraction

with global context modeling.

As described in Section 5.1, a few neural architectures, such as CNN-1, EEG-

Net, and Conformer, have been previously applied to EEG decoding tasks and have

shown promising results across a range of BCI applications. Their inclusion in this

study enables both replication of established baselines and benchmarking under

real-world noise conditions. Additionally, multiband processing and Mixture-of-
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Experts extensions were introduced to several architectures. The motivation behind

these modifications stems from prior work highlighting the benefits of frequency-

specific processing and ensemble modeling strategies (see Section 5.1). Multiband

approaches enable the network to learn discriminative patterns within distinct EEG

frequency bands (e.g., delta, theta, alpha, beta), which are known to carry task-

relevant information. Similarly, MoE models enable dynamic specialisation by as-

signing different sub-networks (experts) to learn complementary features, thereby

improving robustness and generalisation.

All models were trained for a maximum of 150 epochs with early stopping im-

plemented to prevent overfitting and ensure computational efficiency. Training was

terminated if the validation loss failed to improve for 20 consecutive epochs (pa-

tience=20), with the best weights being restored from the epoch with optimal

validation performance. This approach not only maintained model generalisation

but also automatically determined the optimal training duration for each subject-

independent model during the leave-one-subject-out configuration.

Experiments were conducted using an NVIDIA GeForce RTX 3090 Ti GPU

using the Keras (version 3.8.0) and TensorFlow (version 2.18.0) frameworks for deep

learning based model development.

To guide readers through the various model architectures explored in this study,

Table 5.1 presents a structured summary that includes each model’s category, name,

corresponding section number, and page number.

A detailed description of each model architecture and its implementation is pro-

vided in the following sub-sections.

5.4.1 Traditional ML

Bayesian Ridge Regression

Bayesian machine learning approaches have gained widespread acceptance among

researchers in the field of Brain-Computer Interfaces due to their effectiveness in

addressing classification challenges [251] [252] [253] [254].
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Table 5.1: Directory of classification methodologies for rapid navigation

Model
No.

Category Model Name Section Page Number

CM-1 Traditional ML Bayesian Ridge 5.4.1 106
CM-2

CNN-based
Architectures

CNN-1

5.4.2

108
CM-3 EEGNet 108
CM-4 MoE-EEGNet 111

CM-5
Multiband
EEGNet

111

CM-6
Multiband

MOE EEGNet
112

CM-7
Transformers

EEGTransformer
5.4.3

114
CM-8 MOE-Transformer 115
CM-9

Hybrid
Transformers

EEG Conformer

5.4.4

116
CM-10 CNN1-Transformer 118
CM-11 EEGNet-Transformer 119

CM-12
Multiband

EEGNet-Transformer
121

CM-13
EEGNet-MoE
Transformer

123

CM-14
Multiband EEGNet
MoE-Transformer

124

Bayesian Ridge Regression is a machine learning approach that combines Bayesian

principles with ridge regression shrinks the coefficients to achieve greater numerical

stability, resulting in improved computational accuracy [255]. It is particularly use-

ful when dealing with datasets that have properties such as multicollinearity, i.e.,

where the input features are highly correlated [256].

In traditional regression analysis, model parameters are estimated based solely

on the observed data. However, Bayesian ridge regression incorporates prior infor-

mation about the parameters into the model, allowing more informed estimates.

It assigns prior distributions to coefficients and combines them with a likelihood

function to yield a posterior distribution through Bayes’ theorem. It then estimates

parameters based on this posterior distribution, and introduces regularisation to

prevent overfitting [257] [258].

In this work,the Bayesian Ridge algorithm [259] [260] is used for single-trial P300

detection, similar to [261] [262] [163]. Scikit-learn [263] version 1.3.2 was used for

model training, hyperparameter tuning, and evaluation.
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The default configuration for Bayesian ridge was employed. RandomizedSearchCV,

a random search approach, was utilised to tune two alpha and two lambda param-

eters, optimising the model’s performance.

5.4.2 Convolutional Neural Networks

CNN-1

In 2010, Cecotti et al. [166] introduced CNN-1, a 4-layer, 1D convolutional neural

network designed for P300 detection. The model begins with a spatial convolution

layer that learns linear combinations of input EEG channels, effectively acting as a

spatial filter. This is followed by a temporal convolution layer, which extracts lo-

cal temporal patterns while subsampling the feature maps to reduce dimensionality.

Both convolutional layers employ the scaled hyperbolic tangent activation function

(1.7159·tanh(2x/3)), with layer weights initialized using the Cecotti-normal distri-

bution.

A flattening layer transforms the 3D feature maps into a 1D vector, which is

then processed by two dense layers with sigmoid activations. The first dense layer

(100 units) performs nonlinear feature integration, while the final single-unit layer

produces a probabilistic output for binary classification.

The model is trained using the Adam optimiser with binary cross-entropy loss.

While the original architecture was largely retained in this study, hyperparameters

were systematically tuned to optimise model performance. The final set of parame-

ters selected after tuning is summarised in Appendix B.1.

EEGNet

Lawhern et al. [165] in 2018 proposed a compact and versatile convolutional neural

network model specifically designed for BCI applications. This CNN model is ef-

fective for various tasks, including motor imagery classification [276], event-related

potentials [277] and steady-state visual evoked potential analysis [278]. EEGNet

employs separable and depthwise convolutions to create an EEG-specific model, in-
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Figure 5.2: Network architectures: CNN-1 (based upon [166])

corporating established feature extraction principles for BCI. It is highly efficient,

with significantly fewer trainable parameters compared to other deep learning ar-

chitectures commonly used in BCI classification.

EEGNet employs a three-stage architecture that begins with a temporal convolu-

tion layer to process time-domain features, immediately followed by batch normali-

sation for stabilisation. This temporal block feeds into the second stage, a depthwise

convolution layer that operates independently on each EEG channel to capture spa-

tial relationships. Each depthwise operation is succeeded by batch normalisation,

ELU activation for nonlinear transformation, average pooling for dimensionality

reduction, and dropout for regularisation. The final stage employs separable convo-
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lution to efficiently combine spatial and temporal features, followed again by batch

normalisation, ELU activation, average pooling, and dropout. The architecture

concludes with a classification block where 3D feature maps are flattened into a 1D

vector and processed by dense layers for final decision-making.

While the core architecture of EEGNet was preserved, hyperparameter tuning

was performed to optimise the performance. The final set of parameters selected

after tuning is summarised in Appendix B.1.

Figure 5.3: Network architectures: EEGNet (based upon [165])
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MoE-EEGNet

The Mixture-of-Experts (MoE) architecture was first proposed in 1991 [279], imple-

menting a divide-and-conquer approach to complex learning problems. This frame-

work decomposes the input space into specialized regions, with each region handled

by a dedicated expert network. A trainable gating network serves two critical func-

tions: (1) dynamically selecting the most relevant experts for each input, and (2)

combining their outputs through learned weighted aggregation [280]. This adaptive

specialisation enables the model to maintain high representational capacity while

preserving computational efficiency through sparse expert activation. MoE models

have been used in EEG-based BCIs for applications like emotion recognition [235],

ADHD prediction [234], and seizure detection [236].

In this work, a mixture-of-experts enhanced EEGNet architecture called MoE-

EEGNet was proposed. The EEGNet backbone first processes raw EEG signals

through its signature pipeline: (1) temporal convolution for time-domain patterns,

(2) depthwise convolution for spatial filtering, and (3) separable convolution for joint

spatiotemporal features.

The flattened features are then processed by the MoE layer, where a softmax-

activated gating network allocates inputs to N parallel expert networks (ReLU-

activated dense layers), whose outputs are weighted and aggregated.

The final prediction is generated through a sigmoid classification head. Critical

hyperparameters like the number of experts and their dimensionality were systemat-

ically tuned to optimise the balance between model specialisation and generalisation

capability. The final set of parameters selected after tuning is summarised in Ap-

pendix B.1.

Multiband EEGNet

Multiband EEGNet is introduced as an extension of EEGNet, incorporating ex-

plicit frequency-band specialisation to enhance performance. The model processes

four canonical EEG frequency bands (delta, theta, alpha, beta) through dedicated
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Figure 5.4: Network architectures: MoE-EEGNet

EEGNet subnetworks, each learning band-specific spatiotemporal features. The out-

puts of these parallel networks are concatenated and fed into a final classification

layer, enabling explicit modeling of frequency-dependent patterns while maintaining

EEGNet’s core architectural benefits. The complete set of model hyperparameters

is documented in Appendix B.1.

Multiband MoE-EEGNet

The multiband mixture-of-experts EEGNet (MB-MoE EEGNet) is introduced as

a novel variant that synergistically integrates three powerful paradigms: (1) EEG-

Net’s spatiotemporal feature extraction, (2) frequency-band specialisation, and (3)
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Figure 5.5: Network architectures: Multiband EEGNet

Mixture-of-Experts adaptive processing.

This architecture achieves hierarchical spectral-temporal modeling through four

key stages. First, parallel EEGNet branches independently process delta, theta,

alpha, and beta frequency bands. Second, each branch connects to a dedicated

mixture-of-experts layer, where a softmax gating network dynamically routes fea-

tures to specialized ELU-activated sub-networks (experts), enabling band-adaptive

representation learning. Third, a multi-head attention mechanism fuses time-averaged

outputs from all MoE layers, modeling cross-band interactions through learned at-

tention weights. Finally, the attended features are aggregated and passed to a

unified classification layer. Hyperparameter tuning was performed to optimise the

model’s performance. The complete set of model hyperparameters is documented

in Appendix B.1.

5.4.3 Transformers

The Transformer architecture [281], originally developed for sequence-to-sequence

tasks [282], has become foundational across machine learning domains. Following
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Figure 5.6: Network architectures: Multiband MoE-EEGNet

its success in natural language processing and computer vision, the paradigm has

been adapted for temporal data processing in speech and biomedical applications

[283]. Its self-attention mechanism is particularly suited for modeling long-range

dependencies in time-series data [284], making it an ideal candidate for EEG analysis

where precise temporal relationships between neural events are critical.

EEGTransformer

Building on these advancements in the field of deep learning, an EEG-specific Trans-

former architecture is proposed that adapts the self-attention mechanism to the

unique challenges of neural time-series analysis. Unlike language or vision Trans-

formers that process discrete tokens or image patches, my model treats individual

timepoints as sequence elements while preserving channel-wise relationships through

learned embeddings.

The proposed Transformer model processes EEG data by first reshaping the

input EEG signal into a sequence format, where each time step across all channels

is projected into a high-dimensional feature space via a linear embedding layer. To

provide temporal context, a learnable positional encoding is added to these features,
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informing the model of the sequence order.

This prepared sequence is then fed into the core of the architecture: a stack

of Transformer Encoder layers. Within each encoder, a multi-head self-attention

mechanism captures complex short- and long-range dependencies by weighing the

relevance of different time steps, while a feed-forward network applies further non-

linear transformations.

After passing through the encoder stack, the entire output sequence is aggregated

into a single, fixed-size feature vector for the EEG trial using global average pooling.

Finally, this consolidated vector is passed to a linear classification head to produce

the final output scores for each class.

Architectural parameters such as the number of encoder layers, attention heads,

and feedforward dimension were systematically tuned to optimise model perfor-

mance (see Appendix B.1 for details).

MOE-Transformer

Another variant of the EEGTransformer, termed MoE-Transformer, was developed

by integrating a Mixture-of-Experts layer with the Transformer architecture to en-

hance EEG data processing.

The model first flattens the input EEG signal and processes it through a Mixture-

of-Experts layer, where parallel expert networks compete to process input features,

with a trainable gating network dynamically weighting their contributions via soft-

max activation. This gated output is then reshaped and passed to a Transformer

block that models temporal relationships through multi-head self-attention, en-

hanced with layer normalisation and residual connections. Finally, the attended

features are classified via a sigmoid-activated dense layer. The complete set of

model hyperparameters is documented in Appendix B.1.
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Figure 5.7: Network architectures: EEGTransformer

5.4.4 Hybrid Transformers

EEG Conformer

The EEG Conformer, introduced by Song et al. [222], is a hybrid deep learn-

ing architecture designed specifically for enhanced decoding of EEG signals. This

model synergistically combines the strengths of Convolutional Neural Networks and

Transformer-based self-attention mechanisms, effectively addressing the limitations

found in earlier EEG decoding methods.

The EEG Conformer architecture consists of three key components: a convo-

lutional module, a self-attention module, and a fully connected classification layer.

The convolutional module first processes the raw 2D EEG input by applying tem-
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Figure 5.8: Network architectures: MoE-Transformer

poral convolutions to capture time-related patterns and spatial convolutions across

electrode channels to extract inter-channel relationships. Average pooling is used

to reduce noise and improve generalisation. The output is then passed to the self-

attention module, which captures long-range temporal dependencies by modeling

global correlations across time points. Finally, the enriched features are flattened

and passed through a dense classification layer to generate the final output.

In this work, the EEG Conformer was implemented, and its hyperparameters,

including convolutional filter sizes, number of attention heads, transformer layer

depth, and dropout rates, were carefully tuned to optimise classification performance

for the specific EEG dataset. The complete set of model hyperparameters is given

in Appendix B.1.
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Figure 5.9: Network architectures: EEG Conformer (based upon [222])

CNN1-Transformer

A hybrid architecture is proposed that leverages a Convolutional Neural Network,

specifically the CNN-1 model discussed in Section 5.4.2, as an effective feature ex-

tractor. This CNN then feeds into a Transformer Encoder to model temporal de-

pendencies.

The model first processes the input EEG data through two layers of CNN-1, util-

ising its custom scaled-tanh activation function. The initial pointwise convolutional

layer transforms the input channels, while the second temporal convolution extracts

local features across time and downsamples the sequence.

This sequence of extracted features is then passed to a Transformer Encoder

block. The Transformer’s multi-head self-attention mechanism analyzes the entire

sequence, capturing complex and long-range relationships between the features ex-

tracted by the CNN.
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Finally, the output from the Transformer is flattened into a single vector and

passed through a dense classification head with a sigmoid activation function to

produce the final binary prediction. See Appendix B.1 for the full hyperparameter

configuration.

Figure 5.10: Network architectures: CNN1-Transformer

EEGNet-Transformer

A hybrid architecture, termed EEGNet-Transformer, is proposed to effectively com-

bine the strengths of the lightweight yet powerful EEGNet for efficient feature ex-

traction with the sequence-modeling capabilities of a Transformer Encoder..

The EEGNet-Transformer architecture is designed to robustly capture both spa-

tial and temporal characteristics of EEG data for classification. It effectively com-
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bines the strengths of the lightweight yet powerful EEGNet for efficient feature

extraction with the sequence-modeling capabilities of a Transformer Encoder.

The processing begins with the raw EEG input. This data is first fed into

the EEGNet component, which acts as a specialized feature extractor. EEGNet

operates in two main blocks. The first block applies a temporal convolution to

capture frequency-specific features, followed by a depthwise separable convolution

across the channels to learn spatial filters for each feature map. This block also

incorporates batch normalisation, an ELU activation function, average pooling for

downsampling, and dropout for regularisation. The second block further processes

these features using a separable convolution, which involves a depthwise temporal

convolution followed by a pointwise convolution. This block similarly uses batch

normalisation, ELU activation, average pooling, and dropout to refine the temporal

representations and reduce dimensionality.

The output of the EEGNet is then reshaped, permuting and flattening the fea-

tures to create a sequence of feature vectors suitable for the Transformer, where

each vector represents a time-step’s extracted characteristics.

Subsequently, these feature sequences are passed to a Transformer Encoder. This

encoder is composed of multiple stacked Transformer Encoder layers. Each layer

consists of a multi-head self-attention mechanism, which allows the model to weigh

the importance of different parts of the input sequence and capture long-range tem-

poral dependencies within the extracted EEG features. Following the attention

mechanism, a position-wise feed-forward network is applied to further process the

information. Layer normalisation and dropout are applied within each sub-layer

to stabilize training and prevent overfitting. The Transformer Encoder’s ability to

model global relationships across the entire sequence of features from EEGNet is

crucial for understanding complex temporal patterns in EEG signals.

Finally, the output sequence from the Transformer Encoder undergoes global

average pooling across the time dimension, summarising the learned temporal rep-

resentations into a single fixed-size feature vector for each sample. This consolidated
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vector is then fed into a fully connected classification head, which performs the fi-

nal prediction by mapping the extracted features to the desired number of output

classes.

While previous studies have explored combining EEGNet with transformers, my

model improves this hybrid design by making it significantly more lightweight and

computationally efficient, making it feasible for real-time or resource-constrained

applications. The final set of parameters selected after tuning is summarised in

Appendix B.1.

Moreover, this hybrid architecture has not been systematically explored or adapted

in real-world contexts involving both clean and noisy EEG signals, including motion

artifacts, speech interference, and naturalistic environments. My work addresses this

gap by validating the proposed model across diverse and challenging EEG recording

conditions, bringing hybrid EEG classification closer to practical BCI deployment.

Multiband EEGNet-Transformer

A Multi-Band EEGNet-Transformer is proposed, combining frequency-band special-

isation with hierarchical spatiotemporal feature learning.

The model begins by decomposing the raw EEG signals into four canonical fre-

quency bands, delta, theta, alpha, and beta, each of which is passed through an

independent EEGNet module. The EEGNet model consists of two main blocks:

the first applies temporal and spatial filtering via depthwise convolution, while the

second employs separable convolution to reduce parameters and capture more com-

plex representations. The output of each EEGNet is reshaped into a sequence of

embeddings suitable for processing with transformers.

Following the band-specific EEGNet feature extraction, each stream’s feature

sequence is passed to an independent Transformer Encoder. These parallel Trans-

former Encoders are responsible for modeling long-range temporal dependencies

within their respective frequency bands. Each encoder consists of multiple layers,

where multi-head self-attention mechanisms analyze the sequence to identify crucial
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Figure 5.11: Network architectures: EEGNet-Transformer

temporal patterns and relationships, complemented by position-wise feed-forward

networks, layer normalisation, and dropout for robust learning.

After temporal modeling, the outputs of the four frequency bands are stacked to-

gether, forming a combined representation across all frequency bands. This stacked

input is fed into a shared MultiheadAttention layer, which serves as an adaptive

fusion mechanism. This attention layer learns to dynamically weigh and combine

the information from different frequency bands, effectively determining which band’s

features are most relevant for the final classification task at any given moment. Fi-

nally, the fused representation is passed through a fully connected layer for final

classification. See Appendix B.1 for the full hyperparameter configuration.
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Figure 5.12: Network architectures: Multiband EEGNet-Transformer

EEGNet-MoE-Transformer

An EEGNet-MoE-Transformer is proposed, synergistically combining CNN-based

feature extraction, MoE gating, and Transformer attention for EEG processing.

The model first processes raw EEG signals through an EEGNet backbone (tem-

poral → Depthwise spatial → separable convolutions with ELU activation and av-

erage pooling), extracting spatiotemporal features.

After feature extraction, the flattened output is passed through a Mixture-of-

Experts layer. The MoE layer consists of multiple independent ”expert” linear

networks and a ”gating” network. The gating network takes the input feature vector

and generates a set of probabilistic weights, indicating the relevance of each expert

for the current input. The final output of the MoE layer is a weighted sum of the

outputs from all experts, where the weights are determined by the gating network.

The output from the MoE layer as a single feature vector is unsqueezed and

fed into a Transformer block, which introduces self-attention mechanisms to model

higher-level interactions between learned representations. The transformer layer

includes multi-head self-attention, followed by a position-wise feedforward network
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and residual layer normalisation. Finally, the output from the Transformer Block is

squeezed and passed through a dense Classification Head with a sigmoid activation

function. All architectural hyperparameters and their optimised values are provided

in Appendix B.1.

Figure 5.13: Network architectures: EEGNet-MoE-Transformer

Multiband EEGNet-MoE-Transformer

A Multiband EEGNet-MoE-Transformer model is proposed, integrating multiple

advanced deep learning modules, including EEGNet, Mixture of Experts, Trans-

former Encoders, and Attention-based Fusion, to effectively classify EEG signals

across different frequency bands.

The architecture processes four EEG bands (delta, theta, alpha, beta) through

parallel pipelines. The process begins with the Multi-Band Input, where raw EEG

data is separated into its constituent frequency bands (Delta, Theta, Alpha, and

Beta).

Each of these distinct frequency bands has a dedicated EEGNet instance that
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acts as the initial feature extractor. Following the EEGNet feature extraction, each

band-specific feature sequence is fed into its own MoE Layer.

Next, the expert-processed feature sequences from each MoE layer are passed

to independent Transformer Encoders. Each transformer’s output is positionally

encoded and passed through multi-head attention and feedforward sublayers.

The band-specific transformer outputs are aggregated using an Attention-based

Fusion mechanism. First, the time dimension is averaged for each frequency band’s

representation. Then, the representations are stacked and passed through a multi-

head attention layer, which learns inter-band dependencies and relative importance.

Finally, a fully connected layer maps the fused feature vector to the output space,

providing class predictions for target versus non-target EEG trials. The complete

set of model hyperparameters is documented in Appendix B.1.

5.5 Evaluation Parameters

To evaluate the performance of the proposed models, a comprehensive set of metrics

is used:

1. Primary Metric

ROC-AUC score serves as the principal evaluation metric in this study and is

the only metric reported in the main body of results.

• ROC-AUC (Receiver Operating Characteristic - Area Under

Curve):

It measures the model’s ability to distinguish between target and non-

target classes across all possible thresholds. As discussed in Section 4.1.3,

ROC-AUC is particularly well-suited for imbalanced classification tasks,

such as the RSVP-P300 paradigm, where the ratio of target to standard

trials is approximately 1:10. It is insensitive to class imbalance, making

it a reliable indicator of model performance. Additionally, ROC-AUC is
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Figure 5.14: Network architectures: Multiband EEGNet-MoE-Transformer

valuable in scenarios involving ranking or prioritisation, as it evaluates

the full range of classification thresholds.

2. Secondary Metrics

To complement the primary ROC-AUC metric, a threshold-dependent sec-

ondary metric was also computed, which provides additional insights into

model behavior but is not reported in the main body. These metrics are

instead detailed in the Appendix for reference:

• Accuracy: Represents the proportion of correctly classified trials among

all trials. However, in imbalanced settings, it can be misleading as it may

be biased toward the majority class.
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• Balanced Accuracy: Computes the average of recall obtained on each

class, thereby accounting for imbalanced class distributions more fairly

than overall accuracy.

• Precision: Indicates the proportion of correctly identified target trials

out of all trials classified as targets.

• Recall (Sensitivity or True Positive Rate): Measures the proportion

of actual target trials correctly identified by the model.

• F1-score: The harmonic mean of precision and recall, offering a single

metric that balances both false positives and false negatives.

Given the imbalanced nature of the RSVP-P300 dataset, with a target-to-standard

trial ratio of approximately 1:10, the ROC-AUC score serves as a particularly valu-

able metric. It evaluates the model’s ability to discriminate between classes across

all possible thresholds, making it robust to class imbalance and suitable for assessing

ranking performance without reliance on a fixed decision boundary.

In addition to ROC-AUC, threshold-dependent secondary metrics such as Ac-

curacy, Balanced Accuracy, Precision, Recall, and F1-score are reported. Rather

than relying on a fixed threshold, an ROC curve–based thresholding approach was

adopted. The threshold was specifically selected as the point on the ROC curve

that provides the optimal balance between sensitivity (True Positive Rate) and

specificity (1 – False Positive Rate), typically the point closest to the top-left cor-

ner. This data-driven thresholding strategy ensures that the evaluation is adaptive

and sensitive to variations in classifier output distributions across subjects, leading

to more meaningful metric computation.

All reported threshold-dependent metrics were derived using this ROC curve–based

optimal thresholding method. This unified approach improves interpretability and

reflects a more realistic evaluation framework aligned with potential real-world BCI

applications.

For consistency and generalisability, only ROC-AUC results are reported in the
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Table 5.2: Performance comparison of classification methods: ROC-AUC scores
(average-avg and standard deviation-SD) for subject-independent evaluation across
20 participants, assessed under both traditional RSVP and intentionally contami-
nated RSVP paradigms

Subject Independent Classification

Average (Avg) and Standard Deviation (SD) across 20 subjects

Sr. No
Classification

Model

RSVP
IC-RSVP

Body Movement Head Movement Talking
Avg SD Avg SD Avg SD Avg SD

CM-1 Bayesian Ridge 0.732 0.091 0.685 0.087 0.574 0.053 0.689 0.084
CM-2 CNN-1 0.763 0.087 0.727 0.083 0.612 0.073 0.721 0.079
CM-3 EEGNet 0.767 0.080 0.728 0.073 0.606 0.077 0.735 0.070
CM-4 MoE-EEGNet 0.751 0.831 0.720 0.086 0.616 0.078 0.708 0.087
CM-5 Multiband EEGNet 0.779 0.078 0.729 0.075 0.609 0.068 0.739 0.073
CM-6 Multiband MOE-EEGNet 0.777 0.071 0.730 0.067 0.621 0.062 0.741 0.062
CM-7 EEGTransformer 0.710 0.076 0.665 0.064 0.577 0.038 0.666 0.076
CM-8 MOE-Transformer 0.764 0.089 0.725 0.084 0.603 0.070 0.726 0.083
CM-9 EEG Conformer 0.764 0.097 0.717 0.086 0.590 0.057 0.733 0.076
CM-10 CNN1-Transformer 0.767 0.087 0.725 0.081 0.610 0.074 0.730 0075
CM-11 EEGNet-Transformer 0.768 0.085 0.732 0.083 0.614 0.061 0.730 0.076

CM-12 Multiband EEGNet-Transformer 0.777 0.082 0.734 0.069 0.625 0.064 0.746 0.063
CM-13 EEGNet-MoE-Transformer 0.753 0.087 0.724 0.083 0.610 0.070 0.726 0.078
CM-14 Multiband EEGNet-MoE-Transformer 0.774 0.077 0.726 0.072 0.617 0.062 0.732 0.066

Complete subject-wise performance metrics for all models are provided in Appendix B.2

main text. The full set of secondary performance metrics computed using subject-

specific optimal thresholds is presented in the Appendix B.2 for reference.

5.6 Results and Discussion

The performance of different models presented in Section 5.4 was evaluated under

both clean/traditional RSVP conditions and three noisy IC-RSVP conditions (body

movement, head movement, and talking artifacts), using ROC-AUC as the evalu-

ation metric across 20 subjects. The table 5.2 summarises the average AUC and

standard deviation (SD) for each model and condition.

Bayesian Ridge achieved an average ROC-AUC of 0.732 (SD = 0.091) under the

clean RSVP condition, establishing a solid baseline for a traditional linear model.

However, its performance declined in noisy scenarios, with 0.685 (SD = 0.087) under

body movement, 0.574 (SD = 0.053) under head movement, and 0.689 (SD = 0.084)

under talking artifacts. These results suggest that while Bayesian Ridge can handle

some variability due to motion artifacts, it is highly sensitive to complex, non-

stationary noise, particularly head movements, which appear to disrupt the spatial
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and temporal structure of EEG signals beyond the model’s capacity.

Building on this, a 1D CNN (i.e., CNN-1 [166]) was employed as a baseline convo-

lutional neural network and demonstrated a clear improvement over the linear model,

leveraging convolutional inductive biases to effectively capture spatio-temporal fea-

tures in the EEG data. It achieved 0.763 (SD = 0.087) under clean conditions and

retained better robustness under noise: 0.727 (SD = 0.083) for body, 0.612 (SD =

0.073) for head, and 0.721 (SD = 0.079) for talking. These results reflect CNN-1’s

ability to extract more localized features that are somewhat invariant to artifacts,

although head movement remains a challenging condition, showing a similar drop

as with Bayesian Ridge.

To further optimise CNN architectures for EEG decoding, EEGNet, originally

proposed by Lawhern et al. [165], was explored as a compact convolutional model

specifically designed for EEG data. EEGNet demonstrated slightly better clean-

condition performance at 0.767 (SD = 0.080), and showed consistent robustness

under noisy conditions: 0.728 (SD = 0.073) with body, 0.606 (SD = 0.077) with head,

and 0.735 (SD = 0.070) with talking artifacts. Compared to CNN-1, EEGNet yielded

improved results under speech-related noise, likely due to its depthwise separable

convolutions and use of temporal filters tailored to EEG frequency characteristics.

After evaluating the base EEGNet, the architecture was extended with a Mix-

ture of Experts (MoE) mechanism, hypothesizing that different sub-networks could

specialize in decoding under distinct noise conditions. The MoE-EEGNet achieved

0.751 (SD = 0.083) in clean RSVP, and demonstrated competitive results across

noisy conditions: 0.720 (SD = 0.086) for body, 0.616 (SD = 0.078) for head, and

0.708 (SD = 0.087) for talking. While performance was slightly lower than base

EEGNet in clean and talking settings, MoE-EEGNet maintained comparable ro-

bustness in more artifact-prone conditions, suggesting the benefit of diversity in

expert pathways.

Building upon the strengths of EEGNet, the Multiband EEGNet was introduced

to leverage frequency-specific decomposition for enhanced EEG feature extraction.
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This model processed each EEG frequency band (e.g., delta, theta, alpha, beta) sep-

arately before fusion, allowing more targeted feature extraction. Multiband EEGNet

reported the highest clean RSVP performance among base models at 0.779 (SD =

0.078), and maintained strong performance under body (0.729, SD = 0.075), head

(0.609, SD = 0.068), and talking (0.739, SD = 0.073) noise. These improvements

indicate that isolating frequency components enhances signal discriminability and

noise robustness.

To further improve specialisation and flexibility, frequency band decomposition

was combined with a mixture of experts in the Multiband MoE-EEGNet architec-

ture. This hybrid model maintained a strong clean performance of 0.777 (SD =

0.071), and demonstrated slightly better generalisation to noise compared to its in-

dividual components: 0.730 (SD = 0.067) for body, 0.621 (SD = 0.062) for head,

and 0.741 (SD = 0.062) for talking. This shows that combining multiband learning

with expert selection provides more adaptive and noise-resilient decoding.

Shifting focus toward models that can capture long-range dependencies, EEG-

Transformer, a baseline self-attention model, was evaluated. It achieved 0.710 (SD

= 0.076) on clean RSVP data, but its performance declined significantly under noise:

0.665 (SD = 0.064) for body, 0.577 (SD = 0.038) for head, and 0.666 (SD = 0.076)

for talking artifacts. While the transformer captures temporal relationships well as

reported in the recent studies [219], [220], its lack of strong inductive biases may

make it less effective in low-SNR EEG settings unless guided by domain-specific

structure.

To address this limitation, the MoE mechanism was integrated into the trans-

former, resulting in the MoE-Transformer. This model achieved a much improved

clean score of 0.764 (SD = 0.089), and handled noise more robustly than the base

transformer: 0.725 (SD = 0.084) for body, 0.603 (SD = 0.070) for head, and 0.726

(SD = 0.083) for talking. These gains highlight that gating multiple expert paths

helps the transformer adapt to heterogeneous noise patterns.

The EEG Conformer, introduced by Song et al. [222], was also evaluated for
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its ability to combine CNN-based local feature extraction with self-attention-based

sequence modeling. It matched CNN-1 and EEGNet in clean RSVP (0.764, SD =

0.097) and achieved 0.717 (SD = 0.086) for body, 0.590 (SD = 0.057) for head, and

0.733 (SD = 0.076) for talking artifacts. Its hybrid design showed promise, partic-

ularly in speech-related conditions, though head movement remained a challenge.

Motivated by this hybrid approach, CNN1-Transformer, combining 1D-CNN

feature extraction with transformer-based attention, was proposed. This model

achieved 0.767 (SD = 0.087) under clean conditions and generalised well across

noise: 0.725 (SD = 0.081) for body, 0.610 (SD = 0.074) for head, and 0.730 (SD =

0.075) for talking. The combination of local feature encoding and global sequence

modeling appears effective, particularly for moderate noise conditions.

EEGNet-Transformer, combining the specialized EEGNet model with a trans-

former self-attention mechanism, was then evaluated. This model delivered one of

the best performances overall, with 0.768 (SD = 0.085) clean RSVP and robust per-

formance under body (0.732, SD = 0.083), head (0.614, SD = 0.061), and talking

(0.730, SD = 0.076) conditions. This confirms that attention mechanisms enhance

EEGNet’s spatial-temporal representations, particularly in noisy environments.

To extend this further, the Multiband EEGNet-Transformer was investigated,

which integrates multiband decomposition into the EEGNet-Transformer architec-

ture. This model stood out with 0.777 (SD = 0.082) RSVP, and the strongest results

across noise types: 0.734 (SD = 0.069) for body, 0.625 (SD = 0.064) for head, and

0.746 (SD = 0.063) for talking. These results establish this model as the most robust

and consistent across all conditions, underscoring the power of combining frequency

specialisation with attention-based learning.

Next, EEGNet-MoE-Transformer was evaluated, which integrates expert gating

into the EEGNet-Transformer architecture. It achieved 0.753 (SD = 0.087) clean

and held stable performance across noisy settings: 0.724 (SD = 0.083) for body, 0.610

(SD = 0.070) for head, and 0.726 (SD = 0.078) for talking. Although slightly below

the multiband transformer variants, this model still showed dependable performance,
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indicating the benefits of adaptive expert pathways even without explicit frequency

decomposition.

Lastly, the most comprehensive model in this study, the Multiband EEGNet-

MoE-Transformer, combined all three strategies: frequency-band decomposition,

EEG-specific feature extraction, and transformer-based attention with expert gat-

ing. It achieved 0.774 (SD = 0.077) in the traditional lab setting, and sustained

solid generalisation in noisy conditions: 0.726 (SD = 0.072) for body, 0.617 (SD =

0.062) for head, and 0.732 (SD = 0.066) for talking. While slightly below the best

multiband transformer variant, it demonstrated stable and consistent performance

across all noise types, making it a strong candidate for real-world BCI applications

where robustness is critical.

• Cross-Model Insights on Subject-Independent EEG Classification

Across Varying Environmental Conditions

A cross-model comparison is presented to better understand the trade-offs be-

tween different model types and their suitability for real-world BCI deployment.

Building on the model-wise insights discussed above under both clean and noisy

conditions, this analysis synthesizes the results to highlight how performance evolves

from classical machine learning to advanced deep learning architectures, particularly

in the presence of real-world artifacts.

In order to provide a more in-depth comparison and highlight the effect of each

artifact separately, 5.15 illustrates the performance of different models under indi-

vidual noise conditions in the form of a bar chart.

Building on this, performance was then averaged across all three noise conditions

for each model and compared with their clean RSVP scores to give a consolidated

view (see Figure 5.16). This allows us to assess each model’s generalisation capacity

and resilience to real-world EEG artifacts.

Moving from traditional machine learning to advanced deep learning architec-

tures reveals a clear trend in performance and robustness across clean and noisy EEG

conditions. When averaged across the three noise conditions, traditional Bayesian
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Figure 5.15: Average ROC-AUC scores of each classification model under individual
noisy conditions (body, head, and talking artifacts). Models are anonymized as CM-
1 to CM-14 for comparison.

CM-1: Bayesian Ridge, CM-2: EEGNet, CM-3: CNN-1, CM-4: MoE-EEGNet, CM-5: Multiband
EEGNet, CM-6: Multiband MoE-EEGNet, CM-7: EEGTransformer, CM-8: MoE-Transformer,
CM-9: EEG Conformer, CM-10: CNN1-Transformer, CM-11: EEGNet-Transformer, CM-12:
Multiband EEGNet-Transformer, CM-13: EEGNet-MoE Transformer, CM-14: Multiband

EEGNet-MoE Transformer.

Ridge Regression exhibited the lowest resilience to noise, with a notable drop from

a clean ROC-AUC of 0.732 to an average noisy AUC of 0.649. This highlights

the model’s limited capacity to generalise under non-stationary and artifact-laden

inputs, reflecting its reliance on linear assumptions and handcrafted features.

Transitioning to convolutional neural networks, CNN-1 delivered a significant im-

provement in both clean and noisy settings, reaching 0.763 on clean RSVP and 0.687

on noisy IC-RSVP. This improvement illustrates the benefits of using data-driven

feature extraction via convolutions, which can better model the spatial-temporal

structure of EEG signals. However, the gap between clean and noisy conditions

remains substantial, suggesting that CNN-1, while effective, still struggles to gener-

alise fully in the presence of real-world artifacts.

EEGNet further improved robustness, scoring 0.767 (clean) and 0.690 (noisy av-

erage), and benefited from its compact architecture designed specifically for EEG
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Figure 5.16: Average ROC-AUC scores of each classification model under clean
(RSVP) and noisy (IC-RSVP) conditions. Noisy scores represent the average across
body, head, and talking artifact conditions. Models are anonymized as CM-1 to
CM-14 for comparison.

decoding. Its variant with Mixture of Experts (MoE-EEGNet) achieved slightly

lower clean (0.751) and noisy performance (0.681), indicating that while expert-

based routing can be beneficial, it might not consistently outperform the simpler

EEGNet when applied independently. The multiband version of EEGNet enhanced

performance by decomposing EEG into distinct frequency bands, reaching 0.779

on clean and 0.692 on noisy data, showcasing the value of frequency-specific pro-

cessing. In addition, combining the multiband approach with MoE (Multiband

MoE-EEGNet) preserved this advantage, yielding 0.777 clean and 0.697 average

noisy ROC-AUC scores, indicating slightly better generalisation and highlighting

the cumulative benefits of modular specialisation and spectral decomposition.

In comparison, transformer-based models initially lagged behind CNNs in noisy

settings. The base EEGTransformer scored 0.710 (clean) and 0.636 (noisy RSVP

condition), suggesting that while attention mechanisms model long-range depen-

dencies, they may require more data or inductive bias to be effective in noisy EEG
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contexts. However, integrating MoE into transformers (MoE-Transformer) covered

this gap, achieving 0.764 clean and 0.685 noisy AUC, indicating that adaptive rout-

ing helps mitigate overfitting and noise sensitivity.

Further improvement came from hybrid architectures. EEG Conformer, a hybrid

model from the literature, achieved 0.764 clean and 0.680 noisy performance, benefit-

ing from both local and global feature modeling. The proposed CNN1-Transformer

also showed strong performance (0.767 clean, 0.688 noisy), affirming the synergy

between convolutional priors and attention mechanisms.

The EEGNet-Transformer emerged as one of the most balanced and robust mod-

els, scoring 0.768 on traditional RSVP and 0.692 on artefactual RSVP, outperform-

ing both its standalone EEGNet and transformer variants. The multiband version

(Multiband EEGNet-Transformer) reached 0.777 (traditional) and 0.702 (noisy), the

highest noisy average across all models, confirming that combining spectral decom-

position with attention leads to superior generalisation in real-world conditions.

Finally, the most comprehensive hybrid model, Multiband EEGNet-MoE Trans-

former, offered a 0.774 lab-constrained ROC-AUC score and 0.692 noisy ROC-AUC

score. Although slightly below the simpler multiband transformer variant in noisy

settings, it maintained excellent stability and performance across all conditions, sug-

gesting that architectural complexity helps in certain scenarios but might not always

outperform more streamlined alternatives.

Overall, the cross-model comparison highlights that while basic ML models like

Bayesian Ridge serve as informative baselines, deep learning architectures, especially

those incorporating convolutional and attention mechanisms with spectral decompo-

sition, demonstrate superior robustness and generalisation to real-world EEG noise.

Notably, models like Multiband EEGNet-Transformer and EEGNet-Transformer

strike the best trade-off between clean and noisy performance, positioning them

as strong candidates for practical, subject-independent BCI systems.

While the proposed novel architectures, featuring multiband processing and the

integration of Mixture of Experts, demonstrated notable gains in classification per-
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formance, especially under noisy conditions, these enhancements introduced addi-

tional computational overhead due to their architectural complexity and frequency-

wise processing demands. Given these trade-offs, and in the interest of identifying

models that strike a practical balance between robustness and deployability, four

representative models were selected for further in-depth analysis in the subsequent

chapter: CNN-1, EEGNet, EEG Conformer, and EEGNet-Transformer. These mod-

els not only delivered competitive performance in both clean and noisy scenarios but

also offer greater computational efficiency, making them strong candidates for real-

world BCI implementations where hardware limitations and real-time responsiveness

are key constraints.

5.7 Supplementary Approaches to Subject Inde-

pendent Classification

While the core objective of this chapter was to explore and enhance subject-independent

classification, the focus thus far has been on evaluating various model architectures

under traditional lab-constrained/clean and noisy conditions. In addition to the

primary methods and results discussed above, supplementary approaches were also

explored to enhance cross-subject generalisation. In particular, contrastive learning

was applied as a representation learning technique to improve model robustness on

EEG data contaminated with real-world noise and artifacts. The second strategy,

where clean and noisy data were combined during training to promote robustness,

was also explored. However, neither approach yielded meaningful performance gains

in the real-world noisy setting. The following subsections briefly describe these two

methods and outline possible reasons for their limited effectiveness.

5.7.1 Contrastive Learning

As part of the investigation into subject-independent classification, contrastive learn-

ing, a prominent representation learning technique, was also explored. This ap-
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proach was tailored to EEG data contaminated with real-world noise and artifacts,

aiming to enhance feature robustness and improve generalisation across subjects.

Contrastive learning focuses on learning invariant and discriminative feature em-

beddings by comparing different views or augmentations of the data. The fundamen-

tal idea is to bring similar instances, referred to as positive pairs, closer together in

the learned feature space, while simultaneously pushing apart dissimilar instances,

known as negative pairs [285]. This process encourages the model to learn represen-

tations that are not only robust to variations in the input but also highly informative

for downstream tasks such as classification or clustering [286].

Given the flexibility of my dataset, which included clean and noisy recordings un-

der various artifact conditions, multiple pairing strategies were explored to construct

contrastive examples. These included clean vs. noisy pairs, target vs. standard tri-

als, session-to-session pairs, and subject-to-subject pairs, with the aim of learning

robust and invariant EEG feature representations. EEGNet, identified earlier as an

efficient architecture, was used as the backbone model for this approach.

In addition to individual pairing strategies, a progressive training pipeline was

also explored. The model was first trained using clean vs. noisy pairs to learn general

artifact-invariant features. This was followed by a second phase where it was fine-

tuned using session-to-session pairs to adapt to inter-session variability. Finally, the

model was trained on target vs. standard pairs to emphasize class-discriminative

features relevant for RSVP-based classification.

Despite the promise of these strategies, particularly given the success of con-

trastive learning in prior EEG literature [230], [287], [288], the achieved results were

not encouraging. The classification performance across all pairing schemes remained

consistently below that of simpler models. Moreover, the computational overhead

involved in generating contrastive pairs and training in multiple phases did not

translate to meaningful performance gains. This suggests that, at least in our set-

ting, the benefits of contrastive learning are limited when compared to well-tuned

supervised approaches.
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5.7.2 Introducing noisy RSVP as part of training

In another set of experiments, the impact of incorporating both clean and noisy

data during the training phase of subject-independent classification was explored.

Throughout this chapter, all models were consistently trained using only the clean

(traditional RSVP) trials and evaluated across both clean and various noisy condi-

tions. However, this additional analysis aimed to investigate whether including noisy

data in the training set could improve generalisation, particularly under real-world

noise.

The influence of clean and noisy data mixtures on classification performance has

already been discussed in Chapter 4, but within a subject-specific framework. In this

case, the goal was to assess the same concept under subject-independent settings.

Although it was intuitively assumed that introducing noisy trials during training

might help the models learn more robust features and thus improve performance on

noisy test data, the results did not consistently support this hypothesis. While there

were isolated cases, particularly in head movement conditions, where a marginal

improvement was observed, these gains were not consistent across subjects, models,

or noise types. More importantly, the inclusion of noisy data in training often led to

a degradation in overall classification performance, not only on the noisy test sets

but also on the clean evaluations.

These findings suggest that, in subject-independent classification, simply mixing

clean and noisy data during training is not a straightforward solution for improving

model robustness. The presence of noisy data may introduce variability that hinders

generalisation, especially when the models are not explicitly designed to adapt to

different artifact profiles. The results from this analysis can be found in Appendix-C.

5.8 Summary

Addressing Research Question 3 (RQ.3), Which advanced machine learning

models are most effective in achieving subject-independent P300 detection robust
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to real-world noise?, this chapter presented a comprehensive evaluation of a range of

models, from traditional machine learning techniques to deep learning architectures

such as CNNs and Transformers.

With the broader goal of moving brain-computer interfaces beyond controlled

laboratory environments into real-world applications, subject-independent classifi-

cation becomes a critical capability. To this end, a Leave-One-Subject-Out cross-

validation strategy was adopted, ensuring that models were evaluated on entirely

unseen subjects to simulate real-world variability. The model spectrum included

traditional approaches like Bayesian Ridge, early CNNs such as CNN-1, more ad-

vanced depthwise-separable convolutional networks like EEGNet, and Transformer-

based architectures ranging from basic self-attention models to hybrid designs that

combined CNNs with attention mechanisms.

Given the importance of frequency-specific information in EEG data and the

heterogeneity introduced by real-world artifacts, multiband processing and Mixture

of Experts were also explored as architectural enhancements. These components

were tested individually and in combination across several base architectures, in-

cluding EEGNet, Transformers, and their hybrid variants. Due to the heavy class

imbalance in the RSVP-P300 dataset, ROC-AUC was employed as the primary

evaluation metric, as it remains threshold-independent and more accurately reflects

model discrimination performance in imbalanced classification settings.

Our results showed that the proposed EEGNet-Transformer model enhanced

with multiband processing achieved the best overall performance, outperforming

all other configurations across clean and noisy testing scenarios. This underscores

the benefit of combining spatial filtering (via convolution), temporal attention (via

Transformers), and frequency-specific decomposition. However, it was also observed

that models with multiband and MoE components came with increased computa-

tional costs.

Therefore, to balance classification performance with computational efficiency,

four representative models were selected for detailed investigation in the subse-
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quent chapter: (1) CNN-1, (2) EEGNet, (3) EEG Conformer, and (4) EEGNet-

Transformer.

In addition to this core analysis, several auxiliary strategies were explored to

enhance subject-independent classification. One such approach involved applying

contrastive learning, leveraging the structured presence of clean and noisy data to

construct diverse pairing schemes. Despite promising findings in the literature, the

achieved outcomes were underwhelming. Similarly, another strategy involved train-

ing models with a mixture of clean and noisy data in hopes of improving generalisa-

tion to noisy test conditions; however, this strategy also failed to deliver consistent

improvements and often led to degraded performance on both clean and noisy eval-

uations.

These outcomes highlight that naively applying complex training strategies does

not guarantee performance gains in subject-independent EEG classification, espe-

cially under real-world conditions. Instead, careful model design and architectural

choices, such as those combining multiband analysis and temporal attention, are

more impactful, even when computational resources are limited.
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Chapter 6

Practical Considerations for

Real-World BCI Deployment

This chapter addresses Research Question 4, which focuses on identifying key

practical refinements and design considerations necessary to advance BCI systems

toward real-world usage. It specifically breaks down into four sub-questions: (RQ.4a)

What is the impact of the amount of training data from different subjects on the

performance of subject-independent BCI models? (RQ.4b) How much subject-

specific calibration data is required to effectively adapt subject-independent models

for improved performance in the presence of noise? (RQ.4c) What is the optimal

number and combination of EEG channels required to maintain high classification

accuracy while minimising complexity in real-world BCI applications? and (RQ.4d)

How does the use of a head-mounted display for RSVP presentation, compared to

a traditional monitor, affect EEG signals and overall BCI performance?

To explore these questions in a controlled and focused manner, only clean RSVP-

P300 EEG data collected in traditional laboratory settings are utilized. The goal

here is not to assess noise robustness, which has already been investigated in earlier

chapters, but rather to study core design variables such as training data size, fine-

tuning strategies, and channel optimisation.

Given the large number of models developed and benchmarked in the previous
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chapter, a representative subset of four models was deliberately selected for inclu-

sion in this chapter: CNN-1, EEGNet, EEG Conformer, and EEGNet-Transformer.

These models span a spectrum from traditional CNN architectures to more advanced

Transformer-based hybrids, offering a balance between predictive performance and

computational feasibility while maintaining clarity and focus.

As outlined in Section 5.5, ROC-AUC is adopted as the primary evaluation

metric throughout this chapter due to its robustness to class imbalance and its

ability to reflect ranking performance across all thresholds. To maintain consistency

and interpretability across experiments, all results are reported in terms of ROC-

AUC scores.

6.1 Effect of Training Data Size

This section systematically investigates the effect of using different amounts of train-

ing data, e.g., training with 5, 10, 15, or 19 subjects in LOSO setups, and assesses

the trade-offs between data quantity and classification accuracy, directly address-

ing research question (RQ.4a) regarding the impact of training data volume on

subject-independent BCI performance. These insights are vital for planning data

acquisition strategies in practical BCI deployments.

As highlighted in Section 2.5.3 of the literature review, there remains a critical

gap in understanding how training data requirements scale, especially under real-

world conditions. This analysis aims to address that gap by providing empirical

evidence on how varying the number of training subjects influences generalisability

and robustness in BCI applications.

To examine the impact of training data size on model performance in a subject-

independent EEG classification setting, a series of controlled experiments is con-

ducted by systematically varying the number of training subjects. Initially, the

leave-one-subject-out (LOSO) approach was adopted, where 19 subjects were used

for training and the remaining one was held out for testing. To assess the influence

of training data quantity on model generalisability, the number of training subjects
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was further reduced to 15, 10, and 5, while maintaining one subject as the test set

in each iteration.

For each training size configuration (15, 10, and 5), the training subjects were

selected randomly from the available pool, excluding the test subject. This random

selection process was repeated five times per test subject to ensure that results

were not biased by any particular subset of training data. The performance metrics

from these multiple runs were averaged to obtain a robust estimate of the model’s

behavior under varying data availability conditions.

The 10-subject training configuration is illustrated in Figure 6.1, which serves

as a representative example of how training subjects were randomly selected, five

times per test subject, while excluding the test subject from the training pool.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Subject

Training Subjects Test Subject

LOSO Configuration 
[Training 10 Subjects]

Figure 6.1: LOSO (training 10 subjects) configuration
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This analysis plays a crucial role in understanding the trade-off between training

data size and model performance. It reflects real-world scenarios where collecting

large-scale EEG data from multiple individuals may not always be feasible. By

exploring these different training configurations, practical insights are provided into

how well subject-independent models can be expected to perform when trained with

limited data, which is particularly valuable for applications in clinical or portable

BCI systems with constrained datasets.

6.2 Fine-Tuning for Subject-specific Calibration

Fine-tuning plays a critical role in real-world BCI applications, where small amounts

of subject-specific calibration data can substantially enhance performance without

the need for extensive retraining.

Addressing research question (RQ.4b) in this section, the investigation focuses

not only on the overall impact of fine-tuning for subject-independent EEG classifi-

cation models but also evaluates the effectiveness of different fine-tuning strategies

and determines how much calibration data is sufficient for practical adaptation.

As noted in Section 2.5.2 of the literature review, a key limitation in current re-

search is the lack of understanding around how much fine-tuning is truly effective,

particularly when calibration data is affected by noise from movement, speech, or

environmental factors. This analysis aims to bridge that gap by empirically evalu-

ating fine-tuning needs under both clean and noisy conditions, which is crucial for

rapid personalisation in real-world BCI deployments.

To explore this, the performance of the same four representative models, with

and without fine-tuning, is compared on a subject left out during training (LOSO).

This comparison highlights the significance of incorporating subject-specific adapta-

tion. Additionally, two fine-tuning strategies were analysed: (1) random train-test

splitting using all available data from the test subject and (2) session-based fine-

tuning. Both approaches aimed to calibrate a model that was initially trained in a

subject-independent manner using a leave-one-subject-out scheme, where data from
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19 subjects were used to train the model, and the remaining subject served as the

unseen test subject.

• Random train-test splitting fine-tuning

In the first approach, data from all four sessions of the test subject were pooled

together and randomly split into training and testing sets (e.g., 30% training, 70%

testing). This method offers a quick way to evaluate fine-tuning effectiveness but

risks temporal leakage, where similar or temporally adjacent trials might appear in

both the training and testing sets, potentially inflating performance estimates.

• Session-based fine-tuning

To address the limitations of the first approach, random train-test splitting,

which may lead to overly optimistic performance estimates, a second strategy was

adopted: session-based fine-tuning. This approach better simulates real-world cali-

bration scenarios by leveraging temporally distinct sessions for fine-tuning and test-

ing.

Each subject in the dataset completed four separate recording sessions. Models

were initially trained in a LOSO fashion, using data from all subjects except the

test subject. To adapt the pretrained model to the test subject, the model was

incrementally fine-tuned using an increasing number of sessions from the test subject

while keeping the remaining sessions for evaluation.

Specifically, the following were used:

1. Session 1 for fine-tuning, and Sessions 2, 3, and 4 for testing, representing a

25% fine-tune / 75% test split.

2. Sessions 1 and 2 for fine-tuning, and Sessions 3 and 4 for testing, representing

a 50% fine-tune / 50% test split.

3. Sessions 1, 2, and 3 for fine-tuning, and Session 4 for testing, representing a

75% fine-tune / 25% test split.
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These session-based fine-tuning configurations are visually summarised in Figure

6.2, which illustrates how different proportions of session data were allocated for

fine-tuning and testing.

Session

1 2 3 4

Fine-tuning Session Test Session

Session based Fine-Tuning

Figure 6.2: Illustration of session-based fine-tuning configurations.

This session-wise protocol was chosen over random data splitting to preserve the

temporal order of EEG data collection and to simulate a realistic calibration setting,

where data collected during an initial session is used to calibrate the model before

real-time use in future sessions. Random splitting could introduce optimistic bias

by mixing temporally adjacent trials across fine-tuning and testing sets, which does

not accurately reflect real-world usage where data is collected in blocks or sessions.

This progressive fine-tuning framework allows us to systematically assess the

trade-off between calibration effort and performance gain, offering insights into the

minimum amount of subject-specific data needed to achieve reliable results. Such

analysis is crucial for developing user-friendly and time-efficient BCI systems, espe-

cially in real-world environments where prolonged calibration is often impractical.
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6.3 Optimal Channels

In real-world BCI applications, usability, portability, and user comfort become cru-

cial factors. Unlike controlled laboratory settings, deploying BCIs outside the lab

necessitates minimising setup time, reducing hardware complexity, and improving

wearability. This makes channel optimisation an essential step toward practical and

scalable BCI systems.

High-density EEG systems with 32 or more electrodes provide rich spatial infor-

mation, but they are often impractical for real-life use due to their bulkiness and

lengthy setup procedures. Therefore, identifying a minimal yet effective subset of

electrodes is critical to maintain classification performance while enhancing system

usability.

Addressing research question (RQ.4c), a systematic exploration of reduced-

channel configurations was conducted across four distinct neural network archi-

tectures to assess their impact on classification performance. By evaluating both

literature-based and custom-designed electrode subsets, it aimed to determine the

minimum number of electrodes required to retain high decoding accuracy. This

analysis not only quantified the trade-offs between channel reduction and model

performance but also revealed the differential robustness of each architecture to

spatial sparsity.

As noted in Section 2.5.4 of the literature review, most prior work has focused

on posterior or occipital regions and lacked systematic evaluations of progressive

channel reduction, particularly under real-world conditions involving motion arti-

facts or integration with HMDs. This work directly addresses these limitations by

validating reduced-channel models in both clean and noisy scenarios, advancing the

feasibility of practical BCI deployment.

To assess the feasibility of reducing the number of EEG channels for practical

BCI deployment, the impact of various electrode subsets on model performance was

investigated. The baseline configuration consisted of the full set of 32 channels (see

Figure 6.3) used during data acquisition:
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32-channel (default):

• Ch-32: Fp1, Fpz, Fp2, F7, F3, Fz, F4, F8, FC5, FC1, FC2, FC6, TP9, T7,

C3, Cz, C4, T8, TP10, CP5, CP1, CP2, CP6, P7, P3, Pz, P4, P8, POz, O1,

Oz, and O2.

Figure 6.3: Electrode configuration showing all 32 EEG channels

To explore more compact and potentially optimal configurations, a variety of

reduced-channel sets was evaluated. Some of these were from existing literature,

while others were empirically designed. The combinations are grouped below. Each

channel configuration is visualized in Figure 6.4, where the selected electrodes are

marked in red.

1. 16-channel sets:

• Ch-16a [199]: FC1, FC2, C3, Cz, C4, CP1, CP2, P7, P3, Pz, P4, P8,

POz, O1, Oz and O2
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• Ch-16b: Fpz, FC1, FC2, TP9, TP10, CP5, CP6, P7, P3, Pz, P4, P8,

POz, O1, Oz and O2

2. 12-channel set:

• Ch-12: FC2, TP10, CP5, CP6, P7, P3, Pz, P4, P8, POz, O1 and O2

3. 10-channel set:

• Ch-10: FC2, TP10, CP5, CP6, P7, P3, Pz, P4, POz and O1

4. 8-channel sets:

• Ch-8a: [200] Fz, Cz, P7, P3, Pz, P4, P8 and Oz

• Ch-8b: FC2, TP10, P7, Pz, P4, P8, POz and O2

5. 6-channel sets:

• Ch-6a [199]: P3, Pz, P4, POz, O1 and O2

• Ch-6b: P7, P3, Pz, P4, P8 and POz

6. 4-channel sets:

• Ch-4a [199]: P3, P4, O1 and O2

• Ch-4b: FC2, P7, P8 and POz

These configurations were selected to assess the trade-off between classification

performance and electrode reduction. Channel sets from previous studies (e.g.,

Noble et al. [199], Sahay et al. [200]) were included for comparative analysis, as

they have demonstrated reliable performance in earlier P300 classification tasks.

In addition to the literature-supported configurations, several novel channel sub-

sets were designed and evaluated to investigate alternate spatial coverage patterns

that might better capture task-relevant neural activity in our specific experimental

context. These custom sets were carefully constructed by retaining posterior-parietal

and occipital electrode regions consistently implicated in P300 generation, while
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varying the inclusion of lateral, central, and frontal electrodes. This exploration al-

lows for a more comprehensive understanding of how different spatial layouts impact

decoding performance. This analysis aims to identify minimal yet effective electrode

subsets for real-world BCI applications, where usability, comfort, and portability are

critical.

6.4 Effect of Display Modality

This section investigates the effect of display modality on the RSVP image search

task, addressing research question RQ.4d, which explores how the use of a head-

mounted display (HMD), compared to a traditional monitor, impacts EEG signals

and overall BCI performance. As introduced in Chapter 3, two separate datasets

were collected in this study, each involving 10 subjects. In the original AMBER

dataset (see section 3.1), the RSVP task was presented on a standard monitor,

while in the AMBER 2.0 dataset (see section 3.2), the same task was presented

using a head-mounted display. All other aspects of the RSVP paradigm, including

stimulus presentation, remained consistent across both datasets.

While most prior research has relied exclusively on monitor-based RSVP displays,

as highlighted in the literature, this limits the portability and ecological validity of

BCI systems in real-world contexts. By analyzing the two modalities separately,

this work directly addresses that limitation and provides insight into how immer-

sive display technologies like HMDs may support more practical and mobile BCI

applications.

While previous analyses in this thesis treated both datasets collectively to maxi-

mize training diversity, this section analyzes them separately to isolate and evaluate

the impact of the display modality. A Leave-One-Subject-Out configuration is still

employed within each dataset, training on 9 subjects and testing on the 1 left-out

subject, allowing for consistent comparison between the two setups under identical

experimental conditions.
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6.5 Results and Discussion

6.5.1 Effect of Training Data Size

Tables 6.1 – 6.4 present the results from the analysis of subject-independent EEG

classification performance across four deep learning models: CNN-1 (Table 6.1),

EEGNet (Table 6.2), EEG Conformer (Table 6.3), and EEGNet-Transformer (Table

6.4). Each table reports the average ROC-AUC scores for individual subjects when

models were trained on data from 5, 10, 15, and 19 subjects, following the standard

Leave-One-Subject-Out approach.

Across all four architectures, a clear decrease in accuracy was observed as the

number of training subjects was reduced. Interestingly, EEGNet-Transformer con-

sistently outperforms the other models across most training sizes, achieving the

highest overall average ROC-AUC score (0.768) with 19 subjects, and maintain-

ing competitive performance even with fewer subjects (0.760 with 15 subjects and

0.751 with 10 subjects). This suggests that the transformer-based attention mech-

anisms may enhance robustness to subject variability and noise, making this model

particularly suitable for subject-independent EEG tasks even in low data settings.

EEGNet also shows stable and strong performance across all settings. It main-

tains a good balance between compact architecture and classification accuracy, es-

pecially evident with 10 and 15 training subjects, where it performs nearly on par

with EEGNet-Transformer. For instance, with 15 subjects, EEGNet achieves an

average AUC of 0.754 versus EEGNet-Transformer’s 0.760.

In contrast, CNN-1, while effective with more data (0.763 with 19 subjects),

experiences more noticeable degradation when trained with fewer subjects, dropping

to 0.706 with only 5. This suggests that CNN-1, being most data-hungry, is less

suited to low-data, subject-independent scenarios.

The EEG Conformer model displays a mixed pattern: while it performs strongly

with 15 and 19 subjects (0.756 and 0.764), its performance degrades the most when

the training data is small, achieving the lowest score (0.702) among all models with
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only 5 training subjects. This could be due to the model’s complexity and reliance

on sufficient data to fully leverage its convolution-attention hybrid design.

Overall, EEGNet-Transformer emerges as the most robust and high-performing

model across all training sizes, particularly excelling in both data-rich and data-

constrained scenarios. EEGNet follows closely behind, offering a lightweight yet

effective solution. CNN-1 and EEG Conformer perform well when ample data is

available, but show limited generalisation with smaller subject pools.

The same trend is visually illustrated in Figure 6.5, which presents boxplots

showing the distribution of ROC-AUC scores across all 20 test subjects for each

model under different training set sizes. The performance pattern aligns with the

earlier results, and performance consistently declines as the number of training sub-

jects decreases. The figure also highlights variability across models, with some main-

taining more stable performance under limited data conditions.

Figure 6.5: Effect of training data size on P300 classification performance. Each
boxplot represents the per-subject average ROC-AUC scores distribution across 20
test subjects under leave-one-subject-out evaluation.
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Table 6.1: ROC-AUC performance of CNN-1 with varying training set sizes (N=5,
10, 15, 19 subjects) using leave-one-subject-out approach on 20 total subjects

Subject
CNN1

number of training subjects
5 10 15 19

P1 0.608 0.619 0.627 0.595
P2 0.731 0.715 0.741 0.737
P3 0.631 0.675 0.628 0.678
P4 0.740 0.784 0.801 0.801
P5 0.778 0.843 0.844 0.852
P6 0.730 0.808 0.808 0.817
P7 0.668 0.750 0.742 0.747
P8 0.624 0.668 0.624 0.702
P9 0.752 0.829 0.821 0.830
P10 0.732 0.789 0.823 0.808
P11 0.811 0.824 0.842 0.876
P12 0.715 0.845 0.854 0.849
P13 0.703 0.705 0.711 0.713
P14 0.752 0.798 0.818 0.831
P15 0.769 0.771 0.804 0.804
P16 0.555 0.541 0.558 0.548
P17 0.629 0.678 0.694 0.732
P18 0.703 0.706 0.720 0.733
P19 0.740 0.804 0.816 0.844
P20 0.741 0.711 0.813 0.798

Average 0.706 0.743 0.754 0.763
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Table 6.2: ROC-AUC performance of EEGNet with varying training set sizes (N=5,
10, 15, 19 subjects) using leave-one-subject-out approach on 20 total subjects

Subject
EEGNet

number of training subjects
5 10 15 19

P1 0.621 0.622 0.636 0.632
P2 0.711 0.745 0.749 0.773
P3 0.669 0.706 0.701 0.679
P4 0.768 0.795 0.787 0.785
P5 0.817 0.811 0.834 0.845
P6 0.746 0.756 0.787 0.794
P7 0.691 0.730 0.752 0.778
P8 0.643 0.658 0.654 0.671
P9 0.773 0.813 0.819 0.845
P10 0.844 0.822 0.843 0.856
P11 0.794 0.816 0.841 0.848
P12 0.789 0.801 0.821 0.834
P13 0.696 0.673 0.659 0.709
P14 0.791 0.816 0.828 0.819
P15 0.759 0.799 0.798 0.795
P16 0.514 0.540 0.538 0.571
P17 0.693 0.647 0.734 0.740
P18 0.688 0.697 0.708 0.735
P19 0.771 0.798 0.815 0.859
P20 0.739 0.761 0.784 0.761

Average 0.726 0.740 0.754 0.767
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Table 6.3: ROC-AUC performance of EEG Conformer with varying training set
sizes (N=5, 10, 15, 19 subjects) using leave-one-subject-out approach on 20 total
subjects

Subject
EEG Conformer

number of training subjects
5 10 15 19

P1 0.586 0.624 0.629 0.613
P2 0.719 0.774 0.774 0.859
P3 0.594 0.626 0.630 0.635
P4 0.738 0.773 0.790 0.835
P5 0.802 0.824 0.853 0.857
P6 0.774 0.763 0.827 0.817
P7 0.682 0.722 0.711 0.749
P8 0.624 0.604 0.620 0.645
P9 0.679 0.723 0.751 0.674
P10 0.732 0.827 0.841 0.855
P11 0.782 0.811 0.844 0.843
P12 0.795 0.859 0.863 0.889
P13 0.707 0.697 0.739 0.720
P14 0.715 0.772 0.777 0.751
P15 0.721 0.755 0.776 0.783
P16 0.552 0.573 0.571 0.576
P17 0.670 0.713 0.711 0.700
P18 0.634 0.647 0.729 0.757
P19 0.759 0.774 0.806 0.846
P20 0.770 0.836 0.873 0.868

Average 0.702 0.735 0.756 0.764
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Table 6.4: ROC-AUC performance of EEGNet-Transformer with varying training
set sizes (N=5, 10, 15, 19 subjects) using leave-one-subject-out approach on 20 total
subjects

Subject
EEGNet-Transformer

number of training subjects
5 10 15 19

P1 0.606 0.616 0.632 0.634
P2 0.693 0.689 0.745 0.731
P3 0.675 0.679 0.699 0.705
P4 0.755 0.806 0.813 0.811
P5 0.805 0.830 0.839 0.852
P6 0.764 0.794 0.811 0.807
P7 0.689 0.746 0.740 0.758
P8 0.612 0.662 0.665 0.693
P9 0.813 0.837 0.852 0.863
P10 0.801 0.815 0.832 0.861
P11 0.815 0.829 0.840 0.852
P12 0.828 0.826 0.843 0.837
P13 0.612 0.677 0.685 0.706
P14 0.800 0.810 0.830 0.816
P15 0.784 0.780 0.795 0.787
P16 0.543 0.552 0.541 0.544
P17 0.651 0.702 0.711 0.704
P18 0.707 0.727 0.711 0.749
P19 0.807 0.829 0.829 0.847
P20 0.760 0.810 0.799 0.795

Average 0.726 0.751 0.760 0.768
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6.5.2 Fine-Tuning for Subject-specific Calibration

To evaluate subject-specific adaptation, two fine-tuning strategies, random data split

and session-based adaptation, were explored across four model architectures: CNN-

1, EEGNet, EEGNet-Transformer, and EEG Conformer. The ROC-AUC scores

were used to quantify classification performance. Tables 6.5 – 6.8 summarise the

performance of each model under the two fine-tuning protocols.

Table 6.5: ROC-AUC performance of CNN-1 with and without fine-tuning (FT),
evaluated under both random-split and session-based calibration protocols.

Subject

CNN-1

No Fine Tuning
Fine Tuning Strategy

Split Session Based
30% Ss1 Ss12 Ss123

P1 0.595 0.660 0.604 0.586 0.501
P2 0.737 0.914 0.898 0.924 0.935
P3 0.678 0.749 0.766 0.780 0.804
P4 0.801 0.856 0.815 0.875 0.881
P5 0.852 0.877 0.851 0.872 0.857
P6 0.817 0.875 0.839 0.890 0.894
P7 0.747 0.790 0.750 0.755 0.772
P8 0.702 0.772 0.743 0.760 0.759
P9 0.830 0.908 0.772 0.790 0.820
P10 0.808 0.906 0.912 0.907 0.837
P11 0.876 0.892 0.861 0.826 0.789
P12 0.849 0.896 0.887 0.895 0.962
P13 0.713 0.728 0.693 0.729 0.745
P14 0.831 0.845 0.836 0.789 0.782
P15 0.804 0.800 0.807 0.793 0.763
P16 0.548 0.619 0.514 0.549 0.554
P17 0.732 0.753 0.725 0.781 0.771
P18 0.733 0.771 0.745 0.709 0.632
P19 0.844 0.846 0.859 0.832 0.932
P20 0.798 0.919 0.808 0.942 0.949

Average 0.763 0.819 0.784 0.800 0.797

The results demonstrate a clear and consistent improvement in model perfor-

mance when fine-tuning is applied compared to models without any subject-specific

adaptation. Across all architectures, fine-tuning led to higher ROC-AUC scores,

underscoring its effectiveness in enhancing BCI system performance.

Without fine-tuning, the average ROC-AUC scores across all models ranged
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Table 6.6: ROC-AUC performance of EEGNet with and without fine-tuning (FT),
evaluated under both random-split and session-based calibration protocols.

Subject

EEGNet

No Fine Tuning
Fine Tuning Strategy

Split Session Based
30% Ss1 Ss12 Ss123

P1 0.632 0.654 0.663 0.660 0.530
P2 0.773 0.913 0.892 0.922 0.945
P3 0.679 0.803 0.750 0.792 0.781
P4 0.785 0.835 0.813 0.868 0.852
P5 0.845 0.873 0.853 0.881 0.882
P6 0.794 0.835 0.826 0.886 0.905
P7 0.778 0.813 0.711 0.715 0.705
P8 0.671 0.718 0.720 0.725 0.736
P9 0.845 0.895 0.830 0.847 0.813
P10 0.856 0.922 0.894 0.902 0.902
P11 0.848 0.846 0.809 0.779 0.723
P12 0.834 0.911 0.846 0.891 0.941
P13 0.709 0.732 0.655 0.721 0.736
P14 0.819 0.847 0.802 0.824 0.732
P15 0.795 0.801 0.780 0.778 0.751
P16 0.571 0.569 0.522 0.592 0.661
P17 0.740 0.751 0.671 0.750 0.815
P18 0.735 0.787 0.632 0.713 0.652
P19 0.859 0.855 0.795 0.821 0.855
P20 0.761 0.898 0.772 0.924 0.932

Average 0.767 0.813 0.762 0.800 0.792
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Table 6.7: ROC-AUC performance of EEG Conformer with and without fine-tuning
(FT), evaluated under both random-split and session-based calibration protocols.

Subject

EEG Conformer

No Fine Tuning
Fine Tuning Strategy

Split Session Based
30% Ss1 Ss12 Ss123

P1 0.613 0.711 0.653 0.562 0.560
P2 0.859 0.914 0.905 0.941 0.950
P3 0.635 0.841 0.707 0.732 0.840
P4 0.835 0.876 0.802 0.868 0.871
P5 0.857 0.880 0.874 0.891 0.883
P6 0.817 0.870 0.781 0.891 0.894
P7 0.749 0.826 0.778 0.787 0.779
P8 0.645 0.796 0.712 0.769 0.793
P9 0.674 0.929 0.830 0.838 0.723
P10 0.855 0.921 0.929 0.938 0.852
P11 0.843 0.861 0.827 0.800 0.730
P12 0.889 0.898 0.907 0.929 0.964
P13 0.720 0.736 0.719 0.767 0.729
P14 0.751 0.838 0.762 0.759 0.816
P15 0.783 0.793 0.787 0.766 0.659
P16 0.576 0.629 0.517 0.563 0.698
P17 0.700 0.761 0.717 0.636 0.771
P18 0.757 0.750 0.763 0.809 0.697
P19 0.846 0.862 0.836 0.839 0.907
P20 0.868 0.915 0.907 0.912 0.916

Average 0.764 0.830 0.786 0.800 0.802
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Table 6.8: ROC-AUC performance of EEGNet-Transformer with and without fine-
tuning (FT), evaluated under both random-split and session-based calibration pro-
tocols.

Subject

EEGNet-Transformer

No Fine Tuning
Fine Tuning Strategy

Split Session Based
30% Ss1 Ss12 Ss123

P1 0.634 0.680 0.617 0.571 0.460
P2 0.731 0.933 0.927 0.950 0.939
P3 0.705 0.812 0.781 0.790 0.830
P4 0.811 0.879 0.763 0.885 0.867
P5 0.852 0.898 0.683 0.888 0.877
P6 0.807 0.893 0.800 0.881 0.889
P7 0.758 0.817 0.753 0.688 0.748
P8 0.693 0.802 0.755 0.762 0.779
P9 0.863 0.906 0.835 0.846 0.817
P10 0.861 0.917 0.915 0.915 0.865
P11 0.852 0.876 0.801 0.757 0.814
P12 0.837 0.877 0.889 0.921 0.927
P13 0.706 0.726 0.705 0.731 0.729
P14 0.816 0.866 0.823 0.797 0.779
P15 0.787 0.816 0.795 0.801 0.726
P16 0.544 0.635 0.542 0.573 0.618
P17 0.704 0.771 0.774 0.795 0.823
P18 0.749 0.781 0.764 0.773 0.659
P19 0.847 0.827 0.847 0.839 0.889
P20 0.795 0.885 0.907 0.919 0.936

Average 0.768 0.830 0.784 0.804 0.799
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between 0.763 and 0.768, indicating moderate but insufficient performance for reli-

able BCI operation. However, with fine-tuning, regardless of the strategy employed

(random splits, Ss1, Ss12, or Ss123), the average performance improved significantly,

reaching AUC values between 0.784 and 0.830. This improvement was particularly

pronounced in subjects such as P2, where fine-tuning increased the AUC from 0.737

(no fine-tuning) to 0.935–0.950 (with session-based fine-tuning), and P20, where

performance rose from 0.798 to as high as 0.949. These gains highlight the necessity

of subject-specific adaptation to achieve optimal decoding accuracy.

Notably, the worst-performing subjects without fine-tuning (P1, P16) still ex-

hibited improvements after fine-tuning, though their absolute performance remained

lower than others.

The benefits of fine-tuning were evident even with minimal subject-specific data.

For instance, fine-tuning with just Ss1 (a single session) improved the average AUC

from 0.763–0.768 (no fine-tuning) to 0.762–0.786, with some subjects (P10, P19)

showing near-peak performance with this limited calibration. More extensive fine-

tuning (Ss12 or Ss123) further boosted performance, but the gains were often in-

cremental, reinforcing that even small amounts of subject-specific data can yield

substantial improvements.

However, the extent of improvement varied across models. While transformer-

based architectures (EEG Conformer, EEGNet-Transformer) showed strong gains

with minimal data, EEGNet exhibited weaker adaptation, with its average AUC

staying almost the same (0.767 → 0.762) and even decreasing for some subjects (e.g.,

P7: 0.778 → 0.711). This indicates that EEGNet may require more calibration data

for reliable subject-specific tuning.

This suggests that while fine-tuning consistently enhances generalisability com-

pared to non-adapted models, the final performance ceiling depends on three key

factors: (1) the amount of fine-tuning data available, (2) the specific architecture’s

adaptability to the amount of calibration data, and (3) inherent subject variabil-

ity. Transformer-based models demonstrated robust performance even with minimal
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fine-tuning, while EEGNet showed sensitivity to data scarcity, with its gains dimin-

ishing when only one session was available.

Moreover, individual differences persisted across all conditions - some subjects

(e.g., P10, P19) reached near-optimal performance with just Ss1, while others (e.g.,

P1, P16) remained challenging cases regardless of fine-tuning amount or model

choice. These results emphasize that while increasing fine-tuning data (from Ss1

to Ss12/Ss123) generally improves performance, the relationship is non-linear and

mediated by both model architecture and subject-specific factors, suggesting that

optimal calibration strategies should consider this three-way interaction in real-world

BCI deployments.

• Random Fine-Tuning Yields Higher Accuracy but Less Realistic

Evaluation

As shown in Tables 6.5 – 6.8, the random split strategy consistently outperformed

all session-based variants across all four models. Average ROC-AUC scores for CNN-

1 (0.819), EEGNet (0.813), EEG Conformer (0.830), and EEGNet-Transformer

(0.830) were the highest under random sampling. This performance gain, however,

must be interpreted with caution.

The inflated scores from random splitting can be attributed to temporal leakage

and autocorrelation in EEG data. EEG signals are inherently non-independent and

temporally structured. When data are randomly sampled from across all sessions,

trials that are temporally or contextually similar often end up in both the train-

ing and testing sets. This leakage artificially simplifies the classification task, as

the model encounters highly correlated examples during testing that it has already

learned from during fine-tuning.

In addition, random splits preserve the underlying data distribution while mask-

ing critical sources of neural variability inherent to real-world usage. By pooling

data across sessions, this approach artificially minimises the impact of natural sig-

nal fluctuations, including amplitude variations, latency shifts, and morphological

changes, caused by factors such as evolving mental states, fatigue, head movement,
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or electrode impedance drift. These variations alter the signal characteristics across

recording sessions but become homogenized through random sampling, effectively

obscuring the very challenges that make real-world BCI applications difficult.

Consequently, while random fine-tuning demonstrates high accuracy, it provides

an overly optimistic estimate of generalisation performance by failing to account

for both the temporal non-stationarity and session-to-session variability that fun-

damentally challenge operational BCI systems. The resulting models may excel at

classifying carefully curated data splits but lack robustness against the dynamic

neural patterns encountered in actual deployment scenarios.

• Session-Based Fine-Tuning: A Realistic Yet Challenging Paradigm

In contrast, session-based fine-tuning provides a more ecologically valid evalua-

tion. This approach mimics realistic deployment scenarios, where a user performs

an initial calibration session (e.g., Session 1), and the trained system is expected to

function in subsequent sessions without repeated calibration. However, this strategy

consistently led to lower performance compared to the random split. The average

ROC-AUC scores dropped by 0.03-0.05 points (CNN-1: 0.784, EEGNet: 0.762,

EEG Conformer: 0.786, EEGNet-Transformer: 0.784), highlighting the challenges

introduced by temporal and physiological variability across sessions.

The performance degradation is primarily due to session-to-session variability in

EEG signals. Each session introduces shifts in brain dynamics and recording condi-

tions, such as changes in user attention, emotional state, or even subtle variations

in cap placement. Since the fine-tuning and testing sessions are strictly separated

in this setting, no temporal leakage is possible, and the model must generalise to

previously unseen temporal contexts, making the task more difficult; however, more

realistic.

Despite this challenge, session-based strategies offer a more trustworthy estimate

of model performance over time. Importantly, they reflect the operational realities

of BCIs in real-world environments, where calibration burden must be minimised,

and long-term performance consistency is essential.
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Figure 6.6 illustrates the average ROC-AUC performance for each model under

four fine-tuning strategies: random data split and session-based fine-tuning using

one (Ss1), two (Ss12), and three (Ss123) sessions.

Figure 6.6: Comparison of average ROC-AUC scores across different fine-tuning
strategies.

• Optimal Calibration Trade-Off: Two Sessions May Be Sufficient

A key finding from this analysis is that increasing the number of sessions used

for fine-tuning improves performance to a certain extent, but gains tend to saturate

beyond two sessions. Specifically, fine-tuning using only Session 1 (Ss1) consistently

resulted in the lowest performance across all models. The average ROC-AUC scores

were relatively poor; CNN-1: 0.784, EEGNet: 0.762, EEG Conformer: 0.786, and

EEGNet-Transformer: 0.784. This suggests that relying on a single session for

calibration is insufficient, likely due to the inability to capture the full variability in

EEG signal dynamics and task engagement across time.

In contrast, fine-tuning with two sessions (Ss12) led to an improved performance

across all models; CNN-1: 0.800, EEGNet: 0.800, EEG Conformer: 0.800, EEGNet-

Transformer: 0.804.
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These results indicate that incorporating data from a second session enhances the

model’s ability to generalise to unseen sessions by capturing a broader range of neu-

ral and noise-related variability. Importantly, adding a third session (Ss123) yielded

only marginal or inconsistent gains, with some models even showing slight perfor-

mance drops; CNN-1: 0.797, EEGNet: 0.792, EEG Conformer: 0.802, EEGNet-

Transformer: 0.799.

This variance in performance implies that while a second session is necessary

to boost generalisability, a third session does not offer statistically meaningful im-

provements. It is possible that adding more data beyond a certain point introduces

redundant or noisy information, or that diminishing returns are reached due to

the model already capturing the most informative inter-session variability with two

sessions.

Overall, these findings highlight that calibration using only a single session is in-

sufficient for reliable BCI operation. However, two-session fine-tuning (Ss12) strikes

an optimal balance between calibration effort and model performance, offering a

practical trade-off for real-world BCI systems. This insight is valuable for designing

user-friendly calibration protocols, especially in applications where time, fatigue, or

attention span are limiting factors.

In order to validate the claim that using two sessions for fine-tuning offers an

optimal balance between calibration effort and model performance, a series of paired

t-tests was conducted, comparing the classification scores obtained under different

fine-tuning configurations: Ss1 (Session 1 only), Ss12 (Sessions 1 and 2), and Ss123

(Sessions 1 to 3). To ensure a robust and model-agnostic statistical analysis, the

classification results across all four models were pooled together, yielding 80 samples

for each session configuration.

The results revealed a statistically significant improvement when comparing Ss1

to Ss12, t(79)= -4.07, p < 0.001, indicating that including a second session for

fine-tuning leads to significantly better model performance than relying on a single

session. In contrast, the comparison between Ss12 and Ss123 yielded no significant
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difference, t(79)= 0.53, p= 0.598, suggesting that adding a third session does not

provide a meaningful benefit. However, comparing Ss1 directly to Ss123 still showed

a statistically significant improvement, t(79)= -2.18, p= 0.032, although the effect

size was smaller than that observed between Ss1 and Ss12.

These findings empirically support the earlier observation of this work that using

only one session for fine-tuning results in suboptimal generalisation, while fine-tuning

with two sessions provides sufficient adaptation without unnecessary overhead. The

lack of further improvement with a third session confirms that Ss12 offers the best

trade-off between performance and practicality for real-world BCI deployment.

• Noise Adaptation

To explore real-world adaptation of BCI systems, fine-tuning experiments were

extended by incorporating noisy data into the calibration process. In the earlier

analysis using clean (traditional RSVP) data, different fine-tuning strategies were

evaluated for subject-specific calibration. The results indicated that session-based

fine-tuning using the initial two sessions (i.e., Ss12) provided a balanced trade-off,

offering a significant performance boost while avoiding unnecessary calibration ef-

fort, as including a third session did not yield further improvements. Building on

this, the same configuration was adopted to fine-tune models using intentionally

contaminated data, simulating real-world conditions. Specifically, subject-specific

fine-tuning was performed using calibration data contaminated by three different

artifact categories: body movement, head movement, and talking. This approach

allows for evaluating how effective real-world noisy calibration data can be in adapt-

ing subject-independent models for robust BCI performance.

The results in Figure 6.7 reflect the model performances on contaminated data

before and after applying fine-tuning (FT) calibration using sessions Ss1 and Ss2.

Across all three noise categories, consistent performance improvements were ob-

served following fine-tuning. This confirms the importance and effectiveness of per-

sonalized calibration, even when the calibration data itself contains real-world noise.
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Figure 6.7: Finetune calibration with noisy data.

Among the three artifact types, head movement proves to be the most disrup-

tive, showing the lowest baseline AUC scores across all models (ranging from 0.59

to 0.614). Despite this, fine-tuning significantly enhances performance, with AUCs

rising close to or above 0.69 in most cases. This improvement is particularly encour-

aging, as head movement artifacts are common in practical, mobile BCI scenarios.

The proposed models, along with the effective fine-tuning strategy, demonstrate a

meaningful ability to adapt to such challenging conditions.

Talking and body movement artifacts are comparatively less severe. For both,

strong baseline performance is observed (e.g., up to 0.735 AUC for EEGNet under

talking noise), with further improvements post fine-tuning (e.g., 0.81735 AUC for

EEGNet-Transformer). The consistent boost after FT underscores the critical role

of even short calibration sessions in adapting pre-trained models to individual users

and environmental noise, reflecting realistic BCI usage.

Across all models, EEGNet-Transformer stands out by delivering the highest or
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near-highest scores in each noise category, both before and after fine-tuning. This

reaffirms its robustness not only in clean environments but also in noisy, real-world

settings, further solidifying its role as a strong candidate for deployable BCIs.

Overall, these findings highlight the practical feasibility of using noisy calibration

data to personalize subject-independent models. With only two short calibration

sessions, the models adapt effectively, marking a step forward toward truly adaptive

and usable BCIs in naturalistic, everyday environments.

6.5.3 Optimal Channels

The evaluation of reduced-channel configurations across four architectures reveals

several critical insights about the trade-offs between performance and practicality

in EEG-based BCIs. While the default 32-channel setup consistently delivered the

highest average performance across all models (AUC: 0.763–0.768), certain reduced-

channel configurations achieved competitive results, suggesting that careful channel

selection can significantly minimise hardware complexity without substantially com-

promising decoding accuracy.

The CNN-1 architecture demonstrated significant sensitivity to channel reduc-

tion, particularly for subjects with complex activation patterns. For subject P2

(high performer), the 32-channel configuration achieved 0.737 AUC, while even the

best reduced configuration (Ch-16b) showed a 4.3% performance drop. However, P9

exhibited remarkable resilience, maintaining 0.87 AUC with Ch-16b (only 4.8% re-

duction from 32-channel). The steepest declines were observed in frontal-dominant

subjects like P3, where Ch-16a (excluding frontal electrodes) led to a 14.7% reduc-

tion.

The 32-channel configuration achieved the highest average performance (0.763

AUC), with my custom Ch-16b emerging as the closest competitor at 0.740 AUC

(97% of full-channel performance). Notably, Noble’s Ch-16a (0.697 AUC) demon-

strated that simply matching channel count isn’t sufficient - my Ch-16b’s parietal-

occipital focus provided an 8.3% improvement over Ch-16a despite identical channel
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numbers. Performance declined sharply below 12 channels: Ch-12 (0.721 AUC),

Ch-10 (0.724 AUC), with the most dramatic drops occurring at minimal configu-

rations - Ch-4a (0.594 AUC) and Ch-4b (0.623 AUC) representing just 78-82% of

full-channel performance. The 8-channel configurations revealed my Ch-8b (0.702

AUC) outperformed Sahay’s Ch-8a (0.665 AUC) by 5.6%, validating the temporal-

parietal electrode selection strategy.

Table 6.9: Channel set comparison: ROC-AUC scores for CNN-1.

Sub
CNN-1 – Optimal Channel Identification

Ch-32 Ch-16a Ch-16b Ch-12 Ch-10 Ch-8a Ch-8b Ch-6a Ch-6b Ch-4a Ch-4b
1 0.595 0.590 0.627 0.634 0.596 0.559 0.618 0.574 0.555 0.517 0.572
2 0.737 0.701 0.737 0.706 0.708 0.637 0.714 0.628 0.606 0.663 0.547
3 0.678 0.578 0.621 0.671 0.602 0.540 0.671 0.594 0.543 0.499 0.555
4 0.801 0.671 0.766 0.731 0.704 0.690 0.700 0.637 0.586 0.634 0.620
5 0.852 0.776 0.830 0.816 0.811 0.687 0.811 0.702 0.746 0.603 0.704
6 0.817 0.760 0.791 0.731 0.749 0.718 0.729 0.723 0.743 0.711 0.704
7 0.747 0.711 0.672 0.690 0.684 0.619 0.653 0.671 0.623 0.577 0.572
8 0.702 0.724 0.715 0.716 0.690 0.644 0.684 0.599 0.571 0.659 0.590
9 0.830 0.758 0.870 0.859 0.826 0.784 0.859 0.812 0.772 0.714 0.729
10 0.808 0.710 0.732 0.669 0.737 0.607 0.488 0.565 0.594 0.479 0.545
11 0.876 0.812 0.824 0.803 0.786 0.797 0.770 0.755 0.758 0.672 0.697
12 0.849 0.806 0.804 0.786 0.828 0.654 0.759 0.741 0.694 0.691 0.694
13 0.713 0.594 0.705 0.666 0.727 0.688 0.667 0.514 0.573 0.580 0.531
14 0.831 0.731 0.811 0.812 0.838 0.686 0.792 0.586 0.696 0.528 0.705
15 0.804 0.779 0.791 0.791 0.793 0.725 0.757 0.699 0.719 0.678 0.687
16 0.548 0.512 0.505 0.483 0.483 0.544 0.510 0.517 0.613 0.449 0.560
17 0.732 0.556 0.644 0.651 0.657 0.612 0.659 0.559 0.595 0.440 0.646
18 0.733 0.625 0.726 0.681 0.677 0.664 0.680 0.582 0.692 0.532 0.638
19 0.844 0.760 0.806 0.763 0.784 0.695 0.751 0.582 0.662 0.504 0.638
20 0.798 0.792 0.833 0.764 0.799 0.756 0.765 0.484 0.604 0.738 0.519

Avg 0.763 0.697 0.740 0.721 0.724 0.665 0.702 0.626 0.647 0.594 0.623

Despite its simpler architecture, EEGNet showed surprising efficiency in some

cases. Subject P19 retained 95.3% of full performance using Ch-16b (0.818 vs.

0.859 AUC). However, temporal-lobe-dependent subjects like P7 suffered dramat-

ically with channel reduction (22.4% drop with Ch-4a). Interestingly, Noble’s 6a

configuration worked exceptionally well for P6 (0.721 AUC) while failing for P10

(0.565), highlighting subject-specific optimal configurations.

The full 32-channel setup set the benchmark at 0.767 AUC, with Ch-16b again

proving most effective among reduced configurations (0.747 AUC, 97.4% reten-

tion). Interestingly, while Ch-16a (0.695 AUC) underperformed, the 12-channel

setup (0.734 AUC) maintained 95.7% performance, suggesting EEGNet can effec-

tively utilize focused channel sets. Below this threshold, degradation accelerated:
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Ch-10 (0.726 AUC), Ch-8b (0.709 AUC), reaching minimums at Ch-4a (0.601 AUC)

- a 21.6% drop from full configuration. The 6-channel results showed Noble’s Ch-

6a (0.658 AUC) slightly outperformed my Ch-6b (0.651 AUC), suggesting occipital

coverage may be more critical than parietal for EEGNet.

Table 6.10: Channel set comparison: ROC-AUC scores for EEGNet.

Sub
EEGNet – Optimal Channel Identification

Ch-32 Ch-16a Ch-16b Ch-12 Ch-10 Ch-8a Ch-8b Ch-6a Ch-6b Ch-4a Ch-4b
1 0.632 0.619 0.639 0.647 0.645 0.568 0.615 0.581 0.531 0.491 0.556
2 0.773 0.648 0.747 0.753 0.735 0.644 0.688 0.604 0.580 0.670 0.628
3 0.679 0.635 0.646 0.674 0.673 0.621 0.698 0.626 0.577 0.547 0.527
4 0.785 0.703 0.761 0.741 0.741 0.668 0.689 0.672 0.622 0.632 0.554
5 0.845 0.782 0.818 0.793 0.805 0.807 0.785 0.619 0.761 0.661 0.679
6 0.794 0.758 0.778 0.744 0.754 0.703 0.719 0.721 0.747 0.699 0.649
7 0.778 0.692 0.730 0.711 0.690 0.603 0.712 0.661 0.658 0.621 0.640
8 0.671 0.659 0.713 0.734 0.721 0.668 0.661 0.661 0.609 0.641 0.639
9 0.845 0.754 0.845 0.832 0.816 0.779 0.851 0.774 0.695 0.695 0.673
10 0.856 0.709 0.736 0.652 0.744 0.644 0.582 0.687 0.644 0.523 0.727
11 0.848 0.801 0.798 0.823 0.786 0.782 0.796 0.759 0.713 0.686 0.658
12 0.834 0.805 0.819 0.819 0.796 0.694 0.724 0.770 0.719 0.699 0.718
13 0.709 0.601 0.710 0.655 0.675 0.630 0.632 0.568 0.588 0.550 0.575
14 0.819 0.768 0.844 0.842 0.827 0.653 0.772 0.647 0.696 0.535 0.744
15 0.795 0.785 0.797 0.785 0.760 0.705 0.750 0.728 0.720 0.675 0.719
16 0.571 0.472 0.561 0.506 0.495 0.541 0.557 0.527 0.573 0.431 0.618
17 0.740 0.593 0.641 0.659 0.622 0.581 0.666 0.563 0.624 0.464 0.664
18 0.735 0.618 0.745 0.725 0.693 0.612 0.737 0.642 0.676 0.601 0.621
19 0.859 0.779 0.818 0.795 0.754 0.731 0.808 0.715 0.663 0.533 0.718
20 0.761 0.714 0.804 0.792 0.788 0.692 0.734 0.629 0.622 0.658 0.557

Avg 0.767 0.695 0.747 0.734 0.726 0.666 0.709 0.658 0.651 0.601 0.643

The EEG Conformer model exhibited the most stable performance across chan-

nel reductions, with only 2.4% average degradation from 32 to 16 channels. Subject

P14 showed exceptional performance retention (0.862 AUC with Ch-16b vs 0.835 32-

channel), likely due to the model’s ability to attend to critical parietal regions. How-

ever, frontal-lobe-dependent tasks (P13) still suffered 15.3% performance loss with

Ch-12. The 8-channel configurations revealed an interesting contrast - while Ch-8a

(centered on midline electrodes) worked well for P15 (0.706 AUC), my temporal-

parietal Ch-8b better served P18 (0.712 vs 0.664).

With the most stable channel scaling, EEG Conformer’s 32-channel baseline

(0.764 AUC) saw minimal degradation to Ch-16b (0.746 AUC, 97.6% retention).

The model maintained exceptional performance down to 12 channels (0.720 AUC,

94.2%), outperforming EEGNet by 3.5% at this level. The 8-channel configura-

tions revealed Ch-8b (0.697 AUC) was superior to Ch-8a (0.670 AUC), particularly
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Table 6.11: Channel set comparison: ROC-AUC scores for EEG Conformer.

Sub
EEG Conformer – Optimal Channel Identification

Ch-32 Ch-16a Ch-16b Ch-12 Ch-10 Ch-8a Ch-8b Ch-6a Ch-6b Ch-4a Ch-4b
1 0.613 0.614 0.625 0.613 0.597 0.560 0.600 0.544 0.563 0.536 0.596
2 0.859 0.725 0.840 0.786 0.692 0.695 0.708 0.611 0.687 0.618 0.678
3 0.635 0.647 0.622 0.603 0.635 0.592 0.623 0.612 0.514 0.560 0.566
4 0.835 0.685 0.720 0.751 0.752 0.697 0.722 0.662 0.588 0.582 0.576
5 0.857 0.735 0.837 0.790 0.792 0.642 0.779 0.552 0.668 0.602 0.604
6 0.817 0.768 0.777 0.668 0.753 0.746 0.688 0.640 0.679 0.593 0.683
7 0.749 0.527 0.756 0.686 0.686 0.653 0.641 0.609 0.586 0.571 0.630
8 0.645 0.646 0.697 0.666 0.664 0.612 0.685 0.644 0.660 0.593 0.592
9 0.674 0.695 0.772 0.797 0.689 0.692 0.741 0.557 0.771 0.599 0.741
10 0.855 0.685 0.732 0.580 0.631 0.711 0.490 0.678 0.626 0.548 0.680
11 0.843 0.774 0.807 0.729 0.779 0.699 0.736 0.713 0.635 0.703 0.668
12 0.889 0.822 0.877 0.867 0.848 0.679 0.819 0.731 0.770 0.693 0.764
13 0.720 0.651 0.779 0.750 0.714 0.680 0.708 0.579 0.611 0.552 0.628
14 0.751 0.771 0.862 0.852 0.834 0.696 0.782 0.646 0.706 0.565 0.763
15 0.783 0.696 0.759 0.771 0.744 0.706 0.755 0.646 0.701 0.616 0.719
16 0.576 0.600 0.547 0.535 0.526 0.580 0.524 0.570 0.648 0.504 0.576
17 0.700 0.584 0.613 0.658 0.609 0.640 0.622 0.634 0.614 0.523 0.602
18 0.757 0.691 0.800 0.739 0.745 0.708 0.712 0.669 0.687 0.584 0.635
19 0.846 0.738 0.668 0.753 0.661 0.677 0.794 0.679 0.703 0.554 0.664
20 0.868 0.733 0.835 0.814 0.808 0.730 0.817 0.663 0.718 0.723 0.673

Avg 0.764 0.689 0.746 0.720 0.708 0.670 0.697 0.632 0.657 0.591 0.652

for temporal-lobe tasks (7.1% improvement). At extreme reductions, Ch-4b (0.652

AUC) surprisingly outperformed Ch-4a (0.591 AUC) by 10.3%, suggesting the model

leverages temporal-parietal connections more effectively than pure occipital cover-

age.

The EEGNet-Transformer demonstrated the most graceful degradation, main-

taining >90% of 32-channel performance down to 12 channels for 75% of subjects.

Subject P9’s performance actually improved with Ch-16b (0.886 vs 0.863), suggest-

ing the transformer’s attention mechanism can better utilize focused channel sets.

However, subjects with diffuse activation patterns (P16) still required more channels

(minimum 6 for acceptable performance). The 4-channel configurations showed the

largest variance, with P12 maintaining 0.737 AUC (Ch-4b) while P17 dropped to

0.453.

Overall, this hybrid architecture showed remarkable resilience, with 32-channel

(0.768 AUC) to Ch-16b (0.749 AUC) representing just a 2.5% drop - the small-

est degradation among all models. Performance remained strong at Ch-12 (0.727

AUC, 94.7%) and even Ch-8b (0.712 AUC, 92.7%), demonstrating the transformer

attention mechanism’s ability to compensate for spatial sparsity. The 4-channel
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Table 6.12: Channel set comparison: ROC-AUC scores for EEGNet-Transformer.

Sub
EEGNet-Transformer – Optimal Channel Identification

Ch-32 Ch-16a Ch-16b Ch-12 Ch-10 Ch-8a Ch-8b Ch-6a Ch-6b Ch-4a Ch-4b
1 0.634 0.638 0.632 0.635 0.625 0.583 0.653 0.563 0.548 0.507 0.590
2 0.731 0.631 0.738 0.740 0.723 0.634 0.713 0.505 0.552 0.656 0.587
3 0.705 0.625 0.660 0.660 0.685 0.619 0.709 0.594 0.539 0.573 0.540
4 0.811 0.696 0.734 0.725 0.731 0.656 0.698 0.629 0.580 0.652 0.614
5 0.852 0.818 0.821 0.801 0.803 0.752 0.783 0.675 0.743 0.642 0.687
6 0.807 0.767 0.758 0.724 0.735 0.736 0.730 0.712 0.730 0.685 0.674
7 0.758 0.675 0.725 0.749 0.743 0.655 0.679 0.678 0.680 0.598 0.615
8 0.693 0.680 0.726 0.704 0.689 0.641 0.699 0.663 0.610 0.629 0.540
9 0.863 0.762 0.886 0.832 0.839 0.783 0.822 0.803 0.781 0.751 0.654
10 0.861 0.700 0.739 0.639 0.740 0.597 0.518 0.684 0.638 0.514 0.667
11 0.852 0.819 0.817 0.769 0.774 0.754 0.772 0.771 0.711 0.683 0.710
12 0.837 0.824 0.834 0.824 0.811 0.625 0.756 0.731 0.734 0.678 0.737
13 0.706 0.645 0.711 0.678 0.686 0.619 0.663 0.551 0.564 0.596 0.594
14 0.816 0.734 0.855 0.831 0.829 0.698 0.802 0.655 0.741 0.531 0.739
15 0.787 0.783 0.788 0.786 0.764 0.718 0.749 0.727 0.718 0.671 0.730
16 0.544 0.515 0.503 0.495 0.511 0.536 0.517 0.561 0.582 0.476 0.578
17 0.704 0.516 0.666 0.622 0.617 0.607 0.681 0.542 0.577 0.453 0.665
18 0.749 0.670 0.764 0.719 0.709 0.664 0.710 0.620 0.715 0.567 0.665
19 0.847 0.753 0.818 0.775 0.754 0.743 0.789 0.670 0.624 0.539 0.659
20 0.795 0.728 0.805 0.830 0.804 0.728 0.804 0.647 0.672 0.660 0.601

Avg 0.768 0.699 0.749 0.727 0.729 0.667 0.712 0.649 0.652 0.603 0.642

configurations exhibited the largest model-specific variance: Ch-4b (0.642 AUC)

outperformed Ch-4a (0.603 AUC) by 6.5%, contrasting with CNN-1’s preference for

Ch-4a. This suggests the attention mechanism redistributes focus differently than

convolutional filters.

• Cross-Model Insights and Practical Recommendations

Notably, the 16-channel configurations (i.e., Ch-16b) emerged as particularly

robust, nearly matching the 32-channel performance (average AUC drop: ≤ 0.023

across models). For instance, in EEGNet-Transformer, Ch-16b achieved an average

AUC of 0.749 compared to 0.768 for 32 channels, demonstrating that halving the

number of channels can retain 97% of the original performance. This trend held

for most subjects, with exceptions like P10 and P16, where performance drops were

more pronounced, likely due to their reliance on discarded frontal channels. The

success of Ch-16b over literature-based Ch-16a (AUC: +0.05 on average) underscores

the value of task-specific channel optimisation.

Further reduction to 12–10 channels introduced only marginal additional declines

(average AUC: 0.721–0.734), suggesting these configurations may offer a ”sweet
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spot” for applications demanding minimal setup time. Transformer-based models,

particularly EEG Conformer, maintained an AUC of 0.72 with Ch-12, indicating

that transformer-based models can effectively leverage sparse spatial sampling. How-

ever, performance variability increased among subjects, highlighting that individual

neuroanatomical differences may necessitate adaptive channel selection.

Below 10 channels, performance degradation became more pronounced, partic-

ularly for traditional CNNs (CNN-1, EEGNet), which struggled with very sparse

configurations (e.g., EEGNet’s AUC dropped by 0.106 from 32 to 4 channels). In

contrast, transformer-based models (EEG Conformer, EEGNet-Transformer) exhib-

ited greater resilience to channel reduction, especially with occipito-parietal cover-

age (e.g., Ch-8b preserved 93% of 32-channel performance in EEGNet-Transformer).

This aligns with their ability to capture long-range dependencies, compensating for

lost spatial resolution.

The most extreme reductions (Ch-4a/b) showed significant variability across sub-

jects. While some (e.g., P2, P15) retained reasonable performance (AUC: 0.65–0.73),

others (e.g., P16, P17) dropped below 0.45 AUC. This contrast suggests that ultra-

sparse configurations may be feasible only for specific user subgroups or paradigms,

necessitating pre-screening.

This analysis demonstrates that although 32-channel configurations offer opti-

mal performance, a well-designed 16-channel subset, specifically Ch-16b can retain

>95% of classification accuracy across diverse models, offering an effective trade-

off between usability and decoding power. Transformer-based architectures, par-

ticularly EEGNet-Transformer and EEG Conformer, exhibit strong potential for

low-channel scenarios, maintaining high performance even at ≤8 channels where

traditional CNNs fail. However, three critical limitations must be acknowledged:

1. Subject-Specific Variability: Optimal channel configuration varies across

individuals. For example, temporal lobe dominance in one subject doesn’t

guarantee similar patterns in others, necessitating personalized calibration.

2. Task Dependence: Channel sets optimised for P300 paradigms may be un-
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suitable for other BCI tasks like motor imagery or SSVEP, etc., which engage

different neural circuits.

3. Non-Linear Spatial Effects: The removal of seemingly redundant electrodes

can unpredictably disrupt model performance, particularly in subjects with

diffuse or atypical neural activation.

Figure 6.8 presents a bar chart comparing the average ROC-AUC scores across

various EEG channel configurations and four different models. The visualisation

highlights that strategically selected reduced-channel sets can retain competitive

classification performance. This supports the feasibility of more practical and wear-

able BCI implementations without incurring substantial accuracy loss.

Figure 6.8: Bar chart showing the average ROC-AUC performance for different
channel subsets.

To support the analysis on optimal channel selection and ensure statistically

robust, model-independent conclusions, a comprehensive statistical evaluation was

conducted. The ROC-AUC scores across all four models were pooled together, yield-

ing 80 samples for each channel configuration (excluding the default 32-channel con-

figuration). A Friedman test indicated a significant difference in ROC-AUC scores

among the ten channel configurations, χ2(9) = 401.51, p < 0.001. To further inves-
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tigate these differences, post-hoc Wilcoxon signed-rank tests with Holm-Bonferroni

correction were conducted. The pairwise significance results are summarised visu-

ally using a heatmap in the -10log (p-value) scale, where more intense colors reflect

stronger statistical significance (see Figure 6.9).

Figure 6.9: Heatmap of post-hoc Wilcoxon signed-rank test results comparing ROC-
AUC scores across all pairwise combinations of the ten channel configurations (The
default 32 channel configuration excluded).

The results revealed that Ch-4a [199] consistently performed significantly worse

than all other configurations, with significant differences observed in every pairwise

comparison. This strongly suggests that Ch-4a is suboptimal for classification per-

formance. While Ch-4b showed modest improvement over Ch-4a, it still performed

significantly worse than several higher-performing configurations, particularly Ch-

8b, Ch-10, Ch-12, and Ch-16b, though it was not significantly different from Ch-6a

and Ch-6b, both of which showed moderate classification performance.

The average performers, Ch-6a [199], Ch-6b, and Ch-8a [200] were not signif-

icantly different from each other. However, both were significantly outperformed

172



by Ch-10, Ch-12, and Ch-16b. Among all configurations, Ch-16b emerged as the

top performer, showing significantly higher ROC-AUC scores than nearly all other

channel groups, including its counterpart Ch-16a [199], highlighting its potential as

the most effective configuration for this classification task.

6.5.4 Effect of Display Modality

The results across the two display modalities are presented in Tables 6.13 – 6.20,

which report the average ROC-AUC scores for the four selected models under a

Leave-One-Subject-Out cross-validation scheme. For clarity, the tables are divided

by modality: Tables 6.13 – 6.16 correspond to the Monitor display condition, while

Tables 6.17 – 6.20 present the results for the Head-Mounted Display condition.

Overall, the findings suggest that both display methods yield comparable and

promising classification performance, with no drastic drop or gain in overall average

ROC-AUC across models. Specifically, for the HMD dataset, transformer-based

models (i.e., EEGNet-Transformer and EEG Conformer) performed best, achieving

average ROC-AUC scores of 0.7693 and 0.7706, respectively. EEGNet and CNN-

1 also performed competitively, both slightly trailing behind with scores of 0.7554

and 0.7562. In contrast, the monitor-based dataset showed similar trends, where

EEGNet-Transformer again performed best (0.7636), followed closely by EEGNet

(0.7606) and EEG Conformer (0.7523), with CNN-1 at 0.7396.

EEGNet-Transformer consistently performed well across both display modali-

ties, achieving the highest or near-highest average ROC-AUC scores in each case.

The other models also delivered competitive results, with only slight variations in

performance. These differences, however, are not substantial, indicating that all

models remained robust regardless of the display modality used. This suggests that

HMDs can be effectively used as an alternative to traditional monitors in RSVP-

based BCI tasks without compromising classification accuracy, thereby supporting

their potential utility in portable and immersive real-world BCI applications.

To further extend this analysis and better simulate real-world BCI usage, noisy
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data conditions, specifically, body movement, head movement, and talking, were

introduced alongside the clean (lab-controlled) data. The goal was to assess how

each modality withstands common sources of EEG contamination. Intensionally-

Contaminated RSVP results (Tables 6.13 – 6.20) reveal that noise significantly im-

pacts classification performance across all models, with the greatest drop observed

under head movement conditions. For instance, in the HMD setup, the average

AUC for EEGNet-Transformer decreased from 0.7693 (traditional RSVP) to 0.6067

(head movement), a drop of roughly 16.2%. In comparison, the monitor dataset

showed a smaller reduction from 0.7636 to 0.6067, around 15.7% for the same con-

dition. While the absolute differences are small, the HMD setup generally exhibited

a slightly larger performance degradation under all three noise types.

These findings suggest that while both display modalities demonstrate strong

potential for real-world BCI applications, monitor-based systems may offer slightly

more stable performance under noisy conditions. The HMD setup, though effective,

appears somewhat more sensitive to movement-related artifacts, particularly during

head movement, which can affect classification accuracy. Nonetheless, the overall

performance of HMD-based systems remains comparable, highlighting their promise

for enabling portable and immersive BCI solutions. With thoughtful system design

and user-centric considerations, HMDs can serve as a compelling alternative to tra-

ditional monitors, supporting the development of more flexible and accessible BCI

technologies suited for dynamic, real-world environments.

6.6 Practical BCI Design Recommendations

As brain-computer interfaces move from controlled laboratory experiments toward

real-world adoption, there is increasing interest in their integration into diverse

application domains such as assistive technologies, neurorehabilitation, cognitive

monitoring, gaming, and immersive human-computer interaction. For these appli-

cations, practical deployment requires systems that are not only accurate and fast

but also resilient to noise, minimally intrusive, and easy to set up and use in every-
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Table 6.13: Results of CNN-1 on the AMBER Dataset (Monitor Display).

Subject
AMBER dataset – CNN-1

RSVP
IC-RSVP

Body movement Head movement Talking
P1 0.599 0.583 0.578 0.676
P2 0.762 0.758 0.646 0.729
P3 0.627 0.636 0.518 0.702
P4 0.834 0.839 0.593 0.829
P5 0.827 0.789 0.518 0.786
P6 0.827 0.706 0.596 0.704
P7 0.698 0.699 0.639 0.656
P8 0.598 0.662 0.621 0.674
P9 0.853 0.817 0.753 0.752
P10 0.771 0.790 0.552 0.562

Average 0.740 0.728 0.601 0.707

Table 6.14: Results of EEGNet on the AMBER Dataset (Monitor Display).

Subject
AMBER dataset – EEGNet

RSVP
IC-RSVP

Body movement Head movement Talking
P1 0.605 0.607 0.525 0.703
P2 0.732 0.789 0.723 0.736
P3 0.749 0.746 0.557 0.769
P4 0.825 0.802 0.570 0.806
P5 0.860 0.805 0.568 0.855
P6 0.803 0.676 0.616 0.695
P7 0.698 0.668 0.604 0.641
P8 0.636 0.596 0.612 0.693
P9 0.831 0.832 0.748 0.781
P10 0.867 0.818 0.638 0.728

Average 0.761 0.734 0.616 0.741
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Table 6.15: Results of EEG Conformer on the AMBER Dataset (Monitor Display).

Subject
AMBER dataset – EEG Conformer

RSVP
IC-RSVP

Body movement Head movement Talking
P1 0.583 0.578 0.543 0.668
P2 0.787 0.746 0.695 0.780
P3 0.680 0.708 0.544 0.749
P4 0.838 0.791 0.588 0.823
P5 0.868 0.810 0.570 0.833
P6 0.817 0.665 0.620 0.696
P7 0.618 0.649 0.585 0.704
P8 0.659 0.542 0.513 0.616
P9 0.823 0.822 0.715 0.776
P10 0.850 0.742 0.571 0.540

Average 0.752 0.705 0.594 0.719

Table 6.16: Results of EEGNet-Transformer on the AMBER Dataset (Monitor Dis-
play).

Subject
AMBER dataset – EEGNet-Transformer

RSVP
IC-RSVP

Body movement Head movement Talking
P1 0.627 0.607 0.539 0.704
P2 0.780 0.783 0.658 0.751
P3 0.712 0.666 0.540 0.704
P4 0.834 0.835 0.583 0.821
P5 0.836 0.836 0.556 0.826
P6 0.787 0.734 0.611 0.741
P7 0.760 0.667 0.592 0.694
P8 0.636 0.630 0.648 0.665
P9 0.844 0.797 0.749 0.751
P10 0.820 0.797 0.591 0.606

Average 0.764 0.735 0.607 0.726
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Table 6.17: Results of CNN-1 on the AMBER 2.0 Dataset (HMD Display).

Subject
AMBER 2.0 dataset – CNN-1

RSVP
IC-RSVP

Body movement Head movement Talking
P1 0.849 0.882 0.658 0.889
P2 0.698 0.658 0.580 0.541
P3 0.734 0.681 0.530 0.743
P4 0.832 0.769 0.718 0.853
P5 0.794 0.650 0.603 0.642
P6 0.550 0.576 0.509 0.560
P7 0.736 0.669 0.539 0.605
P8 0.708 0.696 0.636 0.694
P9 0.844 0.811 0.674 0.766
P10 0.817 0.793 0.602 0.784

Average 0.756 0.719 0.605 0.708

Table 6.18: Results of EEGNet on the AMBER 2.0 Dataset (HMD Display).

Subject
AMBER 2.0 dataset – EEGNet

RSVP
IC-RSVP

Body movement Head movement Talking
P1 0.819 0.873 0.656 0.837
P2 0.780 0.716 0.557 0.608
P3 0.742 0.674 0.534 0.759
P4 0.823 0.773 0.692 0.857
P5 0.792 0.643 0.596 0.668
P6 0.583 0.637 0.520 0.605
P7 0.737 0.652 0.559 0.600
P8 0.657 0.702 0.637 0.733
P9 0.837 0.821 0.680 0.712
P10 0.784 0.750 0.645 0.721

Average 0.755 0.724 0.608 0.710
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Table 6.19: Results of EEG Conformer on the AMBER 2.0 Dataset (HMD Display).

Subject
AMBER 2.0 dataset – EEG Conformer

RSVP
IC-RSVP

Body movement Head movement Talking
P1 0.838 0.798 0.567 0.832
P2 0.871 0.757 0.602 0.722
P3 0.756 0.661 0.530 0.747
P4 0.851 0.767 0.691 0.773
P5 0.795 0.598 0.605 0.660
P6 0.547 0.565 0.521 0.555
P7 0.760 0.577 0.545 0.680
P8 0.678 0.661 0.606 0.710
P9 0.767 0.757 0.611 0.672
P10 0.843 0.763 0.599 0.712

Average 0.771 0.690 0.588 0.706

Table 6.20: Results of EEGNet-Transformer on the AMBER 2.0 Dataset (HMD
Display).

Subject
AMBER 2.0 dataset – EEGNet-Transformer

RSVP
IC-RSVP

Body movement Head movement Talking
P1 0.823 0.851 0.639 0.854
P2 0.840 0.779 0.581 0.756
P3 0.725 0.675 0.514 0.764
P4 0.854 0.807 0.705 0.830
P5 0.768 0.609 0.609 0.662
P6 0.547 0.596 0.518 0.576
P7 0.735 0.625 0.554 0.606
P8 0.728 0.714 0.653 0.706
P9 0.845 0.816 0.696 0.757
P10 0.831 0.797 0.647 0.785

Average 0.770 0.727 0.612 0.730
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day environments. This work offers several insights and guidelines to support that

transition.

While the analysis primarily focused on RSVP-based P300 signals, many of the

conclusions, particularly regarding model robustness, data efficiency, and hardware

considerations, are likely to generalise across similar ERP-based paradigms. Among

the evaluated models, EEGNet-Transformer consistently emerged as the most ef-

fective for real-world noisy conditions, offering strong performance in both clean

and artifact-contaminated data. Its transformer-based attention mechanisms ap-

pear particularly well-suited to handling signal variability and noise, making it a

compelling option for subject-independent applications in practical settings.

Another clear finding is that more training data improves subject-independent

model performance, enhancing generalisability across users. However, when large-

scale data is unavailable, transformer-based models still demonstrate acceptable

robustness, highlighting their adaptability for low-data scenarios where broad user

coverage is required.

From a hardware standpoint, channel reduction is both feasible and beneficial

for practical use. The experiments showed that a custom 16-channel configura-

tion strikes a strong balance between signal quality and usability, preserving most

of the performance of full 32-channel setups. If reducing complexity is a priority,

10–12 channels can still offer decent performance, though some trade-offs may occur.

Importantly, optimal channel sets can vary across individuals and tasks, so personal-

isation or adaptive channel selection strategies should be considered in deployment.

Subject-specific calibration through fine-tuning also proves valuable. Even with

noisy EEG data, fine-tuning using just two task-specific sessions significantly im-

proved performance across models. This reduces the user burden and increases

feasibility for real-world use, where long calibration times are impractical.

Finally, the findings show that both traditional monitor-based and HMD setups

can support effective RSVP-based BCIs. HMDs, while slightly more sensitive to

motion artifacts, offer the advantage of portability and immersive interaction with-
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out a major performance trade-off. This flexibility broadens the potential use cases

for BCIs, supporting mobile, ecologically valid applications beyond the lab.

6.7 Summary

• Training Size

To address research question (RQ.4a), which explores the impact of training

data volume on subject-independent P300 classification performance, the number of

training subjects was systematically varied under a Leave-One-Subject-Out frame-

work. Starting with the full set of 19 subjects, the training pool was progressively

reduced to 15, 10, and 5 subjects. For each reduced setting, subjects were randomly

selected and the process was repeated five times to ensure that the results were not

biased by any specific subject combination.

The analysis revealed a consistent performance degradation across all models as

the number of training subjects decreased. This trend underscores the importance

of data diversity and quantity in enhancing generalisability across unseen subjects.

Despite the decline in performance with reduced data, transformer-based mod-

els, especially EEGNet-Transformer, demonstrated notable robustness. EEGNet-

Transformer consistently outperformed other models in both high-data and low-data

scenarios, highlighting its ability to generalise well even when training data is scarce.

These findings confirm the scalability of transformer-based architectures and

their potential for developing reliable BCI systems in settings where large-scale

data collection may not be feasible. This is particularly valuable for real-world

applications where access to large datasets is often limited.

• FineTuning

Addressing research question (RQ.4b), this work systematically evaluates subject-

specific calibration strategies for EEG-based BCIs, addressing two critical questions:

which fine-tuning approach is most effective, and how much calibration data suffices
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for real-world deployment. Random data splitting (idealized but impractical) was

compared with session-based fine-tuning (real-world feasible) across four neural ar-

chitectures. While random splits yielded superior results, session-based calibration

using just two sessions (50% of available data) achieved comparable performance,

establishing a practical benchmark for clinical implementation. This finding is par-

ticularly valuable as it demonstrates that extended calibration periods may be un-

necessary, reducing user burden without compromising accuracy.

Extending the analysis to noisy real-world conditions, the two-session strategy

was validated across three noise categories: body movements, head movements, and

talking. Fine-tuning consistently improved performance in different conditions. This

confirms that fine-tuning not only personalizes the model to neural patterns but also

enhances robustness against real-world disturbances.

Notably, the EEGNet-Transformer proved particularly resilient, maintaining high

performance in both clean and noisy settings. Its ability to leverage just two noisy

calibration sessions for meaningful adaptation underscores its suitability for prac-

tical BCI deployment. These results highlight a critical insight: even imperfect,

noise-contaminated calibration data can effectively tailor models to individual users,

compensating for both individual variability and environmental interference.

• Channels

Addressing research question (RQ.4c), this chapter presents a systematic in-

vestigation of optimal EEG channel configurations for practical BCI applications,

evaluating performance across four neural network architectures (CNN-1, EEGNet,

EEG Conformer, and EEGNet-Transformer) using progressively sparser channel sets

from the standard 32-channel configuration down to minimal 4-channel setups. The

analysis reveals that carefully designed 16-channel configurations, particularly my

custom Ch-16b set, can preserve over 95% of the full-channel performance (0.740-

0.749 AUC versus baseline 0.763-0.768 AUC), demonstrating that significant channel

reduction is possible without substantial accuracy loss. Transformer-based architec-

tures show particular robustness to spatial sparsity, maintaining more than 90%
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accuracy even with only 8 channels, while traditional CNNs require at least 12

channels for comparable performance. Below this 12-channel threshold, the rela-

tionship between channel count and accuracy becomes increasingly nonlinear, with

disproportionate performance degradation occurring for certain subject-model com-

binations.

The findings carry important practical implications while revealing fundamen-

tal limitations of channel reduction approaches. While my custom configurations

consistently outperformed literature-derived sets at equivalent channel counts, the

study uncovered substantial subject-specific variability in optimal channel configu-

rations, with different individuals showing distinct spatial activation patterns. Fur-

thermore, the effectiveness of specific channel sets varies significantly across different

BCI paradigms, meaning configurations optimised for P300 detection may perform

poorly for other tasks like motor imagery. The research also identified hard limits to

spatial undersampling, with all models showing greater than 25% accuracy loss when

reduced below 6 channels for certain subjects. These results suggest a systematic

implementation approach: the Ch-16b configuration serves as an excellent default

starting point that balances performance and practicality, while transformer-based

systems may consider further reduction to 8-12 channels after careful subject-specific

validation.

• HMD vs Monitor

Addressing research question RQ.4d, this study investigated the impact of dis-

play modality, specifically, traditional monitor versus head-mounted display, on the

performance of RSVP-based EEG classification in BCI systems. Two datasets were

used: the AMBER dataset, which employed a standard monitor, and the AMBER

2.0 dataset, which utilized an HMD for RSVP presentation. Both datasets included

EEG recordings from 10 subjects each, and identical experimental protocols were fol-

lowed, apart from the display modality. A Leave-One-Subject-Out cross-validation

strategy was applied to evaluate the generalisability of four classification models:

CNN-1, EEGNet, EEG Conformer, and EEGNet-Transformer.
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Results showed that both display modalities yielded promising classification per-

formance, with EEGNet-Transformer consistently achieving high ROC-AUC scores

in both setups. Although slight variations were observed, for instance, EEGNet per-

formed marginally better on the monitor data, while CNN-1 and EEG Conformer

slightly favored the HMD, these differences were not substantial. This indicates

that both display modalities are viable for RSVP-based BCIs, with HMDs offering

additional portability and immersive benefits for real-world deployment.

To examine practical feasibility, the models were also tested on noisy EEG data

collected under body movement, head movement, and talking conditions. Perfor-

mance declined across all noise types, with head movement introducing the most

severe degradation. Notably, the HMD setup showed slightly greater sensitivity to

noise, particularly from head motion, likely due to its physical design. However,

the performance remained acceptable, further supporting the potential of HMDs for

portable BCI systems.
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Chapter 7

Conclusion and Future Work

This thesis has been motivated by the need to bridge the gap between high-performing

BCI systems developed under ideal laboratory conditions and their effective deploy-

ment in real-world environments. Specifically, it investigates the development of

noise-resilient EEG-based BCIs through the lens of single-trial classification, subject-

independent generalisation, minimal calibration requirements, and robustness to be-

havioral and environmental noise. The findings have broad implications for improv-

ing the usability, reliability, and practical viability of BCI systems in naturalistic

contexts, where artifacts are unavoidable, yet system performance must remain sta-

ble and effective.

To address this research problem, a comprehensive approach was adopted that

encompasses experimental design, systematic data collection under varying condi-

tions, extensive machine learning evaluations, and critical analysis of robustness

across multiple factors. The work is grounded in the real-world challenges facing

BCI deployment and aims to deliver both scientific insight and practical recommen-

dations for next-generation BCI development.

The major contributions of this thesis are as follows:

1. A systematic protocol was developed to collect EEG data under varied en-

vironmental conditions and display modalities (AMBER and AMBER 2.0),

enabling controlled comparisons of laboratory and real-world settings.

184



2. Noise was found to significantly degrade EEG signal quality, with head move-

ment causing the strongest disruptions among the tested artifact conditions.

3. Across a wide range of models, a hybrid Multiband EEGNet-Transformer

achieved the best performance in both clean and noisy conditions, outper-

forming traditional and baseline deep learning approaches.

4. Session-based fine-tuning demonstrated that using as little as two sessions

of subject-specific data notably improved performance, enhancing real-world

adaptability of subject-independent models.

5. A direct relationship between training data volume and performance was re-

vealed, with larger datasets and greater subject diversity improving generali-

sation across individuals.

6. A reduced EEG channel set of 16 electrodes preserved about 95% of perfor-

mance compared to the full 32-channel configuration, supporting the develop-

ment of lightweight, wearable BCI systems.

7. The use of head-mounted displays showed no significant differences from monitor-

based presentation, indicating their potential as a practical and portable so-

lution for real-world BCI applications.

A chapter-wise recap of the thesis is provided below to summarise the key focus

and contributions of each chapter.

7.1 Systematic EEG Data Collection – Chapter 3

As part of this thesis’s core contributions (Chapter 3), the AMBER and AMBER

2.0 datasets were systematically designed and collected to address a key gap in

BCI research: the lack of ecologically valid, noise-inclusive EEG datasets. AMBER,

based on a traditional monitor display, provides a controlled setup with synchronized

video for multimodal analysis, while AMBER 2.0 advances toward real-world use by
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employing head-mounted displays and introducing behavioral artifacts to simulate

practical conditions.

Together, these datasets enable cross-condition evaluation, support the devel-

opment of robust machine learning approaches, and serve as benchmarks for un-

derstanding the impact of environmental context, task modality, and user behavior

on BCI performance. They provide essential resources for advancing deployable,

noise-resilient BCIs.

7.2 Impact of Noise – Chapter 4

The work presented in Chapter 4 addressed the foundational challenges of deploying

RSVP-based P300 BCI systems in real-world conditions, focusing on the impact of

behavioral artifacts and the generalisability of models trained under clean versus

noisy settings. Specifically, it investigated Research Question 1 (RQ.1), the ef-

fect of real-world behaviors such as body movement, head movement, and talking on

EEG signals, and Research Question 2 (RQ.2), whether models trained on noisy

EEG can generalise effectively to artifact-contaminated conditions. These questions

aligned with the broader objective of systematically examining the practical viability

of traditional BCIs beyond controlled laboratory environments.

Noise was found to significantly degrade EEG signal quality, with head movement

causing the strongest disruptions among the tested artifact conditions. Across ex-

periments, models trained and tested on clean data consistently outperformed those

involving noisy or mixed-quality inputs. Notably, while training on both clean and

noisy data sometimes improved robustness when tested on similarly noisy data, it

did not yield reliable performance gains overall. These findings underscore the dual

challenge: (1) noise in testing data degrades model predictions, and (2) the inclusion

of noise in training data does not guarantee improved generalisation. Furthermore,

high rates of trial rejection, especially in head movement conditions, demonstrated

that traditional denoising strategies may result in substantial data loss, making

them impractical for real-world deployment.
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7.3 Subject Independent Benchmarking – Chap-

ter 5

One of the central aims of this thesis, aligned with the objective “to evaluate the

effectiveness of different machine learning approaches for subject-independent and

noise-resilient P300 detection” (presented in Chapter 5), was to explore and ad-

vance subject-independent classification strategies, particularly under noisy, real-

world conditions. While most BCI studies focus on subject-specific classification,

these approaches are impractical for real-world use due to their heavy calibration

requirements. To enable scalable, plug-and-play BCIs, this work systematically

evaluated a broad range of machine learning and deep learning approaches using a

rigorous LOSO framework. Specifically, this chapter responds to Research Ques-

tion 3 (RQ.3): Which advanced machine learning models are most effective in

achieving subject-independent P300 detection robust to real-world noise?

A wide spectrum of models was evaluated and the findings revealed that models

incorporating spatial filtering, temporal attention, and frequency-specific processing,

most notably the EEGNet-Transformer with multiband processing, appear to deliver

better performance across both clean and noisy test conditions. This suggests that

carefully designed hybrid architectures are more effective than either traditional

methods or deep models used in isolation.

However, it was also found that more complex models, especially those with

multiband and MoE enhancements, come with increased computational costs, rais-

ing practical considerations for real-time or embedded deployment.

7.4 Practical Refinements and Design Considera-

tions for Real-World BCIs – Chapter 6

The work presented in Chapter 6 explores essential practical considerations for the

deployment of BCIs in real-world environments, addressing Research Question 4
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(RQ.4): What are the key practical refinements and design considerations needed

to transition BCI systems from lab-controlled environments to effective real-world

applications?

The objective was to identify practical refinements and constraints that guide the

real-world deployment of BCI systems with minimal performance loss under noisy,

constrained, and variable conditions. To address this broader research question, the

following four critical factors were systematically investigated:

• What is the impact of the amount of training data from different subjects on

the performance of subject-independent BCI models? (RQ.4a)

To address RQ.4a, I evaluated model generalisability in a LOSO setting by vary-

ing the number of training subjects (19, 15, 10, and 5). The results showed a clear

decline in ROC-AUC performance as the training set size decreased, highlighting the

critical role of training data volume. Importantly, it is not only the quantity of data

but also the diversity of subjects that matters: including more individuals exposes

the model to a broader range of neural patterns and inter-subject variability, which

enhances its ability to generalise to unseen users in real-world settings.

• How much subject-specific calibration data is required to effectively adapt

subject-independent models for improved performance in the presence of noise?

(RQ.4b)

To address RQ.4b, two fine-tuning strategies were compared: (i) random split-

ting of available data, providing an optimistic upper bound, and (ii) session-based

adaptation, which better reflects realistic deployment. While random splitting un-

surprisingly achieved the highest gains, session-based fine-tuning with only two ses-

sions yielded nearly equivalent improvements.

Importantly, these insights were further validated under noisy conditions, in-

cluding body movement, head movement, and talking artifacts. In all scenarios,

fine-tuning, even on noisy data, consistently improved classification performance.
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This underscores the value of modest subject-specific calibration in boosting both

personalisation and noise robustness.

• What is the optimal number and combination of EEG channels required to

maintain high classification accuracy while minimising complexity in real-

world BCI applications? (RQ.4c)

To address RQ.4c, I systematically evaluated a broad range of channel configura-

tions, including both those reported in the literature and newly proposed combina-

tions. The results showed that the Ch-16b configuration offered the best trade-off,

retaining over 95% of the performance of the full 32-channel setup while halving the

number of electrodes. This demonstrates the feasibility of reducing hardware com-

plexity without substantially compromising accuracy. However, it is important to

note that channel selection is highly task-dependent: while Ch-16b proves effective

for RSVP-P300, the same configuration may not generalize to other BCI paradigms

such as motor imagery or SSVEP.

• How does the use of a head-mounted display (HMD) for RSVP presentation,

compared to a traditional monitor, affect the EEG signals and BCI perfor-

mance in both clean and noisy conditions? (RQ.4d)

To address RQ.4d, a comparative analysis was performed using two matched

datasets: AMBER (monitor display) and AMBER 2.0 (HMD display). The results

revealed that both modalities supported reliable P300-based BCI classification, with

models achieving broadly comparable performance in both clean and noisy condi-

tions. These findings demonstrate that HMD-based RSVP paradigms are not only

feasible but also hold strong potential for advancing mobile and ecologically valid

BCI applications, offering greater flexibility for real-world deployment without sac-

rificing performance.
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7.5 Future Work

The following future work directions are proposed to advance the development of

subject-independent, noise-resilient, and practically deployable BCI systems.

7.5.1 Datasets and Paradigms

Future work should expand to larger and more diverse datasets that incorporate

richer real-world noise types and additional BCI paradigms beyond RSVP-P300.

This will enable broader validation and ensure that insights generalize across tasks

such as motor imagery or SSVEP, strengthening the ecological validity of the find-

ings.

7.5.2 Noise Handling

Developing adaptive noise-aware architectures remains a key priority. Instead of

relying on trial rejection or handcrafted preprocessing, lightweight denoising mech-

anisms embedded directly within models could enhance robustness while preserving

data volume. Exploring multimodal sensor fusion and artifact-specific handling

strategies (e.g., motion vs. speech artifacts) may further improve resilience under

naturalistic conditions.

7.5.3 Subject-Independent Adaptation

Improving generalisation across users requires adaptive models capable of handling

inter-subject and cross-condition variability. Promising avenues include smarter

calibration protocols, such as dynamic session lengths tailored to user performance,

as well as hybrid approaches combining lightweight fine-tuning with unsupervised

domain adaptation. Leveraging subject similarity metrics and EEG-specific aug-

mentation could also boost performance under data-limited scenarios.
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7.5.4 Real-World Deployment

For practical BCI use, models must balance accuracy with efficiency. Future work

should explore model compression techniques and dynamic channel selection tailored

to task and user neuroanatomy. HMD-based paradigms further require attention to

artifact mitigation, user comfort, and real-time feasibility. Ultimately, combining

algorithmic advances with hardware co-design will be critical for enabling mobile,

plug-and-play BCI systems.

7.6 Closing Statement

This thesis has explored the challenges and opportunities involved in transitioning

RSVP-based P300 BCI systems from controlled laboratory environments to real-

world, noise-prone applications. Through systematic investigations into the impact

of behavioral artifacts, subject-independent classification, model robustness, chan-

nel optimisation, and display modalities, the work has laid a strong foundation for

building more practical and generalisable BCI systems. The findings not only re-

veal the extent to which noise and individual variability affect system performance

but also underscore the importance of architecture choice, training strategies, and

careful channel selection in mitigating these effects. Importantly, this research of-

fers concrete design recommendations, such as the use of transformer-based models,

inclusion of task-relevant noisy data, and the adoption of compact yet effective elec-

trode layouts, for the development of noise-resilient and portable BCIs.

While the primary focus was on RSVP-based P300 detection, the insights and

methodologies developed here hold broader relevance for other BCI paradigms. The

challenges identified, such as data loss during denoising, limited subject generalis-

ability, and training under low-SNR conditions, point toward future avenues ben-

efiting from advances in self-supervised learning, adaptive calibration, and robust

representation learning. Ultimately, this thesis moves the field closer to practical,

real-world BCIs that are both technically sound and usable in diverse settings.
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Appendix A

Appendix A: Plain Language

Statement and Informed Consent

DUBLIN CITY UNIVERSITY

Plain Language Statement

Purpose of the Study

My name is Muhammad Ahsan Awais and in this study I and my colleagues from the

School of Computing at Dublin City University, Dr. Graham Healy, Prof. Tomás

Ward and Peter Redmond, are conducting research in the area of EEG (Electroen-

cephalography) denoising by using real-time sensor streams like video captured from

participants.

We are researching how sensor sources like real-time video can be used to improve

the signal quality characteristics of EEG measurements. Noise in EEG signals,

often as a result of physical movements, has an impact on the quality of EEG

measurements, and in turn creates a significant barrier to its adoption for Brain-

computer Interfacing (BCI) applications.

By using the data (EEG, video, etc) collected during this experiment, we aim to

create automated EEG denoising techniques that will enable EEG to be effectively

used in the future in situations where noise is inherent.

The study is concerned with recording different types of artifacts along with
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clean EEG data, and then developing robust algorithms for SNR improvement and

validating them in real-world scenarios.

This experiment (from start to finish) will require approximately 120 minutes of

your time.

What will your involvement in the research study require?

1. Being connected to an EEG (Electroencephalography) system for recording,

and similarly having your movements recorded by video.

2. Completing a number of short tasks during which you can take breaks (self-

paced), including:

• Eye open baselines (e.g., stare at the screen)

• Closed eye baselines (e.g., eyes closed, sitting still)

• Producing artifacts in the EEG through instructed behaviour, e.g., (move

head left to right vs up and down, eye movement, eye blinks, facial ex-

pressions, lip movement, body movement, etc.)

• Completing (c) while attending to a computer screen or HMD (head

mounted display) to detect image targets, e.g., “count the number of

images you see with dogs in the following sequence of images”.

3. Allowing for EEG (Electroencephalography) to be disconnected*

4. Be debriefed and allowed to ask questions e.g., on the experiment’s purpose.

The experiment will be broken into 50 short blocks (each lasting approximately

60 seconds).

* Conductive gel is used to form a link between the electrodes and your scalp.

The experience is very comfortable, but it does mean that you will have water-

soluble gel in your hair at the end of the experiment. This gel washes out easily

with warm water.
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Who has approved this study?

This study has been reviewed and received ethical approval from DCU Research

Ethics Committee DCUREC/2021/175).

Do you have to take part?

No, you are under no obligation whatsoever to take part in this research. Partic-

ipation is entirely voluntary. However, we hope that you will agree to take part and

give us some of your time to participate in this experiment. It is entirely up to you

to decide whether or not you would like to take part. If you decide to do so, you will

be asked to sign a consent form and given a copy and the information sheet for your

own records. If you decide to take part, you are still free to withdraw at any time

without giving a reason and/or to withdraw your information up until such time

as the research findings are anonymized and published. A decision to withdraw at

any time, or a decision not to take part, will not affect your relationships with the

school of computing, DCU, or have any other negative consequences for you.

What information will be collected?

Your brain activity (EEG) will be recorded. Video of your face and eyes will

also be recorded during the task. Will your participation in the study be kept

confidential? Yes, all data that is collected about you during the course of the

research will be kept confidential. No names will be identified at any time. All hard

copy information will be held in a locked cabinet at the researchers’ place of work,

electronic information will be encrypted and held securely on DCU PC or servers

and will be accessed only by myself and my supervisors, Dr Graham Healy and

Prof Tomas Ward. No information will be distributed to any other unauthorised

individual or third party. If you so wish, the data that you provide can also be made

available to you at your own discretion.

‘It must be recognised that, in some circumstances, confidentiality of research

data and records may be overridden by courts in the event of litigation or in the

course of investigation by lawful authority. In such circumstances the University

will take all reasonable steps within law to ensure that confidentiality is maintained
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to the greatest possible extent.’

What will happen to the information that you give?

All the information you provide will be kept at DCU in such a way that it will

not be possible to identify you. On completion of the research, the data will be

retained on the DCU server. We will make the de-identified data available to sup-

port other researchers in carrying out research in this area (and not to be burdened

with the data collection process). This means your data will be made indefinitely

available for others to analyse and derive results on and carry out activities such as

publishing research that will use this data. This data will be de-identified hence only

your movements (extracted from video) and brain signals, will be made indefinitely

available to approved researchers. Your name or other personally identifiable infor-

mation will not be made available so as for you to remain anonymous to anybody

who uses this dataset.

What will happen to the results?

The research will be discussed at internal group meetings and written up and

presented at national and international conferences. It will also be published in

scientific journals. A copy of the research findings will be made available to you

upon request.

What are the possible disadvantages of taking part?

In order to record your brain activity (EEG) a gel needs to be applied to certain

locations on your scalp. This can be removed easily with a brush or paper towel.

To make sure that you are not allergic to this gel, a patch test will be carried out

on your forearm at least 24 hours before the experiment. If you have an allergic

reaction, you cannot participate in the experiment and might want to contact your

GP (general practitioner).

The cap used to measure the EEG is meant to fit tightly and, therefore, might be

a little uncomfortable after a while. Breaks can be taken, or the experiment can be

stopped, should this be the case. I don’t envisage any other negative consequences

for you in taking part.
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What if there is a problem?

You may contact my supervisors, Dr. Graham Healy (graham.healy@dcu.ie) or

Prof Tomás Ward (tomas.ward@dcu.ie) if you feel the research has not been carried

out as described above.

Any further queries?

If you need any further information, you can contact me: Muhammad Ahsan

Awais (muhammad.awais2@mail.dcu.ie)

If you agree to take part in the study, please complete and sign the

consent form attached.

If participants have concerns about this study and wish to contact an

independent person, please contact:

The Secretary, Dublin City University Research Ethics Committee, c/o Research

and Innovation Support, Dublin City University, Dublin 9. Tel 01-7008000, e-mail

rec@dcu.ie
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DUBLIN CITY UNIVERSITY

Informed Consent Form

I . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . agree to participate in Muhammad Ahsan Awais’s

research study titled “Multimodal Brain-computer Interface Denoising” for the School of Comput-

ing DCU, as described to me in the “Plain Language Statement”.

Please complete the following ( [x] or [/] ):

• I have read the Plain Language Statement. [ ]

• The purpose and nature of the study have been explained to me verbally and in writing. I’ve

been able to ask questions, which were answered satisfactorily. [ ]

• I am participating voluntarily. [ ]

• I give permission for my brain activity (EEG) to be recorded. [ ]

• I give permission for a video of my face during the entire experiment to be recorded. [ ]

• I understand that I can withdraw from the study, without repercussions, at any time, whether

that is before it starts or while I am participating. [ ]

• I understand that I can withdraw permission to use the data right up to its anonymisation. [ ]

• It has been explained to me how my data will be managed and that I may access it on request.

[ ]

• I understand the limits of confidentiality as described in the information sheet. [ ]

• I understand that my data, in an anonymous format, may be used in further research projects

and any subsequent publications if I give permission below. [ ]

• I agree that my data to be used for further research projects and subsequent publications. [ ]

• I am aware that my de-identified data will be made publically available for researchers to analyze

and derive results and carry out activities such as publishing research that will use this data. [ ]

Signature:

I have read and understood the information in this form. My questions and concerns have been

answered by the researchers, and I have a copy of this consent form. Therefore, I consent to take

part in this research.

Participants’ Signature: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . Date: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Name in Block Capitals: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Researchers’ Signature: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . Date: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Name in Block Capitals: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
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Appendix B

Appendix B: Subject Independent

Classification - Model

Hyperparameter and Extended

Evaluation Metrics

B.1 Hyperparameter

• CNN-1

L1 filter: 20

L2 filter: 25

L2 kernel length: 20

L2-strides: 5

L3-dense: 50

batch size: 32

learning rate: 0.0005

• EEGNet

L1 filter: 4

L2 filter: 16
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kernel length: 32

dropout: 0.3

depth multiplier: 2

batch size: 32

learning rate: 0.001

• MoE-EEGNet

L1 filter: 4

L2 filter: 16

kernel length: 32

dropout: 0.3

depth multiplier: 2

batch size: 32

learning rate: 0.001

num experts: 4

expert dim: 128

• Multiband EEGNet

L1 filter: 4

L2 filter: 16

kernel length: 32

dropout: 0.3

depth multiplier: 2

batch size: 32

learning rate: 0.001

• Multiband MoE EEGNet

L1 filter: 4

L2 filter: 16

kernel length: 32
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dropout: 0.3

depth multiplier: 2

batch size: 64

learning rate: 0.001

num experts: 4

expert dim: 64

• EEGTransformer

num heads: 8

num layers: 2

dim feedforward: 128

dropout: 0.3

batch size: 128

learning rate: 0.0001

• MoE Transformer

num heads: 4

dim feedforward: 128

dropout: 0.3

batch size: 64

learning rate: 0.001

num experts: 6

expert dim: 64

• EEG Conformer

filter time length=25

pool time length=4

pool time stride=2
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drop prob=0.5

att depth=2

att heads=8

att drop prob=0.4

learning rate: 0.001

batch size: 64

• CNN1-Transformer

L1 filter: 20

L2 filter: 25

L2 kernel length: 20

L2-strides: 5

L3-dense: 50

batch size: 32

learning rate: 0.0005

num heads: 4

dim feedforward: 128

• EEGNet-Transformer

L1 filter: 4

L2 filter: 8

kernel length: 8

dropout: 0.3

depth multiplier: 2

batch size: 64

learning rate: 0.001

num heads: 2

num layers: 2

dim feedforward: 128
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• Multiband EEGNet-Transformer

L1 filter: 4

L2 filter: 16

kernel length: 32

dropout: 0.3

depth multiplier: 2

batch size: 64

learning rate: 0.001

num heads: 4

num layers: 2

dim feedforward: 128

• EEGNet-MoE Transformer

L1 filter: 4

L2 filter: 8

kernel length: 32

dropout: 0.3

depth multiplier: 2

batch size: 128

learning rate: 0.0001

num heads: 8

num layers: 2

dim feedforward: 128

num experts: 4

expert dim: 128

• Multiband EEGNet-MoE Transformer

L1 filter: 4

L2 filter: 16

kernel length: 32

dropout: 0.3
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depth multiplier: 2

batch size: 64

learning rate: 0.001

num heads: 4

num layers: 2

dim feedforward: 128

num experts: 4

expert dim: 64

B.2 Subject Independent Classification Results
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Appendix C

Appendix C: Subject Independent

Classification - Noisy Data as Part

of Training
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