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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) o�er 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

classi�cation performance. Results reveal that such noise substantially degrades

system accuracy and often leads to signi�cant data loss during artifact rejection,

underscoring the limitations of traditional denoising methods and motivating adap-

tive solutions.

Next, I explored subject-independent classi�cation using various deep learning

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

speci�c 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 e�ectiveness of integrating temporal attention

mechanisms with frequency-speci�c spatial �ltering. This underscores robust gener-

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

of BCIs.

While subject-independent models o�er strong baseline performance, their real-

world adaptability is further enhanced through lightweight subject-speci�c 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 identi�ed a 16-channel EEG con�guration 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-speci�c validation. Additionally, I evaluated the impact of display

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

support comparable classi�cation performance. With their added portability, HMDs

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

Practical recommendations are o�ered 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 e�ective 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 o�ers several advantages: it is non-invasive, cost-e�ective, 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 signi�cantly 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

scienti�cally 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 di�erentiate

between the EEG responses captured in ideal lab settings from those a�ected by

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

how di�erent types of noise, such as head movement, speech, or body movement,

impact P300 detection and classi�cation accuracy.

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

cause it o�ers 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 classi�cation models but also the e�ectiveness 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 e�ective deployment in

real-world environments. Speci�cally, it investigates noise-resilient EEG-based BCIs

through the lens of single-trial classi�cation, subject-independent generalisation,

minimal calibration requirements, and robustness to behavioral and environmental

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

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

mance must remain reliable.
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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 e�cient BCI systems.

1.2 Research Questions

(RQ.1) How do speci�c 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 e�ective in achieving

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

(RQ.4) What are the key practical re�nements and design considerations needed

to transition BCI systems from lab-controlled environments to e�ective real-

world applications?

(RQ.4a) What is the impact of the amount of training data from di�erent

subjects on the performance of subject-independent BCI models?

(RQ.4b) How much subject-speci�c calibration data is required to e�ectively

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 classi�cation 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, a�ect 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 e�ectiveness of di�erent 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-speci�c adap-

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

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

that maintain robust classi�cation 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 signi�cantly 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 �ne-tuning demonstrated that using as little as two sessions

of subject-speci�c 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 con�guration, supporting the develop-

ment of lightweight, wearable BCI systems.

7. The use of head-mounted displays showed no signi�cant di�erences 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 di�erent display modalities.

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

the in
uence of speci�c behavioral artifacts (e.g., body movement, head move-

ment, and speech) on EEG signal quality and classi�cation performance. It

also evaluates model generalisability across clean and noisy conditions.

Chapter 5 { Subject-Independent Benchmarking: This chapter explores

subject-independent classi�cation 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 �nal chapter summarises

the research contributions, re
ects on the �ndings, 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 �eld 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

classi�cation methods, and recent advances in robust and adaptive models for BCI

applications. Special emphasis is placed on subject-independent classi�cation, 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: �rst, 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 classi�cation. 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 e�erent 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 signi�cance of BCIs is far-reaching, impacting several key scienti�c 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

signi�cant 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 de�cit 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, o�ering objective measures that can inform

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

BCIs o�er 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 �ndings o�ered 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 signi�cant 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 �eld 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 o�er signi�cant hope to individuals with severe movement disorders, including

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

palsy, and other signi�cant 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 signi�cant e�ort 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-

ci�c 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 re
ects cognitive processes like attention and decision-

making [51]. Deviations in P300 characteristics can o�er insights into conditions

a�ecting 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 di�erent 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 speci�c 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, o�ering novel ways to

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

This diversi�cation 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 o�ers 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 identi�ers, o�ering an al-

ternative to traditional authentication mechanisms such as �ngerprints or facial

recognition. Brainprint authentication methods may o�er 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 re
ects 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, re
ecting

di�erent aspects of their design, operation, and how they interact with the user

and the brain. Understanding these classi�cations 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 e�ort 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

14



speci�c 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 e�ort 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 prede�ned intervals.

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

a speci�c 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 
exible 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 �nal 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 signi�cant 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, o�ering 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 �eld 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 o�er 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 o�ers di�erent trade-o�s 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 di�erent 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 speci�c frequency patterns

by measuring small voltage 
uctuations 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 o�ers high temporal resolution and is easy to set up for basic

applications. However, it su�ers 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 �elds

generated by neuronal activity in the brain. It o�ers 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, re
ecting underlying neural

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

MEG, it o�ers 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 a�ective 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 o�ers exceptional spatial resolution, making

it valuable for identifying speci�c brain regions involved in various cognitive

tasks.

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

large, immobile equipment signi�cantly limit its use in real-time or portable

BCIs. Most fMRI-based BCI studies remain con�ned 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, o�ering 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 o�ers the highest spatial and temporal resolution among all BCI

modalities, making it highly e�ective for decoding �ne motor intentions [88].

Despite their precision, intracortical BCIs require invasive neurosurgery and

carry risks such as infection, in
ammation, 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 �rst recorded electri-

cal activity from the brains of animals and published his �ndings 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 signi�cantly 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 su�ers 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 Signi�cance

Delta 0.5 { 4 Hz
Deep sleep,
unconsciousness

Associated with deep, dreamless sleep and
unconscious states. It re
ects 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 re
ects 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 �ltering e�ect, making it di�cult 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 di�erent frequency bands, each associated

with speci�c 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 signi�cantly 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 classi�ed based on

the sensory modality used to stimulate the brain:

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

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

aim to detect the user's visual attention by analyzing brain responses to 
ash-

ing or 
ickering 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 �xed frequency [97]. The most commonly used form is the

Steady-State Visual Evoked Potential (SSVEP), triggered by 
ickering 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 speci�c sensory, cognitive, or motor events.

Unlike EPs, ERPs can re
ect 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 re
ect 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 di�erent BCI

paradigms [104]. These systems aim to improve classi�cation 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 con�rmation, 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 �lter 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-speci�c 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 di�erent indi-
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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-speci�c 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 o�er signi�cant 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 a�ected by amyotrophic lateral sclerosis (ALS), to communicate by selecting

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

o�ers 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

classi�cation 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 re
ect dopaminergic dysfunction and

attentional de�cits [15]. In attention-de�cit/hyperactivity disorder (ADHD), altered

P300 characteristics help di�erentiate subtypes and evaluate treatment e�cacy [16].

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

o�ering 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, o�ering 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 di�erentiate 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 identi�cation, 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 classi�cation accuracy.

Static Mode

In static RSVP mode, images are brie
y 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 speci�c 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 su�cient 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 su�cient temporal separation between them to avoid ERP

suppression e�ects such as diminished P300 amplitude. The literature presents var-

ious task formats. In simpler scenarios, participants are asked to detect prede�ned

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 bene�t from robust ERP signatures, par-

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

subject-speci�c 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 speci�c

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

and videos. This paradigm holds signi�cant 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 ine�cient [143], [144].

A growing body of research [142] demonstrates the e�ectiveness 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 e�ciencies, suggesting a possible direction for enhancing performance

in real-world applications.

Mental fatigue is a critical factor in
uencing 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 �ndings showed a signi�cant 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-D��az et al. [147] investigated how cognitive and physical factors, speci�cally

concentration level, eye fatigue, and co�ee consumption, a�ect 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 co�ee 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 classi�cation performance and user preference than traditional

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

communication e�ciency, particularly for users with impaired eye-motor control.

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

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

BCI spelling task. The results showed that only temporal �ltering capacity signi�-

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

sustained attentional �ltering in successful BCI use.

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

cation and identi�cation 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 a�ect performance, comparing RSVP and a Spatially

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

fers reliable classi�cation accuracy and bit rates, making it a promising approach

for EEG-based biometric identi�cation.

Matthew et al. [151] developed a novel uni�ed deep learning framework for

hybrid RSVP-SSVEP BCIs, speci�cally optimised for gaming applications. Imple-

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

processing can maintain classi�cation accuracy while signi�cantly 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 insu�cient data on in-

dividual neural di�erences 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-

i�ed 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

e�ectiveness, with �ndings suggesting that an optimal balance between presentation

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

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

o�ering 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 �ndings 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 e�cient 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 con�gurations 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 �rst

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 con�ned 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 Classi�cation

Classic classi�cation 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 o�)
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without requiring eye movements. The paradigm achieved 90% o�ine accuracy

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

with increasing participant sample size. The results demonstrated LDA's e�ec-

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 classi�cation. Using LDA-based methods,

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

ples/channels, outperforming conventional RSVP classi�cation 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 di�erent classi-

�ers, 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,

�nding the Dual paradigm outperformed the single and Triple RSVP paradigms in

balancing speed and reliability.

Xiao et al. [162] evaluated Bayesian LDA alongside other classi�ers (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 classi�cation. 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 �ltering method and compared nine classi�cation pipelines for

RSVP-based BCI. Among three classi�ers tested (LDA, Bayesian Linear Regres-

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

combined with e�ective spatial �lters (MTWLB or xDAWN), though the proposed

MTWLB method generally enhanced classi�cation most signi�cantly (as measured

by AUC). The results showed that while spatial �ltering 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 �ltering to maximize signal-to-noise ratio,

demonstrating Bayesian e�ectiveness for robust classi�cation 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 classi�cation. 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 su�cient 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 e�ectively 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 speci�cally de-

signed for single-trial RSVP EEG classi�cation, 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 classi�cation 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

re�ning spatiotemporal P300 features, the model achieved a superior classi�cation

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 uni�ed P300 detection system for both

speller and RSVP paradigms. This hybrid architecture e�ectively handled variable

P300 responses across di�erent 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 classi�cation 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, o�er-

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 e�ec-

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 classi�cation, their validation remains largely con�ned 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-

ni�cantly, transferring this performance to dynamic, real-life environments remains

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

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-speci�c 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 di�erentiate 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 classi�cation 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, o�ering 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 identi�cation algorithms, o�ine 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 ampli�ers. 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 re
ect 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 Classi�cation and Calibration

Despite recent advancements in machine learning and signal processing techniques,

training models for robust P300 classi�cation continue to be a substantial challenge.

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

tors such as di�erences in brain anatomy, cognitive state, electrode placement, and

external noise signi�cantly in
uence the recorded signals [106].

Consequently, machine learning models trained on subject-speci�c data often fail

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

Traditional approaches to P300 classi�cation have predominantly relied on pre-

processing techniques such as �ltering, trial averaging, and dimensionality reduction,

followed by classical classi�ers like Linear Discriminant Analysis [179], [180]. While

e�ective in subject-speci�c 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 di�cult for linear models to

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

subject-speci�c, showing limited ability to generalise to unseen individuals. RNNs,

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

more e�ectively [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 classi�cation [185].

Hybrid architectures that combine spatial and temporal feature extraction have

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

still primarily trained in subject-speci�c 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-speci�c 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 �ne-tuning to achieve acceptable performance, especially un-
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der noisy conditions. Existing solutions have explored transfer learning, such as

�ne-tuning pre-trained models with 5{10 user-speci�c trials [187], [188]. However,

�ne-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 �ne-tuning is truly su�cient,

especially under noisy conditions? While a few clean trials may su�ce 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 �ne-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 �ne-tuned e�ectively 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 e�ectiveness 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.�Sliwowski

et al. [189] systematically investigated the e�ect 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 o�ers limited performance bene�t.
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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 signi�cant 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 classi�cation accuracies. Their �ndings underscore the potential

of augmentation to compensate for insu�cient data, especially in real-world BCI

applications.

Importantly, while these studies highlight the in
uence 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 in
uence how much data is \enough."

Despite these insights, a signi�cant 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 di�erent levels of noise and complexity is essential to

determine how much data is truly su�cient 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 e�ective 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 �ltering meth-

ods to identify subject-speci�c optimal electrode sets. Others, including Ludwig and

Kong [195], determine the optimal electrodes empirically. Interestingly, Ludwig and

Kong observed signi�cant 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 con�guration 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 �xed 6-electrode con�guration (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 e�ective 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 con�gurations of 32, 16, 8, 6, and 4 channels, concluding that

a 6-electrode set (P3, Pz, P4, POz, O1, and O2) without spatial �ltering yielded

the highest performance. Furthermore, Sahay et al. [200] identi�ed 8-channels

(P7, P3, Pz, Oz, P4, P8, Fz, and Cz) as an optimal con�guration for P300-based

classi�cation, striking a balance between accuracy and channel reduction.

These �ndings 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 signi�cant progress in optimising electrode

con�gurations 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 con�gurations)

to determine the precise trade-o� between channel count and classi�cation 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 e�ciently �l-

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 signi�cant

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 e�ectively 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 �lters, and

thresholding for component rejection. They reported a signi�cant 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 e�ect 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 identi�cation (SOBI) followed by adaptive and strict

�xed 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. Speci�cally, 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 signi�cant 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, e�cient, 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

classi�ers, recent research has begun to explore more 
exible 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 di�erent channels and time

points [225]. This allows them to capture both global and local patterns in EEG

signals more e�ectively 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-speci�c features via EEGNet and re�ne 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, o�ering 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-

speci�c 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 signi�cantly 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 re
ect 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, a�ect 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 classi�cation 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 classi�cation is essential to ensure that models generalise

across users without extensive retraining. However, even with subject-independent

models, a minimal level of �ne-tuning or calibration is often needed. A key gap in

the literature is understanding how much calibration data is su�cient, 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 classi�cation, and in Chapter 6, which investigates

�ne-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 a�ects subject-independent classi�cation,

especially in noisy or unconstrained settings, are still limited. This research gap is

addressed in Chapter 6, where the e�ect 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 con�gurations better suited for real-world noise or motion

artifacts. Few systematically evaluate progressive channel reduction to quantify ac-

curacy trade-o�s, 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 classi�cation 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 con�gurations 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 e�ectively without intensive preprocessing.

Emerging directions such as transformer-based architectures and hybrid models

(e.g., EEGNet combined with transformers) o�er 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 re
ect 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

signi�cantly a�ect 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 di�erent display

modalities. Speci�cally, it outlines the development of two complementary datasets:

the AMBER dataset, which captures EEG recordings during RSVP tasks under

well-de�ned 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, �ne-tuning strategies, and subject-

independent classi�cation 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 identi�cation 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 di�erentiate 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 di�erentiated using the P300/RSVP task in this dataset. This di�er-

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 e�ective de-

pendent variable to assess the e�cacy of noise cleaning and evaluate the in
uence

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 speci�c artefacts that partici-

pants were instructed to produce during data recording re
ect the most problematic

artefacts encountered in real-world EEG recording [202], [242], [243].

Moreover, the AMBER dataset represents a signi�cant advancement in the �eld

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 identi�cation and interpretation of neural responses. By

e�ectively 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

e�ective 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 �gure 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 �lter

of 500 Hz) and saved in EDF format.

Figure 3.1: Standard 10{20 EEG electrode con�guration

EEG was recorded from the ten participants while they followed a pre-de�ned

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 di�erent

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 �xed 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-de�ned RSVP paradigm, intentional arte-

facts were also generated by the participants following a protocol. In the �rst 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 e�ects 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 e�ect 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 e�ective signal-denoising techniques.
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