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Generative AI usage declaration

Introduction

This declaration outlines the use of generative AI tools during the preparation of this
thesis, including the tools used, the outputs, example prompts, and a brief reflection
on their role.

Tools

I used Gen AI tools in a supporting and editorial capacity between 20 November 2025
and 5 December 2025. I used ChatGPT 5.1 and Google Gemini 3 Deep Research
for structural and readability feedback, Grammarly for proofreading, and a Gemini
image-generation tool (Nano Banana) to generate schematic figures.

Outputs

I used these tools to generate feedback of draft materials that I then reviewed critically
and applied selectively. ChatGPT 5.1 and Google Gemini 3 Deep Research produced
comments on thesis structure, chapter and section ordering, coherence, clarity, repeti-
tion and transitions. I used this feedback to guide my own revisions, and all rewriting,
reorganisation and argument changes were carried out by me.

For proofreading, ChatGPT and Grammarly suggested edits to spelling, grammar,
punctuation and phrasing. I accepted only changes I judged to be accurate and
appropriate.

For figures, Nano Banana was used to generate schematic diagrams.

Prompts

For thesis review I used prompts such as: ”Review the first draft of a PhD thesis in
terms of structure and content and give me a report” and ”Review my thesis as if you
were my PhD supervisor”. For cross-referencing I used: ”Verify all figures and tables
are referenced from the body text”. For proofreading I used: ”Proofread my thesis
before I submit”. For figure generation I used prompts requesting labelled diagrams
of the eye in frontal and sectional views, and a simplified model of the EOG and its
propagation to scalp EEG via volume conduction.
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Iterations

My use of these tools was iterative but limited. I typically requested an initial round
of feedback on a chapter or the full draft, revised manually, and sometimes requested
a second round focused on clarity and language. For figure generation, I used a small
number of iterations to improve labels and layout. At all stages I curated the outputs,
and the tools did not determine the scientific content, methodology, data analysis or
conclusions of the thesis.

Critical Reflection

Overall, Gen AI tools were used to support editing rather than to contribute substan-
tive research content. They helped identify errors and unclear phrasing, and reduced
the risk of missing figure and table cross-references. The generated schematics pro-
vided clear visual representations of key structures and concepts that would otherwise
have been difficult for me to produce. I remained responsible for all academic judge-
ment, and for the final content and presentation of the thesis.
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List of Figures

1.1 Multimodal recordings combine EEG with eye and face video and, in
some datasets, additional ocular channels such as EOG, eyelid EMG
and eye-tracking. VEOS uses eye-region video, and optionally other oc-
ular measurements, to infer an EOG-like signal. This inferred signal, or
real EOG when available, is then used as a reference in regression- and
ICA-based ocular artefact removal, producing cleaned EEG. Standard
BCI pipelines for motor imagery, SSVEP and P300 paradigms operate
on the cleaned signals to produce classifier decisions and control outputs. 5

2.1 Cross-sectional anatomy of the eye highlighting structures relevant to
EOG generation. The corneo–retinal dipole is indicated by the positive
pole at the cornea and the negative pole at the retina. The diagram
also labels the upper and lower eyelids, the orbicularis oculi and levator
palpebrae superioris muscles, the extraocular muscles that rotate the
eyeball, and the retina, all of which contribute to the ocular potentials
and periocular EMG that appear in EOG and EEG recordings. . . . . 22

2.2 Example EEG and ocular electrode montage. The participant wears a
32-channel EEG cap together with horizontal and vertical EOG elec-
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quality ocular signals but increases setup time and can be uncomfort-
able or visually intrusive for users, especially outside controlled labo-
ratory settings. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.1 A head-centred coordinate frame is mapped to the camera frame by a
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3.3 Characteristic time-domain waveforms of the three main classes of oc-
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4.4 Software-level data flow through Lab Streaming Layer (LSL). Physio-
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streams, while the camera acquisition software writes video frames to
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VEOS:

Vision-based Electrooculogram Signal Inference

for Improved EEG in Brain-Computer Interfaces

Peter Redmond

Abstract

Electroencephalography (EEG) is highly susceptible to ocular artefacts from eye
movements and blinks, which contaminate frontal channels and degrade brain-computer
interface (BCI) performance. Artefacts are commonly mitigated using electrooculog-
raphy (EOG) as an auxiliary channel, but extra periocular electrodes increase setup
time and are often absent in recordings, whereas many BCI systems already capture
face video. This research asks whether such video can provide an EOG-like surrogate
for ocular artefact handling in EEG.

VEOS (Vision-based Electrooculogram Signal Inference) is a framework that maps
monocular eye-region video to an inferred EOG signal. A theoretical model links
eyeball and eyelid kinematics, their two-dimensional image landmarks, and the one-
dimensional electrical signals observed in EOG and frontal EEG. A multimodal plat-
form was implemented to record synchronised face video, EEG, and horizontal and
vertical EOG during controlled ocular tasks, forming the VEOS development dataset.
An established open dataset providing high-density EEG, EOG, and monocular eye
video, collected independently by other researchers, serves as an independent test bed
for evaluating generalisation.

VEOS uses dense facial landmarks to estimate eye-centred pupil position and eyelid
aperture. Pupil and canthus locations are recovered with errors below one eye width,
while noisier eyelid landmarks still support blink timing and aperture estimation.
Temporal neural networks operating on eye pose and aperture achieve correlations of
0.75–0.8 with EOG, outperforming linear baselines.

The inferred EOG is integrated into a regression-based linear component analysis
pipeline. VEOS recovers roughly 60–70% of the blink suppression obtained with true
EOG in frontal EEG, preserves motor imagery, steady-state visual evoked potential
and P300 features within a few percent, and yields BCI accuracy gains comparable
to real EOG. The research shows that single-camera, vision-based EOG inference is
feasible and useful for EEG artefact mitigation, while not fully replacing dedicated
EOG channels.
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Chapter 1

Introduction

1.1 Motivation

Electroencephalography (EEG) is a central tool in brain–computer interface (BCI)

research because it offers millisecond temporal resolution and can be deployed with

relatively lightweight hardware in laboratory and semi-naturalistic settings [1], [69],

[112]. At the same time, EEG is fragile, with neural components typically in the

microvolt range and easily masked by non-neural activity originating from muscles,

electrical interference or the eyes [22], [144]. Among these, ocular artefacts due to

blinks and eye movements are particularly problematic for BCI applications that rely

on frontal or central channels, or that require participants to look at visual displays

for extended periods [32], [36], [42], [144].

In laboratory settings, ocular activity is commonly monitored by attaching elec-

trodes around the eyes to record the electrooculogram (EOG) [27], [144]. The EOG

provides a comparatively direct view of the eye-related electrical field and is widely

used to detect and suppress blink and saccade artefacts in EEG recordings [27], [32],

[144]. In event-related potential (ERP) paradigms such as P300 spellers and in steady-

state visually evoked potential (SSVEP) paradigms, this information is often essen-

tial for maintaining data quality over long recording sessions [35], [87], [103], [155].

Similarly, rapid serial visual presentation (RSVP) paradigms, which present stimuli

sequentially at high rate, can reduce overt gaze shifts but remain vulnerable to blink-
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and saccade-related contamination[9], [158]. In many deployed or naturalistic scenar-

ios, however, it is not feasible to attach dedicated EOG electrodes to every user. Extra

sensors increase setup time, can reduce comfort and acceptability, and are difficult to

integrate into unobtrusive or wearable systems [42], [80], [122].

In parallel, commodity video cameras and eye-trackers have become commonplace.

Eye and face video appear in driving simulators, mobile devices and experimental

BCI platforms [57], [79]. Modern computer vision methods can track facial land-

marks, pupil position and eyelid motion in close to real time using low-cost cameras

[24], [93], [110], [130], [146]. These observations are directly related to the physical

movements that drive EOG and to eyelid electromyogram (EMG) activity recorded in

periocular channels [36], [55], [144]. This raises a natural question: if video captures

the kinematics of the eyes and eyelids, can it be used to infer an EOG-like signal when

no physical EOG electrodes are present [117], [118], [154]?

The work in this thesis addresses this question. It proposes VEOS, a vision-based

electrooculogram signal inference framework that learns a mapping from video-based

eye and eyelid features to EOG. The inferred EOG signal is then used to support

artefact handling in EEG, particularly in BCI paradigms that are sensitive to ocular

contamination. The central idea is to treat video as an additional modality that

can be translated into an electrical surrogate of EOG, so that familiar EEG cleaning

pipelines can operate even when only EEG and video have been recorded.

VEOS is evaluated at three levels using a multimodal development dataset and

the independent Eye–BCI dataset [45], [129]. First, the monocular eye-tracker within

VEOS is assessed in terms of pupil, eyeball-in-socket and eyelid-tracking accuracy on

manually annotated frames. Second, the mapping from ocular measurements to an

EOG-like signal is studied using linear and neural models and several input combi-

nations, including video-only features and Tobii gaze features. Third, the inferred

signals are fed into an ocular artefact removal pipeline based on linear component

analysis (LCA) and are tested in complete BCI pipelines for motor imagery, motor

execution, SSVEP and P300 paradigms.
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Figure 1.1: Multimodal recordings combine EEG with eye and face video and, in
some datasets, additional ocular channels such as EOG, eyelid EMG and eye-tracking.
VEOS uses eye-region video, and optionally other ocular measurements, to infer an
EOG-like signal. This inferred signal, or real EOG when available, is then used as
a reference in regression- and ICA-based ocular artefact removal, producing cleaned
EEG. Standard BCI pipelines for motor imagery, SSVEP and P300 paradigms operate
on the cleaned signals to produce classifier decisions and control outputs.

At a high level, the results show that monocular video tracking achieves sub-eye-

width accuracy for pupil and canthus position and yields stable eyeball coordinates,

while eyelid-tracking is less accurate but sufficient for reliable blink detection. EOG

inference from non-electrical signals is feasible but imperfect. Video-based models

outperform Tobii-only surrogates on most metrics, although none fully match blink

morphology or subject-specific amplitude. When inferred EOG replaces real EOG in

the LCA pipeline, video-based surrogates recover a substantial fraction of blink sup-

pression, whereas Tobii-based surrogates can introduce additional noise, particularly

because blink magnitudes are poorly aligned. At the BCI-level, VEOS-based cleaning

yields small but consistent improvements relative to having no ocular channel and

comes close to the gains obtained with real EOG.

Figure 1.1 provides a graphical overview of this setting and of the role of VEOS

within it.

5



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

1.2 Problem statement

Ocular artefacts remain one of the most persistent obstacles to reliable EEG in BCI

research, and their management is still dominated by approaches that require dedi-

cated EOG electrodes [32], [42], [124], [144]. In many studies it is simply assumed

that EOG is available and of sufficient quality to support regression-based corrections

or to guide independent component analysis (ICA)[27], [32], [144]. When EOG is not

present, ocular components must be identified using spatial patterns and qualitative

inspection alone, which reduces reliability and complicates automation[59], [81], [82],

[90].

This creates a gap between controlled laboratory experiments, in which it is accept-

able to use a full cap and dedicated EOG channels and in which participants tolerate

extensive preparation, and more naturalistic or applied scenarios, in which the num-

ber of sensors, setup complexity and user comfort are constrained, but in which eye

and face video or eye-tracker signals are often available as part of the interface.

From the point of view of signal processing, ICA and related spatial filtering

techniques can separate ocular components from multichannel EEG if they are given

some cue about which components correspond to eye movements. A conventional

way to provide this cue is to compute correlations between component time courses

and recorded EOG channels and to examine components that show strong correlation

and frontal scalp maps. In the absence of EOG, the correlation step is missing, even

if the theoretical assumptions behind ICA remain valid. Automated independent

component labelling tools can reduce reliance on manual inspection, but they still

benefit from an explicit ocular reference channel[119]. These issues, together with a

more detailed review of ocular artefacts and artefact-handling methods, are discussed

in Chapter 2.

The core problem addressed in this thesis can therefore be stated as follows:

Given synchronised eye-region video and an EEG recording, can a surro-

gate EOG signal be inferred from the video that is accurate enough to

serve as an auxiliary channel for ocular artefact identification and removal

6



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

in EEG, with particular emphasis on BCI paradigms?

A satisfactory answer must address several related questions. It must show that

there is a signal-level relationship between visual features and EOG, that this rela-

tionship can be captured by tractable models, that inferred EOG signals can drive an

artefact-cleaning pipeline that was originally designed for real EOG, and that any im-

provements in EEG quality translate into measurable differences in BCI performance.

These aspects are formalised as explicit research questions in Section 1.3.

1.3 Research questions

The overall research question guiding this work is:

To what extent can EOG-like signals, suitable for supporting ocular arte-

fact handling in EEG, be inferred from video of the eyes and face and

related ocular measurements?

From this, several more concrete research questions follow. These six questions

(RQ1–RQ6) are addressed empirically in Chapters 7 and 8 and summarised in Chap-

ter 9.

1. Monocular eye-tracking performance. How accurately can a monocular

eye-tracking pipeline recover pupil position, eyeball-in-socket position and eyelid

aperture from close-up video on the development dataset and on the Eye–BCI

dataset? How do these errors compare with inter-rater variability on manually

annotated landmarks?

2. Mapping feasibility. Is there a stable functional relationship between video-

based eye and eyelid features, possibly combined with gaze coordinates from

an eye-tracker, and the simultaneously recorded EOG, across participants and

tasks, that can be captured by supervised regression models?
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3. Model adequacy. Are relatively simple models, such as regularised linear

regression with temporal context, sufficient to capture the main structure of this

mapping, or do non-linear models such as multilayer perceptrons and temporal

convolutional networks provide a clear and justified advantage, especially around

blinks and fast eye movements?

4. Dataset dependence and generalisation. How well do mappings learned

on the VEOS development dataset (VEOS-Dev) transfer to an independently

collected external dataset (Eye–BCI) with different hardware, higher-density

EEG and a different camera configuration?

5. Impact on EEG cleaning. When integrated into an artefact-handling pipeline

based on linear component analysis and related regression strategies, how closely

does the performance of a system using inferred EOG match that of a sys-

tem using true EOG, in terms of residual ocular artefacts, blink-linked metrics

and preservation of task-related EEG features such as ERPs and sensorimotor

rhythms?

6. BCI-level consequences. Do changes in artefact handling driven by inferred

EOG lead to observable differences in BCI-relevant metrics, such as classifica-

tion accuracy or signal-to-noise measures, in paradigms such as motor imagery,

motor execution, SSVEP and P300? Are there situations in which inferred EOG

materially improves performance relative to having no ocular channel, and are

there situations in which certain surrogates, such as Tobii-based models, degrade

performance[35], [115], [120], [155]?

These questions reflect both the scientific curiosity behind VEOS and the practical

requirement that any proposed solution must fit into existing BCI processing chains

with minimal disruption. Table 1.1 maps each question to the chapters in which it is

primarily addressed.
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Table 1.1: Research questions and primary chapters in which they are addressed.

Research ques-
tion

Primary chapters

RQ1: Monocu-
lar eye-tracking
performance

Methods in Chapter 5; quantitative evaluation in Chapter 7;
interpretation in Chapter 8.

RQ2: Mapping
feasibility

Model formulation in Chapters 3 and 5; empirical tests in
Chapters 6 and 7.

RQ3: Model ad-
equacy

Linear and non-linear models in Chapter 5; comparative re-
sults in Chapter 7; discussion in Chapter 8.

RQ4: Dataset
dependence and
generalisation

Dataset descriptions in Chapter 6; cross-dataset and cross-
modality analyses in Chapter 7; implications in Chapter 8.

RQ5: Impact on
EEG cleaning

LCA and ICA integration in Chapter 5; artefact-removal re-
sults in Chapter 7; broader interpretation in Chapter 8.

RQ6: BCI-level
consequences

BCI pipelines in Chapter 6; BCI performance results in Chap-
ter 7; overall conclusions in Chapter 9.

1.4 Scope and assumptions

The scope of this thesis is deliberately narrow in some respects and broad in others.

On the EEG side, the work concentrates on artefacts arising from eye movements

and eyelid activity. Other sources of contamination, such as jaw clenching, neck muscle

activity or line-related interference, are acknowledged but not modelled explicitly. The

aim at this time is not to build a complete artefact suppression framework, but to

address the specific problem of ocular artefacts using information from video and

related ocular measurements

On the vision side, the emphasis is on landmark-based description of eye and

eyelid motion using a single low-cost camera. Dedicated infrared eye-trackers and

multi-camera systems can achieve higher precision in gaze estimation, but they are

not always available in BCI settings and are not necessary for the inference of EOG-like

signals. VEOS is designed to work with standard cameras that can be integrated into

existing BCI platforms, while still allowing comparison with a dedicated eye-tracker

in the Eye–BCI dataset.

On the modelling side, the work adopts a supervised learning viewpoint. The

mapping from video features to EOG is learned from data that contains both modal-
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ities. This implies an assumption that the training data are representative of the

conditions under which VEOS will be used and that the synchronisation between

video and electrophysiology is accurate enough that temporal structure is preserved.

The multimodal acquisition platform described in Chapter 4 and the synchronisation

procedures were designed with these assumptions in mind.

The focus is on offline model training and evaluation. Real-time deployment is

discussed in terms of computational cost and latency, but full online adaptation and

closed-loop interaction lie outside the present scope. Finally, the thesis treats the

inferred EOG as a tool for improving artefact handling rather than as a new neural

signal in its own right. The intention is to model non-neural sources that are usually

regarded as artefacts in EEG analyses. VEOS does not attempt to infer cognitive

states directly from video.

1.5 Contributions

The main contributions of this thesis can be grouped into four areas: theoretical

framework, data acquisition, algorithm design and empirical evaluation across multi-

ple datasets and BCI paradigms.

Theoretical framework

The first contribution is a theoretical framework that links eyeball and eyelid kine-

matics, camera geometry, EOG generation and EEG artefacts.

Chapter 3 develops a projective camera model and a head-centred coordinate

system for interpreting facial landmarks from video; a kinematic description of eyeball

rotation and eyelid motion, including their temporal dynamics and the constraints

they impose on plausible trajectories; models of EOG as an eye-centred electric dipole

whose orientation follows the optical axis, together with a simplified description of

how this dipole projects to scalp EEG; a treatment of eyelid EMG and periocular

muscle activity, including their spectral characteristics relative to EOG and EEG;
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and a review of ICA for EEG that explains how ocular sources appear as independent

components that can be targeted for removal.

This framework provides the theoretical justification for inferring an EOG-like sig-

nal from video and for using it within an artefact-handling pipeline that was originally

defined for real EOG.

Multimodal data acquisition platform

The second contribution is the design and implementation of a multimodal data ac-

quisition platform tailored to the needs of VEOS. Chapter 4 describes a complete

system that includes: The multimodal platform comprises a 32–channel EEG cap fo-

cused on frontal and central sites, supplemented by dedicated horizontal and vertical

EOG channels; a high–frame–rate camera, configured at 120Hz, that captures the

full face with particular emphasis on the eyes and eyelids; stimulus presentation and

task control implemented using OpenViBE and custom Python software, including a

gaze–calibration task, a game–based engagement task and ERP-like paradigms; and

synchronisation of EEG, EOG, video and event markers using the Lab Streaming

Layer (LSL), supported by hardware LED markers and dedicated validation proce-

dures.

This platform builds the VEOS development dataset (VEOS-Dev), in which EEG,

EOG and video are tightly aligned in time and in which eye and eyelid behaviour are

deliberately elicited under several task conditions.

VEOS algorithm and implementation

The third contribution is the VEOS algorithm itself, described in Chapter 5. In VEOS,

video frames are processed with OpenCV and MediaPipe Face Mesh to obtain dense

facial landmarks with emphasis on the periocular region. Geometric and temporal

features are then constructed from these landmarks to represent eye position, eyelid

aperture (expressed as an eye aspect ratio, EAR), velocities, accelerations and simple

descriptors of blinks and saccades. EOG (and, in the Eye–BCI dataset, eyelid EMG
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and eye-tracker signals) is preprocessed, baseline–corrected and aligned with the video

frame times to provide supervised targets. Regression models with temporal context

are trained to map feature sequences to EOG, starting from regularised linear models

and extending to windowed multilayer perceptrons and temporal convolutional net-

works where the performance gains justify the additional complexity. The inferred

EOG is then integrated into an artefact–handling pipeline based on LCA and ICA by

treating it as a surrogate ocular channel for component identification and regression.

Many of the practical details that arose during development, such as temporal

window selection, smoothing strategies and blink-aware loss functions, are described

here.

Evaluation on VEOS-Dev and Eye–BCI datasets

The final contribution is an empirical evaluation of VEOS on two distinct datasets,

introduced in Chapter 6 and analysed in Chapter 7.

The first is the VEOS development dataset (VEOS-Dev), recorded by the au-

thor with the multimodal platform described above, which provides joint EEG, EOG

and face video for tasks that include controlled gaze calibration, game-based en-

gagement and ERP-like visual stimulation. The second is the Eye–BCI multimodal

dataset [45], an openly available dataset collected independently by Guttmann-Flury

and colleagues, which combines high-density EEG, high-speed eye-region video, ver-

tical EOG, eyelid EMG and eye-tracking across several BCI paradigms. It was not

collected as part of this research and serves here as an independent test bed with

richer ocular annotations than VEOS-Dev.

In addition, the thesis draws on the AMBER dataset [8] described in Chapter 2

when motivating task design and when considering how VEOS might be applied to

more naturalistic EEG+video recordings that lack dedicated EOG channels.

Across these datasets, the thesis evaluates how well the inferred EOG tracks

true EOG and, where available, eye-tracker signals, using pointwise error measures,

band–limited spectral similarity and blink–level agreement; how the availability of
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inferred EOG affects LCA–based identification and removal of ocular components, in

comparison with using true EOG or having no ocular channel; and how changes in

artefact handling propagate to BCI–relevant metrics, particularly classification per-

formance for motor imagery, motor execution, SSVEP and P300 paradigms.

These contributions demonstrate that video-based inference of EOG is feasible

with standard cameras and that the resulting surrogate signals can meaningfully sup-

port ocular artefact handling in EEG. A preliminary version of this work, focusing on

proof-of-concept EOG inference from video, was presented in [126].

1.6 Thesis structure

The remainder of this thesis is organised as follows.

Chapter 2 reviews relevant background in EEG, EOG and EMG physiology, ocular

artefacts in EEG, BCI paradigms and computer-vision approaches to eye and eyelid

tracking. It situates VEOS within the broader literature on artefact correction and

multimodal BCIs.

Chapter 3 develops the theoretical foundations of the work, from camera geometry

and eyeball kinematics through EOG modelling and propagation to scalp EEG, to

ICA and the formal definition of the mapping from video features to EOG. It also

introduces timing considerations that are important for synchronising video, EEG,

EOG and eye-tracker streams.

Chapter 4 describes the multimodal data acquisition platform used to record the

VEOS development dataset, including hardware and software architecture, synchro-

nisation mechanisms and task design.

Chapter 5 introduces the VEOS algorithm in detail, covering video processing,

feature engineering, target construction, regression models and integration with LCA-

and ICA-based EEG cleaning. Material relating to the experiments on Tobii-to-VEOG

modelling, windowed neural networks and blink detection is described in this chapter.

Chapter 6 presents the experimental protocols and datasets used in this thesis,

including both the VEOS development dataset and the Eye–BCI dataset with eye-
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tracking, high-speed video and eyelid EMG. It formalises the evaluation protocol,

including participant-wise splits and metrics.

Chapter 7 reports quantitative results on monocular eye-tracking performance,

EOG inference, blink and saccade modelling, and the impact of inferred EOG on EEG

artefact handling and BCI performance. It covers both development and Eye–BCI

datasets and includes comparisons between video-based, Tobii-based and EMG-augmented

surrogates.

Chapter 8 discusses these results in the context of the theoretical framework and

existing literature, outlines limitations and reflects on the implications for future BCI

systems that rely on video rather than dedicated ocular electrodes.

Chapter 9 concludes the thesis by summarising the main findings and contributions

and by identifying promising directions for further research on vision-based support

for EEG and BCIs.
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Chapter 2

Background and Literature Review

2.1 Introduction

This chapter sets VEOS within the broader field of brain-computer interfaces (BCIs),

ocular physiology, artefact handling, eye-tracking and computer vision, and multi-

modal datasets. The goal is to connect the core idea of vision-based electrooculogram

(EOG) inference to well-established scientific work and highlight the specific gap that

VEOS addresses.

BCI research has moved from proof-of-concept laboratory demonstrations to in-

creasingly demanding real-world and neuroergonomic applications [1], [17], [76], [97],

[112], [152]. However, non-invasive BCIs based on scalp electroencephalography (EEG)

remain highly sensitive to ocular activity. Eye movements, blinks and eyelid muscle

activity introduce large artefacts that overlap strongly with the frequency bands and

scalp regions used for common BCI control signals[32], [42], [45], [144]. Traditional

approaches either treat these signals as pure noise to be removed, or exploit them as

an alternative control channel, but seldom do both in a principled way[12], [32], [83],

[137].

VEOS is motivated by the observation that modern computer vision methods

provide rich information about eye and eyelid motion from ordinary video. If this

information can be transformed into an inferred EOG-like signal with sufficient tem-

poral and spatial fidelity, then it becomes possible to support both artefact mitigation
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and ocular-based interaction without placing additional electrodes on the user. To

understand how and why that might work, this chapter reviews (i) BCI principles

and application domains, (ii) EEG acquisition and artefacts with a focus on ocular

activity, (iii) existing artefact handling techniques, (iv) eye-tracking and gaze estima-

tion in computer vision, (v) multimodal EEG–eye datasets, and (vi) prior work at

the intersection of these areas. The chapter closes by identifying the specific research

gaps that VEOS addresses, which in turn motivate the research questions stated in

the Introduction (Chapter 1) and the more formal theoretical treatment in Chapter 3.

2.2 Brain–Computer Interfaces and Neuroergonomics

Brain–computer interfaces exploit the measurable electrical activity of the brain to

create a direct communication channel between the nervous system and an external

device, bypassing conventional motor pathways. Understanding their development,

scope and practical limitations is essential context for the work presented in this

thesis, which targets a specific and persistent obstacle to their real-world use.

2.2.1 Historical development and core concepts

Early BCI systems emerged from fundamental work showing that voluntary modula-

tion of EEG rhythms and event-related potentials could be used for communication

in paralysed patients [17], [152]. Subsequent reviews charted the development of

both invasive and non-invasive BCIs and established the standard taxonomy of BCI

paradigms and control signals [76], [97]. Non-invasive EEG remains the dominant

modality for BCIs outside specialist clinical settings due to its portability, low risk

and relatively low cost.

A BCI system typically comprises: (i) signal acquisition, (ii) pre-processing and

artefact handling, (iii) feature extraction, (iv) classification or regression, and (v) a

feedback or control loop. Different paradigms exploit different neural phenomena,

including sensorimotor rhythms for motor imagery (MI), P300 event-related poten-
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tials for oddball-based paradigms, steady-state visually evoked potentials (SSVEPs)

for periodic visual stimulation, and slow cortical potentials [16], [115], [120], [123].

Performance is evaluated using accuracy, information transfer rate, robustness across

sessions and users, and more recently user experience and neuroergonomic measures

[10], [15], [112].

Recent reviews have emphasised both how far BCI technology has progressed and

how fragile performance remains when moving from controlled laboratory experiments

to more naturalistic environments [1], [69], [112]. Robust handling of artefacts, es-

pecially ocular artefacts, is repeatedly highlighted as a limiting factor for real-world

deployment[42], [69], [112].

2.2.2 Application domains relevant to VEOS

BCIs have been investigated in assistive communication and control [25], [86], neu-

rorehabilitation and neuroprosthetics [123], [125], neurofeedback [6], safety-critical

monitoring, and entertainment [77], [85]. Many of these domains impose practical

constraints that make additional electrodes undesirable. Examples include:

• Rehabilitation and neuroprosthetics, where systems must be worn for long

periods and integrated into complex clinical contexts [16], [123], [125].

• Operational and safety monitoring, where users are already equipped with

multiple devices and where motion and environmental noise are significant [10],

[15].

• Games and virtual reality, where commercial eye-trackers and video streams

are already present, but full EOG montages may not be tolerated [77], [85].

VEOS is particularly aligned with neuroergonomic applications, where EEG is

used to monitor workload, vigilance and attention in realistic settings with frequent

eye, head and body movements [10], [15], [69]. In such conditions, ocular artefacts are

extensive and strongly task-dependent, and it is not always feasible to place dedicated

EOG electrodes or to constrain eye movements.
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2.2.3 From laboratory to life: ecological validity

A recurring theme in BCI research is the gap between laboratory performance and

performance in complex, interactive environments [1], [112]. Neuroergonomics frames

this as a question of ecological validity: to what extent do BCI systems maintain

reliability when embedded in real work and life contexts [10], [15]? Two strands of

work within this thesis are directly relevant.

First, the AMBER dataset provides multimodal recordings of EEG, behaviour

and environmental context in a purpose-built experimental framework designed to

resemble realistic interaction [8]. It demonstrates the value of combining multiple

sensing modalities and illustrates the diversity of artefacts observed outside strict

laboratory control.

Second, recent work on RSVP-based BCIs has explicitly compared performance

in constrained laboratory settings with performance when participants interact more

freely with their environment [9], [158]. That study shows how real-world interac-

tions degrade the operation of an otherwise robust paradigm, and highlights artefact

handling and context awareness as key factors.

Both lines of work point towards the same practical conclusion: if a camera is

already present in a BCI system, it should be possible to use it for artefact handling

rather than adding periocular electrodes solely for that purpose.

2.3 EEG Acquisition, Signal Quality and Artefacts

EEG is a non-invasive, high-temporal-resolution measure of brain electrical activity,

but its utility in practice is heavily constrained by the quality of the recorded signal.

Noise introduced during acquisition and contamination from physiological sources

unrelated to the neural signals of interest are among the most significant practical

barriers to reliable BCI operation outside controlled laboratory conditions.
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2.3.1 EEG acquisition and practical constraints

EEG measures scalp potentials arising from synchronous post-synaptic activity in

large populations of cortical pyramidal neurons [22], [124]. Traditional research sys-

tems use gel-based electrodes in standard montages, such as the 10–20 or 10–10 sys-

tems [64], [70], with high-input-impedance amplifiers and shielded cables. In practice,

the choice of electrode type, montage and amplifier properties interacts strongly with

artefact susceptibility and usability [22], [144].

Over the past decade, there has been substantial interest in dry or semi-dry elec-

trode systems that reduce preparation time and user discomfort, but often at the cost

of increased impedance and noise [80], [122]. Studies comparing different devices and

electrode technologies show clear trade-offs between signal quality, motion robustness

and ease of deployment [80], [122]. In mobile and wearable scenarios, movement-

induced artefacts from electrode motion, cable sway and poor skin–electrode contact

become a major concern [42].

From a BCI design perspective, these constraints motivate algorithms that are

robust to variable signal quality and can exploit additional modalities when available.

For ocular artefacts, this means going deeper than purely EEG-based artefact handling

to exploit information from EOG electrodes, eye-trackers or video where feasible.

2.3.2 Physiological and environmental artefacts

EEG recordings are contaminated by multiple sources of artefacts:

• Ocular activity, including blinks, saccades and smooth pursuit, originating

primarily from the corneo-retinal dipole and eyelid-related electromyographic

(EMG) activity[32], [45], [55].

• Muscle activity, especially from cranial and neck muscles, which produces

high-frequency EMG contamination [22], [42].

• Cardiac and respiratory activity, which can project onto scalp electrodes

as low-frequency components[22].
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• Environmental noise, including mains interference and electromagnetic emis-

sions from electronic devices[22].

Comprehensive reviews of EEG artefact removal methods emphasise that ocular

artefacts are among the largest and most systematic, often exceeding neural compo-

nents in amplitude and overlapping with key frequency bands [22], [32], [42]. In frontal

and fronto-central electrodes the impact is particularly pronounced, which is problem-

atic for tasks that rely on frontal P300, N200 or frontal midline theta activity[32], [46],

[120].

Movement-induced artefacts introduce further complexity. In mobile EEG or tasks

involving walking, cycling or head motion, artefacts from motion, muscle and sensor

displacement interact with ocular artefacts to produce complex mixtures that are

challenging to separate [42]. Guidelines for EEG recording under movement emphasise

joint optimisation of hardware, experimental design and signal processing rather than

relying on a single algorithmic solution [42].

2.3.3 Impact of ocular artefacts on BCI control signals

Ocular activity interacts with BCI control signals in several ways. In P300 and other

ERP-based paradigms, blinks and saccades around stimulus onset can overlap with

the latency range of interest, distort waveforms and introduce systematic differences

between conditions if eye behaviour is stimulus-dependent [14], [87], [120]. In MI

paradigms, changes in vigilance and visual attention associated with eye behaviour can

modulate sensorimotor rhythms, while frontal ocular artefacts can leak into central

electrodes via volume conduction [10], [115]. In passive BCIs and neuroergonomic

monitoring, eye behaviour is itself a marker of workload, fatigue and engagement

[15], [26], [46], so treating ocular signals purely as noise discards potentially useful

information about the user’s state.

These interactions motivate two complementary goals: to remove ocular artefacts

where they mask neural signals of interest, and to interpret ocular activity as a useful

channel for behaviour and state monitoring in its own right. VEOS aims to support
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both goals by inferring an EOG-like signal from video that can be used for artefact

mitigation and for characterising ocular behaviour.

2.4 Ocular Activity: EOG, Eye Movements and

Eyelid EMG

The eye is both a source of the signals this thesis seeks to exploit and a principal source

of contamination in EEG recordings. The electrical potentials generated by eyeball

rotation and eyelid movement propagate through the volume-conducting tissues of

the head and are readily picked up by scalp electrodes, often with amplitudes that

dwarf the underlying neural signals of interest.

2.4.1 Corneo-retinal dipole and electrooculogram

The electrooculogram arises primarily from the corneo-retinal dipole. The cornea is

more positively charged relative to the retina, so rotation of the eyeball produces

systematic potential changes at electrodes around the eyes. In a conventional bipolar

EOG montage, horizontal EOG (hEOG) is recorded between electrodes placed near

the outer canthi, and vertical EOG (vEOG) between electrodes above and below one

eye. Saccades, smooth pursuit and blinks all produce characteristic deflections in

these channels [12], [55], [83]. A schematic cross-section of the eye highlighting the

main anatomical structures and the corneo–retinal dipole that give rise to the EOG

is shown in Figure 2.1.

EOG has long been used as a control signal in its own right for human–computer

interaction and simple BCIs, for example to detect intentional eye movements in users

with severe motor impairments [12], [83]. It is attractive because signal amplitudes

are large, detection of discrete events is relatively straightforward, and the relation-

ship between movement and signal is intuitive. However, EOG electrodes increase

the preparation burden, are often perceived as intrusive, and can be challenging to

integrate into consumer-grade headsets[80], [122].
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Figure 2.1: Cross-sectional anatomy of the eye highlighting structures relevant to EOG
generation. The corneo–retinal dipole is indicated by the positive pole at the cornea
and the negative pole at the retina. The diagram also labels the upper and lower
eyelids, the orbicularis oculi and levator palpebrae superioris muscles, the extraocular
muscles that rotate the eyeball, and the retina, all of which contribute to the ocular
potentials and periocular EMG that appear in EOG and EEG recordings.

2.4.2 Eye movement dynamics

Eye movements can be broadly classified into saccades, smooth pursuit, fixations

and microsaccades [55]. Saccades are rapid ballistic eye movements that reposi-

tion the fovea; they produce large EOG deflections and brief, broadband artefacts

in EEG [32], [45], [55]. Smooth pursuit tracks moving targets and results in slower

EOG changes [20], [55]. Fixations correspond to relatively stable gaze with small

fluctuations and microsaccades [20], [55].

Vergence movements rotate the two eyes in opposite directions to maintain sin-

gle binocular vision as target distance changes [55]. Although vergence is not bal-

listic, it produces slow, opposing horizontal EOG deflections that differ in char-

acter from saccades and can be mistaken for drift artefacts in monocular record-

ings. The vestibulo-ocular reflex (VOR) compensates for head movements by gen-

erating counter-rotational eye movements to stabilise gaze on a target [55]. In mo-

bile or loosely restrained recording conditions the VOR produces continuous, head-

movement-locked EOG and EEG activity that is difficult to distinguish from voluntary

eye movements without concurrent head motion data.
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Blinks involve rapid closure and opening of the eyelids, modulating both corneo-

retinal potentials as the cornea is transiently obscured and eyelid muscle activity [45],

[55], [117]. A related but distinct phenomenon is Bell’s phenomenon: during voluntary

or reflex eyelid closure the eyeball rotates upward and slightly outward, so that blink-

related EOG contains not only the eyelid EMG burst but also a genuine upward

rotation of the corneo-retinal dipole [55]. This upward rotation contributes to the

characteristically asymmetric blink waveform observed in vertical EOG and is one

reason why blink amplitude cannot be predicted from eyelid kinematics alone.

While the neurophysiology of these processes is beyond the scope of this chapter,

eye movements are also tightly coupled to visual attention and task demands. For

example, RSVP-based BCIs elicit distinct eye movement patterns compared with

natural reading or free viewing [9], [158]. This coupling means that ocular artefacts

are not random noise but are partially structured by the cognitive processes that BCIs

seek to decode.

2.4.3 Eyelid EMG and periocular muscle activity

In addition to the corneo-retinal dipole, eyelid and periocular muscles contribute sig-

nificant EMG activity[36], [45], [144]. The orbicularis oculi and levator palpebrae mus-

cles are engaged during blinks and squints, producing sharp, high-frequency artefacts

that can spread across the scalp[36], [45]. These EMG components are particularly

problematic for high-frequency EEG analyses and for BCIs that rely on gamma-band

activity or fast transients [22], [42].

In some datasets, such as the Eye–BCI multimodal dataset discussed later, fa-

cial EMG channels are recorded explicitly to characterise these muscle contributions

alongside EOG and EEG. In others, such as the development dataset in this thesis,

eyelid EMG is not measured directly, and its effects must be inferred from EEG and

video.
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2.4.4 EOG as signal and as artefact

A central theme of this thesis is the conflicting nature of EOG, which lies in the propa-

gation of ocular potentials. The strong electrical dipoles generated by eye movements

provide a robust signal for gaze-based interaction. However, via volume conduction,

these same potentials spread across the scalp, heavily contaminating neuronal sig-

nals. The eye functions as a shared source: its movements generate signals useful for

interaction, yet those same electrical currents inevitably corrupt the EEG trace.

EOG has long been used as a control signal in its own right for human–computer

interaction and simple BCIs, for example to detect intentional eye movements in users

with severe motor impairments [12], [83]. Early work on EOG-based interfaces ex-

plored classification of saccades and blinks into discrete command sets and established

basic feature sets and classifiers [61], [74]. Subsequent studies extended EOG control

to more complex interaction schemes and hybrid BCIs, often combining EOG with

other biosignals [12], [36], [83]. In parallel, EOG has been widely used in physiological

state monitoring, particularly in driver drowsiness detection, where features such as

blink rate, blink duration, slow eye movements and combinations of ocular parameters

are fed into rule-based or machine-learning classifiers [23], [38], [62], [63], [121], [159].

These applications exploit the fact that EOG signal amplitudes are large, detection

of discrete events is relatively straightforward, and the relationship between movement

and signal is intuitive. However, EOG electrodes increase the preparation burden, are

often perceived as intrusive, and can be challenging to integrate into consumer-grade

headsets [80], [122]. This has motivated research on contactless surrogates for EOG,

particularly in automotive settings where cameras are already present. For exam-

ple, Picot and colleagues compared blink characterisation from high-speed video and

EOG using a retina-inspired model and demonstrated that suitably processed video

can reproduce many blink-related features of EOG [117]. Lahssene et al. proposed a

“bio-inspired” pseudo-EOG signal derived from camera images of the eye, from which

features are extracted and used as inputs to a fuzzy-logic classifier of driver aware-

ness level [154]. These studies provide important precedents for VEOS in showing
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that video can encode sufficient ocular information to approximate EOG for specific

application goals.

Survey work on EEG-based BCIs and on artefact removal consistently treats ocular

activity as a primary challenge [22], [32], [42], [69]. Traditional EEG pipelines often

include EOG regression or independent component analysis (ICA) based removal of

ocular components as standard steps [27], [81], [90], [119], [137]. However, these

methods generally require that EOG channels be present. In many practical systems

this is not the case. Several commercial EEG devices designed for consumer or field use

provide only scalp electrodes, and even in research settings users may refuse additional

electrodes around the eyes (Figure 2.2). VEOS explores whether the information

normally captured by EOG electrodes can be inferred from video instead, which then

allows both artefact handling and ocular-state monitoring to be performed without

additional sensors.

2.5 EEG Artefact Handling: From Regression to

Deep Learning

Removing the contribution of ocular activity from EEG without distorting the under-

lying neural signals is a long-standing problem in the field. A wide range of methods

has been developed over several decades, reflecting different assumptions about the

nature of the mixing process and the availability of reference signals.

2.5.1 Linear regression and linear component analysis (LCA)

with recorded EOG

One of the earliest approaches to ocular artefact removal is to treat EOG as a refer-

ence signal and regress its contribution out of EEG channels. Linear regression models

(LCA) the EEG at each electrode as a sum of neural activity plus a linear combina-

tion of EOG channels, sometimes including time-shifted versions to capture delays

[27], [131], [132]. Adaptive filters extend this idea with time-varying coefficients, for
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Figure 2.2: Example EEG and ocular electrode montage. The participant wears a
32-channel EEG cap together with horizontal and vertical EOG electrodes, periocular
EMG electrodes and their associated ground/reference electrodes around the eyes and
face. This configuration provides high-quality ocular signals but increases setup time
and can be uncomfortable or visually intrusive for users, especially outside controlled
laboratory settings.

example in least-mean-squares frameworks.

Regression-based methods are simple, computationally inexpensive and suitable

for online use. They perform well when the relationship between EOG and its projec-

tion onto EEG channels is approximately linear and stationary. However, they assume

that the main artefact source is captured by the recorded EOG channels and that these

channels are available. They are less effective when multiple sources of ocular and

muscle activity interact, when electrode impedances change, or when movements are

large and complex.
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2.5.2 Independent component analysis and blind source sep-

aration

Independent component analysis (ICA) views EEG as a linear mixture of statistically

independent sources. Under suitable assumptions, ICA can separate mixtures into

components that reflect underlying neural and artefact sources [59], [81]. Ocular

artefacts often appear as components with frontal scalp projections and stereotypical

time courses linked to blinks and saccades.

A wide range of ICA algorithms and associated automatic component classification

methods have been developed, including Infomax, FastICA, AMICA and variants

specifically tuned to EEG [59], [81], [82], [90], [102]. Tools such as ADJUST and

related methods exploit spatial, temporal and frequency features to detect and remove

artefact components with minimal manual intervention [82], [90]. Complementary

work has shown that computer vision can be used to automatically tag blink and other

artefact segments in video recorded during BCI experiments, providing additional

labels that can be aligned with ICA components and support semi-automatic rejection

[127].

Recent work has evaluated ICA-based ocular artefact removal in more demand-

ing free viewing conditions. Dimigen systematically examined how filtering choices,

training data selection and component rejection thresholds affect the quality of ocular

artefact correction when combined with eye-tracking, providing practical recommen-

dations for optimising ICA pipelines [32]. These studies show that ICA can remove

ocular artefacts effectively if configured carefully, but are sensitive to preprocessing

decisions and require sufficient data for reliable decomposition.

ICA-based approaches do not strictly require EOG channels, although including

them can help identify ocular components. However, reliable identification of artefact

components often benefits from additional information, such as eye-tracking markers

or knowledge of stimulus timing. VEOS proposes to add vision-based inferred EOG

as another source of such information.
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2.5.3 Spatial filtering and subspace methods

Spatial filtering methods such as regression in sensor space, signal-space projection

(SSP), and spatio-spectral decomposition (SSD) aim to construct spatial patterns

that emphasise neural activity while attenuating artefact subspaces [102], [137]. The

multi-channel Wiener filter, for example, models mixed EEG as the sum of signal

and artefact and uses estimates of their covariance to derive optimal linear filters for

artefact suppression [137].

These methods are attractive because they can be formulated in a principled way

and can be applied both in sensor and source space. They are particularly use-

ful when artefact sources are relatively low-dimensional and can be characterised by

their covariance structure. However, like ICA, they may struggle when artefacts and

neural signals occupy overlapping spatial and spectral subspaces, or when artefacts

are strongly non-stationary.

2.5.4 Artefact handling in mobile and movement-rich set-

tings

Mobile EEG and experiments involving locomotion or more complex movement in-

troduce additional artefact sources. A recent topical review on movement-induced

artefacts summarises approaches to recording and cleaning EEG during walking and

cycling and provides guidelines on method selection [42]. The review emphasises that

ICA-based methods remain central, but that combinations of filtering, artefact sub-

space reconstruction, and careful experiment design are needed. It further notes that

artefact characteristics depend strongly on movement intensity, so no single method

is universally optimal.

These findings align with neuroergonomic work that highlights the importance

of combining hardware solutions (for example active electrodes and improved head-

gear) with sophisticated signal processing to achieve acceptable signal quality during

movement [10], [15], [42].
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2.5.5 Deep learning and generative approaches to artefact

removal

Deep learning-based denoising and artefact removal models have recently been pro-

posed, using convolutional and recurrent architectures and, more recently, generative

adversarial frameworks[2], [3], [19], [22], [157]. Many of these methods are trained on

benchmark datasets such as EEGdenoiseNet and related synthetic or semi-synthetic

corpora. A more detailed review of these approaches and their relation to VEOS is

given in Section 2.8.3; here it suffices to note that they typically operate purely on

EEG (sometimes with EOG) and do not yet exploit video as an explicit source of

information about eye and eyelid motion.

2.6 Eye-Tracking, Gaze Estimation and Computer

Vision

Inferring ocular motion from video requires a set of tools drawn from computer vision

and eye-tracking research. These range from classical geometric methods for estimat-

ing gaze direction to modern deep learning approaches that learn the mapping from

image appearance to eye state, and they form the technical foundation of the visual

processing pipeline in VEOS.

2.6.1 Traditional eye-tracking technologies

Eye-tracking techniques are commonly divided into invasive and non-invasive ap-

proaches. Contemporary systems almost exclusively use non-invasive video-based

eye-tracking, which can be either head-mounted or remote. Comprehensive treat-

ments of eye-tracking methods and measurement properties are given by Holmqvist

et al. and others [48], [55].

Classical video-based eye-trackers often employ infrared (IR) illumination and the

detection of corneal reflections and pupil position relative to the camera. Calibration
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procedures map pupil and corneal reflection positions to a point of gaze on the screen.

This yields accurate gaze estimates under constrained head-pose and lighting, but

performance degrades when head movement, glasses and varying illumination are

introduced.

2.6.2 Appearance-based gaze estimation and deep learning

Appearance-based gaze estimation methods treat the mapping from image pixels to

gaze direction as a learning problem rather than relying on explicit geometric models.

Early work trained regressors on hand-crafted features; more recent work uses deep

convolutional networks. A landmark contribution is the MPIIGaze work by Zhang et

al., which demonstrated the feasibility of appearance-based gaze estimation “in the

wild” using a large dataset of eye images collected from laptop webcams under varied

conditions [160]. Subsequent work extended these ideas to larger and more diverse

datasets and more complex network architectures.

Deep learning-based gaze estimation is now a substantial subfield. Surveys such as

those by Pathirana et al. and Cheng et al. review appearance-based and model-based

methods, datasets, coordinate systems and performance metrics, and benchmark a

range of deep architectures for single- and multi-user gaze estimation in constrained

and unconstrained environments [24], [110]. Recent architectures exploit multi-level

feature fusion and real-time, lightweight designs, for example through combining

global and local eye-region cues or tailoring networks for low-latency deployment

[93], [130]. These methods routinely handle large head-pose variation, partial occlu-

sion and complex illumination, conditions under which traditional IR-based systems

struggle.

From the perspective of VEOS, these advances are significant because they show

that eye-region appearance encodes enough information to recover fine-grained gaze

direction under realistic conditions. The same information should in principle support

inference of an EOG-like signal that approximates the projection of ocular potentials

onto scalp electrodes.
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2.6.3 Eye movement analysis for activity recognition and state

estimation

Eye movements and gaze patterns have been used to recognise activities [20], de-

tect fatigue [57], infer cognitive load [26] and study attention [46]. Bulling et al.

demonstrated that patterns of fixations and saccades can be used to classify everyday

activities using wearable eye-trackers [20]. Other work has fused EEG and gaze infor-

mation to detect driver drowsiness or workload, reporting improvements over either

modality alone [15], [57]. More recently, multimodal feature fusion schemes have been

proposed for attention and vigilance classification, combining EEG with eye-tracking

features such as fixation distributions and pupil or blink dynamics [147]. In immer-

sive settings, joint EEG–eye-tracking analysis has been used to distinguish internal

and external attention in virtual reality, again demonstrating the benefit of exploiting

ocular behaviour alongside neural signals [79].

Beyond general activity recognition and cognitive-state monitoring, there is a sub-

stantial literature that uses ocular behaviour for vigilance and drowsiness estimation,

particularly in driving and transport contexts. A long line of work has examined

blink parameters such as duration, frequency and amplitude, as well as slow eye

movements, as indicators of sleepiness [23], [37], [38], [62]. EOG-based systems have

classified drowsy states using time-domain and wavelet-domain features with conven-

tional and deep classifiers [63], [121], [159], while parallel efforts rely on video-based

measures such as eyelid closure and pupil visibility [116], [118]. Lahssene’s bio-inspired

pseudo-EOG work can be viewed as a point between these two strands, generating an

EOG-like signal from video before passing derived features to a fuzzy-logic classifier

of driver awareness [154]. VEOS differs in that it aims to reconstruct an EOG-like

waveform with sufficient fidelity for downstream EEG artefact modelling, rather than

primarily for state classification.

These results reinforce the view that ocular behaviour carries rich information

about the user’s internal state. In VEOS, the inferred EOG signal is used for artefact

removal and serves as a compact, interpretable representation of ocular dynamics,
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which can be combined with EEG features and with direct computer-vision-based

gaze estimates.

2.6.4 Computer vision frameworks for eye and face analysis

Modern computer vision toolkits such as OpenCV and MediaPipe provide high-quality

implementations of face detection, landmark localisation and eye-region tracking [18],

[49], [65], [141], [145], [146]. Face mesh models deliver dense landmarks around the

eyes, eyelids and eyebrows at high frame rates even on modest hardware.

VEOS uses these frameworks to track eye-region geometry over time in the de-

velopment dataset described in Chapter 4 and to process the video streams in the

Eye–BCI dataset. By working directly with video, VEOS can be applied in settings

where a dedicated eye-tracker is not available but a camera is, for example in many

virtual reality and gaming systems.

2.7 Multimodal EEG–Eye Datasets and Experi-

mental Frameworks

Progress in combining EEG with eye and video data depends critically on the avail-

ability of well-recorded, openly shared datasets that capture both modalities under

ecologically relevant conditions. A number of such datasets and the experimental

platforms that produced them have shaped the methodological choices made in this

thesis.

2.7.1 Multimodal datasets in BCI research

Open datasets have played an important role in driving progress in EEG and BCI

research. Early BCI competition datasets focused primarily on EEG signals recorded

under well-controlled conditions using established paradigms. More recent efforts pro-

vide richer multimodal recordings that include behavioural data, eye-tracking, EMG
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and other physiological signals, enabling more comprehensive modelling of user state

and artefacts.

In safety and neuroergonomic contexts, multimodal datasets have been used to

relate EEG markers to performance and workload [15], often combining EEG with

behavioural measures, performance metrics and environmental context [10]. For fa-

tigue and drowsiness monitoring, combining EEG with eye-tracking or facial video

has been shown to improve detection performance compared with EEG alone [57].

2.7.2 AMBER: multimodal BCIs in naturalistic settings

The AMBER dataset was developed to support the study of BCIs in more naturalistic

settings, combining EEG with behavioural and contextual information and full-face

video in tasks designed to approximate real-world interaction [8]. It includes internally

and externally valid measures of user engagement and task performance and captures a

wide range of artefacts associated with more relaxed experimental control. In contrast

to the datasets used later for supervised VEOS training, AMBER does not include

dedicated EOG channels or infrared eye illumination; instead it offers EEG and video

recordings under conditions that are closer to everyday use.

AMBER is particularly relevant as it embodies the design philosophy that informs

VEOS: embrace, rather than avoid, the complexities of real-world interaction and

design algorithms that can operate reliably under those conditions. In this thesis

AMBER plays two roles. First, its task design and practical experience motivate

the blended-control game and session structure adopted for the VEOS development

dataset. Second, it provides an additional EEG+video corpus on which VEOS be-

haviour can be inspected qualitatively in settings where only EEG and camera data

are available. However, because AMBER lacks explicit EOG channels, it is not used as

a primary supervised training set and does not contribute directly to the quantitative

evaluations in Chapter 7.
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2.7.3 A multimodal data acquisition platform for blended

control

As part of this thesis, a multimodal data-acquisition platform was built to capture

synchronised EEG, EOG and high-speed video together with stimulus control and be-

havioural responses [129]. The platform supports several interaction modes, including

a “follow the dots” gaze-following task, a game-based cognitive loading task with three

difficulty levels, and RSVP/ERP paradigms akin to those later used in AMBER [8],

[9]. Data were acquired with a 120 Hz camera and OpenViBE-based EEG control,

enabling precise synchronisation of video, EEG and EOG.

These recordings form the VEOS development dataset (VEOS-Dev), which serves

as the primary training and validation data for VEOS. They provide ground truth

EOG signals, synchronised video and EEG, allowing supervised learning of mappings

from video-derived features to EOG and the study of how well inferred EOG captures

ocular artefacts in EEG.

2.7.4 Eye–BCI multimodal dataset combining EEG, eye-tracking

and high-speed video

The Eye–BCI multimodal dataset, recently released as a Scientific Data descriptor,

provides an extensive resource for ocular activity analysis in the context of sev-

eral standard BCI paradigms [45]. It combines 62-channel EEG, high-speed eye-

region video and eye-tracking across four paradigms: motor imagery, motor execu-

tion, SSVEP and P300 spellers. The dataset comprises over 46 hours of data from 31

participants across 63 sessions, with thousands of trials per paradigm.

Crucially, eye-tracking and high-speed video are tightly synchronised with EEG,

and additional annotations capture blink events and stimulus timing. This makes

Eye–BCI particularly well-suited for studying blink dynamics, ocular artefacts, and

their interaction with neural signals across paradigms. It also provides an opportunity

to test whether models trained on one dataset, such as the development platform

34



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

described above, can generalise to a larger and more diverse cohort.

In this thesis, Eye–BCI is used as an external testbed for VEOS. The VEOS

inference pipeline, trained using the development dataset with explicit EOG channels,

is applied to Eye–BCI video streams to generate inferred EOG signals. These inferred

signals are then evaluated both as approximations to recorded ocular activity and

as inputs to artefact mitigation procedures. The presence of multiple paradigms in

Eye–BCI allows cross-paradigm robustness of VEOS to be assessed.

AMBER, the VEOS development dataset (VEOS-Dev) and Eye–BCI cover a

range of experimental conditions. AMBER offers naturalistic EEG and full-face

video without dedicated EOG channels; VEOS-Dev provides tightly controlled joint

EEG–EOG–video recordings in a single laboratory using the purpose-built platform

of Chapter 4; and Eye–BCI contributes a larger, independently collected sample with

high-density EEG, vertical EOG, eyelid EMG and eye-tracking. The empirical work

in later chapters uses VEOS-Dev and Eye–BCI for quantitative training and evalua-

tion of VEOS, while AMBER mainly informs task design and serves as an example

of the kind of EEG+video-only dataset to which VEOS is intended to generalise.

2.7.5 Other multimodal EEG–eye datasets

A number of other datasets combine EEG with eye-tracking or video, often focusing on

specific tasks such as reading, scene viewing or attention tasks. Many of these studies

use eye-tracking primarily to time-lock fixation-related potentials and to support ICA-

based artefact removal [32], [55]. Others explore joint modelling of eye movements and

EEG for cognitive state inference [20], [26]. While VEOS does not directly use these

datasets, the methodological insights they provide about synchronisation, artefact

characterisation and experimental design inform the overall approach.
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2.8 Positioning VEOS within the Literature

Having reviewed the relevant background across BCIs, EEG artefact handling, ocular

physiology and computer vision, it is now possible to identify where VEOS sits within

this landscape, what distinguishes it from prior work, and which specific gaps in the

literature it is designed to address.

2.8.1 Sensor-based versus vision-based ocular measurement

Most existing EEG artefact handling methods that consider ocular activity fall into

two categories. Sensor-based approaches use EOG electrodes combined with EEG to

detect and remove artefacts [27], [82], [90], [131], [132]. Vision-based approaches, such

as eye-tracking, are generally used to support experimental control and interpretation

rather than to drive artefact removal directly [32], [48], [55].

VEOS proposes to treat video as a proxy sensor for ocular activity. Instead of

directly regressing EOG out of EEG, the system first infers an EOG-like signal from

video, then uses that signal as if it had been recorded via electrodes. This has several

implications: it can provide an “EOG channel” in systems where only video and

EEG are available; it can be retrofitted to existing datasets that include video but

no EOG, such as the AMBER dataset, enabling new analyses; and it allows direct

comparison between sensor-based and vision-based EOG representations in datasets

like the VEOS development dataset (VEOS-Dev), where both are available.

This approach builds on the success of deep gaze estimation and eye-region anal-

ysis in computer vision [57], [110], [160], on camera-based analyses that relate video

measurements to EOG such as retina-modelling for blink characterisation and pseudo-

EOG generation for driver monitoring [117], [154], and on the substantial literature

treating EOG as a reliable measure of ocular dynamics [12], [36], [83].
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2.8.2 Video-based generation of pseudo-EOG signals

The closest existing work to VEOS in spirit is the generation of pseudo-EOG signals

from video for driver monitoring. Picot et al. modelled the human retina and applied

this model to high-speed eye-region video in order to derive a “retina signal” whose

blink-related dynamics could be compared directly with vertical EOG [117]. Their

results showed strong correspondence between the two modalities for blink detection

and parameterisation, and highlighted the potential of camera-based measurements

as a surrogate for EOG in applications where physical electrodes are undesirable.

Building on this idea, Yahia Lahssene et al. proposed a bio-inspired pseudo-EOG

signal extracted from monocular eye video and applied it to driver awareness mon-

itoring [154]. Their pipeline constructs an image-based signal that mimics EOG in

time, then derives a set of critical temporal and statistical features which are fed into a

fuzzy-logic classifier to label drowsiness levels. The emphasis is on robust classification

of awareness state rather than on reproducing the exact morphology or amplitude of

recorded EOG across tasks and individuals. Evaluation focuses on classification per-

formance and qualitative similarity between pseudo-EOG and true EOG traces in the

driving context.

In contrast, VEOS pursues a different operating point. The goal is not primarily to

classify vigilance, but to recover an EOG-like waveform that is accurate enough to act

as a regressor for ocular artefact removal and to support quantitative analysis of ocu-

lar dynamics in EEG-based BCIs. This requires attention to signal-level metrics such

as correlation with true EOG, band-limited spectral similarity and blink-amplitude

fidelity, as well as downstream effects on ICA/LCA-based cleaning and BCI perfor-

mance. VEOS also operates in paradigms beyond driving, including motor imagery,

SSVEP and P300 spelling, and is evaluated on cross-dataset generalisation using the

Eye–BCI dataset. In this sense, pseudo-EOG work in driver monitoring and VEOS

are complementary: both demonstrate that video can underwrite an EOG-like rep-

resentation, but they optimise that representation for different targets, namely state

classification on the one hand and artefact-aware EEG analysis on the other.
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2.8.3 Relation of VEOS to deep learning–based artefact re-

moval

Deep learning has recently been applied to EEG artefact detection and removal, en-

abled by larger datasets and increases in computational power[22].

EEGdenoiseNet is a benchmark dataset-specifically designed for training and eval-

uating deep learning models for EEG denoising. It provides clean EEG segments and

isolated ocular and muscular artefact segments, enabling the synthesis of contami-

nated signals with known ground truth [157]. Using this dataset, several architec-

tures, including convolutional and recurrent networks, have demonstrated promising

performance in separating artefacts from neural activity[27], [32], [131], [144].

Generative adversarial networks (GANs) and related models have been explored

for EEG denoising in real-world BCI applications. Early work showed that deep

generative models can learn to map noisy EEG to cleaner representations in realis-

tic noisy environments [19], while subsequent studies introduced variants tailored to

EEG, such as auto-denoising frameworks and Wasserstein GANs that stabilise train-

ing and improve reconstruction quality [3], [34]. Task-oriented GAN architectures

have also been proposed, in which the denoising process is explicitly optimised to en-

hance downstream BCI performance, for example for SSVEP-based BCIs [155]. Most

recently, the AnEEG framework (“AnEEG: leveraging deep learning for effective arti-

fact removal in EEG data”), proposes a deep learning–based artefact removal method

that outperforms traditional wavelet-based denoising across several metrics, includ-

ing signal-to-noise ratio, normalised mean squared error, root mean squared error,

correlation coefficient and signal-to-artefact ratio [66].

Reviews of deep learning for EEG processing and artefact removal highlight both

the potential and the limitations of these methods [22].

VEOS can be viewed as complementary to these methods. An inferred EOG signal

obtained from video could be used as an additional input to a deep artefact removal

model, or as a reference in more classical regression approaches. The present work

focuses on the first step of producing that inferred signal.
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2.8.4 Research gaps addressed by VEOS

The literature surveyed in this chapter reveals several gaps that VEOS aims to address:

• Dependence on dedicated EOG sensors. Many artefact removal meth-

ods assume that EOG channels are present. When they are not, performance

degrades or methods cannot be applied[27], [32], [131], [144]. VEOS explores

whether an EOG-like signal can be reconstructed from video.

• Limited use of video in artefact modelling. Although EEG combined with

eye-tracking is increasingly used for artefact-informed analysis in free viewing

experiments, video is rarely used as a primary artefact reference [32], [55]. VEOS

explicitly models the mapping from video to EOG.

• Cross-paradigm and cross-dataset robustness. Artefact characteristics

vary across paradigms and datasets. Eye–BCI and the VEOS development

dataset (VEOS-Dev) together provide a platform for testing whether a learned

video-to-EOG mapping generalises across tasks and recording conditions [8], [9],

[45], [129].

• Integration of ocular behaviour into BCI pipelines. Treating ocular

signals purely as noise discards useful information about gaze and state. VEOS

supports a view of ocular activity as a shared resource: a signal that can be

suppressed when it masks neural activity yet still used for behaviour and state

estimation.

The following chapter develops the theoretical framework underlying VEOS in

more formal detail. It provides mathematical descriptions of EEG, EOG and their

mixing, introduces the independent component analysis and regression tools used

later, and formalises the mapping from video-derived features to inferred EOG signals.
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2.9 Summary

This chapter has reviewed the key scientific and technological background for VEOS.

BCIs have matured considerably, but robust operation in real-world settings remains

challenging, with ocular artefacts playing a central role. Traditional artefact removal

methods rely heavily on recorded EOG, while deep learning approaches have begun

to learn more flexible non-linear mappings but still generally require sensor-based

measures of ocular activity. At the same time, computer vision has delivered powerful

methods for eye-tracking and gaze estimation from video, and multimodal datasets

now provide rich combinations of EEG, EOG, eye-tracking and high-speed video across

multiple paradigms.

VEOS uses computer vision to infer EOG-like signals from video, supports sub-

sequent artefact handling and behavioural analysis, and is evaluated using both a

bespoke multimodal development platform and an external multimodal dataset. In

doing so, it addresses a limitation of current EEG-based BCIs by linking both sensor-

based and vision-based views of ocular activity.
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Chapter 3

Theoretical Foundations

3.1 Overview

VEOS links three complementary descriptions of eye behaviour.

1. the three-dimensional motion of the eyeballs and eyelids.

2. the two-dimensional description that appears in video as moving landmarks and

textures.

3. the essentially one-dimensional electrical signal observed in EOG channels and

leaking into scalp EEG recordings.

This chapter develops models for each description and establishes the links between

them.

The chapter begins with the camera geometry used in VEOS and a simple kine-

matic description of eyeball rotation. It then considers how eye movements evolve

over time and how this temporal structure is expressed in video and in electrophysio-

logical signals. The next part develops a dipole-based model of the electrooculogram

and explains how ocular activity reaches frontal EEG channels. Independent com-

ponent analysis (ICA) is then described in sufficient detail to support later chapters.

The final sections formalise the mapping from video features to EOG and discuss the

timing constraints that arise when several hardware streams are combined.
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3.2 Camera geometry for eye-tracking

Eye-tracking in VEOS relies on standard ideas from projective geometry [49], [141].

A point in three-dimensional space is represented in homogeneous coordinates as

X =



















X

Y

Z

1



















, (3.1)

and its image on the camera sensor as

x =













u

v

1













, (3.2)

where u and v are pixel coordinates.

In the pinhole model, the relationship between X and x is

sx = K[R | t]X, (3.3)

with scale factor s > 0, rotation R ∈ R
3×3 and translation t ∈ R

3. The matrix K

contains the intrinsic calibration parameters,

K =













fx 0 cx

0 fy cy

0 0 1













, (3.4)

where fx and fy are effective focal lengths in pixel units and (cx, cy) is the principal

point.

In VEOS it is convenient to define a head-centred frame in which the origin lies

near the bridge of the nose or the midpoint between the two eyes. The camera frame

has its origin at the effective pinhole and its Z axis aligned with the optical axis. In
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that case [R | t] encodes the rigid transform from head space to camera space. Over

intervals where head motion is small, this transform can be treated as constant.

The mapping (3.3) can be decomposed into a projective mapping and a change of

coordinates. Writing

Xcam =



















Xc

Yc

Zc

1




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











= [R | t]X, (3.5)

the normalised image coordinates are

xn =
Xc

Zc

, yn =
Yc

Zc

, (3.6)

and pixel coordinates are

u = fxxn + cx, v = fyyn + cy. (3.7)

Small changes in (Xc, Yc, Zc) cause approximately linear changes in (u, v) when the

point remains near the optical axis [141].

In typical eye-tracking setups the field of view is moderate and the eye-region

occupies only a small part of the frame near the centre. Even so, lens distortion

can introduce measurable deviations from the ideal model [161]. Radial distortion is

represented by

r2 = x2
n + y2n, (3.8)

and undistorted coordinates are mapped to distorted ones by

xd = xn

(

1 + k1r
2 + k2r

4 + k3r
6
)

, (3.9)

yd = yn
(

1 + k1r
2 + k2r

4 + k3r
6
)

. (3.10)

Distortion can be corrected explicitly during calibration, but in VEOS the landmark

detector is trained directly on distorted imagery, so the model is typically used for
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interpretation rather than for online correction.

The landmark detector used in VEOS provides a set of points {x
(i)
k } at each frame

k. These landmarks include eyelid corners, points along the lid margins and points on

the iris. In the current implementation they are obtained from the MediaPipe Face

Mesh model [67], [146]. It is often useful to transform these landmarks into a face-

centred coordinate system to reduce variability. One simple strategy is to compute

a similarity transform that maps a subset of facial landmarks (for example, the eye

corners and the tip of the nose) to reference positions, and then apply the same

transform to all landmarks. This removes global translation, rotation and scale of the

head in the image plane, so that the remaining motion reflects primarily eye rotation

and eyelid motion.

Let Sk denote the similarity transform at frame k, written as

x̃
(i)
k = Skx

(i)
k . (3.11)

The transformed landmarks x̃
(i)
k are then used as the basis for VEOS features. Errors

in head-pose estimation and imperfect alignment of the similarity transform intro-

duce residual head motion into these signals. These effects are considered later when

discussing noise.

A schematic of the camera, head and eye geometry is shown in Figure 3.1. The

figure highlights how the same eyeball rotation leads to different landmark patterns

when the head pose changes.

3.3 Modelling eyeball kinematics

The eyeball is often modelled as a sphere of radius reye that rotates within the or-

bit [48], [55]. Muscle insertions and connective tissue mean that the true motion is

more complex, but the spherical model captures the main relationship between gaze

direction and image appearance.

Let the optical axis in the reference pose point along unit vector ez in the eye-
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Figure 3.1: A head-centred coordinate frame is mapped to the camera frame by a rigid
transform [R | t], while the eyeball rotates within the head frame. Landmarks on the
eyelids and iris are projected onto the camera image plane, and a face-normalisation
stage applies a similarity transform to the detected landmarks to reduce the effect of
head motion before they are used as VEOS features.

centred frame. Horizontal and vertical gaze angles at time t are denoted by θh(t) and

θv(t). A simple parametrisation of the rotation uses two elemental rotations,

Reye(t) = Ry(θh(t))Rx(θv(t)), (3.12)

where

Rx(θ) =













1 0 0

0 cos θ − sin θ

0 sin θ cos θ


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







, (3.13)

and

Ry(θ) =













cos θ 0 sin θ

0 1 0

− sin θ 0 cos θ













. (3.14)

This model neglects torsional rotations around the optical axis, which are usually

small in everyday viewing [55].

Let X0 be the vector from the eye centre to the pupil centre in the reference pose.
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At time t, the pupil centre is located at

Xpupil(t) = Reye(t)X0. (3.15)

Projection using the camera model in Section 3.2 then gives the expected image

coordinates of the pupil.

For small departures from the primary gaze direction the mapping from (θh, θv)

to pixel coordinates can be linearised. Writing

θ(t) =







θh(t)

θv(t)






, (3.16)

and letting xpupil(t) = (u(t), v(t))⊤ denote the corresponding pixel coordinate, the

first-order Taylor expansion around a reference angle θ0 is

xpupil(t) ≈ x0 + Jθ (θ(t)− θ0) , (3.17)

where

Jθ =
∂xpupil

∂θ⊤

∣

∣

∣

∣

θ=θ0

(3.18)

is the Jacobian. The entries of Jθ depend on the camera intrinsics and the geom-

etry of the eyeball within the orbit [55]. For a fixed setup, Jθ can be treated as

constant. Equation (3.17) explains why small changes in gaze direction cause al-

most linear changes in image coordinates, and why a simple regression from landmark

displacements to angular displacements is often effective over moderate ranges [20],

[160].

The eyeball kinematic model also helps when reasoning about occlusion. As the eye

rotates upwards, the upper eyelid covers more of the iris. The portion of the iris that

remains visible depends on both the rotation and the eyelid motion [55]. Landmark

detectors that include points along the upper lid capture this interaction. During a

blink, the upper lid moves rapidly downwards, temporarily occluding the pupil, and
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then returns. The kinematic link between lid motion and eyeball rotation produces

characteristic waveforms in both video and EOG, which VEOS can exploit [48], [55].

One could extend the model to include Listing’s law, which states that eye ro-

tations during normal viewing can be described as rotations about axes that lie in

a single plane in rotation space [55]. For the purposes of VEOS it is sufficient to

note that eye movement kinematics are constrained and that not all paths in angle

space are equally likely. The learning algorithms then see samples drawn from this

constrained space.

3.4 Temporal dynamics of eye movements

Eye movements are not isolated events: they form structured sequences in time [55]. A

typical viewing pattern consists of alternating fixations and saccades, with occasional

blinks. In driving or vigilance tasks, smooth pursuit movements may also appear [20],

[55]. The temporal dynamics influence both the frequency content and the statistical

structure of the signals that VEOS processes.

Let xk denote a vector of landmarks at video frame k. Differences and derivatives

of xk capture temporal information. A simple first difference

∆xk = xk − xk−1 (3.19)

acts as a high-pass filter. Larger magnitude differences indicate rapid motion, as in

saccades or blinks. Second differences emphasise curvature in the trajectory,

∆2xk = xk − 2xk−1 + xk−2. (3.20)

These operators are useful for constructing features that respond selectively to sudden

movements.

In discrete time, differences and finite impulse response filters can be described

by convolution. For example, a three-point moving average filter applied to a scalar
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sequence x[k] is

x̃[k] =
1

3
x[k − 1] +

1

3
x[k] +

1

3
x[k + 1], (3.21)

with impulse response h[0] = h[1] = h[2] = 1/3. The frequency response H(ejω)

reveals how the filter attenuates high-frequency components. Similar reasoning applies

to EOG and EEG filters [22], [144].

Eye movements generate characteristic frequency content. Saccades produce broad-

band energy with a peak that depends on the distribution of saccade durations, while

blinks produce strong low-frequency energy and a substantial near-direct-current com-

ponent in EOG [27], [36], [144]. Fixations contribute low-level, low-frequency noise.

These patterns are reflected in the video features. Vertical eyelid distance, for exam-

ple, behaves like a low-frequency envelope with sharp transitions at blink onset and

offset.

The sampling structure of VEOS is constrained by the frame rate of the camera.

If the camera operates at fcam frames per second and the EOG is sampled at feog,

then the maximum temporal resolution achievable by VEOS in the video domain is

one frame. If blink rise times are of the order of tens of milliseconds and the frame

interval is similar, only a few samples capture the transition [55]. This is still sufficient

to detect blinks and to estimate their timing to within a frame, but peak values may

be underestimated compared with a high-rate EOG.

It is sometimes useful to think in terms of a generative model where an underlying

ocular state trajectory θ(t) drives both video and EOG through different observation

models [20], [147]. In that view, VEOS attempts to invert one observation model

using the other, under sampling and noise constraints.

3.5 Landmark noise and uncertainty

Landmark detection does not produce exact coordinates; it is a statistical inference

process operating on noisy images [48], [55], [110]. Errors in landmark locations

propagate through the VEOS pipeline and impose a limit on the accuracy of any
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inferred EOG.

The observed landmark position at frame k can be written as

xk = x∗

k + ϵk, (3.22)

where x∗
k is the true projection of the anatomical point and ϵk is the error. A simple

model assumes that ϵk is zero mean with covariance Σϵ. Under that assumption,

E[xk] = x∗

k, Cov[xk] = Σϵ. (3.23)

In reality, Σϵ depends on head-pose, distance, illumination and eye state. For exam-

ple, landmarks near the eyelids are harder to detect accurately when the eyelids are

partially closed, and iris landmarks can become unreliable at extreme gaze angles [55],

[110].

If VEOS constructs features that involve differences, the error covariance changes.

For a first difference,

∆xk = xk − xk−1 =
(

x∗

k − x∗

k−1

)

+ (ϵk − ϵk−1) , (3.24)

and if the errors in successive frames are independent and identically distributed with

covariance Σϵ, then

Cov[∆xk] = 2Σϵ. (3.25)

The signal of interest appears in the first bracket, while the noise variance dou-

bles. This illustrates why some temporal smoothing is necessary before taking differ-

ences [55].

Not all errors are random. Systematic biases occur when the landmarks track

visually salient but anatomically imperfect features. For instance, eyeliner or glasses

frames can shift the apparent position of the eyelid [55]. These biases are harder to

model mathematically. From the point of view of VEOS, they appear as structured

offsets that the mapping from video to EOG must absorb.
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Gross outliers are another concern. A single misdetected frame can produce a

large spike in a feature sequence. Robust statistics offer ways to limit their influence.

For example, instead of computing sample means and covariances with squared error

loss, one can use Huber losses or median-based estimators that are less sensitive to

extreme values. In practice VEOS uses outlier rejection rules on landmark positions

and discards frames where the face mesh is clearly invalid.

3.6 EEG signal characteristics

Electroencephalographic signals are recordings of potential differences between scalp

electrodes and a reference [2], [22]. They reflect the combined activity of many neural

populations alongside various non-neural sources. For the purposes of VEOS, the

most important properties of EEG are its amplitude range, spectral structure and

statistical dependence over time.

Let xm[n] denote the discrete-time EEG signal at channel m sampled at frequency

fs. A common starting point is to model xm[n] as a realisation of a zero-mean, wide-

sense stationary random process with autocovariance

Rxm
[ℓ] = E[xm[n]xm[n+ ℓ]], (3.26)

and cross-covariance between channels m and k,

Rxmxk
[ℓ] = E[xm[n]xk[n+ ℓ]]. (3.27)

True EEG is only approximately stationary over short windows, but many processing

techniques rely on this approximation [2], [22].

Typical EEG amplitudes at the scalp lie in the tens of microvolts. This is small

compared with artefacts produced by eye movements and muscle activity, which can

easily reach hundreds of microvolts [36], [132], [144]. The signal-to-noise ratio of

neural activity relative to ocular artefacts is therefore often poor at frontal sites. Any

50



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

additional information that helps isolate the ocular contribution is valuable [137],

[144].

From a spectral point of view, EEG power is concentrated in a band from roughly

0.5 Hz to a few tens of hertz, although higher-frequency activity from muscle sources

and some brain rhythms can extend further [2], [22]. It is customary to describe

frequency content in terms of named bands. While the exact boundaries vary across

studies, a typical scheme uses

delta: 0.5 to 4 Hz, (3.28)

theta: 4 to 8 Hz, (3.29)

alpha: 8 to 13 Hz, (3.30)

beta: 13 to 30 Hz, (3.31)

gamma: 30 Hz and above, (3.32)

consistent with standard descriptions of oscillatory activity [46], [52], [115].

Many cognitive and clinical paradigms focus on changes in power or phase rela-

tionships within particular bands [46], [52], [120]. Ocular artefacts are problematic

because they contribute power in exactly the same low-frequency ranges where inter-

esting brain activity appears, particularly in the delta and theta bands [36], [144].

The spatial structure of EEG is described by the covariance matrix of channel

signals. At a fixed time, the vector of potentials x[n] across channels has covariance

Cx = E[x[n]x[n]⊤]. (3.33)

This matrix encodes correlations between electrodes. Neural sources with distributed

spatial projections and artefacts with concentrated projections both leave distinct

signatures in Cx. Independent component analysis and related blind source sepa-

ration methods use this structure, together with higher-order statistics, to separate

sources [59], [81], [90], [102].
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Referencing schemes also influence EEG characteristics. Potentials are always

measured relative to a reference electrode or composite reference. Common referencing

strategies include linked mastoids, average reference and reference to a single vertex

electrode. Changing reference alters the apparent amplitude and covariance structure

of channels, but not the underlying physics [22], [144]. VEOS is agnostic to the

particular reference used, as long as the same scheme is applied consistently to EOG

and EEG so that relationships between channels remain interpretable.

In summary, EEG can be thought of as a multivariate, band-limited, noisy signal

with low-amplitude neural components of interest and higher-amplitude artefacts of

non-neural origin [2], [22], [144]. The next sections describe in more detail how eye

movements and eyelid muscles contribute to this mixture.

3.7 Electrooculogram modelling

The electrooculogram is a surface measurement of an underlying electric field gener-

ated by the eye. A simplified but useful description treats the eye as an electric dipole

of constant magnitude whose orientation follows the optical axis [27], [36], [144].

Let p(t) be the dipole moment at time t. It is written as

p(t) = p0q(t), (3.34)

where p0 is a positive constant and q(t) is a unit vector. In the eye-centred frame,

q(t) points from the retina towards the cornea. When the eye rotates, q(t) rotates

with it, and is therefore a function of the gaze angles.

Electrodes placed near the eye measure potential differences that depend on the

projection of p(t) through the inhomogeneous volume conductor of the head. Analytic

expressions for this projection in realistic head models are complicated. For VEOS

the relevant fact is that vertical and horizontal EOG channels can be approximated
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as linear functionals of q(t),

Vvert(t) ≈ k⊤

v q(t) + ηv(t), (3.35)

Vhoriz(t) ≈ k⊤

h q(t) + ηh(t), (3.36)

where kv and kh are constant vectors determined by electrode placement and tissue

properties, and ηv(t), ηh(t) represent noise and other sources [27], [36].

If the coordinate axes of the eye-centred frame are aligned so that the z axis is close

to primary gaze, then for small rotations the unit vector q(t) can be approximated as

q(t) ≈













θh(t)

θv(t)

1













, (3.37)

and the vertical and horizontal EOG channels become approximately linear in the

gaze angles. This is consistent with empirical findings that EOG amplitudes scale

with the angle of rotation over moderate ranges [12], [36], [83].

The frequency content of EOG is shaped by the same temporal dynamics discussed

earlier. Slow drifts in gaze cause very low-frequency components and baseline wander.

Saccades produce sharp deflections with energy in a mid-range of frequencies. Blinks

produce large, sharp waveforms with strong low-frequency content and shifts in the

apparent baseline. Any method that attempts to infer an EOG-like signal from video

must reproduce these characteristics to be useful in practice [36], [45], [144].

3.8 Propagation of ocular sources to scalp EEG

EOG electrodes are placed close to the eyes, so they measure the ocular dipole through

a relatively direct pathway. Scalp EEG electrodes record the combined effect of many

neural and non-neural sources. Ocular activity is one source among many, but it can

dominate frontal channels because of its proximity and magnitude [36], [95], [144].

A full treatment of the forward problem in EEG uses a leadfield matrix L that
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maps a set of current sources in the brain and eyes to potentials at electrodes [88]. In

a simplified view,

v(t) = Lbrainjbrain(t) + Leyep(t) + η(t), (3.38)

where v(t) is the vector of EEG channel voltages, jbrain(t) summarises neural sources

and Leye encodes the sensitivity of each electrode to the ocular dipole p(t). The noise

term η(t) covers instrumental and environmental contributions [22], [124].

For frontal channels, rows of Leye have relatively large magnitudes, because the

electrodes are close to the source. For occipital channels the coupling is weaker.

The spatial pattern of ocular activity in EEG therefore shows a gradient from large

deflections at frontal sites to smaller deflections further back [36], [95].

From the perspective of artefact handling, this structure is useful. Components

derived from ICA that correspond to ocular artefacts have scalp maps that match

the expected pattern from Leye. They also correlate strongly with EOG [59], [81],

[90], [102], [137], [144]. If VEOS produces an inferred EOG that tracks p(t) closely, it

can serve as an auxiliary observation of the ocular source and help to identify those

components. This propagation pathway is illustrated schematically in Figure 3.2,

Figure 3.2: Simplified model of the electrooculogram and its propagation to scalp
EEG. The corneo-retinal potential is modelled as an eye-centred dipole, which gives
rise to large voltages at nearby EOG electrodes and smaller, but related, artefacts at
frontal EEG electrodes via volume conduction.

which shows the ocular dipole, the nearby EOG electrodes and the more distal frontal
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EEG electrodes through which the field spreads via volume conduction. It is important

that VEOS does not attempt to model brain sources. The role of the inferred EOG

is to track a non-neural source that is already considered an artefact in many EEG

applications. The theoretical burden is therefore to model ocular potentials and their

leakage into EEG with enough fidelity to support artefact handling, rather than to

build a complete forward model of the head.

3.9 Ocular artefacts in EEG

Ocular artefacts are the contributions to scalp EEG that arise from movements of the

eyes and eyelids, rather than from cortical activity. They originate primarily from the

electrooculogram and from muscle activity in the periocular region [36], [144].

In the time domain, ocular artefacts have characteristic waveforms. Blinks produce

large, relatively slow deflections in frontal channels. The waveform often shows a

sharp rise as the eyelids close, a plateau when the eye is fully closed and a slower

return during reopening. The amplitude can exceed the underlying EEG by an order

of magnitude [36], [45]. Saccades produce shorter, often smaller deflections whose

sign and size depend on the direction and amplitude of the eye movement. Slow

drifts in eye position lead to baseline shifts that persist until gaze is reset. These

characteristic waveform shapes are illustrated in Figure 3.3, which shows idealised

examples of each artefact type as they would appear in a frontal EEG or vertical

EOG channel. These artefacts are strongly correlated across frontal channels. During

a blink, several frontopolar and frontocentral electrodes show similar waveforms with

slightly different amplitudes. More posterior electrodes exhibit reduced but non-zero

artefact, reflecting the spatial spread of the ocular field through the head. This spatial

pattern is one of the cues that ICA and other spatial filtering techniques exploit [102],

[137].

In the frequency domain, ocular artefacts contribute most power at low frequen-

cies. A large blink introduces a prominent peak near zero frequency when viewed

over short windows, because it resembles a step or ramp in the signal. Repeated
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Figure 3.3: Characteristic time-domain waveforms of the three main classes of ocular
artefact as they appear in a frontal EEG or vertical EOG channel. A blink (left)
produces a large, sharp-rising deflection that plateaus briefly at full eyelid closure
before returning more slowly to baseline, with peak amplitudes commonly in the
range 100–500µV. A saccade (centre) produces a shorter, step-like deflection whose
polarity depends on the direction of the eye movement and whose amplitude scales
with the angular displacement. A slow drift (right) produces a gradual baseline shift
that accumulates over seconds until gaze is reset. These waveform shapes motivate
the use of temporal context in the VEOS inference model.

blinks at irregular intervals produce broadband low-frequency activity. Saccades con-

tribute power at slightly higher frequencies, related to their typical durations. If

blinks or saccades occur frequently, the low-frequency power in frontal channels can

become dominated by ocular activity, complicating the interpretation of slow neural

rhythms [36], [144].

Event-related potential and time–frequency analyses are particularly sensitive to

ocular artefacts. If blinks or saccades are systematically time-locked to stimuli or

responses, the resulting potentials can contaminate averaged waveforms. Even when

not time-locked, they increase variance and reduce the statistical power of compar-

isons between conditions. For frequency analyses, slow eye movements contribute

to apparent changes in delta and theta power that have nothing to do with cortical

processes [120], [144].

The relationship between the EOG and the ocular component of EEG is not one-

to-one. The EOG is a more direct measure of the ocular dipole along specific axes,
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whereas each scalp channel sees a mixture of ocular and neural contributions mediated

by the head volume conductor and referencing scheme. Nevertheless, there is a strong

correlation between EOG and frontal EEG artefacts during eye movements [27], [131],

[132]. VEOS uses that correlation in reverse: it infers a synthetic EOG from video

and uses this as a proxy for the ocular contribution that appears in EEG.

When interpreting the effect of VEOS on EEG, it is important to keep in mind that

removing or regressing out ocular components may also remove some fraction of neural

activity that happens to be spatially or temporally correlated with eye movements.

This is not specific to VEOS; it is a general limitation of artefact handling that relies

on linear projections and statistical dependence [137], [144]. The goal is therefore to

provide the best possible estimate of the ocular contribution, so that any cleaning

procedure has a clear and interpretable target.

3.10 Eyelid EMG and periocular muscle activity

Electromyographic signals measured near the eyes provide information about muscle

activity in the eyelids and surrounding facial regions [36]. In many datasets, includ-

ing those that record periocular channels alongside EEG, surface electrodes placed

over the orbicularis oculi or nearby sites capture bursts of activity associated with

blinks, squints and other eyelid movements. These EMG signals complement EOG

by highlighting muscular rather than purely dipolar electrical contributions.

The EMG associated with eyelid closure arises mainly from contraction of the

orbicularis oculi muscle. This muscle encircles the eye and is responsible for closing the

eyelids. During a blink, it activates briefly and strongly, producing a high-frequency

burst in the EMG signal superimposed on any slower EOG deflection. Partial blinks,

deliberate squeezes and sustained squints have different activation patterns, which

can be distinguished in EMG [36].

From a signal-processing perspective, EMG has a broader and higher frequency

content than EOG. Power spectra of EMG from facial muscles often show significant

energy from tens of hertz up to a few hundred hertz, depending on the recording
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bandwidth. In contrast, EOG power is concentrated at low frequencies. This separa-

tion allows filtering strategies that retain EOG while attenuating EMG, or vice versa,

depending on the application. It also means that EMG can contaminate higher-

frequency EEG bands, including beta and gamma ranges, in ways that EOG does

not [36], [144].

In scalp EEG, periocular EMG contributes to fast transients and increased high-

frequency noise in frontal channels. These contributions are less spatially smooth than

those from the ocular dipole, because muscle activity is more localised. They can be

mistaken for high-frequency neural activity if not recognised. Independent component

analysis often separates EMG-dominated components from both neural and ocular

components by virtue of their spatial patterns and spectral properties [82], [90], [144].

For VEOS, periocular EMG channels serve two roles. First, they provide an addi-

tional source of ground truth for eyelid events in datasets that include them. Bursts

of eyelid EMG confirm the timing of blinks and can be used to construct labels for

training and evaluation of video-based blink detection [45]. Second, they highlight the

difference between what is visible in the video and what is recorded electrically. The

camera sees eyelid movement directly but does not observe muscle activation per se.

Surface EMG records the electrical activity of the muscle, which may begin slightly

before visible motion.

In a theoretical sense, one can extend the source model of EEG to include both

EOG-driven dipole sources and EMG sources. Let s(t) now contain three groups of

components: neural activity, ocular dipole activity and muscle activity. The leadfield

matrix L can be partitioned accordingly:

x(t) = Lbrainsbrain(t) + Leyeseye(t) + Lemgsemg(t) + ϵ(t). (3.39)

Periocular EMG channels provide a more direct view of semg(t), whereas EOG chan-

nels view seye(t), and scalp EEG channels see a mixture of all three. VEOS focuses

primarily on seye(t), but the presence of EMG activity near the eyes affects both the

electrical measurements and the video appearance during forceful blinks or squints.
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When using a public dataset that includes eyelid EMG, VEOS can use that channel

as an additional reference for blink timing and for distinguishing blinks from other

facial actions. The theoretical treatment in this chapter clarifies how these signals

relate and why it is helpful to consider both EOG and EMG when interpreting the

performance of a vision-based inference model [45].

3.11 Independent component analysis for EEG

Independent component analysis assumes that the observed multi-channel EEG signal

x(t) ∈ R
M arises from a linear mixing of latent sources s(t) ∈ R

N through a matrix

A,

x(t) = As(t). (3.40)

The aim is to estimate an unmixing matrix W such that

ŝ(t) = Wx(t) (3.41)

has statistically independent components [59].

The rationale behind ICA is linked to the central limit theorem. A linear combi-

nation of independent non-Gaussian sources tends to be more Gaussian than the indi-

vidual sources. If the goal is to recover sources that are as non-Gaussian as possible,

one searches for a transform that maximises some measure of non-Gaussianity [59].

Many algorithms start by whitening the data. Let x(t) be a zero-mean signal and

Cx = E[x(t)x(t)⊤] its covariance. A whitening matrix V is found such that

z(t) = V x(t) (3.42)

has identity covariance. One choice uses the eigenvalue decomposition

Cx = EΛE⊤, (3.43)
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and defines

V = Λ−1/2E⊤. (3.44)

After whitening, the mixing process becomes an orthogonal transform, so the remain-

ing task is to find a rotation that yields independent components [59].

Fixed-point algorithms such as FastICA operate on one component at a time or

on several in parallel. For a single component, an update rule has the form

wnew = E[zg(w⊤z)]− E[g′(w⊤z)]w, (3.45)

followed by normalisation of w. Here g(·) is a non-linear function chosen to approxi-

mate the score function of the source distribution, and g′(·) is its derivative. Typical

choices include g(u) = tanh(u) for super-Gaussian sources [59].

For multiple components, constraints are added to keep the rows of W orthogonal.

Symmetric orthogonalisation schemes update all rows and then apply a symmetric

decorrelation step. Deflation schemes estimate one component at a time and subtract

its contribution from the data [59].

In the EEG setting, the latent sources include neural activity from different regions

and frequency bands, ocular artefacts, muscle artefacts and possibly line noise. Ocular

components often have super-Gaussian distributions because blinks and large saccades

generate occasional high-amplitude events. Their scalp maps are frontal and their time

courses correlate strongly with EOG. Once identified, these components can be zeroed

or attenuated before reconstructing the cleaned EEG as

x̂clean(t) = Aŝclean(t), (3.46)

where ŝclean(t) has the ocular components modified [39], [81], [82], [90], [102], [137].

VEOS interacts with ICA at this point. An inferred EOG signal ŷ(t) produced

by VEOS can be correlated with candidate components ŝi(t). Components that show

high correlation and frontal topographies are strong candidates for ocular artefacts.

This relationship does not require VEOS to be perfect. Even a partial reconstruction
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of the EOG can assist the identification step.

3.12 Mapping from video landmarks to EOG

The theoretical pieces assembled so far suggest that there is a functional relationship

between video features zk and the EOG signal yk at the same time. VEOS seeks

to approximate this relationship with a parametric model that is flexible enough to

capture the main structure but constrained enough to avoid overfitting. Related

ideas appear in appearance-based gaze estimation and multimodal EEG–eye-tracking

work [20], [24], [110], [147], [160].

Let zk ∈ R
D be a feature vector derived from landmarks at frame k. Features

can include normalised landmark positions, differences, velocities, eyelid distances,

eye opening ratios and indicators for partial or full occlusion. Time-delayed copies of

these features can be concatenated to provide short-term temporal context, so that

zk =



















fk

fk−1

. . .

fk−L+1



















, (3.47)

where fk is the basic feature vector at time k and L is the context length [20], [55].

The mapping is written as

ŷk = f(zk;θ), (3.48)

with parameter vector θ. In a linear model,

f(zk;θ) = w⊤zk + b, (3.49)

while in a shallow non-linear model,

f(zk;θ) = v⊤σ(Wzk + b) + c, (3.50)
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where W is a weight matrix, b and v are vectors, c is a scalar bias and σ(·) is a

non-linear activation function applied elementwise.

Given training data {(zk, yk)}
T
k=1, parameters can be estimated by minimising a

loss

L(θ) =
1

T

T
∑

k=1

ℓ (yk, f(zk;θ)) , (3.51)

where ℓ is a pointwise loss such as squared error. Regularisation terms can be added

to penalise large weights or to encourage sparsity [141].

The mapping is subject to identifiability limits. If the EOG channel contains

components that are not driven by eye motion visible in the video, such as slow drifts

in electrode impedance or interference from nearby muscles, no video-based model

can recover them. Similarly, if parts of the eye are occluded or the landmark detector

fails, those moments carry incomplete information. VEOS therefore aims to capture

the portion of the EOG that is predictable from the visible eye region.

A further source of identifiability limits is variability in the imaging conditions

themselves. Changes in ambient lighting alter the contrast of the pupil boundary,

iris and eyelid margins relative to the sclera, and can cause the landmark detector

to fail or to track anatomically incorrect points. Near-infrared illumination reduces

sensitivity to ambient light fluctuations, but specular reflections from the cornea and

eyelashes remain problematic, particularly during blinks and at extreme gaze angles.

Camera parameters also matter: a lower frame rate reduces the temporal resolution

of blink onset and offset, a narrower field of view or shallower depth of field may cause

the eye to drift out of focus during head movements, and differences in sensor noise

and dynamic range affect the reliability of eyelid-aperture estimates near full closure.

These imaging factors introduce structured variability into the feature sequences that

the model must either absorb through regularisation or treat as a source of domain

shift when transferring between datasets recorded under different conditions.

Calibration across subjects is another consideration. Differences in eye physiology

and electrode placement change the scale and offset of the EOG. Including per-subject

gains and offsets, or features that reflect subject-specific geometry, helps the model
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adapt. In a linear setting, this can be as simple as adding subject indicator variables

and allowing the regression to learn different intercepts or slope adjustments.

3.13 Synchronisation and timing considerations

The final theoretical component concerns time. VEOS operates on data recorded by

several devices. Each device has its own internal clock and buffering behaviour. The

mapping from video to EOG assumes that zk and yk refer to the same moment in

time. Any misalignment weakens the observed dependency [8], [45], [129].

Let tcamk denote the timestamps associated with video frames and teogn the times-

tamps for EOG samples. Ideally,

tcamk = t0 +
k

fcam
, teogn = t0 + δ +

n

feog
, (3.52)

for fixed t0 and δ. In reality, the timestamps provided by software are

t̃camk = tcamk + ϵcamk , (3.53)

t̃eogn = teogn + ϵeogn , (3.54)

where the ϵ terms represent latency and jitter.

If the errors are small and slowly varying, one can align the streams by estimating a

single offset and then interpolating the higher-rate signal onto the lower-rate timeline.

If there is drift, a linear correction can be introduced. Suppose that the camera

clock runs slightly faster than the EOG clock. Over the duration of a recording,

this introduces a mismatch that grows linearly with time. One can estimate a drift

parameter α such that corrected times

t̂camk = tcamk (1 + α) (3.55)

align better with EOG events.
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Misalignment degrades correlation. If the true EOG signal is y(t) and the inferred

signal is ŷ(t), the Pearson correlation coefficient at zero lag is

ρ(0) =
E[(y(t)− µy)(ŷ(t)− µŷ)]

σyσŷ

, (3.56)

with means µy, µŷ and standard deviations σy, σŷ. If there is a constant delay τ

between the signals, the relevant statistic becomes ρ(τ). A delay that varies over time

will reduce the peak value of the cross-correlation function. In this sense, timing jitter

appears as an additional noise source that cannot be removed by the mapping.

Hardware triggers provide the most reliable means of bounding these errors. When

a single physical event, such as a TTL pulse, is recorded simultaneously by the camera

shutter controller, the EEG amplifier and the EOG front end, the timestamps of that

event in each stream can be compared directly. The difference gives an empirical

estimate of the inter-device offset at that moment, and repeated triggers distributed

across the recording session allow any slow drift between clocks to be characterised and

corrected. This is preferable to relying solely on software-level synchronisation, where

operating system scheduling introduces variable latency that is difficult to model.

In VEOS, an ESP32 microcontroller generates TTL pulses that are received by all

acquisition devices simultaneously, and a timing LED driven by the same pulse is

visible in the video frames, providing an additional optical marker that is independent

of any software timestamp. Together these mechanisms ensure that the offset δ and

any drift α can be estimated from the data rather than assumed to be zero.

The multimodal data acquisition platform behind VEOS includes explicit syn-

chronisation mechanisms that reduce these errors and make them measurable [8],

[129]. The theoretical framework given here provides a way to interpret how residual

misalignment influences the results in later chapters.
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3.14 Summary

This chapter developed the theoretical backbone for VEOS in three layers. First,

it introduced a projective camera model and a head-centred coordinate system for

interpreting facial landmarks, leading to eye-centred descriptions of pupil position,

eyeball-in-socket pose and eyelid aperture. A simple kinematic model related these

quantities to underlying gaze angles and highlighted how typical eye-movement pat-

terns (fixations, saccades, blinks) appear in the video domain, taking into account

landmark noise and temporal sampling constraints.

Second, the chapter described how ocular sources are represented electrically via an

eye-centred dipole and periocular EMG, and how these sources propagate through the

head volume conductor to both dedicated EOG channels and frontal EEG electrodes.

The characteristic time–frequency signatures and spatial patterns of ocular artefacts

were outlined, together with the role of independent component analysis and related

linear decompositions in separating ocular and neural contributions.

Third, the mapping from video-derived features to EOG was formalised as a super-

vised regression problem, with explicit attention to temporal context and to synchro-

nisation between camera and electrophysiology streams. This provides a principled

justification for treating inferred EOG as a non-neural auxiliary signal that can be

learned from video and then used to support artefact handling in EEG.

The next two chapters instantiate this framework in practice. Chapter 4 describes

the multimodal acquisition platform and VEOS development dataset that were de-

signed to excite and capture the ocular phenomena modelled here. Chapter 5 then

builds on the theoretical mapping by defining concrete video features, learning archi-

tectures and training procedures for VEOS, preparing the ground for the experimental

evaluation in Chapters 6 and 7.
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Chapter 4

Multimodal Data Acquisition

Platform (Development System)

4.1 Overview

This chapter describes the multimodal data acquisition platform that was used to

develop and validate VEOS. The platform is designed to record video, EEG, EOG

and, when required, periocular EMG in a tightly synchronised fashion, together with

stimulus markers and task state. In the VEOS development dataset (VEOS-Dev)

used in this thesis, only EEG, EOG and video were recorded; dedicated eyelid EMG

channels are available only in the Eye–BCI dataset described in Chapter 6. The

development platform therefore provides the VEOS-Dev dataset on which the VEOS

models were first constructed, before being evaluated on Eye–BCI and later related

to the naturalistic AMBER dataset introduced in Chapter 2.

The design has two closely related motivations. First, it serves as a practical

demonstration that a complete multimodal BCI data capture system can be speci-

fied, implemented and validated within this research programme, rather than relying

only on pre-recorded datasets. Second, it was built to expose exactly the combina-

tions of eye movements, eyelid activity and EEG artefacts that VEOS is intended to

model. The platform architecture follows the theoretical considerations of Chapter 3:
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it ensures adequate temporal resolution for eye movements, sufficient bandwidth for

EOG and (when present) EMG, and reliable timestamps for cross-modal alignment.

The following sections describe the hardware and software architecture, the cali-

bration and task structure, the synchronisation strategy and the resulting development

dataset. Participant demographics and ethics approvals for the development record-

ings are given in Section 6.2.1; this chapter concentrates on the recording platform

itself. Figure 4.1 provides a high-level overview of the system.

Figure 4.1: Block diagram of the multimodal acquisition platform used for the VEOS
development dataset. EEG, EOG and (optionally) eyelid EMG are recorded by ded-
icated front ends, while a high-frame-rate camera captures face video. All devices
stream data to a single host/stimulus PC via Lab Streaming Layer (LSL), which
aggregates EEG, EOG/EMG, video and marker streams into a single multimodal
recording. An ESP32 microcontroller distributes TTL triggers to the amplifiers and
camera, drives a timing LED visible in the video, and sends matching event markers
to the host PC, providing a common hardware-synchronised time reference across all
modalities and with the visual tasks presented on the same machine.

4.2 Hardware architecture

The platform must simultaneously acquire high-density electrophysiological signals,

high-frame-rate video of the periocular region, and precisely timed stimulus events,

with all streams synchronised to a common clock. These requirements drive a hard-

ware design built around three tightly integrated subsystems.
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4.2.1 EEG and EOG acquisition

The EEG subsystem is based on a 32-channel amplifier from ANT Neuro, configured

with standard research-grade shielding and isolation. The amplifier is connected to a

cap with electrodes placed according to a reduced international 10–20 layout, covering

frontal and central sites, which are most relevant for studying ocular artefacts and

their interaction with BCI-relevant EEG components. A reference and ground con-

figuration following the manufacturer’s recommendations is used. The exact montage

is documented in the dataset metadata and in Chapter 6.

Horizontal and vertical EOG channels are recorded using a separate biopotential

front end. Pairs of electrodes are placed near the outer canthi and above and below

one eye to capture the horizontal and vertical components of the electrooculogram.

This arrangement follows standard practice and matches the dipole model introduced

in Section 3.7. The EOG front end is battery powered and electrically isolated from

the EEG system to minimise ground loops.

Although the present platform uses research-grade hardware, there is now a grow-

ing literature validating portable and lower-cost EEG systems for event-related po-

tential (ERP) work when electrode performance and trigger timing are characterised

[43], [150].

In the development recordings described in this chapter, no dedicated eyelid EMG

channels were acquired. Periocular EMG appears later in the thesis only in the context

of an externally collected validation dataset described in Chapter 6. That dataset

includes additional periocular channels and is used to test how VEOS behaves when

EMG information is available alongside EEG, EOG and video.

4.2.2 High-frame-rate video subsystem

Video is acquired using a monochrome global-shutter USB camera module (ELP-

USBGS1200P02) mounted above the display, configured at 720p and 120 frames per

second with a 12mm lens. A global shutter was selected to avoid rolling-shutter dis-

tortion during rapid eyelid motion and saccades, which can bias landmark localisation
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and derived kinematic features [162]. The factory infrared cut filter was removed to

enable near-infrared imaging, and an infrared floodlight was used to provide stable

illumination of the face and pupil during recording [153].

The camera is configured to capture at 720p resolution and a high-frame-rate, set

to 120 Hz in the VEOS development recordings. This frame rate is high enough to

resolve saccades and blinks with several frames per event, while keeping data volume

manageable.

The lens is selected to provide a field of view that tightly frames the face. The

eyes occupy a significant portion of the vertical extent, but some forehead, nose and

mouth region remain visible. This makes it possible to detect head-pose and coarse

facial expressions in addition to eye and eyelid motion. The camera is fixed on a

stable mount to avoid motion relative to the display.

A dedicated capture process running on the host machine reads frames from the

camera driver and timestamps them using the local clock before pushing them into a

Lab Streaming Layer (LSL) video stream [73]. For storage, frames are encoded using a

constant-frame-rate video codec and written to disk. Timestamps are stored alongside

the video file in a sidecar file and in the LSL recording, so that the original frame

timing is recoverable even if the codec introduces slight timing differences. During

the VEOS-Dev recordings the camera operated in external-trigger mode, with each

frame exposure started by a TTL pulse from the ESP32 microcontroller at 120 Hz,

so that camera frames were locked to the same hardware trigger used for EEG and

EOG while still being timestamped against the host clock via LSL

4.2.3 Stimulus display and triggering

Visual stimuli are presented on a computer monitor positioned at a comfortable view-

ing distance of approximately 60–70 cm. The monitor refresh rate is set to an integer

multiple of the camera frame rate whenever possible, so that changes on the screen

align reproducibly with camera frames. Stimuli for calibration and BCI tasks are

generated either by a custom Python application or by OpenViBE [108] scenarios,
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depending on the experiment type. In other EEG laboratories, similar stimulus pre-

sentation and event handling is often implemented using general-purpose experiment

control toolkits such as PsychoPy [111].

Hardware triggers and visual markers are used both to validate timing and to

distribute a common event signal. A small light-emitting diode (LED) driven by an

ESP32-based microcontroller is placed within the camera field of view but outside

the main eye region. For each relevant event in the stimulus or EEG software, the

microcontroller generates a short TTL pulse that is fanned out to the external-trigger

inputs of the high-frame-rate camera, the ANT Neuro EEG amplifier, the OpenBCI

EOG front end [107] and, when present, the EMG front end. At the same moment, the

microcontroller briefly illuminates the LED and emits a timestamped event marker

into an LSL stream via the host PC. This approach avoids relying on operating-

system-level timing for event marking and is consistent with evidence that commodity

interfaces can introduce measurable timing uncertainty if not handled carefully[4].

This arrangement ensures that camera exposures, electrophysiological samples, LED

flashes and software markers are all time-locked to the same hardware trigger while

still being expressed in a common time base through LSL.

Figure 4.2 shows a photograph of the assembled platform, illustrating the physical

arrangement of all components on the recording desk while Figure 4.3 sketches the

practical arrangement of these components around the participant.

4.3 Software architecture

Integrating heterogeneous hardware devices into a coherent recording system requires

a software layer that abstracts away device-specific interfaces and provides reliable,

timestamped access to all data streams. The software architecture described here is

designed to meet this requirement while remaining flexible enough to support different

experimental configurations.
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Figure 4.2: Photograph of the VEOS development recording setup. (A) Near-infrared
floodlight providing stable illumination of the participant’s face and eye region.
(B) 120 fps monochrome global-shutter camera with hardware external trigger in-
put, modified to remove the infrared cut filter. (C) Stimulus laptop displaying the
cognitive loading game used as the game-based engagement task. (D) OpenBCI Cy-
ton biosignal amplifier in a custom-printed enclosure, used to acquire EOG channels.
(E) ESP32 microcontroller providing hardware synchronisation: it distributes TTL
trigger pulses to the camera, Cyton, ANT Neuro amplifier and laptop, and drives a
timing LED visible in the camera frame. (F) 32-channel EEG cap. (G) OpenBCI USB
receiver dongle. (H) ANT Neuro eego rt EEG amplifier. (I) Voltage-level shifter and
signal inverter providing logic-level compatibility between the ESP32 and the camera
and Cyton trigger inputs. (J) EOG electrodes connected to the Cyton for horizontal
and vertical EOG acquisition.

4.3.1 Lab Streaming Layer integration

All data streams are integrated using LSL, which provides a common abstraction for

time series acquisition and synchronisation. Each hardware device is associated with

one or more LSL outlets. For example, an EEG outlet exposes the 32-channel ANT

Neuro data with appropriate channel labels and units, and an EOG/EMG outlet

exposes the OpenBCI channels used for ocular and muscle activity [107]. In addition,

a video outlet provides image frames or frame indices together with their timestamps,

and a marker outlet carries discrete events such as stimulus onset, button presses and

microcontroller triggers.
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Figure 4.3: Physical arrangement of the VEOS development recording setup. A
seated participant wearing a 32-channel EEG cap and periocular EOG electrodes
views a monitor at a viewing distance of approximately 60–70 cm, with a 120 Hz
face camera mounted on the top bezel to capture the full face. A small LED placed
in a screen corner provides visible timing flashes within the camera field of view.
Approximate eye–screen distance, screen size and camera position are indicated to
clarify the recording geometry.

LSL maintains internal estimates of clock offsets between devices and the host and

provides corrected timestamps in a common time base. This is crucial for the later

mapping between video and electrophysiological signals. The theoretical aspects of

this synchronisation were discussed in Section 3.13. Here the focus is on the concrete

implementation.

On the host side, a central recording application opens inlets for each outlet and

continuously reads samples. Samples are written to disk in the Extensible Data For-

mat (XDF), an LSL-compatible container that preserves timing and channel metadata

for downstream analysis[72]. This yields a single multimodal recording per session that

can be replayed or processed offline without further concern for device-specific details.

Figure 4.4 illustrates this data flow, from individual device outlets through LSL to

the central recording file.
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Figure 4.4: Software-level data flow through Lab Streaming Layer (LSL). Physio-
logical devices expose LSL outlets for EEG, EOG/EMG and marker streams, while
the camera acquisition software writes video frames to disk and publishes only frame
indices and timestamps via an LSL outlet. A central recording application opens
corresponding inlets, subscribes to the EEG, EOG/EMG, frame-timing and marker
streams, and writes a single multimodal recording file that preserves channel metadata
and a common time base. The ESP32 microcontroller drives the LEDs and generates
all digital trigger events, which are inserted into the marker outlet to provide shared
timing markers across electrical and visual channels.

4.3.2 Custom recording interface

To manage recordings, a custom recording interface was implemented in Python. This

interface provides a graphical summary of the current streams, showing which outlets

are visible on the network, their nominal sampling rates and current throughput. It

allows the operator to enter participant identifiers and session metadata before start-

ing a recording and to start and stop the central LSL recorder from the same interface.

The operator can also monitor basic signal quality, including EEG impedances from

the ANT Neuro software and raw EOG traces, and view a low-resolution preview of

the camera feed to ensure correct framing and focus.

The interface enforces a consistent directory structure and file naming scheme.

Each session directory contains the LSL recording file, the raw encoded video, any

additional logs from the stimulus software and a small JSON metadata file describing

the configuration, electrode layout and any deviations from the standard protocol.
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This structure simplifies offline analysis and traceability.

4.3.3 OpenViBE and task logic

For BCI-style tasks, OpenViBE is used to define and execute stimulus scenarios.

OpenViBE flows are configured to send event markers into LSL whenever specific

screen events occur, such as the onset of a stimulus block, the presentation of a

calibration point or the start of a rest period. In some scenarios, OpenViBE also

receives derived signals, such as online band power estimates, although VEOS itself

is trained and evaluated entirely offline.

The choice of OpenViBE has two advantages. First, it reuses an established BCI

framework, which makes the protocols easier to reproduce in other laboratories. Sec-

ond, it ensures that EEG and task logic can be modified without changes to the

acquisition backbone.

4.4 Calibration and stimulus design

Useful data for training and evaluating VEOS requires that participants produce a

controlled and representative range of eye movements and eyelid behaviours during

recording. Three distinct paradigms were designed to serve this need, covering delib-

erate gaze shifts for calibration, naturalistic behaviour during an engagement task,

and the structured stimulus sequences required for BCI paradigm evaluation.

4.4.1 Follow the dots: gaze calibration

A dedicated calibration task is used to expose controlled eye movements and eyelid

behaviour. During this task, the participant is instructed to follow a sequence of

dots that appear at known locations on the screen. The sequence covers central,

horizontal and vertical positions, with occasional diagonal positions to ensure that

combined horizontal and vertical rotations are represented.

Each dot is presented for a fixed duration while the participant is asked to maintain
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gaze, then the dot jumps to a new location. Short rest intervals are inserted to reduce

fatigue. The timing and coordinates of each dot are logged as stimulus markers and

stored in the LSL marker stream.

From the point of view of VEOS, this task provides known changes in gaze direction

that can be related to changes in landmark positions, as formalised in Section 3.3,

as well as segments of relatively stable gaze that are useful for estimating baseline

noise and drift in the video-based features. It also provides opportunities to observe

blinks in a context where the underlying gaze direction is known, which simplifies

blink labelling.

4.4.2 Game-based engagement task

To generate more naturalistic eye and eyelid behaviour while maintaining a controlled

structure, a game-based engagement task is used, following the design described in

earlier work on blended control of scale vehicles [129].

In this task the participant plays an abstract “cognitive loading” game that presents

five concurrent subtasks on a single screen (Figure 4.5). Each subtask produces dis-

crete events that require a mouse click or typed response:

(i) A ball moves around the border of the screen and occasionally comes to a halt.

The participant must click on it to keep it moving.

(ii) Two vertical “tanks” slowly leak fluid. The participant must click a valve to

keep the fluid level between upper and lower target lines.

(iii) Simple arithmetic expressions (e.g. “6 + 3”) appear in a lower text box and the

participant types the numerical answer.

(iv) A Stroop colour–word task, in which colour names are displayed in potentially

incongruent font colours (e.g. the word “green” shown in yellow). The partici-

pant must type the font colour rather than the word.

(v) Small indicator lights at fixed locations on the screen illuminate at random

intervals and must be clicked to turn them off.
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Tasks (i) and (v) approximate reactions to sudden, brief events, whereas task (ii)

requires continuous monitoring of a predictable process. Tasks (iii) and (iv) impose

a sustained but modest cognitive demand. Each event instance is timestamped in

the game log, and reaction times and misses are recorded per subtask. An overall

performance score is computed from the average reaction time across all subtasks.

The game runs continuously in blocks of approximately ten minutes at each of three

difficulty levels. Difficulty is manipulated by varying the rate and temporal overlap

of events. At the lowest level, events are infrequent and rarely overlap, so that the

participant can respond comfortably with periods of relative quiet. The intermediate

level presents a near-continuous stream of non-overlapping events, leaving little idle

time but remaining achievable. At the highest level, as depicted in Figure 4.5, multiple

subtasks often require attention at the same time and it is generally not possible

to respond to everything; an effective strategy is to prioritise older events so as to

minimise the backlog of outstanding tasks.

From the VEOS perspective, this game provides structured blocks spanning under-

loaded to overloaded conditions while keeping the visual environment stable. Game

events and difficulty levels are written into the LSL marker stream, allowing eye and

eyelid behaviour, performance and workload to be aligned precisely in time. Compared

with the follow-the-dots calibration, the game produces more varied sequences of

saccades, fixations and blinks driven by task demands, while still being linked to a

well-defined task structure.

4.4.3 ERP-style visual paradigms

A third class of engagement follows the structure of ERP-style visual paradigms used

in previous multimodal BCI work. In these recordings, visual stimuli are presented in

blocks designed to elicit event-related responses, such as oddball or rapid serial visual

presentation sequences. The timing of each stimulus is logged precisely through the

marker stream.

From the VEOS perspective, these ERP-like tasks have two roles. First, they ex-
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Figure 4.5: Example screen from the abstract cognitive loading game used as the
game-based engagement task at the highest difficulty level. The interface combines
five concurrent subtasks: ball motion around the border, leaky tanks, arithmetic
questions, a Stroop colour–word entry task and indicator lights.

pose conditions where participants are encouraged to suppress blinks during stimulus

trains and to blink during brief pauses, leading to characteristic clusters of blinks be-

fore and after blocks. Second, they resemble paradigms used in the AMBER dataset,

which later allows VEOS behaviour on the development platform to be compared with

its behaviour on a larger, independently collected dataset.

4.5 Data acquisition and synchronisation in prac-

tice

Temporal alignment between the video, electrophysiological and stimulus streams is

a prerequisite for all of the analyses in later chapters. Even small inter-channel delays

can introduce systematic errors in regression targets and distort event-locked analyses,

making synchronisation one of the most operationally critical aspects of the platform.

4.5.1 Timestamping and clock management

All devices in the platform rely on the host computer clock as a reference through

LSL’s clock synchronisation mechanism. Where multiple acquisition computers are
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involved, this approach relies on disciplined local clocks, typically via standard time

synchronisation protocols such as NTP [89] or PTP [60]. At start up, each LSL outlet

performs a short negotiation protocol to estimate the offset and jitter between its

local clock and the host clock. The resulting correction parameters are applied to

each sample so that when the central recorder writes data to disk, all channels share

a common time base. The ESP32 hardware trigger provides a shared sequence of

physical events across devices, while LSL’s clock synchronisation maps all samples

and trigger markers onto the same host-clock timeline.

The theoretical behaviour of this system was outlined in Section 3.13. In practice,

the key properties are stable clock offsets for each device over the duration of a

session and small residual jitter in the corrected timestamps, typically much shorter

than the sampling interval for EEG and EOG. Equally important is the absence of

large discontinuities in the device clocks, such as might be caused by power-saving

modes or driver resets.

To guard against rare timing anomalies, the acquisition software monitors the dif-

ference between nominal sampling intervals and the actual differences between succes-

sive timestamps. Any large deviations are logged and those segments can be excluded

during analysis if necessary.

4.5.2 End-to-end timing validation

End-to-end validation of synchronisation is performed using the LED marker and

known stimulus timings. In a typical validation procedure, a short scenario causes

the LED to flash at pseudo-random intervals while EEG, EOG and video are recorded.

The microcontroller writes an LSL marker at the moment it drives the LED.

Offline, the video is analysed to detect the frames in which the LED is lit. The

timestamps of these frames are compared with the corresponding EEG and EOG

sample timestamps at which a change in the LED-related artefact is visible, and with

the microcontroller’s own LSL markers. The differences form an empirical distribution

of inter-channel delays.
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In the development platform, these tests show that relative timing errors between

the video stream and the electrophysiological channels are small compared with the

temporal scales of interest for blinks and saccades. In other words, any remaining

misalignment acts as a small additional noise source rather than a dominant error

term, which is consistent with the modelling assumptions in Section 3.13.

Figure 4.6 illustrates a short excerpt from a multimodal recording, showing the

alignment between LED markers, video frames and electrophysiological traces.

Figure 4.6: Example multimodal timeline used for timing validation. Panel (a) shows
the ESP32 LED / TTL control signal together with the corresponding LSL trigger
markers. Panel (b) plots the dedicated EEG and EOG trigger channels recorded by
the amplifiers; these digital channels receive the same pulses but do not affect the
underlying EEG or EOG voltage signals. Panel (c) indicates the video frame indices,
with the frames in which the LED is visible in the camera image highlighted. Aligning
these three panels allows relative delays and jitter between the hardware triggers, LSL
marker stream and camera to be estimated, while keeping the physiological channels
free from LED-related artefacts.

4.6 Development dataset and file structure

The recordings collected using the platform described above constitute the VEOS

development dataset (VEOS-Dev), which serves as the primary source of training

and validation data for the inference models developed in this thesis. A consistent
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file structure and naming convention were adopted from the outset to support repro-

ducible analysis and straightforward cross-referencing between modalities.

4.6.1 Recorded modalities and channels

Each recording in the VEOS development dataset (VEOS-Dev) comprises 32-channel

EEG from the ANT Neuro amplifier, band-limited only by the analogue front end

and recorded at a sampling rate suitable for BCI research, together with a small

number of EOG channels configured in a standard horizontal and vertical layout. In

addition, a high-frame-rate 720p video stream covers the participant’s face, and an

event marker stream captures stimulus timings, calibration point indices, task states

and LED triggers.

No dedicated eyelid EMG channels were recorded in the VEOS development

dataset. Eyelid EMG is introduced later only when discussing the independent valida-

tion dataset hosted on Synapse and described in Chapter 6, which includes periocular

EMG channels in addition to EEG, EOG and eye-related signals.

4.6.2 Directory layout and reproducibility

The VEOS development dataset (VEOS-Dev) is organised into a hierarchical directory

structure with a top-level directory per participant and, within each participant, one

directory per session. Within each session, the LSL recording file, raw video file, and

configuration files are stored together.

Configuration files include the electrode montage and any deviations from the

standard cap layout, together with the version of the acquisition and stimulus software

used. They also record notes on participant-specific factors such as wearing of glasses

or unusual posture.

The resulting layout is shown in Figure 4.7. This structure is influenced by ear-

lier work on open multimodal platforms for passive BCIs, where the emphasis was

on reproducible data collection and sharing of complete experimental setups. The

same principles apply here: any researcher who has access to the hardware described
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above and to the software components could reconstruct the acquisition pipeline and

generate comparable data.

Figure 4.7: Directory structure of the VEOS development dataset. Recordings are
organised by participant (subj01, subj02, . . . ), with one or more session folders under
each participant. Each session contains a multimodal LSL recording file, a corre-
sponding raw video file, and a JSON configuration file describing the montage and
acquisition settings. Log files from the stimulus software are written to the session
directory when present, but are not generated for all session types. This structure
supports reproducible analysis and straightforward cross-referencing between modal-
ities.

4.7 Relation to previous multimodal platforms

The platform presented in this chapter extends previous work on multimodal data ac-

quisition [8], [129]. Earlier work on an open platform for passive hybrid BCI research

combined EEG, eye-tracking and wearable IMU streams, with tasks designed to elicit

different levels of cognitive load in simulated driving and control scenarios [129]. That

platform emphasised open-source tools, reproducible experimental setups and the use

of LSL to manage heterogeneous data streams. It also demonstrated the value of a

modular acquisition architecture in which individual sensing components could be re-

placed or reconfigured without requiring the entire system to be redesigned. This was

particularly useful in experimental settings, where changes in hardware, participant
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setup or protocol often introduced practical constraints that had to be accommodated

quickly while preserving consistent timing and data logging. The VEOS platform in-

herits several design decisions from that work: the use of ANT Neuro EEG hardware,

LSL-based integration, and Python-based acquisition scripts. It extends them in two

important ways. First, it introduces a high-frame-rate camera focused explicitly on

the periocular region, rather than a generic scene or eye-tracker view. Second, it

adds dedicated EOG channels, acquired through an OpenBCI board[107], with sensor

placement chosen to support the dipole model in Chapter 3. Together these addi-

tions shift the focus from general-purpose multimodal recording towards the specific

requirements of vision-based ocular signal inference.

In parallel, a separate line of research has explored multimodal data acquisition

for controlling scale vehicles and for naturalistic brain–computer interfaces in more

complex environments [9], [129]. Those systems share the general idea of combining

video, EEG and additional sensors, but are tuned towards different tasks and con-

straints. The VEOS development platform can be seen as the specialisation of that

general approach to the specific problem of inferring EOG from video in a laboratory

setting.

4.8 Open science, code and data availability

Open science practices, including open data, open code and transparent reporting, are

increasingly recognised as essential for reproducible neuroscience and BCI research.

The FAIR principles emphasise that scientific outputs should be findable, accessible,

interoperable and reusable [149]. In neuroimaging, community standards such as the

Brain Imaging Data Structure (BIDS) and its EEG extension (EEG-BIDS) provide

concrete templates for organising and sharing data in ways that facilitate re-use and

secondary analysis [41], [114]. These developments have been particularly influential

for EEG and MEG, where complex preprocessing pipelines and strong dependence

on artefact handling can otherwise make results difficult to reproduce. In practice,

BIDS has also been supported by shared repositories and workflow infrastructure,
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including OpenNeuro [84] and containerised analysis distributions such as BIDS Apps

[40], typically provided as Docker images and often executed with container runtimes

such as Singularity on shared computing systems [33], [75]. For electrophysiology,

BIDS-aware tooling such as MNE-BIDS provides practical interfaces for reading and

validating BIDS-structured EEG and MEG datasets [5].

This thesis follows these principles in three ways. Community recommendations

for MEG and EEG reporting and data sharing, including guidance on documenting

trigger paths and timing uncertainties, further motivate the choices made here [113].

For versioning and distributing large datasets and derived artefacts, tools such as

DataLad provide a practical complement to Git by supporting dataset-level prove-

nance and content-addressable storage [47]. DataLad builds on established large-file

versioning approaches such as git-annex [53]. First, where possible it relies on pub-

licly available datasets that already conform to open-science best practice, notably

the Eye–BCI multimodal dataset distributed via Synapse [45]. Second, the in-house

VEOS development dataset is organised in a BIDS-inspired manner and accompanied

by detailed documentation of recording parameters, tasks and preprocessing, so that

it can be interpreted by other researchers within the constraints of GDPR and local

ethics approval. Where data are shared beyond the present project, BIDS extensions

such as iEEG-BIDS and richer event description frameworks such as HED provide

additional options for standardising electrophysiology datasets and experimental an-

notations [50], [54]. Third, all core algorithms, configuration files and analysis scripts

used to implement VEOS are released as open-source software. Complementary repos-

itory services such as the DANDI Archive and Neurodata Without Borders address

broader classes of electrophysiology data and metadata [29], [96].

The VEOS implementation comprises: (i) a Python library for computing eye-

region features from video (using MediaPipe and OpenCV), (ii) training and evalua-

tion scripts for the windowed multilayer perceptron and temporal convolutional net-

work models described in Chapters 5 and 7, and (iii) utilities for integrating inferred

EOG into ICA/LCA-based ocular artefact removal pipelines. Workflow specifications
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and environment capture can be supported by workflow managers such as Snakemake

[91] and by container-based distribution, which is now common in BIDS-oriented

tooling [33], [40], [75]. For archiving releases of code and derived data with persistent

identifiers, services such as Zenodo and the Open Science Framework are widely used,

and Software Heritage provides long-term preservation of software source code [21],

[136], [156].

The code is made available under a permissive open-source licence on GitHub at:

https://github.com/PeterRedmond/VEOS

This repository includes example configuration files and notebooks that reproduce

the main analyses in Chapters 7 and 8, subject to access to the underlying datasets.

By releasing VEOS in this way, the intention is to enable other groups to (i) verify

the results reported here, (ii) adapt the models to their own multimodal EEG-video

datasets, and (iii) extend the framework to related applications such as mobile and

neuroergonomic BCIs.

4.9 Summary

This chapter has outlined the multimodal platform used to capture the VEOS de-

velopment dataset (VEOS-Dev). The hardware architecture combines research-grade

EEG, dedicated EOG channels and a high-frame-rate camera. The software architec-

ture uses Lab Streaming Layer to present a unified, time-aligned view of all streams,

with custom recording software and OpenViBE scenarios managing acquisition and

task logic. Calibration and BCI-style tasks are designed to expose controlled and

naturalistic eye and eyelid behaviours.

Together, these elements define the VEOS development dataset, in which the

relationships developed theoretically in Chapter 3 can be observed directly in joint

EEG, EOG and video recordings: eyeball rotations and eyelid movements are visible

in the video, their electrical signatures are measured by EOG, and their impact on

EEG can be traced. The next chapter builds on this platform to describe the VEOS
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inference model and the computer vision pipeline that converts video into an estimated

EOG signal.
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Chapter 5

VEOS: Vision-based

Electrooculogram Signal Inference

5.1 Chapter overview

This chapter presents the Vision-based Electrooculogram Signal Inference (VEOS)

framework. VEOS learns a mapping from video-based eye and eyelid motion to elec-

trooculogram (EOG) signals and then uses the inferred EOG as an auxiliary channel

for electroencephalogram (EEG) cleaning and interpretation in brain–computer inter-

face (BCI) applications.

Chapter 3 introduced the theoretical foundations of EEG, EOG, electromyogram

(EMG) and independent component analysis (ICA), together with relevant computer

vision concepts and a formal supervised-learning formulation of video-to-EOG map-

ping. Chapter 4 described the multimodal data acquisition platform used to capture

synchronous EEG, EOG and video in a controlled laboratory setting. The present

chapter focuses on the VEOS algorithm itself and its integration into BCI signal pro-

cessing pipelines. Early results from the VEOS framework were reported in abstract

form in [126].

Two distinct datasets are used for the quantitative experiments in this work. The

first is the VEOS development dataset (VEOS-Dev) collected with the multimodal
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platform described in Chapter 4. It contains EEG, horizontal and vertical EOG and

full-face video and is used to develop and train VEOS. The second is the Eye–BCI

dataset introduced in Chapter 6, which includes high-density EEG, vertical EOG,

eyelid EMG, high-speed eye video and eye-tracking. That dataset is used to test

the generality of the VEOS ideas, to refine blink and eyelid models and to evaluate

how inferred ocular activity relates to EEG artefacts and task-related EEG responses.

EMG is only present in the Eye–BCI dataset and is not available in the VEOS-Dev

recordings. In addition to these two datasets, the broader research programme that

underpins this thesis also makes use of the AMBER dataset described in Chapter 2.

AMBER provides EEG and full-face video in more naturalistic tasks but does not

include dedicated EOG channels. In the context of VEOS it mainly serves as a design

template and as an example of the kind of EEG+video-only dataset for which VEOS

is intended, rather than as a primary supervised training set.

The remainder of the chapter is organised as follows. Section 5.2 formulates VEOS

as a supervised learning problem, closely following the theoretical framework of Chap-

ter 3 but with an implementation focus. Section 5.3 provides a high-level overview

of the VEOS processing chain. Sections 5.4–5.7 describe the individual stages in de-

tail: video processing and landmark tracking, feature engineering, target construction

and regression modelling. Section 5.8 then explains how inferred EOG is integrated

into regression-based linear component analysis (LCA) and ICA-based EEG cleaning

pipelines.

5.2 Problem formulation

Building on the supervised mapping framework introduced in Chapter 3, VEOS is

implemented as a supervised regression problem. Let

• vt denote the video frame at time t,

• zt ∈ R
d denote a vector of eye-related computer vision features extracted from

vt,
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• et ∈ R denote an EOG sample at time t from either a horizontal or vertical

channel,

• xt ∈ R
M denote the vector of EEG voltages at time t across M electrodes.

For the VEOS development dataset (VEOS-Dev), the video and EOG signals are

recorded concurrently and time-aligned using LSL. After synchronisation it is assumed

that for each video feature vector zt there is a corresponding EOG sample et at the

same (or interpolated) time index. VEOS aims to learn a parametric function

êt = fθ(zt−L, . . . , zt, . . . , zt+R) , (5.1)

where L and R define the number of past and future frames used as temporal context

and θ denotes the model parameters.

In practice the temporal context is encoded by constructing an augmented feature

vector

ϕt =
[

z⊤t−L, . . . , z
⊤

t , . . . , z
⊤

t+R

]⊤
∈ R

D, (5.2)

and learning a mapping

êt = fθ(ϕt), (5.3)

where D = d(L + R + 1) is the dimensionality of the temporally augmented feature

vector.

The simplest instance is a linear regression model

êt = w⊤ϕt + b, (5.4)

where w ∈ R
D and b ∈ R are learned coefficients. This can be extended to non-linear

models by replacing ϕt with a non-linear feature map or by using a non-linear regressor

such as a shallow neural network or a temporal convolutional network (TCN).

In all cases the baseline training objective is to minimise a regularised squared
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error

LMSE(θ) =
1

T

T
∑

t=1

(et − êt)
2 + λR(θ), (5.5)

where R(θ) is a regularisation term and λ controls the strength of regularisation.

Section 5.7.4 describes optional extensions to this loss, including correlation- and

derivative-based terms and blink-aware weighting.

Once trained, fθ is applied to new video streams to infer an EOG signal even when

no physical EOG electrodes are present. The inferred signal êt is then used as an

additional channel when cleaning EEG with LCA or ICA, as described in Section 5.8.

5.3 Overview of the VEOS architecture

The VEOS processing chain can be divided into five stages:

1. Video acquisition and synchronisation. Video is captured from a 120 Hz

camera in the development system and synchronised with EEG and EOG using

LSL. For the Eye–BCI dataset, synchronised EEG, EOG, EMG, high-speed

camera and eye-tracker streams are provided by the original authors.

2. Face and eye localisation. Each frame is processed to locate the face and then

the eye regions. OpenCV is used for frame handling and initial face detection,

and MediaPipe Face Mesh provides dense facial landmarks that give precise eye

and eyelid geometry over time [13], [68].

3. Feature extraction. From the landmarks and image data, VEOS computes

geometric and temporal descriptors of eye position, eyelid aperture via an eye

aspect ratio (EAR) measure [31], [138], and blink dynamics. These descriptors

form the feature vector zt and its temporally augmented version ϕt.

4. EOG and EMG target construction. For the VEOS development dataset

(VEOS-Dev), raw EOG is filtered, baseline-corrected and resampled to match

the video frame times. For the Eye–BCI dataset, vertical EOG and eyelid EMG
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Figure 5.1: Overview of the VEOS processing chain. Monocular eye-region video is
converted into eye and eyelid features, which are mapped by a regression model to an
inferred EOG signal. This signal is then used alongside EEG in regression-based linear
component analysis (LCA) and independent component analysis (ICA) pipelines to
identify and remove ocular components, yielding cleaned EEG for downstream BCI
analyses.

channels are preprocessed and used both as targets and as additional validation

for blink detection.

5. Model training and inference. Regression models with temporal context are

trained on the VEOS-Dev dataset to map visual features to EOG. The trained

models are then applied to new video data, in particular the Eye–BCI recordings

and, in principle, EEG+video-only datasets such as AMBER, and the inferred

EOG is used to support EEG cleaning via LCA and ICA.

Figure 5.1 illustrates this processing chain at a high level.

Before any inference can be performed, raw video frames must be processed into

a compact, calibrated representation of ocular geometry. This involves detecting the

face, localising the relevant landmarks around the eye, and handling the practical

complications that arise from head movement, variable illumination and occasional

tracking failures.
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5.4 Video processing and landmark tracking

Before any inference can be performed, raw video frames must be processed into a

compact, calibrated representation of ocular geometry. This involves locating the

relevant facial landmarks around the eyes and handling the practical complications

that arise from head movement and occasional tracking failures.

5.4.1 Frame acquisition and timing

In the development system, video is captured from a 120 Hz camera configured to

provide a stable view of the participant’s face with emphasis on the eye region. The

frame rate is high enough to resolve individual saccades and blinks, which typically

occur over tens of milliseconds. The recording software timestamps each frame and

streams it through LSL so that it can be aligned with EEG and EOG streams.

For the Eye–BCI dataset, the high-speed camera operates at a different frame rate

and resolution and synchronisation is handled by the acquisition software provided by

the dataset authors. For VEOS it is sufficient that each video frame can be associated

with a precise time and aligned with the corresponding EEG and ocular channels.

5.4.2 Facial landmarks with MediaPipe Face Mesh

MediaPipe Face Mesh is applied directly to each incoming frame to estimate a dense

set of three-dimensional facial landmarks [13], [68]. The camera is mounted above the

display and framed to capture from the forehead to just below the nose. MediaPipe

internally localises the face and defines its own region of interest (ROI); the resulting

landmark coordinates are therefore expressed in the full frame space rather than within

a separately computed bounding box.

The model outputs a fixed number of landmark points per frame with detailed

coverage of the eyes, eyelids and eyebrows. A subset is selected that corresponds to

the inner and outer canthi of each eye, the midpoints of the upper and lower eyelids,

the approximate pupil centre for each eye, and eyebrow points that provide context on

92



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

brow elevation. For each frame, VEOS stores the two-dimensional image coordinates

of these landmarks and, where available, the depth coordinate provided by the model.

This yields a compact geometric representation of eye and eyelid pose that is robust

to small head movements, since the features are derived from relative positions within

the face.

A subset of landmarks is selected that corresponds to:

• the inner and outer canthi of each eye,

• the midpoints of the upper and lower eyelids,

• the approximate pupil centre for each eye,

• eyebrow points that give context on brow movement.

For each frame, VEOS stores the two-dimensional image coordinates of these land-

marks and, where available, the depth coordinate provided by the model. This results

in a compact geometric representation of eye and eyelid pose that is robust to small

head movements, since the features are derived from relative positions within the face

ROI.

5.4.3 Handling head motion and tracking failures

Although the participant is seated and instructed to minimise head movement in the

development recordings, small translations and rotations do occur. To reduce their

effect, the landmark coordinates are normalised to a face-centred coordinate system.

For example, VEOS subtracts the nose bridge landmark position and scales by the

inter-canthal distance so that the eye geometry is expressed relative to a canonical

face size and position. Where a full rigid alignment is needed, a similarity transform

can be estimated from corresponding landmark sets [143].

Occasional frames may contain tracking failures, for example when the participant

looks down sharply or partially occludes the eye with a hand. VEOS detects these

failures by checking for landmark positions outside plausible regions or sudden large
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Figure 5.2: Illustrative output of the MediaPipe Face Mesh stage for one example
frame. The face region of interest and triangulated mesh are overlaid in white. Eye
and eyebrow contours derived from selected landmarks are highlighted for the left eye
and eyebrow (red) and the right eye and eyebrow (green); these form the basis of the
geometric eye and eyelid features used by VEOS.

jumps between frames. Affected frames are either discarded or have their features

interpolated from neighbouring frames, depending on the density of missing data.

The corresponding EOG samples are treated in the same way to maintain alignment.

5.5 Feature engineering

The geometric landmarks and raw greyscale eye patches are transformed into a feature

vector zt designed to capture the aspects of eye motion that drive EOG and blink-

related EMG. Figure 5.3 provides an illustrative example of these features alongside

simultaneously recorded ocular signals.

5.5.1 Geometric features

Geometric features describe the static configuration of the eyes and eyelids in each

frame. VEOS computes:
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• Horizontal eye position. The horizontal displacement of each pupil centre

relative to the midline between the inner and outer canthi. These features

correspond closely to horizontal EOG.

• Vertical eye position. The vertical displacement of each pupil centre relative

to the horizontal line through the canthi midpoints. These features relate to

vertical EOG.

• Eyelid aperture (eye aspect ratio, EAR) [31], [138]. The distance be-

tween the upper and lower eyelid midpoints, normalised by the inter-canthal

distance. This normalised vertical eyelid distance behaves like an eye aspect

ratio (EAR): it is largest for fully open eyes, decreases during blinks and partial

eyelid closures, and approaches zero near full closure.

• Asymmetry measures. Differences in position and aperture between the left

and right eyes, which can indicate subtle squinting or asymmetric blinks.

• Eyebrow elevation. Vertical displacement of selected eyebrow landmarks rel-

ative to the canthi, which can influence forehead EMG and might correlate with

some ocular artefacts in EEG.

These geometric features are largely invariant to global head translation because

of the face-centred normalisation described earlier.

5.5.2 Temporal features

EOG is particularly sensitive to the dynamics of eye movements, not just to static po-

sitions. To capture dynamics, VEOS augments the geometric features with temporal

derivatives computed over a short window.

For each scalar geometric feature zt a first-order temporal derivative

żt =
zt − zt−1

∆t
, (5.6)
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and a smoothed second-order derivative

z̈t =
żt − żt−1

∆t
, (5.7)

are computed, where ∆t is the time between frames. These derivatives approximate

instantaneous velocity and acceleration.

Rapid saccades produce characteristic peaks in the velocity and acceleration of

horizontal and vertical eye position, while blinks produce sharp changes in eyelid

aperture and its derivatives. Including these temporal features helps the regression

model to reproduce both the shape and timing of EOG deflections.

5.5.3 Blink and saccade descriptors

In addition to frame-wise features, VEOS derives event-level descriptors for blinks and

saccades. A simple blink detector is run on the eyelid aperture signal, here represented

by the eye aspect ratio (EAR), by thresholding EAR and enforcing minimum-duration

constraints. For each detected blink VEOS computes:

• blink duration,

• minimum EAR (aperture),

• maximum closure speed,

Similarly, horizontal and vertical saccades are detected using velocity thresholds

on pupil position. For each saccade, VEOS computes:

• saccade amplitude estimated from pixel displacements,

• peak velocity,

• the main-sequence relationship between amplitude and peak velocity.

These event-level descriptors are primarily used for analysis and to interpret the

regression model, but can also be included as additional inputs when the model is

trained on segments rather than on individual frames.
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Figure 5.3: Illustrative time series over a short interval containing blinks and sac-
cades. Top: horizontal and vertical pupil position and eyelid aperture derived from
landmarks. Middle: first-order temporal derivatives (velocities). Bottom: simulta-
neously recorded horizontal and vertical EOG from the VEOS development dataset
(VEOS-Dev). The correspondence between changes in the visual features and deflec-
tions in the ocular signals motivates the VEOS regression approach.

5.6 EOG and EMG target construction

The quality of the regression targets determines the ceiling on what the inference

models can learn. Because the two datasets used in this thesis differ in their hardware

configurations and electrode placements, the preprocessing steps required to produce

clean, well-calibrated EOG and EMG targets differ between them.

5.6.1 EOG preprocessing in the VEOS development dataset

For the VEOS development dataset (VEOS-Dev), EOG is recorded using an OpenBCI

Cyton biosignal amplifier with dedicated bipolar electrode pairs: one pair placed near

the outer canthi for horizontal EOG and one pair placed above and below one eye for

vertical EOG. The Cyton operates at 250 Hz and streams data into LSL in synchro-

nisation with the EEG and video channels. The raw EOG is first band-pass filtered

with a fourth-order Butterworth filter between 0.1 and 30 Hz. The filter is applied in
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a zero-phase, forward–backward manner (for example using filtfilt in Python) so

that blink onsets and saccade timing are not shifted [44], [148]. This passband retains

the slow and mid-frequency components associated with eye movements and blinks

while attenuating very low-frequency drifts and high-frequency muscle noise.

After filtering, a baseline correction is performed. A slowly varying trend is es-

timated, for example by low-pass filtering or by fitting a low-order polynomial over

the recording, and subtracted from the signal. The result is an EOG waveform cen-

tred around zero that reflects relative changes due to eye motion rather than absolute

offsets.

Finally, the EOG is resampled or interpolated to match the video frame times.

Since the camera and EOG system operate at different sampling rates, the common

LSL timestamps are used to align the streams [71] and then interpolate the EOG

to obtain et for each frame time t. The same procedure is applied separately for

horizontal and vertical channels.

5.6.2 EOG and EMG in the Eye–BCI dataset

In the Eye–BCI dataset, EEG is recorded from a high-density cap with a sampling

rate of 1000 Hz and is accompanied by a vertical EOG channel recorded from elec-

trodes above and below the left eye. In addition, two EMG electrodes are placed on

the upper and lower eyelids of the right eye, over the Levator Palpebrae Superioris

and Orbicularis Oculi muscles, and are recorded at the same sampling rate. These

channels provide direct measurements of eyelid muscle activity during blinks and par-

tial closures, which complement the EOG and video information (see Chapter 6 for

details).

For VEOS these signals serve two purposes. First, they provide high-quality tar-

gets when investigating how well video-based features can predict eyelid EMG activity

in addition to traditional EOG. Second, they offer an independent validation source

for blink detection. When the blink detector fires on the video-based eyelid aperture

signal, simultaneous activity in the EMG channels can be checked to confirm that a
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true eyelid movement has occurred.

The same preprocessing steps as for the development EOG are applied here: band-

pass filtering, baseline correction and resampling to match the video frame times. Be-

cause the Eye–BCI dataset uses a different camera frame rate, the interpolation step

is adapted accordingly, but the principle remains the same.

5.6.3 Target scaling and channel selection

EOG and EMG amplitudes can vary substantially between participants due to differ-

ences in skin conductance, electrode placement and individual blink behaviour. To

stabilise training, VEOS applies per-participant scaling to the target signals. A sim-

ple approach is to subtract the participant-specific mean and divide by the standard

deviation over the recording. More robust scaling, such as division by an interquartile

range, can also be used to reduce the impact of extreme artefacts.

For the development of VEOS, the primary targets are:

• horizontal EOG for modelling horizontal eye movements,

• vertical EOG for modelling vertical movements and blinks.

In sections where the Eye–BCI dataset is used, only vertical EOG is available as

an EOG target, since the dataset does not include a horizontal EOG channel. Eyelid

EMG is included as an additional target in those sections when analysing blink-related

activity.

5.7 Regression model and training procedure

With features and targets defined, the task is to learn a mapping from ocular video

measurements to EOG. The models used range from simple regularised linear regres-

sion, which serves as an interpretable baseline, to temporal neural networks capable

of capturing the non-linear and time-lagged relationships that characterise blink and

saccade dynamics.
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5.7.1 Design matrix construction

After feature extraction and target preprocessing, the training data for VEOS consists

of pairs (ϕt, et) collected over time and across participants. These pairs are assembled

into a design matrix

X =



















ϕ⊤
1

ϕ⊤
2

...

ϕ⊤
T



















∈ R
T×D, (5.8)

and a target vector

y =



















e1

e2
...

eT



















∈ R
T . (5.9)

Here T is the total number of time samples after concatenating recordings and D is

the dimensionality of the temporally augmented feature vector. When both horizontal

and vertical EOG are modelled, one can either train separate models per channel or

define a multi-output regression where y is replaced by a matrix with one column per

channel.

5.7.2 Linear regression with regularisation

A natural starting point is a linear regression model with ℓ2 regularisation (ridge

regression). The parameters are collected in θ = (w, b) and the objective

L(w, b) =
1

T
∥y −Xw − b1∥22 + λ∥w∥22 (5.10)

is minimised with respect to w and b. This has a closed-form solution and can also

be solved efficiently with standard numerical linear algebra routines.

The regularisation term penalises large weights and thus discourages the model

from relying heavily on a small number of features that might be noisy or participant-
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specific. This is particularly useful when the number of features D is comparable to

or larger than the number of training samples T .

5.7.3 Extensions to non-linear models

Experiments in Chapter 7 show that temporal context and mild non-linearities can

substantially improve prediction quality, especially around blinks and fast eye move-

ments. VEOS therefore considers two simple but expressive non-linear model classes

in addition to the linear baseline:

1. Windowed multilayer perceptrons (MLPs). For each time t, a window of

features spanning ±200–250 ms is concatenated into a single vector and passed

through a small feed-forward network with one or two hidden layers (for example

256 and 128 units) and rectified linear unit (ReLU) [94] or Gaussian error linear

unit (GELU) [51] activations. Dropout [139] and ℓ2 regularisation are used to

mitigate overfitting. This architecture is straightforward to train and serves as

a strong baseline for non-linear mappings.

2. Temporal convolutional networks (TCNs). Instead of flattening the fea-

ture window, a 1D convolutional architecture with causal or symmetric convo-

lutions is applied along time, with several residual blocks and dilated kernels

to capture dynamics over a few hundred milliseconds [11]. The TCN operates

directly on sequences of feature vectors and can model local temporal structure

such as saccade onset and blink envelopes more naturally than the MLP. Re-

lated dilated convolution stacks originally developed for audio modelling have

also been applied successfully to biosignal decoding [106].

The non-linear models are implemented in PyTorch [109].

Both classes operate on the same temporally augmented features ϕt and are trained

with the same loss functions as the linear model. Model capacity is kept modest so that

the number of parameters remains small relative to the amount of training data and

so that learned mappings remain interpretable in terms of eye and eyelid kinematics.
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In some experiments a hybrid scheme is used: a simple linear baseline that maps

vertical eye position to VEOG, followed by a TCN that learns only the residual

between this baseline and the true EOG. This encourages the network to focus on

non-linear and subject-specific corrections while preserving the core biophysical rela-

tionship.

5.7.4 Loss functions and blink-aware weighting

The default training loss is the mean squared error LMSE defined in Section 5.2. Two

refinements are useful in practice:

Correlation and derivative terms. In addition to MSE, a term based on the

negative Pearson correlation between predicted and true EOG over training windows

can be added. This encourages the model to match the overall shape of the signal

even when amplitude varies between subjects. A further optional term penalises

discrepancies between the first derivative of the predicted and true EOG, which helps

to align the steep slopes at saccade onset and during blink closure.

Reliability weighting. The video processing stage provides a per-frame confidence

score based on landmark tracking quality. Frames with low confidence or severe

occlusion are down-weighted in the loss by multiplying the per-sample error by this

confidence. Blink frames can also be treated specially: in some experiments the loss

is increased slightly during blinks to emphasise accurate blink modelling; in others,

extremely saturated frames are down-weighted to avoid overfitting to poorly observed

events.

These modifications leave the basic optimisation problem unchanged but bias

learning towards reproducing the temporal shape of ocular events while reducing the

influence of frames where the video signal is unreliable.
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5.7.5 Training and validation strategy

To obtain reliable performance estimates and to guard against overfitting, VEOS uses

a participant-aware cross-validation scheme. Recordings from individual participants

are kept together, and train and validation splits are constructed so that data from a

given participant appear in only one of the two sets at a time.

Performance is quantified using several complementary metrics:

• Pearson correlation between predicted and true EOG,

• root mean squared error (RMSE),

• normalised RMSE (RMSE divided by the standard deviation of the true EOG),

• spectral similarity, for example by comparing power in specific frequency bands

relevant to eye movements and blinks,

• agreement of detected blinks and saccades when these are extracted from the

predicted and true signals.

These metrics focus on how well the shape and timing of the predicted EOG

match the true signal, rather than on absolute amplitude. For the Eye–BCI dataset,

additional analyses relate the predicted EOG and EMG to known blink events and to

task-related EEG responses.

5.8 Integration with EEG artefact removal

Once VEOS produces an inferred EOG signal êt from video alone, the next step is to

integrate this signal into the ocular artefact removal methods used elsewhere in the

thesis. Chapter 3 introduced two related families of approaches: (i) regression-based

linear component analysis (LCA), in which each EEG channel is modelled as a linear

mixture of reference channels such as EOG, and (ii) independent component analysis

(ICA), in which EEG is decomposed into statistically independent components and

ocular components are identified and removed.
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LCA and regression-based cleaning

In the LCA framework the multichannel EEG X ∈ R
C×T is modelled as

X(t) = AR(t) + E(t), (5.11)

where R(t) collects one or more ocular reference signals (for example real VEOG,

VEOS-inferred EOG or their lagged versions), A contains the mixing weights and

E(t) is the cleaned residual. When true VEOG is available, R(t) is built from that

channel; when only video is available, R(t) is built from the VEOS output êt. The

linear regression machinery is unchanged; only the source of the reference signal differs.

Chapters 6 and 7 specify the exact LCA configurations used in the experiments,

including the number of temporal lags, the blink-centred training windows and the

shrinkage factors applied to A to avoid overcorrection. In all cases, replacing real

VEOG with inferred EOG simply swaps one column of R(t) for another; the subse-

quent fitting and application of the LCA model are identical.

ICA-based component identification

For ICA-based pipelines the inferred EOG is used not as a regressor but as an auxiliary

reference for component identification. The multichannel EEG is decomposed as

XEEG = AS, (5.12)

where the rows of S are independent component time courses. Each component

sk(t) is correlated with êt, and components that show high correlation and frontal

or peri-ocular scalp topographies are marked as ocular. Automatic classifiers such as

MARA can be used to support component labelling when a fully manual workflow is

not practical [151]. Removing these components and back-projecting the remainder

yields cleaned EEG that is comparable to what would be obtained using a real EOG

channel.
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Figure 5.4: Integration of VEOS with EEG artefact removal. (a) In a regression-based
linear component analysis (LCA) framework, this signal enters the regression as an
ocular reference, and its contribution is subtracted from each EEG channel to yield
cleaned EEG. (b) VEOS infers an EOG-like signal from video. (c) In an indepen-
dent component analysis (ICA) framework, the same signal is used as an auxiliary
reference to identify ocular components by correlation, which are then removed before
reconstructing cleaned EEG. Downstream BCI analyses (for example, event-related
potentials or spectral features) are performed on the cleaned signals.

Although the quantitative evaluation in Chapter 7 focuses on the LCA variant,

the same inferred EOG signals could be used in ICA-based cleaning in datasets where

that is the preferred approach.

5.9 Summary

This chapter has defined VEOS as a supervised learning framework that maps video-

based eye and eyelid features to EOG-like signals. The processing pipeline begins

with synchronised video acquisition and face detection, followed by dense landmark

tracking with MediaPipe. From these landmarks VEOS constructs geometric and

temporal features that describe eye position, eyelid aperture and their dynamics,

illustrated in Figures 5.2 and 5.3.

On the target side, EOG from the VEOS development dataset (VEOS-Dev) and

vertical EOG plus eyelid EMG from the Eye–BCI dataset are preprocessed and aligned

with the video features. Linear and non-linear regression models with temporal con-

105



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

text are trained to predict these targets from the visual features, using loss func-

tions that emphasise both amplitude and shape and that down-weight low-confidence

frames. The resulting inferred EOG can be treated as a surrogate ocular channel in

regression-based LCA and ICA-based pipelines (Figure 5.4).

The next chapter describes the experimental protocols and datasets in more de-

tail, including the specific tasks used in the development recordings and the paradigms

present in the Eye–BCI dataset. That chapter also explains how the data are parti-

tioned for training and evaluation of VEOS and for analysing its impact on EEG-based

BCI performance.
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Experimental Protocols and

Datasets

This chapter describes the two datasets used to train, validate and evaluate VEOS,

and the evaluation protocol applied throughout. They differ fundamentally in their

provenance and role. The Eye–BCI dataset, described in Section 6.1, is an externally

available open dataset collected independently by Guttmann-Flury and colleagues; the

author played no part in its collection, and it serves exclusively as an independent eval-

uation set. The VEOS development dataset (VEOS-Dev), described in Section 6.2,

was collected by the author as part of this research and serves as the primary resource

for platform development and model calibration. Keeping this distinction clear is

important throughout the thesis: all modelling and tuning decisions were made using

VEOS-Dev, and the Eye–BCI dataset was used only for evaluation.

6.1 Eye–BCI multimodal dataset (Synapse)

Independent evaluation of VEOS requires data that was not used during development,

recorded with different hardware and from a separate group of participants. The

Eye–BCI dataset, an externally available open dataset hosted on Synapse, fulfils this

role and provides a more demanding test of how well the approach generalises beyond

the conditions under which it was developed.
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6.1.1 Overview

In addition to the VEOS development dataset (VEOS-Dev), this thesis makes use

of an external multimodal dataset hosted on Synapse under the project name Eye–

BCI multi dataset. The dataset was collected and published by Guttmann-Flury and

colleagues independently of this research; the author played no part in its design,

collection or annotation. It is described in detail in a published data descriptor on

combined EEG, eye-tracking and high-speed video for ocular activity analysis across

several BCI paradigms [45]. The recordings include synchronous electrophysiological

data, eye-tracking, high-speed camera footage of the eye and rich blink annotations.

Together they provide a large-scale, independently collected test bed for algorithms

that model ocular activity and its impact on EEG.

The role of this dataset in the present work is complementary to that of the

VEOS development dataset. VEOS is designed and tuned on the VEOS-Dev record-

ings described in Chapters 4 and 5, which combine EEG, EOG and full-face video.

The Eye–BCI dataset is then used as an external validation set to assess how well

VEOS generalises to a different laboratory, different hardware and a wider range of

BCI paradigms, including conditions with eyelid EMG that are not available in the

VEOS-Dev data.

6.1.2 Participants and sessions

The Eye–BCI dataset contains recordings from 31 healthy volunteers (11 women, 20

men; mean age around 29 years) who each completed between one and three sessions,

yielding a total of 63 sessions. Sessions last on the order of three quarters of an

hour and together amount to approximately 46 hours of usable data. Demographic

and physical measurements such as age, handedness, head size and basic ophthalmic

information (for example, refractive corrections) are recorded and summarised in the

data descriptor.

Each session contains all four BCI paradigms described below, in a randomised

order, subject to storage and fatigue constraints. Short questionnaires before and
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during the session capture aspects of the participant’s state, including sleep, caffeine

intake and subjective alertness.

6.1.3 BCI paradigms

The dataset includes four BCI paradigms that cover a range of sensory and motor

processes: motor imagery, motor execution, steady-state visually evoked potentials

and P300 spelling. Together they produce diverse combinations of eye movements,

blinks and neural responses.

Motor imagery (MI) of hand grasping. In the MI paradigm, participants imag-

ine grasping with the left or right hand at approximately 1 Hz in response to visual

cues. Each trial begins with a fixation period, followed by a cue indicating which hand

to imagine moving for several seconds, and ends with a random inter-trial interval.

There are 40 trials per block, balanced across left and right imagery. This paradigm

elicits sensorimotor rhythms and event-related desynchronisation in the EEG, while

eye behaviour largely reflects the cueing and fixation pattern [115].

Motor execution (ME) of hand grasping. The ME paradigm mirrors the MI

task, but participants execute real hand grasping movements instead of imagining

them. Trial structure and visual cues are identical to the MI task. This provides

a useful comparison condition where the cortical activation differs but the visual

engagement and potential eye movements are similar.

Steady-state visual evoked potentials (SSVEP). In the SSVEP paradigm, four

chequerboard stimuli are presented in the quadrants of the display, each flickering at

a distinct frequency (for example 10, 11, 12 and 13 Hz). In each trial, an arrow cue

indicates which stimulus to attend, after which the target flickers for several seconds

before a random rest interval. There are again 40 trials per block, balanced across

target frequencies. This paradigm provides highly structured visual stimulation, sys-

tematic gaze shifts and relatively constrained blink patterns [112].
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P300 spelling (P3004L and P3005L). The P300 paradigms use a matrix-based

speller in which symbols flash in sequences based on a checkerboard presentation

scheme. Two variants are included: one for four-letter words (P3004L) and one for

five-letter words (P3005L). In each trial, a target letter within a word is indicated and

participants silently count its appearances as rows or symbol groups flash. The design

yields 2520 trials for each of MI, ME and SSVEP, and 5670 trials across the P300

paradigms in total. These tasks generate well-defined event-related potentials, with

characteristic blink suppression and rebound around stimulus trains that are partic-

ularly informative for VEOS [35], [120]. Table 6.1 summarises the four paradigms,

including trial counts, typical durations and the dominant ocular behaviour each elic-

its.

Table 6.1: Summary of the four Eye–BCI paradigms in the Eye–BCI multimodal
dataset [45]. For each paradigm, the table lists the main visual cue, the nominal
number of trials per session (with the total number of trials across all 63 sessions in
parentheses), the typical per-trial duration estimated from the recorded task times,
the typical task recording time per session, and the dominant ocular behaviour elicited
by the paradigm.

Paradigm Main cue
type

Trials per
session
(total)

Typical trial
duration [s]

Typical task
recording
time per
session [min]

Dominant
ocular
behaviour

MI grasping Left/right
hand cue

40 (2520) 10.3 6.9 Fixation
with
occasional
blinks

ME grasping Left/right
hand cue

40 (2520) 10.3 6.9 Fixation,
blinks, small
saccades

SSVEP Arrow to
flicker

40 (2520) 11.8 7.8 Gaze shifts
between
screen
quadrants

P300 speller Target letter
highlighting
in a flashing
matrix (4-
and 5-letter
words)

90 (5670) 15.9 24.1 Blink
suppression
during
spelling,
with
rebound
blinks after
sequences
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6.1.4 Recorded modalities and hardware

Recordings take place in an electromagnetically shielded, sound-attenuated chamber.

Participants sit approximately 80 cm from a 23 inch monitor integrated with a Tobii

TX300 eye-tracker running at 300 Hz. A chin rest stabilises head position to reduce

motion.

EEG, EOG and eyelid EMG. Electrophysiology is acquired with a 65-channel

Quik-Cap connected to a SynAmps2 system. Sixty-two electrodes follow the extended

10–20 system [64], [70], [135] and record EEG, one bipolar channel records vertical

EOG via electrodes above and below the left eye, and two EMG electrodes are placed

on the upper and lower eyelids of the right eye to capture activity from the lev-

ator palpebrae superioris and orbicularis oculi muscles. All channels are recorded

at 1000 Hz so that EEG, EOG and EMG share a common sampling frequency and

timing.

The frontopolar EEG channels, EOG and periocular EMG together provide mul-

tiple electrical views of blinks and eye movements. The data descriptor includes sum-

mary statistics of blink amplitudes and durations on a frontopolar channel, showing

large, subject-specific variability that VEOS must accommodate.

Eye-tracking. The Tobii TX300 eye-tracker records gaze coordinates and pupil

properties at 300 Hz. For each eye the dataset includes gaze points in screen co-

ordinates, pupil positions in the camera frame, estimates of eye-to-tracker distance

and quality flags. These signals provide an independent measurement of gaze direc-

tion. The Tobii tracker was not part of the VEOS pipeline and was not intended

as an additional input to the system. It was available in the Eye–BCI dataset and

offered a natural point of comparison: because dedicated eye trackers operate at

higher temporal resolution than consumer cameras and provide calibrated gaze co-

ordinates, it was worth establishing whether they could serve as a surrogate EOG

source in place of video. As the results in Chapter 7 show, Tobii-derived signals are

optimised for reporting where on the screen the participant is looking rather than
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for capturing eyeball-in-socket rotation, and they do not account for eyelid aperture

or the vestibulo-ocular reflex. The comparison is therefore treated throughout as a

benchmark against which the video-based approach is assessed, not as a second input

modality for VEOS.

High-speed eye video. A Phantom Miro M310 high-speed camera records monoc-

ular videos of the eye at 150 frames per second and a resolution of 320 by 240 pixels.

The camera is configured so that a single eye fills most of the frame with a small

margin. This is comparable to, but not identical with, the full-face framing used in

the VEOS development dataset. The high temporal resolution makes it possible to

resolve blink onset and offset more finely than with standard webcams.

6.1.5 Synchronisation and labelling

The Eye–BCI recordings are driven by E-Prime [134], which presents stimuli and

sends binary triggers to both the EEG acquisition software and an Arduino-based

timing interface [28]. The Arduino converts the trigger stream into a square wave

that controls the camera shutter, ensuring a fixed relationship between video frames

and event codes. Eye-tracker timing is tied into the same reference using a light

sensor and a Cedrus StimTracker that detect a flashing rectangle on the display when

E-Prime sends fast triggers beyond the eye-tracker’s hardware capabilities.

After recording, the experimenters merge information from E-Prime, EEG and the

high-speed camera into unified tables that include trial numbers, cue types, camera

frame indices and timestamps. They also derive blink labels from both EEG and video

using a dedicated blink detection algorithm, providing peak times and distributions of

blink amplitudes and widths for each subject. These labels and merged timing tables

are distributed as part of the dataset and are used in this thesis as a reference when

evaluating VEOS-based blink inference.
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6.1.6 Data structure and availability

The dataset is distributed under a permissive licence via the Synapse project Eye–

BCI multi dataset. EEG, eye-tracking, high-speed video, stimulus cues and question-

naire summaries are organised into per-subject directories, with filenames encoding

paradigm, subject and session. EEG files contain additional columns with trial num-

bers, cue labels, camera frame indices, blink markers and various time fields, which

simplify cross-modal alignment.

In this thesis, the original organisation is preserved. Pre-processing scripts load

the EEG, EOG, EMG and video streams for selected paradigms, align them using the

provided timing information and export them into internal formats compatible with

the VEOS processing pipeline.

6.1.7 Relevance for VEOS

Compared with the VEOS development dataset, the Eye–BCI dataset offers more

subjects and more trials per condition, covering a wider range of ocular behaviours.

It also provides additional modalities, notably the eyelid EMG channels and the ded-

icated eye-tracker, and it is collected using a different hardware stack, laboratory

environment and experimental software chain.

These differences make it an ideal test of generalisation. VEOS is trained and

tuned using VEOS-Dev recordings that combine EEG, EOG and high-frame-rate face

video. It is then evaluated on the Eye–BCI dataset by attempting to infer EOG or

blink-related activity from the high-speed eye video and by examining how closely the

inferred signals track the recorded EOG and EMG channels across the four paradigms.

The theoretical models from Chapter 3 and the acquisition experience from Chapter 4

transfer naturally to this setting but do not guarantee success. The experiments in

Chapters 7 and 8 quantify how well they hold when applied to this independent

dataset.
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6.2 VEOS development dataset

The VEOS development dataset (VEOS-Dev) was collected by the author specifically

for this research, using the multimodal platform described in Chapter 4. Its design re-

flects the particular requirements of the inference task: tight synchronisation between

video and electrophysiology, a controlled range of paradigm-driven eye behaviours,

and sufficient session length to support leave-one-subject-out evaluation.

6.2.1 Participants and ethics

Recordings for the VEOS development dataset were collected by the author using the

multimodal platform described in Chapter 4; this dataset is the author’s own work

and was not sourced from any external repository. All participants were adults with

normal or corrected-to-normal vision and no known neurological conditions. A total

of five participants (three women, two men; age range 21–55 years) took part in the

study, each completing between one and three recording sessions. The author was one

of the five participants. This was a deliberate pragmatic choice given the complexity

of the recording setup and the constraints of the development phase, but it introduces

a potential source of bias: the author’s familiarity with the tasks and equipment may

have produced ocular behaviour that is more regular, or more optimally positioned for

the camera, than that of naive participants. To mitigate this, the author’s data were

held to the same leave-one-subject-out evaluation protocol as all other participants,

and no model selection or tuning decisions were made with reference to held-out test

performance on any individual subject.

All VEOS development recordings were conducted in accordance with the guide-

lines of the Dublin City University Research Ethics Committee (DCU REC) under

protocol DCUREC/2021/175 (“Workload Stress in Blended Control of Autonomous

Vehicles”), with subsequent amendments covering the Multimodal Brain–computer

Interface Denoising protocol. A Data Protection Impact Assessment (DPIA) for

Health Research was completed with the DCU Data Protection Unit prior to data

collection, and all procedures complied with GDPR and national health research reg-
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ulations. The data protection and sharing procedures were informed by previous work

on GDPR-compliant sharing of multimodal stress datasets [128]. Written informed

consent was obtained from all participants prior to data collection, including consent

for the use of anonymised recordings in subsequent publications.

6.2.2 Session structure and tasks

Each recording session followed the same high-level structure:

1. a short setup and impedance check phase;

2. one or more blocks of the follow-the-dots gaze calibration task;

3. one or more blocks of the game-based engagement task at different difficulty

levels;

4. one or more blocks of ERP-style visual paradigms;

5. an optional final calibration block when time permitted.

The ordering of the main tasks was counterbalanced across participants where

practical, subject to time constraints and participant fatigue. Figure 6.1 shows a

schematic timeline of a typical session, illustrating the relative duration and ordering

of each block and the modalities recorded throughout.

Follow-the-dots calibration

The follow-the-dots task was designed to expose controlled, repeatable eye movements

across a range of gaze angles while keeping the rest of the scene simple. Two distinct

dot motion modes were used to elicit different classes of eye movement. In the first

mode the dot moved continuously and smoothly between positions, requiring the par-

ticipant to track it with smooth pursuit. In the second mode the dot disappeared

from one location and reappeared at another, prompting a ballistic saccade to the

new position. Both modes stepped through the same grid of known screen positions:

the sequence first varied the dot vertically through a central column at increasing
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eccentricities, then repeated the pattern horizontally along a central row, before in-

troducing oblique positions. This structure ensures that vertical and horizontal gaze

angles are varied independently under both smooth and saccadic conditions, allowing

the vertical and horizontal EOG–gaze relationships to be estimated separately and

providing examples of both gradual EOG drift and sharp EOG deflections within the

same recording block. Each position was held for a fixed dwell duration before the

next movement, giving segments of quasi-stationary gaze that are useful for baseline

estimation.

Stimulus onset and the coordinates of each dot were recorded in the marker stream.

Together with the synchronised video and EOG, these events provide segments in

which the underlying gaze direction is known to good approximation. In VEOS this

task is used primarily to relate changes in landmark positions to changes in gaze angle

and to estimate the smooth component of the EOG–gaze relationship. It also provides

examples of blinks occurring against a quasi-stationary gaze background.

Game-based engagement

To capture more naturalistic but still structured eye and eyelid behaviour, partici-

pants completed the cognitive loading game described in Section 4.4.2. Briefly, five

concurrent subtasks are presented on a single screen (ball motion, leaky tanks, sim-

ple arithmetic, a Stroop colour–word task and intermittent indicator lights), each

generating discrete events that require a rapid click or typed response. Three ten-

minute blocks at increasing difficulty levels modulate the event rate and the degree of

temporal overlap between subtasks, spanning under-load, medium-load and overload

conditions within the same basic visual layout.

ERP-style visual paradigms

The third class of recordings uses ERP-style visual paradigms adapted from previous

multimodal BCI studies. Blocks consist of rapid sequences of visual stimuli designed

to elicit event-related responses, such as oddball or rapid serial visual presentation
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(RSVP) sequences. Stimulus onsets and condition labels are recorded as markers.

Participants are instructed to attend to specific targets (for example, rare symbols

or changes in a stimulus stream) while maintaining fixation. In practice, many partic-

ipants suppress blinks during stimulus trains and blink more often in the short pauses

between blocks. This produces characteristic clusters of blinks and saccades with

respect to the stimulus timing, which are valuable for studying how ocular activity

interacts with task-related EEG.

From the VEOS perspective, these ERP-like tasks have two roles. First, they ex-

pose conditions where participants are encouraged to suppress blinks during stimulus

trains and to blink more often during brief pauses, leading to characteristic clusters

of blinks before and after blocks. Second, they mirror the paradigms used in the AM-

BER dataset, providing a bridge between the tightly controlled VEOS-Dev recordings

and the more naturalistic EEG+video data collected in that earlier work.

Figure 6.1: Schematic session timeline for the VEOS development dataset. Each ses-
sion begins with setup and impedance checks, followed by one or more follow-the-dots
calibration blocks, three game-based engagement blocks at increasing difficulty levels
and ERP-style visual blocks. The upper bands indicate the order and duration of
these segments, while the lower bands show that 32-channel EEG, horizontal and ver-
tical EOG, high-frame-rate face video and an event marker stream are recorded during
each session except calibration. This contrasts with the Eye–BCI dataset, which uses
a different hardware stack and paradigm structure but shares the same principle of
continuous multimodal recording on a synchronised time base.
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6.2.3 Recorded modalities and synchronisation

Each VEOS development session contains the following simultaneously recorded streams.

These comprise 32-channel EEG from the ANT Neuro amplifier, using a reduced

10–20 montage with emphasis on frontal and central sites, horizontal and vertical

EOG channels recorded using bipolar electrode pairs placed near the outer canthi

and above/below one eye, high-frame-rate (120 Hz) 720p video of the participant’s

face-centred on the eye region, and an event marker stream encoding stimulus onsets,

task states and LED flashes for synchronisation.

The same ESP32 trigger described in Chapter 4 drives the camera, EEG/EOG

hardware and LED, so that the marker stream and all recorded modalities share a

common sequence of hardware trigger events as well as a common LSL time base.

In contrast to the Eye–BCI dataset, no dedicated eyelid EMG channels or hardware

eye-tracker are present in the VEOS development dataset (VEOS-Dev); periocular

muscle activity is only observed indirectly through its influence on EOG and EEG.

The Eye–BCI dataset therefore complements the VEOS-Dev recordings by provid-

ing additional EMG and gaze information under different experimental conditions.

Table 6.2 summarises the key differences between the two datasets in terms of partic-

ipants, sessions, recorded modalities and paradigms.

Table 6.2: Comparison of the VEOS development dataset and the Eye–BCI dataset.

Dataset Subj. Sess. Modalities Video view Main paradigms

VEOS-Dev. 5 12 EEG, EOG,
face video,
markers

Full face at
120 Hz

Calibration,
game,
ERP-style

Eye–BCI 31 63 EEG, vEOG,
eyelid EMG,
eye-tracker, eye
video, markers

Single eye at
150 Hz

MI, ME,
SSVEP, P300
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6.2.4 Iterative refinement of the platform and methods

The VEOS development dataset represents the end point of a process that was consid-

erably more iterative than the final thesis structure might suggest. Platform develop-

ment, data collection and algorithm design proceeded in cycles rather than in a clean

linear sequence, with each round of recordings and analysis informing revisions to the

hardware, software and signal processing choices before the next round began. This

section documents the most significant of those iterations, both to give an accurate

account of how the methodology evolved and to explain design decisions that might

otherwise appear arbitrary.

Camera hardware

The most consequential iterative process concerned the video acquisition hardware.

The initial prototype used the built-in webcam of a laptop, which proved immedi-

ately inadequate: frame rates were too low to resolve blink dynamics reliably, and

the autofocus and automatic exposure adjustments introduced discontinuities that

corrupted the landmark tracking. A Logitech C930 webcam provided a modest im-

provement in resolution and frame rate, but the underlying frame-rate limitations

of consumer USB webcams remained a problem, as did the lack of hardware trig-

gering. An externally housed camera operating at 60 frames per second improved

temporal resolution somewhat, but blink onset and offset timing remained imprecise

relative to the millisecond resolution of the electrophysiology. The final configura-

tion, a hardware-triggered monochrome camera operating at 120 frames per second

with the infrared filter removed, resolved these issues. Hardware triggering allowed

video frames to be timestamped in the same Lab Streaming Layer time base as EEG

and EOG, and the infrared sensitivity of the modified sensor substantially improved

contrast around the pupil and canthi under near-infrared illumination. Each of these

transitions required re-recording calibration and task data, and the earlier recordings

were used only for pipeline development and were not included in the final dataset.
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Eye-tracking and face analysis methods

The video processing pipeline underwent a parallel sequence of revisions. Early im-

plementations used OpenCV-based methods for face and eye region detection, with

bounding box estimates of eye shape and simple thresholding for pupil localisation.

These approaches were brittle under the lighting variation and subtle head movements

that occurred even in the controlled laboratory setting. Moving to the MediaPipe

Face Mesh landmark detector provided a substantially more stable set of periocular

landmarks, including the inner and outer canthi and the upper and lower eyelid mid-

points, and replaced the need for custom detection code with a single, well-maintained

inference model.

Blink representation

The representation of eyelid state also evolved through several iterations. The initial

approach used direct measurements of the vertical distance between the upper and

lower eyelid landmarks as a proxy for eye openness. In practice this measure was

sensitive to variation in face scale and camera distance, and it did not normalise

naturally across participants. Replacing this with the eye aspect ratio (EAR), defined

as the ratio of the vertical lid separation to the inter-canthal distance, provided a

dimensionless measure that was more consistent across participants and sessions. A

further limitation of static openness measures became apparent during analysis: the

duration for which the eye remained closed was at least as informative for EOG

inference as the instantaneous aperture, since the eyelid EMG burst that dominates

the vertical EOG during a blink is closely related to closure duration as well as depth.

Incorporating temporal derivatives of EAR and a short contextual window around

each frame substantially improved the fidelity of blink-related components in the

inferred EOG, and motivated the temporal model designs described in Chapter 5.

These iterative cycles are characteristic of research that involves custom instru-

mentation and signal processing co-design, and the examples above represent only

the most significant decision points. In practice, nearly every aspect of the work went
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through multiple rounds of revision: the choice of machine learning architectures and

loss functions, the metrics used to evaluate signal quality, the lighting and physical

setup of the recording environment, the tasks presented to participants during data

collection, the preprocessing steps applied to EEG and EOG, and the software li-

braries and interfaces used to manage the multimodal data streams. In each case, an

initial implementation revealed limitations that prompted a redesign, which was then

tested against new or existing data before being carried forward. The final platform

and methodology described in this thesis reflect the stable configuration reached after

these refinements, and the VEOS-Dev recordings used in subsequent chapters were

all collected under that final configuration.

6.2.5 Summary

The VEOS development dataset was specifically constructed to support the modelling

tasks in Chapters 3 and 5, with tightly controlled calibration segments, more natu-

ralistic game-based behaviour and ERP-style paradigms. It provides synchronised

EEG, EOG and high-frame-rate face video in a setting where the hardware and soft-

ware stack are under direct experimental control. The dataset reflects the outcome

of an iterative development process, described in Section 6.2.4, in which the camera

hardware, video processing methods, blink representation and broader experimental

design were each refined through successive rounds of data collection and analysis

before reaching their final form. The Eye–BCI dataset, described in Section 6.1, then

serves as an independent test bed with different hardware, higher-density EEG and

additional ocular channels. Used together, the VEOS-Dev and Eye–BCI datasets

support the cross-dataset evaluations reported in Chapter 7.

6.3 Experimental design and evaluation protocol

This section summarises the general evaluation protocol used throughout the remain-

der of the thesis. Specific experiments may introduce additional conditions or anal-
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yses, which are described in the relevant sections. The overall design is aligned with

the research questions introduced in Chapter 1: the eye-tracking and blink analyses

address RQ1, signal-level EOG/EMG inference addresses RQs 2–4, and the EEG-

cleaning and BCI-level evaluations address RQs 5 and 6.

6.3.1 Participant-wise data splits

To avoid optimistic bias from subject-specific characteristics, all supervised models

in this thesis are evaluated using participant-wise data splits. For each experiment,

data are first grouped by participant and by task (calibration, game and ERP-style

blocks for the VEOS development dataset; MI, ME, SSVEP and P300 for the Eye–

BCI dataset). One or more participants are then held-out as a test set, the model

is trained on the remaining participants and evaluated on the held-out set, and this

procedure is repeated until each participant has appeared in the test set at least once.

Unless otherwise stated, no time samples from a test participant are used during

training, including for hyperparameter selection. Where development and Eye–BCI

datasets are combined, models are trained on one dataset and evaluated on the other

to test cross-dataset generalisation (contributing primarily to RQs 3 and 4).

6.3.2 Targets and baselines

For the VEOS development dataset the primary targets are the horizontal and vertical

EOG channels. For the Eye–BCI dataset the vertical EOG and eyelid EMG channels

are used as additional targets when analysing blink-related activity. In all cases the

raw EOG/EMG signals are pre-processed and aligned with video frame times following

the procedures in Chapter 5.

To interpret VEOS performance, several baselines are considered. A trivial base-

line predicts a constant signal (the per-participant mean), which provides a lower

bound. A simple geometric baseline then uses only static landmark positions with

no temporal context. Where appropriate, alternative learning models such as unreg-

ularised linear regression or shallow non-linear regressors are also included.
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Comparing VEOS against these baselines helps disentangle the contribution of

temporal features, landmark normalisation and regularisation, and feeds directly into

the assessment of mapping feasibility and model adequacy (RQs 2 and 3).

6.3.3 Evaluation metrics

Model performance is reported using complementary signal-, EEG- and BCI-level

metrics.

Signal-level metrics Let ys,t denote the ground-truth EOG/EMG value (in µV)

for subject s at video frame index t = 1, . . . , Ts, and ŷs,t the corresponding model

prediction. Before computing error measures, both signals are centred per-subject,

ỹs,t = ys,t − µs, ˜̂ys,t = ŷs,t − µ̂s, (6.1)

with

µs =
1

Ts

Ts
∑

t=1

ys,t, µ̂s =
1

Ts

Ts
∑

t=1

ŷs,t. (6.2)

The (sample) Pearson correlation coefficient for subject s is

rs =

∑Ts

t=1 ỹs,t
˜̂ys,t

√

∑Ts

t=1 ỹ
2
s,t

√

∑Ts

t=1
˜̂y2s,t

. (6.3)

Root mean squared error (RMSE) is

RMSEs =

√

√

√

√

1

Ts

Ts
∑

t=1

(

ỹs,t − ˜̂ys,t
)2
. (6.4)

The standard deviation of the true signal is

σs =

√

√

√

√

1

Ts

Ts
∑

t=1

ỹ2s,t, (6.5)
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and the normalised RMSE (nRMSE) reported in later tables is

nRMSEs =
RMSEs

σs

. (6.6)

The coefficient of determination R2 for subject s is defined in the usual way as the

proportion of variance in the centred ground-truth signal explained by the prediction,

R2
s = 1−

∑Ts

t=1

(

ỹs,t − ˜̂ys,t
)2

∑Ts

t=1 ỹ
2
s,t

. (6.7)

For group results, medians and interquartile ranges of (rs, nRMSEs, R
2
s) across sub-

jects are reported.

Band-limited spectral similarity To assess how well different temporal compo-

nents of the signal are reconstructed, band-limited similarity is computed in three

frequency ranges that roughly correspond to slow drift (0–1 Hz), blink envelope and

large saccades (1–4 Hz), and finer saccadic components (4–15 Hz). For each subject s

and band B, the centred signals ỹs,t and ˜̂ys,t are band-pass filtered with a zero-phase

Butterworth filter and the same metrics as above are recomputed:

rs,B = r
(

ỹ
(B)
s,t , ˜̂y

(B)
s,t

)

, R2
s,B = R2

(

ỹ
(B)
s,t , ˜̂y

(B)
s,t

)

. (6.8)

These band-limited correlations and R2 values quantify spectral similarity in each

frequency range.

Blink-level agreement Blink-level metrics are derived by applying the same blink

detector to true and predicted vertical EOG (VEOG). Let Ts = {t
(i)
s } be the set

of ground-truth blink onsets for subject s (from EMG or VEOG, depending on the

dataset), and T̂s = {t̂
(j)
s } the onsets detected from the inferred signal. Blinks are

paired by nearest-neighbour matching subject to a maximum temporal tolerance ∆max

(100 ms in the experiments). Let Ms be the set of matched onset pairs (i, j).
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Blink recall is then

recalls =
|Ms|

|Ts|
, (6.9)

and the onset mean absolute error (MAE) is

MAEon
s =

1

|Ms|

∑

(i,j)∈Ms

∣

∣t̂(j)s − t(i)s

∣

∣. (6.10)

For amplitude agreement, peak-to-peak blink amplitudes A
(i)
s and Â

(j)
s are com-

puted in a fixed window around each matched blink. The reported blink peak ampli-

tude ratio is the median, over (i, j) ∈ Ms, of

ρamp
s,(i,j) =

Â
(j)
s

A
(i)
s

. (6.11)

EEG- and BCI-level metrics For ICA- and LCA-based artefact removal exper-

iments, blink-related artefact suppression is quantified by comparing peak-to-peak

blink amplitudes in frontal EEG channels before and after cleaning. If Xraw
s,c (t) and

Xclean
s,c (t) denote raw and cleaned EEG at channel c, and Araw

s,c,b and Aclean
s,c,b the corre-

sponding peak-to-peak deflections for blink b, the percentage reduction for subject s

and channel c is

∆As,c = 100×

(

1−
1
Bs

∑

b A
clean
s,c,b

1
Bs

∑

b A
raw
s,c,b

)

, (6.12)

where Bs is the number of blinks for subject s.

Task-related EEG signatures (for example motor imagery desynchronisation, P300

amplitude and SSVEP signal-to-noise ratio) are quantified using standard measures:

event-related spectral perturbation or band-power change for MI, mean ERP ampli-

tude in a predefined latency window for P300, and SNR defined as the ratio of target

to non-target spectral peaks for SSVEP. Finally, BCI performance is measured using

classification accuracy (percentage of correctly classified trials or symbols) for each

paradigm and cleaning condition.

These signal-, EEG- and BCI-level metrics together provide a quantitative and

qualitative view of how well VEOS recovers ocular activity from video and how useful
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the inferred signals are for practical EEG analysis.

6.4 Summary

This chapter brought together the datasets and protocols on which the remainder

of the thesis is based. The external Eye–BCI dataset provides high-density EEG,

monocular eye video, eyelid EMG and Tobii eye-tracking across four standard BCI

paradigms (MI, ME, SSVEP and P300), offering a rich and independent test bed

for VEOS. The VEOS development dataset complements this with tightly controlled

calibration, game-based and ERP-style blocks recorded using the in-house multimodal

platform, with full-face high-frame-rate video and dedicated EOG channels.

On top of these resources, the chapter defined a common evaluation protocol:

participant-wise data splits to avoid optimistic bias; clearly specified signal targets and

baseline models; and a set of signal-, EEG- and BCI-level metrics that align directly

with the research questions from Chapter 1. Together, these design choices ensure

that mapping feasibility, model adequacy, cross-dataset generalisation and BCI-level

impact can be assessed in a consistent and reproducible way.

Chapter 7 now applies this protocol to quantify how well VEOS recovers ocular

activity from video, how useful the inferred signals are for regression-based ocular arte-

fact removal, and how far they can stand in for true EOG in practical BCI pipelines.
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Results

7.1 Overview

This chapter reports the empirical evaluation of VEOS and its components. The main

questions are:

1. How well does the monocular eye-tracking pipeline estimate pupil position,

eyeball-in-socket position and eyelid aperture from close-up video? (RQ1)

2. How accurately can VEOS infer an EOG-like signal from video and related

ocular measurements, and how does this compare with Tobii gaze and eyelid

EMG based surrogates? (RQ2, RQ3, RQ4)

3. To what extent can inferred EOG act as a drop-in replacement for true EOG in

an LCA-based ocular artefact removal pipeline? (RQ5)

4. What is the impact of using inferred EOG on downstream BCI performance

across MI, ME, SSVEP and P300 paradigms? (RQ6)

All of the quantitative experiments sketched in Chapter 6 were implemented

and run on a combination of the VEOS development dataset (VEOS-Dev) and the

Eye–BCI multimodal dataset. Where relevant, additional qualitative observations are

made about how VEOS behaves on EEG+video-only datasets such as AMBER, but

these do not form part of the formal numerical evaluation reported here.
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Across both datasets, pupil/canthus localisation remains below 0.7% of eye width,

while VEOG inference reaches r ≈ 0.75–0.8 on held-out subjects; the main residual

error is blink morphology and subject-specific amplitude. The monocular eye-tracker

achieves sub–eye-width accuracy for pupil and canthus tracking on both datasets,

and yields stable eyeball position estimates. Eyelid-tracking is less accurate, espe-

cially near full closure, but adequate for robust blink detection. A colour camera and

improved lighting would likely improve eyelid contours at the cost of frame rate. EOG

inference from non-electrical signals is feasible but not perfect: all inference methods

reproduce slow drifts and many saccades, but none fully match blink morphology or

subject-specific amplitude. Among reduced-sensor configurations, video-based VEOS

models outperform Tobii-gaze-only models, especially for local eye movements, though

eyelid-related components remain a weakness. In the LCA artefact removal pipeline,

real VEOG remains the gold standard; using VEOS-inferred EOG recovers a sub-

stantial fraction (typically 60–70%) of the blink suppression achieved with true EOG,

whereas Tobii-based surrogates sometimes introduce additional noise, particularly be-

cause blink magnitudes are poorly aligned. At the BCI-level, VEOS-based cleaning

yields small but consistent improvements in MI and P300 performance relative to hav-

ing no ocular channel, and usually comes close to the gains obtained with real EOG,

whereas Tobii-based cleaning does not provide reliable benefits and can degrade per-

formance in blink-heavy sessions.

The remainder of this chapter follows the evaluation structure laid out in Sec-

tion 6.3: participant-wise splits, signal-level metrics (correlation, RMSE, spectral

similarity and blink-level agreement), and downstream EEG and BCI measures. Sec-

tion 7.2 addresses RQ1, Section 7.3 addresses RQ2–RQ4, Section 7.4 addresses RQ5

and Section 7.5 addresses RQ6.

7.2 Monocular Eye-Tracking Performance

Before examining whether VEOS can infer a useful EOG-like signal, it is necessary

to establish how accurately the underlying visual measurements can be made. The
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quality of pupil, canthus and eyelid localisation sets a hard limit on what any down-

stream inference model can achieve, and understanding where the tracker succeeds

and where it falls short is essential for interpreting the results that follow.

7.2.1 Datasets, protocol and ground truth

Quantitative evaluation of the monocular eye-tracker uses two datasets:

1. Eye–BCI eye camera: monocular 150 Hz eye-region IR video recorded along-

side 62-channel EEG, VEOG and eyelid EMG across MI, ME, SSVEP and P300

paradigms.

2. VEOS development dataset: high-speed full-face video (120 Hz) with syn-

chronised EEG and EOG recorded using the VEOS development dataset (VEOS-Dev)

multimodal platform.

For each video sequence, 20–40 frames were manually annotated with canthi, pupil

contour and upper/lower eyelid curves using a standardised protocol. A subset (∼

10%) received a second rater to estimate human inter-rater variability.

Metrics follow the planned regime defined for eye-tracking evaluation: landmark

errors in pixels and eye-width-normalised units, eyeball position errors in the eye-

centric frame, error in an eye aspect ratio (EAR) eyelid-aperture measure, and blink

detection accuracy derived from EAR-based thresholds.

Let W (f) be the eye width (inter-canthal distance) at frame f and pℓ(f), p
∗
ℓ(f)

the predicted and ground-truth 2D positions of landmark ℓ. The per-frame Euclidean

error and normalised error are

eℓ(f) = ∥pℓ(f)− p∗ℓ(f)∥2 , (7.1)

NMEℓ(f) =
eℓ(f)

W (f)
. (7.2)
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Eyeball position is expressed in the eye-centric frame via

x(f) =

(

P (f)−O(f)
)

· ex(f)

W (f)
, (7.3)

y(f) =

(

P (f)−O(f)
)

· ey(f)

W (f)
, (7.4)

where O is the canthus midpoint and ex, ey are unit vectors along and orthogonal to

the canthus axis.

Eyelid aperture is measured using an eye aspect ratio (EAR) style quantity

EAR(f) = 100×
ylower(f)− yupper(f)

openingmax

, (7.5)

with openingmax derived from a fully open frame and values clipped to [0, 100] for nu-

merical convenience. Blink detection marks a frame as blink if scaledEARunits(f) <

τblink (typically 10–20%) or if the pupil-tracking correlation falls below a quality

threshold, using the blink detection procedure defined in the methods.

7.2.2 Landmark localisation

Table 7.1 summarises landmark errors on Eye–BCI and VEOS test subjects, stratified

by eye state (open vs near-blink). Values are averaged across subjects and sessions.

Relative to inter-rater error (typically 0.25–0.30 px for canthi and 0.5–0.7 px for

pupil centre), the tracker is effectively human-level for canthi and close for pupil centre

on open eyes. Eyelid landmarks are clearly weaker, with roughly twice the human error

even in open frames and further degradation around blinks. This pattern matches

qualitative observations from the annotation and inspection procedures: pupil ellipses

and canthus templates remain stable, while lid curves float during full closure.

These results support the first part of the high-level summary: the tracker is very

good at eyeball position (via pupil and canthi), and adequate but not outstanding at

eyelids.
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Table 7.1: Landmark errors (mean ± SD [median], 95th percentile) on held-out sub-
jects.

Dataset / condition Landmark Mean ± SD [median] 95th percentile

Eye–BCI, open
frames

Canthi 0.35± 0.18 px [0.30] 0.75 px (≈ 0.35% of
eye width)

Eye–BCI, open
frames

Pupil centre 0.65± 0.32 px [0.55] 1.40 px (≈ 0.7% of
eye width)

Eye–BCI, open
frames

Lid centres 1.10± 0.60 px [0.95] 2.60 px (≈ 1.3% of
eye width)

Eye–BCI, near-blink
frames
(EAR < 30%)

Pupil centre 1.8± 0.9 px [1.5] 4.2 px (≈ 2.0% of
eye width)

Eye–BCI, near-blink
frames

Lid centres 2.7± 1.3 px [2.3] 5.8 px

VEOS development
dataset

Canthi 0.40± 0.22 px [0.35] 0.95 px

VEOS development
dataset

Pupil centre 0.80± 0.40 px [0.70] 1.75 px

VEOS development
dataset

Lid centres 1.40± 0.70 px [1.20] 3.0 px

7.2.3 Eyeball position and eyelid aspect ratio (EAR)

Table 7.2 reports errors in the eye-centric coordinates (x, y) and in scaledEARunits

when regressed directly against manual ground truth.

Table 7.2: Eyeball position and eye aspect ratio (EAR) accuracy (mean ± SD).

Dataset Metric Value

Eye–BCI (test set) x, y radial error 0.018± 0.009 (normalised units),
median 0.015, 95th: 0.040

Eye–BCI (test set) EAR MAE 9.2± 4.8 (scaled EAR units);
Pearson r = 0.82 with manual
EAR

VEOS development dataset x, y radial error 0.022± 0.011, median 0.018, 95th:
0.048

VEOS development dataset EAR MAE 10.8± 5.3 (scaled EAR units);
Pearson r = 0.79

For a 20 mm eye width this corresponds to approximately 0.36 mm median po-

sitional error. The larger errors in EAR reflect the difficulty of localising lids under

IR illumination with strong specular highlights and eyelashes. In practice, fixation
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and saccade trajectories in (x, y) are smooth, and drift across long sequences is neg-

ligible compared with EOG drift. EAR traces capture the basic blink envelope but

underestimate partial closures and overshoot at extremes, contributing directly to

the mediocre eyelid-component fidelity in EOG inference (Section 7.3). To give some

intuition for these numbers, Figures 7.1 and 7.2 show a short Eye–BCI segment to-

gether with the corresponding eye-tracking outputs. Figure 7.1 illustrates the raw

150 Hz IR eye-region image and the detected landmarks, while Figure 7.2 plots the

derived eye-centric (x, y) trajectories and EAR over time, together with automatically

detected blinks. The figure makes clear that eyeball position is smooth and stable at

the sub–eye-width level, whereas eyelid aperture is noisier and tends to saturate near

full closure, in line with the quantitative EAR errors reported above.

7.2.4 Blink detection from video and comparison with Tobii

Using EAR (the eyelid aperture measure defined above) and pupil-tracking quality, a

simple threshold-based blink detector yields, on Eye–BCI (blink vs non-blink, frame-

wise) [31], [45], [138]:

• Accuracy: 0.95

• Precision: 0.90

• Recall (sensitivity): 0.92

• Specificity: 0.96

• F1-score: 0.91

Event-based evaluation (collapsing contiguous blink frames) shows that 94% of

blinks have onset detected within ±20 ms and offset within ±30 ms relative to the

EMG-defined blink markers.

For comparison, the Tobii-only logistic-regression blink detector used as a baseline

achieves slightly higher frame-wise F1 (approximately 0.95) and very small timing
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Figure 7.1: Example monocular eye landmark detection on Eye–BCI. Raw 150 Hz
IR eye-region frame with detected canthi (green), pupil boundary (blue) and eyelid
splines (orange).

errors, benefiting from the dedicated eye-tracker pupil signal and distance estimate

[58].

However, Tobii does not provide an explicit eyelid aperture measure, so blink mag-

nitude cannot be aligned between Tobii-derived surrogates and VEOG; this becomes

important when using Tobii signals in EOG inference and LCA (Sections 7.3 and 7.4).

In summary, the monocular tracker provides high-fidelity pupil and eye-position

trajectories and robust blink timing, but only moderate quantitative accuracy for

eyelid aperture.

These characteristics shape the subsequent EOG inference performance and di-

rectly address RQ1.
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Figure 7.2: Example monocular eye-tracking outputs on Eye–BCI. Ten seconds of eye-
centric horizontal and vertical position (x, y) from the tracker and Eye aspect ratio
(EAR) for the same segment with automatically detected blinks shaded in grey. The
examples illustrate the pupil and canthus tracking and the eyelid aperture estimate.

7.3 EOG Inference from Ocular Signals

With the eye-tracking performance characterised, the central question of the thesis

can now be addressed directly: how faithfully can a video-based pipeline reproduce the

EOG signal that would otherwise require dedicated electrode channels? The answer

depends on both the quality of the visual features and the capacity of the inference

model to capture the temporal and non-linear structure of ocular signals.

7.3.1 Models and metrics

Three main families of models are evaluated, in line with the research questions on

mapping feasibility and model adequacy (RQ2 and RQ3). The first family comprises

linear baselines, including a constant (per-participant mean) predictor and a static

linear regression using instantaneous features only (no temporal context). The sec-

ond family consists of windowed MLPs, that is, multilayer perceptrons operating on

concatenated temporal windows of features at approximately 100 Hz, as described in

Section 5.7. The third family uses temporal convolutional networks (TCNs), namely

1D CNNs with dilated convolutions and residual blocks operating on multichannel
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feature sequences.

For the Eye–BCI dataset the following input configurations are considered, ad-

dressing mapping feasibility and modality dependence (RQ2 and RQ4):

Video-only (VEOS) features: eye-centric x, y, eye aspect ratio (EAR), pupil-

radius proxy, and their temporal derivatives.

Tobii-only features: gaze coordinates, their derivatives, pupil size, distance

and validity flags.

Combined features: concatenation of video and Tobii channels.

EMG-augmented models: video or Tobii features plus eyelid EMG as an

additional regressor (upper-bound condition).

Targets are the vertical EOG channel (VEOG) for both datasets and, in supple-

mentary analyses, eyelid EMG for blink-specific modelling.

Metrics follow Section 6.3 and include the Pearson correlation coefficient r between

true and predicted EOG, the normalised RMSE nRMSE = RMSE/σtrue after per-

participant centring, and the coefficient of determination R2. In addition, band-

limited spectral similarity in the 0–1 Hz, 1–4 Hz and 4–15 Hz bands is computed,

together with blink-level agreement via event counts and blink amplitude ratios.

Unless otherwise stated, statistics are computed on held-out subjects under leave-

one-subject-out (LOSO) splits, with train/validation/test splits at the run/trial level

to avoid temporal leakage.

7.3.2 Signal-level performance on the VEOS development dataset

On the VEOS development dataset, models are trained and evaluated in a LOSO

regime using only video-derived features. Table 7.3 summarises performance across

participants.

The main trends are as follows. Temporal context is essential: adding a ±200–

250 ms window raises median r from approximately 0.4 to approximately 0.75, consis-

tent with earlier observations that EOG is strongly shaped by short-term dynamics.
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Table 7.3: VEOG prediction on VEOS development dataset (median over subjects).

Model Features
r

(all)
r

(non-blink)
r

(blink windows)
nRMSE R2

Constant mean – 0.00 0.00 0.00 1.00 0.00
Static linear (no
context)

Video 0.41 0.45 0.28 0.77 0.17

Windowed MLP Video 0.74 0.79 0.55 0.54 0.52
TCN (5 residual
blocks)

Video 0.79 0.83 0.60 0.49 0.58

Hybrid baseline
+ TCN residual

Video 0.81 0.85 0.63 0.47 0.61

The TCN offers a modest but consistent improvement over the windowed MLP, es-

pecially around blinks where derivative and higher-order features help capture onset

and recovery. The hybrid forward model (linear baseline plus TCN residual) provides

the best overall match, particularly for subjects with large VEOG amplitudes where

simple linearity breaks down.

Visually, the best models track slow vertical gaze trends and most saccades, re-

produce blink timing with high accuracy, and systematically underestimate blink am-

plitude, especially for large, EMG-rich blinks.

This underestimation is partly due to conservative treatment of frames with very

low EAR (near full closure) and to the limited eyelid-tracking fidelity noted in Sec-

tion 7.2.2.

7.3.3 Cross-dataset and cross-modality performance on Eye–

BCI

On the Eye–BCI dataset, models are trained either

1. within-set LOSO (pure Eye–BCI training); or

2. trained on VEOS and transferred to Eye–BCI with optional per-subject calibra-

tion of the linear baseline parameters (αs, βs) in the hybrid model.

Table 7.4 reports representative LOSO performance using Eye–BCI-only training.
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Table 7.4: VEOG prediction on Eye–BCI (LOSO, median over subjects).

Input modality
r

(all)
r

(non-blink)
r

(blink windows)
nRMSE Notes

Constant mean 0.00 0.00 0.00 1.00 trivial baseline
Tobii-only
windowed MLP

0.66 0.72 0.45 0.58 strong timing,
amplitude off

Video-only
(VEOS) TCN

0.74 0.79 0.56 0.51 best
reduced-sensor
model

Video + Tobii
combined TCN

0.77 0.82 0.58 0.48 modest gain
from fusion

Video + eyelid
EMG (upper
bound)

0.84 0.88 0.71 0.40 not
sensor-minimal

Several observations stand out from these results. First, none of the reduced-

sensor models fully replicates VEOG: residual errors remain of the order of 40–60 µV

and blink peaks are consistently attenuated across all conditions. Second, video-based

models outperform Tobii-only models overall, particularly in the 4–15 Hz band where

eyelid motion and small saccades dominate; the heavy smoothing applied internally

by the Tobii system suppresses much of this higher-frequency structure. Third, Tobii-

based models achieve good blink timing, with onset and offset errors comparable

to video, but show poorer amplitude alignment because the eye tracker provides no

direct measure of eyelid aperture and saturates during full closure. Fourth, adding

eyelid EMG as a regressor yields a clear performance boost and substantially better

modelling of blink bursts, but this requires periocular electrodes and therefore defeats

the sensor-minimal goal of VEOS. EMG is accordingly treated in the remainder of

the thesis as an evaluation reference and a blink-labelling aid rather than as an input

to the deployed system.

In cross-dataset transfer (train on VEOS, test on Eye–BCI), video-based models

retain reasonable performance provided a short per-subject calibration block is used to

estimate (αs, βs) for the baseline. Median r drops by approximately 0.05–0.1 relative

to Eye–BCI training, consistent with electrode montage and illumination differences.

Tobii-only models generalise less well because of differences in eye-tracker calibration
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and screen geometry. These comparisons directly address the dataset and modality

dependence question (RQ4).

7.3.4 Spectral and event-level metrics

Band-limited power spectra of true and predicted VEOG show that, in the 0–1 Hz

band (slow drift, very slow eye movements), all temporal models recover > 80% of

the variance (band-limited R2) and, for video-based models, achieve a correlation of

r0–1Hz ≈ 0.9; that in the 1–4 Hz range (blink envelope and major saccades), video-

based TCNs achieve r1–4Hz ≈ 0.8, whereas Tobii-only models reach approximately

0.7; and that in the 4–15 Hz band (fine saccadic components), correlations are lower

(0.5–0.6 for video, 0.4–0.5 for Tobii), reflecting both tracking noise and the intrinsic

low-pass nature of EOG.

Event-level metrics, computed by feeding predicted VEOG through the same blink

detector as true VEOG, show that predicted signals recover 93–96% of true blink

events (with missed and spurious events roughly balancing), that the median absolute

blink onset error is≈ 18 ms for video-based models and≈ 20 ms for Tobii-only models,

and that the blink peak amplitude ratio (predicted/true) has a median of 0.72 for

video-based models and 0.58 for Tobii-only models, with substantial between-subject

variance.

Thus, the main deficiency of the reduced-sensor models is amplitude fidelity for

large blinks, especially when eyelid EMG contributes strongly to VEOG. This is con-

sistent with the modest eyelid-tracking accuracy and the absence of explicit eyelid

channels in Tobii.

7.3.5 Qualitative examples

Figure 7.3 shows true VEOG and VEOS-inferred EOG for a 10 s MI segment from

Eye–BCI. Panel (a) plots the raw VEOG trace with blink intervals highlighted;

panel (b) overlays the VEOS prediction; panel (c) shows the residual error. Slow

upward drifts are reproduced almost exactly, saccades are captured with correct po-
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Figure 7.3: Example VEOG and VEOS-inferred EOG for a 10 s motor-imagery seg-
ment from Eye–BCI. (a) True VEOG with blinks shaded in grey. (b) VEOS-inferred
EOG overlaid on the same segment. (c) Residual error (true minus inferred). Slow
gaze drift and most saccades are reproduced, whereas large blinks show attenuated
peaks but accurate onset and offset.

larity and approximate amplitude, and the three large blinks exhibit accurate timing

but reduced peak-to-peak amplitude. This visual impression matches the signal-level

statistics in Sections 7.3.2–7.3.3.

Figure 7.4 focuses on a blink train during a P300 block and contrasts video-based

and Tobii-based predictions. Both methods align blink onset and offset to within a

few samples, but Tobii-based predictions have a noisier baseline and require heavy

smoothing, which attenuates high-frequency components and blurs saccade onset.

The video-based predictions preserve more of these fast components but show a small

overshoot immediately after blinks, likely due to residual eyelid-tracking errors. To-

gether, the two examples make concrete the trade-off between temporal fidelity and

noise amplification that underlies the quantitative comparisons in Section 7.3.4.

Overall, these qualitative examples support the conclusion that video-based EOG

inference is the most promising reduced-sensor route, while also illustrating the char-

acteristic underestimation of blink amplitude and the residual eyelid-related artefacts

that remain to be addressed.
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Figure 7.4: Comparison of video- and Tobii-based EOG inference during a blink train
in a P300 block. The top panel shows true VEOG, the middle panel the VEOS video-
based prediction and the bottom panel the Tobii-based prediction. Both surrogates
exhibit accurate blink timing, but the Tobii-based signal has a noisier baseline and
requires stronger smoothing, which attenuates high-frequency saccadic components,
whereas the video-based signal preserves more of the fine structure at the cost of
modest post-blink overshoot.

7.4 Linear Component Analysis for Ocular Arte-

fact Removal

This section examines how inferred EOG behaves when used as a reference in an

ocular artefact removal pipeline and addresses RQ5.

7.4.1 Canonical LCA configuration with true EOG

LCA follows the regression framework of Section 5.8: the multichannel EEG X ∈

R
C×T is modelled as

X(t) = AR(t) + E(t),

where R(t) contains VEOG and its temporal lags, A are ocular mixing weights and

E(t) is the residual (cleaned EEG).

The canonical configuration, selected on a subset of six subjects with real VEOG,

therefore uses a reference matrix R comprising VEOG and its ±3 lags (step 4–6
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samples at 1 kHz), restricts training to ±250 ms windows around blink onsets (“blink-

window training”), and applies ridge regularisation with a small shrinkage factor s =

0.9 to A to avoid overcorrection and “inverse blinks”.

Table 7.5 summarises blink-locked metrics at fronto-central channels (Fp1, Fp2,

Fz, Cz) for this configuration.

Table 7.5: LCA with real VEOG (median over sessions).

Channel
corr

(EEG, VEOG)
pre

corr
post

∆corr
(%) Blink P2P

pre (µV)
Blink P2P
post (µV)

Reduction
(%)

Fp1 0.58 0.12 −79 220 75 −66
Fp2 0.56 0.11 −80 215 70 −67
Fz 0.42 0.08 −81 160 50 −69
Cz 0.28 0.05 −82 120 40 −67

Spectral analysis shows a marked reduction of low-frequency (0–4 Hz) blink-related

power in frontal channels, with minimal change in occipital alpha and task-related

bands. ERPs (notably P300) retain their morphology but show cleaner baselines.

This canonical LCA configuration serves as the benchmark for comparisons with

inferred EOG.

7.4.2 LCA with inferred EOG from video and Tobii

The next step is to replace the real VEOG in R(t) with inferred VEOG from reduced-

sensor models, so these inferred reference signals are obtained from VEOS video-based

TCN models and from Tobii-only windowed MLP models.

In both cases, the same lags, training windows and shrinkage factor are used as in

the canonical configuration.

Table 7.6 summarises frontal-channel metrics averaged over sessions where good-

quality inferred EOG is available.

The key findings are:

141



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

Table 7.6: LCA with inferred EOG (median over sessions).

Reference EOG
corr
pre

corr
post

∆corr
(%) Blink P2P

pre (µV)
Blink P2P
post (µV)

Reduction
(%)

Real VEOG 0.58 0.12 −79 220 75 −66
VEOS (video-inferred) 0.58 0.19 −67 220 110 −50
Tobii-inferred 0.58 0.46 −21 220 190 −14

Video-inferred EOG. Video-inferred EOG reduces frontal blink-related correla-

tion and amplitude substantially, though not as strongly as real VEOG, typically

achieves 60–70% of the blink suppression of the real-EOG condition, and preserves

task-related features (MI desynchronisation, P300 peaks, SSVEP harmonics) within

measurement noise.

Tobii-inferred EOG. Tobii-inferred EOG often fails to reduce corr(EEG, VEOG)

appreciably, and in a non-trivial fraction of sessions it increases correlation or produces

inverse blinks because of amplitude mismatches; it has large blink peaks relative to its

baseline noise, so small misalignments in timing or magnitude lead to over- or under-

subtraction, and it introduces additional high-frequency noise due to eye-tracker jitter

that is not present in true VEOG.

These observations match the qualitative statement that LCA with Tobii appears

to introduce more noise than removal, whereas video-based matching is much closer

to the desired behaviour. This is illustrated in Figure 7.5, which shows Fp1 for one

representative session under four conditions: raw EEG, LCA with real VEOG, LCA

with VEOS-inferred EOG and LCA with Tobii-inferred EOG. The VEOS condition

visibly reduces the blink deflection and residual low-frequency drift whilst leaving the

underlying neural response largely intact; the Tobii condition shows only partial blink

suppression and introduces post-blink oscillations and occasional polarity reversals.

A further limitation is that Tobii gaze coordinates represent where the participant

is looking on the screen rather than eyeball-in-socket position, and do not account

for the vestibulo-ocular reflex. VOR-driven eye movements stabilise gaze during head
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Figure 7.5: Fp1 for a representative Eye–BCI session under four ocular-cleaning con-
ditions: raw EEG (no explicit ocular channel), LCA with real VEOG, LCA with
VEOS-inferred EOG and LCA with Tobii-inferred EOG. Waveforms are aligned to
blink onset (time 0). Real-VEOG and VEOS-based cleaning both strongly attenuate
the large blink deflection and associated slow drift, whereas the Tobii-based reference
yields weaker suppression and introduces post-blink ringing and occasional polarity
reversals.

motion but produce genuine eyeball rotations that contribute to EOG; because the

Tobii output compensates for these rotations to maintain a stable gaze estimate, they

are absent from the Tobii-derived features and cannot be recovered by the regression

model.

To summarise behaviour across all sessions, Figure 7.6 visualises the reduction in

blink peak-to-peak amplitude at Fp1 for each ocular-reference condition. The VEOS-

based LCA points cluster close to the real-VEOG reference, typically recovering 60–

70% of its blink suppression, whereas the Tobii-based condition exhibits both a smaller

median reduction and larger between-session variability, including cases with negative

reduction (i.e. increased blink amplitude).

7.4.3 Impact on task-related EEG features

To ensure that VEOS-based cleaning is not simply attenuating everything, the fol-

lowing features are examined: MI/ME sensorimotor rhythms at C3/C4, quantified

via event-related desynchronisation (ERD) and synchronisation (ERS) in the 8–30 Hz

143



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

Figure 7.6: Session-wise reduction in blink peak-to-peak amplitude at Fp1 for different
ocular-reference conditions (real VEOG, VEOS video-inferred EOG and Tobii-inferred
EOG). Each point corresponds to one Eye–BCI session; horizontal lines indicate me-
dians and boxes the interquartile range. VEOS-based LCA reliably recovers most of
the suppression achieved with real VEOG, whereas Tobii-based references show both
a smaller median reduction and greater variability, with occasional sessions in which
blink amplitude increases. The weaker performance of Tobii-based surrogates reflects
both the absence of eyelid aperture information and the fact that Tobii gaze coordi-
nates do not capture vestibulo-ocular reflex contributions to eyeball rotation, which
are present in true VEOG but absent from screen-referenced gaze signals.

band; P300 ERPs at Pz and Cz, assessed through target vs non-target difference

waves; and SSVEP signal-to-noise ratio (SNR) at occipital electrodes O1, Oz and O2.

Across Eye–BCI sessions, VEOS-based cleaning changes MI ERD/ERS magni-

tudes by less than 5% relative to real-EOG cleaning and slightly improves baseline

stability compared with having no ocular channel, P300 peak amplitudes at Pz dif-

fer by less than 3% between VEOS and real-EOG cleaning with both outperforming

the no-ocular-channel condition which shows larger baseline drifts around blinks, and

SSVEP SNR is largely unaffected by ocular cleaning, as expected, because artefacts

are much smaller at occipital sites and SSVEP frequencies (10–13 Hz) are robust to

slow blink-related components.

Thus, VEOS-based LCA achieves meaningful blink suppression in frontal channels

while preserving BCI-relevant neural signatures, as required for RQ5.
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Table 7.7: MI left vs right hand classification accuracy (median over subjects).

Cleaning condition Accuracy (%)

None 71
True EOG 75
VEOS 74
Tobii 70

7.5 BCI-Level Performance

Finally, the effect of changes in ocular artefact handling on BCI performance is as-

sessed, using standard pipelines for MI, SSVEP and P300 tasks on Eye–BCI [30], [78],

[133]. This section addresses the BCI-level consequences question (RQ6).

Four cleaning conditions are compared:

1. None: no explicit ocular channel; ICA components selected without reference

EOG.

2. True EOG: canonical LCA configuration with real VEOG.

3. VEOS: LCA with video-inferred EOG.

4. Tobii: LCA with Tobii-inferred EOG.

7.5.1 Motor imagery classification

For MI, features consist of log-bandpower in 8–30 Hz at C3/C4 and neighbouring

channels, with common spatial patterns (CSP) and linear discriminant analysis as

the classifier. Accuracy is evaluated in a LOSO regime.

Table 7.7 reports left vs right hand classification accuracy.

The main points are that removing ocular artefacts with true EOG yields a modest

but consistent improvement (around 4 percentage points) in MI accuracy, primarily

by stabilising frontal contamination that would otherwise leak into CSP projections;

that VEOS-based cleaning recovers almost all of this benefit (around 3 percentage

points), despite using only video; and that Tobii-based cleaning shows no reliable
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improvement and occasionally harms performance, in line with the LCA-level finding

that it can introduce artefactual components.

It is worth contextualising what a 3–4 percentage point gain means in practice.

For a binary left/right hand classifier operating at chance near 50%, moving from 71%

to 74–75% represents a reduction of roughly 10–14% in classification error. In a BCI

spelling or control application operating over many trials, this translates to fewer

corrective commands and a meaningfully higher effective information transfer rate.

The gain is also consistent across the subject population rather than being driven by

outliers: the LOSO regime ensures that no individual subject dominates the median,

and inspection of the subject-wise distributions shows that VEOS matches or exceeds

the no-ocular-channel condition for the large majority of participants.

The mechanism behind the improvement is also instructive. MI classification de-

pends on lateralised sensorimotor rhythms at C3 and C4. Frontal blink artefacts do

not project strongly onto these electrodes directly, but they influence the CSP spatial

filters during training if artefact-contaminated trials are included. By cleaning before

spatial filter estimation, VEOS-based LCA reduces this contamination and produces

more reliable filter estimates, particularly for subjects with high blink rates during

cued tasks. This explains why the gain is modest in absolute terms but consistent in

direction.

7.5.2 SSVEP

SSVEP classification uses canonical correlation analysis between EEG and sinusoidal

reference templates at the four stimulus frequencies. Accuracy is high in all conditions.

Table 7.8 reports target frequency classification accuracy.

As expected, ocular cleaning has little effect on SSVEP accuracy: responses are

occipital and confined to narrow frequency bands (10–13 Hz) that do not overlap

substantially with the low-frequency blink artefact. Provided extreme blink segments

are excluded from training, the signal-to-noise ratio at occipital electrodes is largely

unaffected by periocular activity. This null result is itself informative: it confirms that
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Table 7.8: SSVEP target frequency classification accuracy (median over subjects).

Cleaning condition Accuracy (%)

None 93
True EOG 93
VEOS 92
Tobii 92

Table 7.9: P300 symbol classification accuracy (median over subjects).

Cleaning condition Accuracy (%)

None 88
True EOG 91
VEOS 90
Tobii 86

VEOS-based cleaning does not introduce its own artefacts that would harm SSVEP

detection, and it establishes a useful contrast with MI and P300, where the frequency

and spatial overlap between artefacts and task-relevant signals is greater. The fact

that VEOS cleaning neither helps nor harms SSVEP is consistent with the LCA-level

finding that task-related neural features are preserved within measurement noise, and

provides reassurance that VEOS does not remove physiologically relevant signal as a

side effect of artefact suppression.

7.5.3 P300 spelling

For P300 spellers, a regularised LDA classifier is trained on 0–700 ms post-stimulus

ERP segments at central-parietal electrodes. Performance is measured as symbol-level

accuracy.

Table 7.9 summarises results.

Here, true-EOG cleaning reduces false positives caused by blink-related deflections

within the P300 latency window, yielding an improvement of around 3 percentage

points, VEOS-based cleaning again tracks this closely, and Tobii-based cleaning un-

derperforms, consistent with the introduction of high-frequency noise and imperfect

blink subtraction.

The P300 result deserves particular emphasis because it most directly answers the
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thesis’s central practical question. P300-based BCIs rely on detecting a component

with a latency of approximately 300 ms that is elicited by attended stimuli. Blinks

occurring within the 0–700 ms post-stimulus window produce large low-frequency

deflections at frontal and central electrodes that can be mistaken for, or superimposed

on, the target P300, increasing both false positives and trial-to-trial variability. The 3

percentage point improvement from VEOS cleaning, relative to the no-ocular-channel

condition, reflects a genuine reduction in this contamination: cleaned ERPs show

flatter baselines and sharper target versus non-target separation at Pz and Cz.

The Tobii condition is particularly revealing here. A 2 percentage point decrease

relative to no cleaning at all indicates that Tobii-based LCA actively introduces arte-

facts that confound the classifier. This is consistent with the LCA-level finding that

Tobii surrogates can produce inverse blinks and high-frequency noise when used as

regressors, and it underlines that a surrogate EOG channel must have both accurate

timing and accurate amplitude to be useful in a regression-based artefact removal

framework. VEOS satisfies both requirements sufficiently well, whereas Tobii satisfies

only the first.

Across all three paradigms taken together, the pattern supports a clear conclusion

for RQ6: VEOS-based ocular cleaning improves BCI performance in paradigms where

blink artefacts are a meaningful source of contamination, does not harm paradigms

where they are not, and consistently outperforms the Tobii-based alternative. The

residual gap relative to true EOG is small and, given the hardware burden removed

by eliminating dedicated EOG electrodes, the practical trade-off favours VEOS in

settings where sensor minimality is a priority.

VEOS-based cleaning never materially degrades performance and usually recovers

most of the gain obtained with true EOG. Tobii-based cleaning is unreliable at the

BCI-level, mirroring its weaker performance at the LCA-level. The largest benefits

appear in paradigms with frequent blinks near task-relevant latencies (MI and P300),

while SSVEP performance is essentially unchanged.
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7.6 Summary

This chapter has provided a detailed quantitative evaluation of VEOS and its inter-

action with EEG and BCI performance. The monocular eye-tracker delivers sub-eye-

width localisation errors for pupil and eye position, but eyelid-tracking remains a rel-

ative weakness; this is sufficient for reliable blink detection but limits blink-amplitude

fidelity (RQ1). Video-based EOG inference using windowed TCNs and hybrid forward

models achieves correlations around 0.75–0.8 with true VEOG on held-out subjects,

improving on Tobii-only models and approaching EMG-augmented upper bounds for

non-blink segments, although none of the reduced-sensor models fully captures blink

morphology (RQ2 and RQ3). In an LCA framework, VEOS-inferred EOG recovers

a substantial fraction of the blink suppression afforded by real VEOG, with minimal

impact on task-related EEG, whereas Tobii-derived surrogates often underperform

and can introduce additional noise (RQ5). At the BCI-level, VEOS-based ocular

cleaning yields small but consistent gains for MI and P300 paradigms and does not

harm SSVEP performance, coming close to the improvements achievable with real

EOG (RQ6).

Overall, the results support the central claim of the thesis: vision-based inference

of an EOG-like signal is technically feasible and practically useful for ocular artefact

handling in EEG, even though there remains clear scope for improving eyelid-tracking,

blink modelling and cross-subject generalisation. These points are elaborated further

in the Discussion (Chapter 8).
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Chapter 8

Discussion

8.1 Overview

The central aim of this thesis was to examine whether a vision-based system can

infer an electrooculogram-like signal that is good enough to support ocular artefact

handling in EEG, with an emphasis on BCI paradigms. Earlier chapters developed

the theoretical links between eyeball and eyelid motion, camera geometry, EOG gen-

eration and propagation to EEG, and described the VEOS processing pipeline and

datasets. Chapter 7 presented quantitative results on monocular eye-tracking, EOG

inference, linear component analysis (LCA) for ocular artefact removal, and the im-

pact of inferred EOG on BCI performance.

In this chapter the results are interpreted in the light of the research questions

from Chapter 1 and in the context of broader work on BCIs, ocular artefact handling

and vision-based eye measurement. Limitations of the present work are outlined and

directions for future research are sketched.

At a high level, the evidence supports the central claim of the thesis. Video-

based inference of an EOG-like signal is feasible with a single camera. The inferred

signal is not a perfect substitute for a physical EOG channel, but it is sufficiently

correlated with true EOG to support regression-style artefact removal and to yield

meaningful improvements in BCI-level performance. The results also highlight several

bottlenecks, in particular eyelid-tracking accuracy, non-linear blink contributions and
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cross-subject variability, which suggest where further work should be concentrated.

Eyelid-tracking limitations are evident in the landmark localisation results of Sec-

tion 7.2.2, where lid centres show roughly twice the human-level error even on open-

eye frames. Non-linear blink contributions are demonstrated by the performance gap

between static linear models (correlation around 0.4) and temporal models (around

0.75–0.8) in Table 7.3, and by the clear improvement when eyelid EMG is included

as an additional regressor in Table 7.4. Cross-subject variability is visible throughout

Section 7.3 as substantial spread in per-subject correlations, and is directly addressed

in Section 7.3.3, where cross-dataset transfer without per-subject calibration incurs a

drop of approximately 0.05–0.1 in median correlation. The results also show that these

limitations do not prevent VEOS from delivering measurable gains in key paradigms

such as motor imagery and P300 spelling.

8.2 Revisiting the research questions

The six research questions defined in Chapter 1 provide the organising structure for the

interpretation of the results. Each is addressed in turn, drawing on the quantitative

findings from Chapter 7 and the theoretical framework from Chapter 3, with the aim

of moving from measured performance to substantive conclusions about the feasibility

and utility of the VEOS approach.

8.2.1 RQ1: Monocular eye-tracking performance

The first research question asked whether a monocular video pipeline can recover eye

and eyelid kinematics with sufficient fidelity to underpin an EOG surrogate.

The monocular eye-tracking results show that pupil and canthus positions can be

recovered with errors well below one eye width on both datasets, and that the derived

eye-centric co-ordinates provide smooth trajectories for gaze-related motion. Eyelid

aperture is noisier, especially near full closure, but is accurate enough to support

robust blink detection and a coarse measure of blink depth. These findings indicate
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that the video stream contains the kinematic information that drives the corneo-retinal

dipole and the eyelid EMG contribution to EOG.

In this sense, RQ1 is answered positively. A single camera focused on the eye

provides stable, eye-centric position and openness signals that can serve as inputs

to an inference model. The main caveat is that eyelid features are clearly weaker

than pupil and canthus features, and this limitation propagates into blink-related

components of the inferred EOG.

8.2.2 RQs 2 and 3: Mapping feasibility and model adequacy

The second and third research questions asked, respectively, whether there is a stable

functional relationship between video-based eye and eyelid features and simultane-

ously recorded EOG across participants and tasks, and whether simple models with

temporal context are sufficient or more complex non-linear models provide a clear

advantage.

On top of the tracked features, temporal neural network models trained on the

VEOS development dataset and on the Eye–BCI dataset achieve correlations of the

order of 0.75 to 0.8 with true VEOG on held-out subjects, with normalised errors

around one half of the variance of the true signal. Slow drifts, many saccades and the

timing of blinks are reproduced reliably. Blink amplitudes are underestimated, but

they still preserve enough structure to support blink detection and artefact estimation.

Static linear models, which effectively assume that EOG is an instantaneous linear

function of current landmarks, achieve correlations around 0.4 on the development

dataset. This confirms that some structure can be captured with simple models, but

also that they fail to reproduce important aspects of the signal. Once a temporal

window is introduced and derivatives are included, performance increases sharply.

Windowed multilayer perceptrons with a context of about 200 to 250 milliseconds

reach correlations around 0.7 to 0.75, and temporal convolutional networks add a

further, more modest gain, especially in blink-rich segments and in the 1 to 4 Hz

band. The hybrid model, which combines a simple linear baseline with a non-linear

153



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

residual term, yields the most consistent performance across participants.

These observations answer RQ2 and RQ3 in a nuanced way. There is a usable

and reasonably stable mapping from monocular eye video to an EOG-like signal, and

this mapping can be captured by relatively lightweight temporal models. There is no

immediate need for very deep or heavy architectures. At the same time, the map-

ping is not perfectly linear, and model capacity is required to capture non-linearities

associated with eyelid motion and saturation, particularly during blinks.

8.2.3 RQ4: Dataset dependence and generalisation

The fourth research question concerned the extent to which mappings learned on

the VEOS-Dev multimodal dataset transfer to the Eye–BCI dataset with different

hardware, a different laboratory environment and additional ocular channels.

Within each dataset, leave-one-subject-out evaluation shows that subject-specific

variations can be handled without explicit personalisation, although there is visible

spread in performance. When models trained on the development dataset are trans-

ferred to Eye–BCI, there is a modest drop in correlation and an increase in error,

which can be reduced by fitting a simple per-subject linear scaling term on a short

calibration segment. The remaining losses are consistent with differences in electrode

montage, camera optics, infrared illumination and viewing geometry.

These results suggest that the mapping from video to EOG has a partly universal

component, which is captured by the physics-based feature normalisation and by

temporal modelling, and a dataset-specific component, which reflects details of the

recording setup and participant population. RQ4 is therefore answered in a qualified

way: cross-dataset transfer is feasible, but in practice it is sensible to budget for at

least a small amount of calibration data, or to adopt domain adaptation strategies

that can adjust the last layers of the model to the new setting.
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8.2.4 RQ5: Impact on EEG cleaning

The fifth research question asked whether a system using inferred EOG can approach

the performance of one using true EOG in an LCA-based artefact-handling pipeline.

The LCA experiments show that real VEOG remains the gold standard. When

true VEOG and its temporal lags are used as regressors, blink-related deflections in

frontal EEG channels are reduced by roughly two thirds in peak-to-peak amplitude,

and the correlation between EEG and VEOG is reduced by about eighty percent.

At the same time, occipital alpha, SSVEP responses and task-related event-related

potentials are preserved within a few percent.

When VEOG is replaced by the VEOS-inferred signal, blink-related amplitude

is still reduced substantially, although to a lesser degree, typically around half of

the reduction obtained with true EOG. Correlations between frontal EEG and the

inferred EOG channel decrease accordingly. The cleaned signals retain the expected

task-related structure. In other words, inferred EOG recovers a large fraction of the

benefit of having a real ocular channel, yet not all of it.

In contrast, when Tobii-based surrogates are used as regressors, blink peak mag-

nitudes are mismatched, the inferred signals are noisier, and the resulting LCA some-

times fails to reduce artefacts or even introduces new ones. The lack of an explicit

eyelid aperture measure in the Tobii data means that blink amplitude is poorly aligned

with VEOG. This matters because LCA relies on an approximate linear relationship

between the regressor and the artefact to be removed. If blink magnitude is systemat-

ically under or over-estimated, the regression weights are biased and residual artefacts

or “inverse blinks” can result.

RQ5 is therefore answered in the affirmative, with an important qualification.

VEOS-inferred EOG is good enough to support regression-based artefact removal

and to recover a substantial proportion of the benefit of true EOG, but there remains

a measurable performance gap, particularly for large, EMG-rich blinks.
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8.2.5 RQ6: BCI-level consequences

The sixth research question asked whether changes in ocular artefact handling driven

by inferred EOG lead to observable differences in BCI metrics such as classification

accuracy.

Across motor imagery and P300 paradigms, adding true EOG-based LCA yields

small but consistent gains of a few percentage points in classification accuracy com-

pared with having no ocular channel. The VEOS-based condition recovers most of

this gain. In motor imagery, VEOS-based cleaning stabilises frontal contamination

that otherwise leaks into spatial filters. In P300, it reduces blink-related deflections

that overlap with the ERP window and reduces false positives. In SSVEP, where task-

related responses are concentrated over occipital regions and are relatively robust to

slow frontal artefacts, the presence or absence of ocular cleaning has little effect on

classification accuracy.

The practical relevance of the P300 result is greater than the modest absolute gain

in percentage accuracy might suggest. P300-based BCIs remain one of the most widely

investigated paradigms for assistive communication and spelling, particularly for users

with severe motor impairments, where small improvements in single-trial detection

accuracy can translate into noticeably higher information transfer rates and fewer

repeated selections [35], [120]. In such systems, blink contamination around stimulus

onset is a persistent source of errors, and placing additional periocular electrodes can

be uncomfortable or infeasible outside tightly controlled laboratory or clinical settings.

More recently, P300 paradigms have also been proposed as a basis for attention

training and cognitive rehabilitation in home or semi-naturalistic environments. Ex-

amples include P300-driven neurofeedback protocols for improving sustained atten-

tion [7] and adaptive P300-based BCIs designed for home-based attention training

in adults with attentional difficulties [103]. In these contexts, robust operation with

minimal preparation time and minimal visible instrumentation is critical for long-term

adherence. The present finding that VEOS-based ocular cleaning recovers most of the

benefit of true EOG for P300 classification therefore suggests a concrete route to sim-
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plifying the hardware burden in such applications: a camera plus scalp EEG may

be sufficient to obtain useful P300 performance while still mitigating blink-related

artefacts, even when users move more freely or interact in everyday settings.

Tobii-based cleaning, in contrast, offers no reliable improvement and can reduce

performance in blink-heavy sessions, consistent with the LCA-level observations. This

again underlines the importance of amplitude fidelity and appropriate blink modelling

for any surrogate EOG channel that is to be used inside a BCI pipeline.

From a practical point of view, RQ6 is answered by showing that VEOS need

not reach perfect EOG fidelity in order to be useful. It is enough that the inferred

signal captures the main temporal structure of ocular artefacts and that the regression

weights derived from it do not overcorrect. The remaining performance gap to true

EOG represents headroom for future work, rather than a fundamental barrier.

Figure 8.1 summarises the BCI-level impact of ocular cleaning across all three

paradigms, placing the four cleaning conditions side by side for direct comparison.

The pattern is consistent with the discussion above: VEOS delivers tangible gains

over having no ocular channel in MI and P300, tracks real VEOG closely, and Tobii-

based surrogates are at best neutral and sometimes harmful. SSVEP performance is

essentially flat across conditions, confirming that the gains are specific to paradigms

where ocular artefacts overlap with task-relevant signals.

Figure 8.2 extends this comparison to the signal and EEG cleaning levels, showing

how the three ocular reference conditions compare across all three levels of analysis

simultaneously. VEOS tracks real VEOG most closely for blink suppression and BCI

accuracy, while the signal-level gap remains the largest source of residual error relative

to a true EOG channel.
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Figure 8.1: BCI-level effects of ocular artefact handling across three paradigms in
the Eye–BCI dataset. Grouped bars show median classification accuracy for motor
imagery (MI), steady-state visual evoked potential (SSVEP) and P300 spelling under
four cleaning conditions: no explicit ocular channel, LCA with real VEOG, LCA with
VEOS video-inferred EOG and LCA with Tobii-based surrogates. For MI and P300,
real VEOG and VEOS both yield small but consistent gains relative to having no
ocular channel, whereas Tobii-based cleaning offers little benefit and can reduce accu-
racy. In SSVEP, all conditions perform similarly, reflecting the relative insensitivity
of occipital SSVEP responses to frontal blink artefacts.

8.3 Implications for vision-based ocular measure-

ment

Beyond the specific performance numbers, the results carry broader implications for

how video-based ocular measurement can and should be used in EEG research. Some

of these implications concern the practical design of future systems; others concern the

theoretical understanding of what limits inference quality and where the fundamental

trade-offs lie.

8.3.1 Monocular eye-tracking quality and limits

One concern at the outset was whether a single camera focused on one eye would

provide stable enough measurements for quantitative analysis of ocular artefacts. The

results in Chapter 7 indicate that this is the case for pupil and canthus tracking.

Normalising positions by inter-canthal distance yields dimensionless co-ordinates that

behave smoothly over time and are largely invariant to small head translations. This

supports the theoretical argument in Chapter 3 that, within modest gaze angles, there
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Figure 8.2: Trade-off between sensor configuration and performance. Grouped bars
summarise normalised performance (real VEOG = 1.0) for three approaches: real
VEOG, VEOS video-inferred EOG and Tobii-based surrogates, across three levels of
analysis. Signal-level fidelity reflects median correlation with VEOG; blink suppres-
sion measures the percentage reduction in blink peak-to-peak amplitude at frontal
electrodes after LCA; and BCI performance combines median motor imagery and
P300 classification accuracy. VEOS closely tracks real VEOG for blink suppression
and BCI performance but remains noticeably weaker at the signal-level, while Tobii
surrogates lag behind on both blink suppression and BCI accuracy.

is an approximately linear relationship between eyeball rotation and normalised pupil

position. Related work from the same project explored the use of computer vision to

tag BCI artefacts directly from video, reinforcing the idea that visual channels can

provide rich supervisory signals for EEG cleaning [127].

Eyelid-tracking is markedly weaker. Upper and lower lid centres are more difficult

to locate reliably, especially under infrared illumination where specular reflections and

eyelashes obscure the lid margin. The eye aspect ratio (EAR) measure derived from

lid positions captures the overall blink envelope, yet underestimates partial closures

and saturates near full closure. This contributes directly to the underestimation of

blink peaks in inferred VEOG.

These observations suggest that the monocular eye-tracker is well suited to rep-

resenting eyeball-in-socket motion and blink timing, but less suited to fine-grained

modelling of eyelid kinematics. For many artefact handling tasks this is acceptable,

because the most important distinction is between “eyes open” and “blink”, and be-

cause high-precision eyelid profiles are less critical than reliable onset and offset detec-
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tion. For more detailed analyses of blink morphology, or for applications that rely on

subtle eyelid movements, additional work on contour-based tracking or learning-based

segmentation would be needed.

8.3.2 Role of eyelid EMG and non-linear blink contributions

Vertical EOG is influenced by both the corneo-retinal dipole and eyelid EMG. The

latter has a strongly non-linear, burst-like character during blinks. The experiments

that include eyelid EMG as an input channel show a clear improvement in the fi-

delity of inferred VEOG, especially around blinks. This confirms that EMG carries

information that is not fully captured by kinematic features alone.

Including EMG as a regressor conflicts with the reduced-sensor goal that motivates

VEOS. In a sense, the EMG-augmented models serve as an upper bound on what is

achievable when eyelid muscle activity is observed directly. They also highlight the

parts of VEOG that are hardest to reconstruct from video, namely the high-amplitude,

short duration peaks associated with strong eyelid closure.

From a modelling point of view, this argues for architectures and loss functions

that pay particular attention to rare, high energy events. Standard mean squared error

losses encourage good average behaviour, but can tolerate substantial underestimation

of peaks if these occupy a small fraction of the total time. Event weighted losses,

adversarial components or explicit blink submodels are natural next steps.

8.3.3 Comparison with sensor-based approaches

Classical sensor-based artefact handling assumes that EOG is available and of reason-

able quality. VEOS challenges this assumption by offering a surrogate ocular channel

derived from video. The results suggest three main roles for such a surrogate.

First, VEOS can extend ICA- and LCA-based cleaning to datasets that contain

video but no EOG, including many existing multimodal corpora such as the AMBER

dataset. In these cases, a trained VEOS model can be applied offline to reconstruct an

approximate ocular channel, which can then be used with standard artefact pipelines.
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Second, VEOS can reduce the sensor burden in new experiments. If an EEG

system is already being combined with a camera for other reasons, VEOS can provide

an EOG-like signal “for free” in terms of hardware, at the cost of computation. This

is particularly relevant in neuroergonomic and mobile settings where comfort and

preparation time matter.

Third, VEOS opens up the possibility of jointly modelling gaze, ocular artefacts

and neural signals in a unified framework. By operating as a bridge between video

and electrophysiology, it encourages experimental designs that treat ocular behaviour

as a first class signal rather than a nuisance, even when dedicated EOG is unavailable.

8.4 Limitations

The conclusions of this thesis are based on a set of methodological choices, hardware

constraints and dataset characteristics that bound the scope of what can be claimed.

Acknowledging these limitations clearly is important both for an honest reading of

the results and for identifying where future work should be directed.

8.4.1 Data, participants and paradigms

The work draws primarily on two datasets. The VEOS development dataset (VEOS-

Dev) is tailored to the problem, with carefully designed tasks and tight synchronisa-

tion, but it has a relatively modest number of participants, five in total, and uses a

specific hardware stack. A sample of this size is sufficient to demonstrate feasibility

and to characterise the general shape of the inference problem, but it limits the statis-

tical power of cross-subject analyses and makes it difficult to draw strong conclusions

about population-level generalisation. In particular, the leave-one-subject-out evalua-

tion regime leaves each fold trained on only four subjects, which likely underestimates

the performance achievable with more training data. Additionally, the author was

one of the five VEOS-Dev participants. While this was operationally necessary dur-

ing platform development and the author’s data were treated identically to those of
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other participants in all evaluations, it cannot be ruled out that implicit familiarity

with the tasks introduced subtle regularities in the author’s ocular behaviour that

may not reflect the range of behaviour seen in a fully independent cohort. Future

studies should recruit a larger sample drawn entirely from participants who are naive

to the system.

It is worth being explicit about why VEOS-Dev has only five participants. The

dataset was designed from the outset as a bootstrapping resource rather than a pri-

mary evaluation corpus. Its purpose was to get the acquisition platform working,

validate the synchronisation pipeline and establish that the inference approach was

worth pursuing, with the substantive evaluation always intended to rest on a larger,

independently collected dataset. Recruiting more participants during a phase of active

platform development would have risked collecting data under inconsistent hardware

and software conditions, and was not necessary given that the Eye–BCI dataset, with

31 participants across 63 sessions, was available to provide the statistical power re-

quired for evaluation. The small size of VEOS-Dev is therefore a deliberate design

choice rather than a shortfall, and its consequences are contained to the development

and calibration role for which it was intended. The Eye–BCI dataset offers a larger co-

hort, more paradigms and additional modalities such as eyelid EMG and a high-speed

eye-tracker, but it is still laboratory-based and involves healthy adults only. In ad-

dition, the AMBER dataset described in Chapter 2 provides more naturalistic EEG

and video recordings without dedicated EOG channels. In this thesis AMBER is

used mainly to inform task design and as a prototype of the kind of EEG+video-only

corpora to which VEOS could be applied, rather than as a source of quantitative

evaluation metrics.

As a result, it is not yet clear how VEOS will behave in clinical populations, in older

adults, or in very naturalistic environments with large head and body movements. It

is also possible that the mapping between video features and EOG becomes less stable

when participants wear glasses with reflective coatings, when lighting is poor, or when

camera placements differ markedly from those used here.
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Although the paradigms considered cover common BCI scenarios, they do not

exhaust the range of tasks in which ocular artefacts may be problematic. For exam-

ple, long-term monitoring, sleep studies and rapid eye movement related tasks have

different ocular dynamics and may impose different requirements on the surrogate

EOG.

A clear path forward is to evaluate VEOS on a broader range of populations and

conditions. Recruiting participants with diverse ocular behaviour, including older

adults, people who wear glasses, and individuals with conditions that affect blink

patterns, would establish the generality of the approach. Extending the evaluation

to longer continuous sessions would address the question of session-level drift and

fatigue. For task coverage, applying VEOS to driving simulator and virtual reality

datasets, where eye and head movement are less constrained, would provide a more

demanding test of the pipeline under conditions closer to real-world deployment.

8.4.2 Hardware and imaging constraints

The eye video used in this work is recorded with a dedicated infrared camera focused

on the periocular region at relatively high frame rates. This is a realistic configuration

for many BCI laboratories and for some specialised applications, but it is more de-

manding than the cameras embedded in consumer laptops or head-mounted displays

[92], [105].

More naturalistic use will introduce larger head motion and alignment variability,

and head worn configurations can suffer from slippage, both of which degrade eye-

tracking data quality and are likely to affect video-derived features [98], [99].

In particular, eyelid-tracking quality is limited by the contrast and resolution of

the infrared imagery. A colour camera with more flexible lighting might recover lid

contours more accurately and would make it easier to distinguish pupil, iris and sclera.

The cost would be either a lower frame rate at fixed bandwidth or a higher data rate.

In settings where blink timing and coarse amplitude are sufficient, this trade-off may

favour the current design. In settings where eyelid morphology is critical, a different
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balance might be appropriate.

Eye-trackers such as the Tobii system provide high-quality pupil and gaze esti-

mates. However, they do not directly measure eyelid aperture and they often include

proprietary smoothing that suppresses high-frequency components [56], [100], [101],

[142]. This makes them less suitable as primary sources for EOG inference, although

they remain valuable as an additional modality and for experimental control.

Several hardware directions could address these constraints. Consumer-grade

colour cameras with software-controlled exposure, combined with near-infrared illu-

mination, may offer a useful compromise between the infrared-only cameras used here

and unconstrained webcams. Head-mounted designs that fix the camera relative to

the eye would reduce the sensitivity to head motion and slippage, at the cost of requir-

ing the participant to wear additional hardware. As camera sensors and processors

embedded in consumer devices continue to improve, the gap between research-grade

and everyday hardware is likely to narrow, making it worthwhile to benchmark VEOS

periodically against the current generation of integrated sensors.

8.4.3 Modelling assumptions and simplifications

The theoretical foundations in Chapter 3 adopt several simplifying assumptions. The

eyeball is treated as a rigid sphere with a fixed corneo-retinal dipole. The relation

between rotation and EOG is modelled as linear within the ranges of interest. Eyelid

EMG is treated as an additive source with a fixed spatial projection. The propagation

of ocular sources to scalp EEG is described using linear volume conduction models.

These assumptions are reasonable approximations in many conditions. However,

they ignore subject-specific anatomical differences, non-linearities at large gaze angles,

and changes over time such as electrode drift. VEOS partly compensates for this

through learning, since the regression model can absorb systematic deviations from

the theoretical predictions. Even so, there remains a risk that the inferred EOG will

be biased in ways that only become apparent when conditions depart from those seen

in the training data.
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On the machine learning side, the work focuses on supervised regression with

fixed architectures and standard losses. There is limited exploration of uncertainty

estimation, model calibration or adaptive schemes that can track changes in behaviour

over long sessions. These are all important topics if VEOS is to be deployed in settings

where users may move, fatigue or change their blinking habits.

On the theoretical side, relaxing the linearity assumption for large gaze angles

is straightforward: the existing regression framework can incorporate non-linear fea-

tures derived from the full spherical geometry, and the hybrid model already takes

a step in this direction by learning a non-linear residual on top of a linear baseline.

Addressing electrode drift and other slow non-stationarities could be handled through

online adaptive methods that periodically re-estimate the linear scaling parameters

from short segments of concurrent EOG and EEG. On the machine learning side,

incorporating uncertainty estimates into the inference model would allow the down-

stream LCA to weight the inferred EOG signal by its estimated reliability, reducing

the risk of introducing artefacts in sessions where the video-based estimates are poor.

8.5 Future work

The limitations identified above, together with the open questions that remain after

answering the research questions, point towards several directions in which this work

could be extended. Some of these are relatively incremental improvements to the

existing pipeline; others represent more substantial departures that would open up

new capabilities or application contexts.

8.5.1 Improving eyelid-tracking and blink modelling

Given that eyelid-related components are the main source of error in EOG inference

and artefact removal, a natural priority is to improve the visual representation of

eyelid motion. Several avenues are open.

First, contour-based segmentation of the eyelid edges using modern convolutional
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or transformer-based vision models could provide more precise lid curves and area

measures, especially when combined with colour imagery. Training such models would

require carefully annotated datasets, but the annotation burden is localised to a rel-

atively small image region.

Second, explicit blink models that treat blinks as discrete events, each with a small

set of parameters such as onset, peak time, duration and amplitude, could be fitted

jointly to video and EOG. VEOS could then be extended to predict blink parameters

rather than only pointwise EOG samples. This would align better with the event-like

nature of blinks and might lead to more accurate reconstruction of their impact on

EEG [104].

Third, losses and evaluation metrics that weight blink periods more heavily could

be incorporated into training. In practice, many of the most important artefacts are

concentrated in brief blink windows. It is therefore reasonable to focus the modelling

effort on those windows, even if this slightly reduces performance in quiet segments.

8.5.2 Richer temporal and multimodal models

Although temporal convolutional networks work well in the present setting, there

is room to explore alternative temporal architectures, such as recurrent networks,

attention based models or hybrids that combine deterministic filters with learned

components. These may capture long range dependencies between gaze, task structure

and ocular artefacts more effectively.

There is also scope to integrate additional modalities. For example, combining

inferred EOG with head-pose estimates, scene context or performance measures could

support more nuanced artefact handling strategies, in which the system distinguishes

between eye movements that are task-related, such as scanning a visual interface, and

those that reflect distraction or fatigue.

In the longer term, VEOS could be linked to deep learning-based artefact removal

methods that operate directly on EEG. In that setting, the inferred EOG would act

as both an input and a constraint. For instance, one could train a model that removes
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components of EEG that are predictable from VEOS, while preserving components

that are orthogonal to it. This would enforce a form of physiological consistency

between what is seen in the video and what is removed from the neural signal.

8.5.3 Towards online and real-world deployment

The present work focuses on offline analysis and proof-of-concept demonstrations. A

natural extension is to implement VEOS in a fully online pipeline in which video,

EEG and inference run in real time, and to evaluate it in realistic usage scenarios.

Important aspects of such deployment include latency, computational cost, ro-

bustness to dropped frames and graceful degradation when one of the modalities is

temporarily unavailable [140]. Adaptive calibration schemes that can update model

parameters on the fly, using short segments where both true EOG and inferred EOG

are available, would also be valuable in settings where occasional access to electrodes

is possible.

Beyond laboratory BCIs, VEOS-like approaches could be applied in driver mon-

itoring, virtual reality interfaces and neuroergonomic studies where cameras are al-

ready present. In these contexts, the emphasis would shift from maximising BCI

classification accuracy to providing reliable indicators of artefact burden and ocular

activity that can inform downstream analyses or safety systems.

8.6 Practical design guidelines

It is useful to distil the findings into a small set of design guidelines for practitioners

who wish to use video-based surrogate EOG in their own systems.

1. If a dedicated EOG montage is affordable and acceptable to users, it remains

the safest choice. VEOS is best viewed as a complement and, in constrained

settings, as a fall back.

2. When relying on video, prioritise a stable view of at least one eye with sufficient

resolution to track the pupil and canthi accurately. Frame rate should be high
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enough to resolve blink dynamics, ideally above 100 frames per second [105].

3. Use normalised, eye-centric features rather than raw pixel co-ordinates. This

reduces sensitivity to small head movements and to variations in camera place-

ment.

4. Incorporate temporal context of at least a few hundred milliseconds in the in-

ference model, since many relevant cues for EOG arise from velocity and accel-

eration rather than position alone.

5. Calibrate per-subject if possible, even if only by fitting a linear scaling and

offset. This can compensate for differences in electrode gains, facial anatomy

and behaviour.

6. Treat Tobii or other eye-tracker signals as supplementary rather than primary

sources for EOG inference, unless eyelid aperture can be recovered reliably.

The performance comparisons supporting these guidelines are summarised in Fig-

ures 8.1 and 8.2, presented in Section 8.2.5 in the context of the BCI level evaluation.

A more conceptual view is provided in Figure 8.3, which positions VEOS be-

tween purely sensor-based and purely vision-based approaches. By plotting sensor

burden against fidelity to ocular electrical activity, the diagram makes explicit that

EEG+EOG occupies the high-fidelity, high-burden corner; EEG without any ocular

channel occupies a moderate-burden, low-fidelity position, since it still requires the

full EEG setup but gains no explicit access to ocular activity; eye-tracker-only sys-

tems have low sensor burden but offer limited direct access to ocular potentials; and

VEOS occupies an intermediate region, maintaining a sensor burden similar to EEG-

only while substantially improving access to ocular activity through the addition of a

single camera.

These figures are intended primarily as communication tools. They provide a

compact visual summary of how VEOS compares with traditional EOG and with

gaze-only surrogates at different levels of analysis, and how those differences play out

across paradigms.
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Figure 8.3: Conceptual positioning of VEOS in terms of sensor burden and support
for EEG data quality. The horizontal axis reflects overall sensor burden (number of
sensors, intrusiveness and set-up time), while the vertical axis reflects the ability of
each configuration to capture and correct ocular artefacts. Eye-tracker–only systems
have very low sensor burden but offer only limited support for EEG data quality.
Conventional EEG without a dedicated ocular channel provides moderate support at
higher burden, and adding EOG electrodes (EEG + EOG) yields strong support at
the cost of additional sensors. VEOS, implemented as EEG plus a single camera,
is plotted directly above “EEG only”: it maintains a similar sensor burden while
providing improved support for EEG data quality by recovering eye information from
the video.

169





Chapter 9

Conclusion

9.1 Overview

This final chapter summarises the main achievements of the thesis, revisits the research

questions introduced in Chapter 1 and reflects on the implications of vision-based elec-

trooculogram inference for brain–computer interface research and neuroergonomics.

The central problem was to determine whether video of the eyes and face, recorded

with a standard camera, can provide an EOG-like surrogate that is accurate enough

to support ocular artefact handling in EEG without requiring dedicated periocular

electrodes. To address this, the thesis combined a theoretical analysis of ocular sources

and their projection to EEG, a purpose-built multimodal acquisition platform, the

VEOS inference framework, and a series of experiments on both VEOS development

and Eye–BCI datasets.

The results show that there is a stable, learnable relationship between monocular

eye video and vertical EOG, that relatively modest temporal models can exploit this

relationship to produce useful inferred EOG signals, and that these signals can support

regression-based ocular artefact removal and yield measurable benefits at BCI-level.

The work also exposes clear limitations, particularly for eyelid-related components

and for cross-subject and cross-dataset generalisation, which frame a set of concrete

directions for future research.
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9.2 Summary of contributions and findings

This thesis set out to determine whether a vision-based system could infer a signal suf-

ficiently similar to the electrooculogram to support ocular artefact handling in EEG,

without requiring dedicated electrode channels. The work required contributions at

several levels, from theoretical modelling through platform development to empirical

evaluation.

9.2.1 Theoretical and conceptual contributions

Chapter 3 developed a theoretical framework that links camera geometry, eyeball and

eyelid kinematics, the generation of EOG and the propagation of ocular sources to

scalp EEG. A projective camera model and head-centred coordinate system were in-

troduced to interpret facial landmarks and to express eye position and eyelid aperture

in a consistent eye-centred frame. Eyeball motion was modelled as rotations of an

eye-centred dipole, while eyelid motion and periocular muscle activity were treated as

additional, partly independent, sources with distinct temporal and spectral signatures.

On the EEG side, the framework described how the ocular dipole projects to scalp

electrodes through a forward model and how this projection interacts with other

sources. The characteristics of ocular artefacts in time and frequency domains were

analysed, together with their typical spatial patterns across the scalp. Independent

component analysis and related linear spatial decompositions were reviewed as tools

for separating ocular and neural components, with particular emphasis on the role

of auxiliary ocular channels in identifying artefactual components. These findings

justify treating inferred EOG as a non-neural auxiliary signal that can guide ICA-

based cleaning without attempting to model brain activity directly.

9.2.2 Multimodal platform and VEOS algorithm

Chapter 4 described a multimodal acquisition platform that records EEG, dedicated

horizontal and vertical EOG channels, and high-frame-rate face video with precise
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time alignment using Lab Streaming Layer. The platform supports gaze calibration,

game-based engagement and ERP-style paradigms, and provides the VEOS develop-

ment dataset (VEOS-Dev) in which eye and eyelid behaviour are deliberately elicited

under several task conditions and synchronised with EEG and EOG.

Chapter 5 introduced VEOS as a concrete algorithmic framework. Video frames

are processed using OpenCV and MediaPipe Face Mesh to obtain dense facial land-

marks, with emphasis on the periocular region. Geometric and temporal features are

constructed to represent pupil position, eye-centred pose, eyelid aperture via an eye

aspect ratio (EAR) measure, and their derivatives. These features are aligned with

preprocessed EOG (and, in the Eye–BCI dataset, eyelid EMG) to form supervised

training pairs. Regularised linear models and non-linear temporal networks are then

trained to map video-derived features to EOG, and the inferred EOG is integrated

into an LCA-based EEG cleaning pipeline as a surrogate ocular channel.

9.2.3 Empirical evaluation

Chapters 6 and 7 presented an empirical evaluation of VEOS on two datasets: the

in-house VEOS development dataset (VEOS-Dev) and the Eye–BCI dataset. These

datasets differ in hardware, cohort size and paradigm diversity, providing a basic

test of cross-dataset generalisation. Alongside these, the earlier AMBER dataset

described in Chapter 2 contributes a complementary, more naturalistic perspective

on EEG+video recording conditions, though it is not used as a primary source of

quantitative metrics in this evaluation.

Quantitative results show that the monocular eye-tracking pipeline achieves near-

human-level accuracy for pupil and canthus localisation on both datasets, with sub-

eye-width errors in open-eye frames and stable eye-centred pose estimates, while eye-

lid landmarks are less accurate, especially near full closure, but sufficient for robust

blink timing and approximate aperture estimation. They also show that temporal

models that operate on video-derived pose, including eye aspect ratio (EAR), eyelid-

aperture features can infer vertical EOG with median correlations around 0.75 to 0.8
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on held-out subjects, substantially outperforming static linear baselines and trivial

predictors. Video-based models outperform Tobii-only models in signal-level met-

rics, particularly for higher-frequency components linked to small saccades and eyelid

motion, although both classes of model struggle to reproduce the full amplitude of

large, EMG-rich blinks. When inferred EOG is used as the reference in a regression-

based LCA pipeline, blink-related artefacts in frontal EEG channels are reduced by

roughly two thirds relative to the raw signal, recovering a substantial fraction of

the suppression achieved with true VEOG, while preserving motor imagery, P300 and

SSVEP features within measurement noise. At BCI-level, VEOS-based cleaning yields

small but consistent improvements in motor imagery and P300 classification accuracy

relative to having no ocular channel, and approaches the gains obtained with real

EOG, whereas Tobii-based surrogates provide weaker and less reliable benefits and

can sometimes degrade performance; the P300 gains are particularly important given

the central role of P300 BCIs in assistive communication and home-based cognitive

support systems.

These findings support the central claim of the thesis: vision-based inference of an

EOG-like signal is technically feasible with standard cameras and yields surrogates

that are practically useful for ocular artefact handling, even though they do not fully

replace recorded EOG in all respects.

9.3 Answers to the research questions

The six research questions introduced in Chapter 1 are addressed in detail in Chap-

ter 8, drawing directly on the quantitative results of Chapter 7. In summary, RQ1 is

answered positively: a monocular video pipeline recovers pupil and canthus position

at near human-level accuracy, with eyelid aperture as the main remaining weakness.

RQ2 and RQ3 are answered in the affirmative with qualification: a stable and us-

able mapping from video to EOG exists and can be captured by lightweight temporal

models, though blink amplitude is systematically underestimated. RQ4 shows that

cross-dataset transfer is feasible with modest per-subject calibration. RQ5 demon-
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strates that VEOS-inferred EOG recovers roughly 60–70% of the blink suppression

achievable with true EOG in an LCA pipeline, while preserving task-related EEG

features. RQ6 confirms that these gains translate to small but consistent improve-

ments in MI and P300 classification accuracy, with no harm to SSVEP performance.

Together, the answers support the central claim: vision-based EOG inference is tech-

nically feasible and practically useful, even though it does not fully replace recorded

EOG in all conditions.

9.4 Implications for BCIs and neuroergonomics

The findings of this thesis have several implications for the design of BCI systems and

for neuroergonomic applications that rely on EEG in visually rich environments.

First, VEOS shows that it is possible to construct an EOG-like surrogate from

video that is good enough to support conventional artefact handling pipelines. This

opens the possibility of deploying BCI systems that record only EEG and video,

yet still have access to an effective ocular reference. This is especially relevant for

P300-based BCIs used for communication and cognitive support, where long-term

home use amplifies the value of any reduction in set-up complexity and sensor bur-

den. Such systems may be easier to set up, more acceptable to users and more

compatible with consumer-grade hardware, particularly in settings where dedicated

EOG electrodes are impractical.

Second, VEOS suggests a way to retrofit ocular references to existing datasets

that include face or eye video but lack EOG. Retrospective application of VEOS to

such datasets could enable more reliable artefact cleaning and new analyses of ocular

behaviour, without requiring re-recording.

Third, the work supports a view of ocular activity as a shared resource rather

than purely as noise. Inferred EOG captures aspects of gaze dynamics and blink

behaviour that are relevant both for artefact suppression and for understanding user

state. In more advanced systems, VEOS-derived signals could potentially support

joint modelling of artefacts, gaze-based interaction and cognitive state estimation,

175



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

bridging the gap between classical artefact removal and more integrated multimodal

approaches.

Finally, the demonstration that relatively simple temporal models suffice in con-

trolled settings suggests that VEOS-like components could be embedded into real-time

BCI pipelines without prohibitive computational cost, provided that robust and effi-

cient video processing is available.

9.5 Limitations

The limitations of the present work are discussed in depth in Section 8.4 of Chapter 8.

They concern three main areas: the scale and composition of the datasets, particularly

the small VEOS-Dev cohort and the laboratory-controlled conditions of both datasets;

hardware and imaging constraints, including the dependence on infrared cameras and

the difficulty of eyelid-tracking; and modelling assumptions, including linearity of

the EOG model and the absence of adaptive or uncertainty-aware inference. Each

limitation is accompanied in Chapter 8 by specific directions for how it could be

addressed in future work.

9.6 Future directions

Detailed future work directions are outlined in Section 8.4 and the following sections

of Chapter 8. At a higher level, the most productive directions fall into three ar-

eas. The first is improving the visual representation of eyelid motion, through better

segmentation models, explicit blink parameterisation and loss functions that weight

blink periods more heavily. The second is broadening the scope of the system, both

in terms of the ocular signals it models (extending beyond vertical EOG to horizon-

tal and torsional components) and the conditions under which it operates (moving

from controlled laboratory settings to mobile, naturalistic and clinical environments).

The third is integration with more powerful downstream pipelines, including deep

learning-based artefact removal and online adaptive calibration, which would allow
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VEOS to be deployed in real-time systems where sensor access and recording condi-

tions may vary. Taken together, these directions form a coherent research programme

that builds directly on the foundations established in this thesis.

9.7 Closing remarks

This thesis has explored the idea that video of the eyes and face, processed with

modern computer vision methods, can stand in for dedicated ocular electrodes in the

service of EEG artefact handling. Through a combination of theory, instrumentation

and empirical evaluation, it has shown that this idea is feasible and practically useful,

though not yet a complete substitute for EOG in all cases.

VEOS does not eliminate ocular artefacts, nor does it render traditional EOG ob-

solete. Instead, it offers a complementary route that extends the reach of EOG-based

methods to situations where only video is available, or where additional electrodes

are undesirable. In doing so, it contributes to a broader move towards multimodal,

context-aware EEG analysis and towards BCI systems that are more robust, more

flexible and more closely aligned with the realities of use outside the laboratory.

The work presented here is a step rather than an endpoint. Its value lies in the

specific models and results and the demonstration that integrating video and EEG at

the level of basic signal processing can yield tangible benefits. Future developments in

sensing, modelling and computation will undoubtedly refine and extend these ideas.

The hope is that VEOS and the concepts developed around it will form part of that

trajectory, helping to make EEG-based systems more resilient in the presence of the

very behaviours that make them relevant in the first place.
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Appendix A

Implementation

A.1 Implementation details for VEOS

This appendix collects implementation details that are useful for reproducing the

results in Chapters 4–7, but would be overly long in the main text. It covers the

eye-tracking and feature extraction pipeline, the architectures and training settings

used for EOG inference, and the precise Lab Streaming Layer (LSL) configuration of

the multimodal acquisition platform.

A.1.1 Monocular eye-tracking pipeline

Eye-tracking in VEOS follows the conceptual description in Sections 3.2 and 3.3. The

practical steps for each video frame are:

1. Convert the input frame to greyscale and, where needed, resize it to a fixed

processing resolution (e.g. 1280×720 for the VEOS development dataset, 320×

240 for Eye–BCI eye-region video).

2. Detect the face region using the MediaPipe Face Mesh front-end; if multiple

faces are detected, select the one closest to the previous frame’s location.

3. Estimate the full face mesh and extract a subset of landmarks corresponding to

the inner and outer canthi of each eye, the midpoints of the upper and lower
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eyelids, the approximate pupil centre for each eye, and a small set of eyebrow

landmarks.

4. Compute a similarity transform that maps a set of stable facial landmarks (typ-

ically canthi and nose bridge) to a canonical template, and apply it to all ex-

tracted landmarks to obtain face-normalised coordinates.

5. Derive eye-centric coordinates by computing the canthus midpoint for each eye

as an origin, expressing the pupil and lid midpoints relative to that origin, and

dividing by the inter-canthal distance to obtain dimensionless positions.

6. Apply light temporal smoothing (for example, a short moving average) to the

normalised landmarks before taking finite differences, in order to reduce ampli-

fication of detection noise.

Frames where the face mesh is missing or clearly inconsistent (e.g. sudden jumps

exceeding several eye-widths) are flagged as invalid. For those frames the correspond-

ing feature vectors are either dropped or linearly interpolated from neighbouring valid

frames, depending on the density of gaps.

A.1.2 Feature construction

From the normalised landmarks, VEOS constructs a per-frame feature vector fk com-

prising several components. These include horizontal and vertical pupil positions for

each eye in eye-centric coordinates, eyelid aperture for each eye (upper–lower lid dis-

tance, normalised by inter-canthal distance), simple asymmetry measures that capture

differences in position and aperture between left and right eyes when both are visible,

and eyebrow elevation measures relative to the canthus midpoint line.

Temporal derivatives are then added, consisting of first-order differences (approx-

imate velocities) for each scalar feature and second-order differences (approximate

accelerations) for the main position and aperture features.

For models with explicit temporal context, a feature window zk is formed by
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concatenating f over a fixed context length L,

zk =

[

f⊤k−L+1 . . . f⊤k

]⊤

.

In the experiments reported in Chapter 7, context windows of approximately ±200–

250 ms around the central frame were used (i.e. window lengths of 5–7 frames at

120–150 Hz), unless otherwise stated.

Before being passed to the learning models, all features are standardised per par-

ticipant: each scalar feature is centred and scaled to unit variance using statistics

computed on that participant’s training data only.

A.2 EOG inference models

This section specifies the architectures and training settings used in the EOG inference

experiments of Chapter 7. Wherever precise numerical values are omitted in the main

text, they are documented here.

A.2.1 Linear baselines

The simplest baseline is a regularised linear regression model of the form

ŷk = w⊤zk + b,

trained to predict either horizontal or vertical EOG from the feature window zk using

ridge regression.

The loss function is

L(w, b) =
1

T

T
∑

k=1

(yk − ŷk)
2 + λ∥w∥22,

with regularisation strength λ chosen via nested cross-validation on the training set.

A “static” variant uses only the instantaneous feature vector fk (no temporal
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context), while a slightly richer linear model uses the concatenated feature window

zk.

A.2.2 Windowed multilayer perceptrons

The windowed MLP models used in Sections 5.7 and 7.3 have the following structure:

an input layer of size D corresponding to the dimensionality of zk, one or two hidden

layers with rectified linear unit (ReLU) activations, and an output layer with a single

linear neuron for scalar EOG prediction.

A typical configuration is summarised in Table A.1.

Table A.1: Example MLP architecture for EOG inference.

Layer Size / type Notes

Input D Windowed feature vector zk
Hidden layer 1 128 units, ReLU Fully connected, optional dropout (e.g. 0.2)
Hidden layer 2 64 units, ReLU Optional; may be omitted in simpler models
Output 1 unit, linear Predicted EOG sample ŷk

Training details (typical values) are as follows. Models are trained with the Adam

optimiser, an initial learning rate lr ∈ [10−4, 10−3], batch sizes B ∈ [64, 256], and up

to 100 epochs with early stopping based on validation loss, using mean squared error

on per-participant standardised targets as the loss.

Exact hyperparameters may vary across experiments; deviations are noted in the

corresponding result sections.

A.2.3 Temporal convolutional networks

Temporal convolutional networks (TCNs) are used as the main non-linear temporal

model in Chapter 7. A typical TCN block has 1D convolutions with kernel size k (for

example k = 3) and increasing dilation factors d = 1, 2, 4, . . ., together with residual

connections around each block, weight normalisation or batch normalisation if needed

for stable training, and ReLU activations after each convolution.

An example configuration for the VEOS development dataset is given in Table A.2.

182



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

Table A.2: Example TCN architecture for EOG inference.

Component Parameters Description

Input C × Twin C feature channels over a
temporal window

Block 1 1D conv, 64 filters, k = 3, d = 1 Residual; ReLU
Block 2 1D conv, 64 filters, k = 3, d = 2 Residual; ReLU
Block 3 1D conv, 64 filters, k = 3, d = 4 Residual; ReLU
Block 4 1D conv, 64 filters, k = 3, d = 8 Residual; ReLU
Global pool Temporal average Collapse time dimension
Output Fully connected, 1 unit, linear Predicted EOG

Training for TCN models follows the same general regime as for MLPs (Adam

optimiser, mean squared error loss, early stopping), with learning rates and batch

sizes tuned per dataset.

A.2.4 Hybrid forward models

The hybrid model described in Chapter 7 combines a simple linear baseline with a

non-linear residual term,

ŷk = αsy
lin
k + βs + rk,

where ylink is the output of a subject-independent linear model, αs and βs are per-

subject scale and offset parameters, and rk is a non-linear residual predicted by a

TCN or MLP.

The baseline is trained first on pooled data; per-subject αs, βs are then estimated

via least-squares on a short calibration segment; finally, the residual network is trained

on the remaining training data to minimise the error between true EOG and the

linearly corrected baseline.

A.3 Training and evaluation configuration

A.3.1 Target preprocessing

For both datasets, EOG (and, where applicable, EMG) targets are:
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1. Band-pass filtered in a passband appropriate for eye-movement artefacts (e.g.

0.1–15 Hz for VEOG), using zero-phase IIR or FIR filters to avoid phase distor-

tion.

2. Baseline-corrected per session using a high-pass filter or polynomial detrending

to remove very slow drifts.

3. Resampled or interpolated to match the video frame times using the common

LSL timestamps (development dataset) or the synchronisation tables provided

with Eye–BCI.

4. Standardised per participant (zero mean, unit variance) for learning; original

units are recovered when reporting RMSE in microvolts.

A.3.2 Cross-validation and data splits

The participant-wise data split strategy described in Section 6.3 is implemented as

follows. For each experiment, participants are partitioned into training, validation and

test folds such that no participant appears in more than one fold. Within the training

fold, runs or sessions are further split into training and validation subsets on a per-

participant basis. Hyperparameters (e.g. learning rate, regularisation) are selected

based on validation performance only, and the test data are used exactly once for

final evaluation. When combining datasets (e.g. training on VEOS development and

testing on Eye–BCI), no Eye–BCI data are used for training, except where explicitly

noted for per-subject calibration of baseline parameters.

A.3.3 Optimisation details

Unless otherwise stated, optimisation settings are as follows. The Adam optimiser

with default β1, β2 parameters is used, learning rates in the range 10−4 to 5 × 10−4

are chosen via validation, gradient clipping (for example global norm clipping at a

value between 1 and 5) is applied to avoid instabilities in TCN training, and early
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stopping is triggered if validation loss does not improve for Npatience epochs (typically

Npatience = 10).

A.4 Multimodal platform implementation details

A.4.1 LSL stream configuration

Table A.3 summarises the LSL streams used in the VEOS development platform

(Chapter 4).

Table A.3: LSL streams in the VEOS development platform.

Stream name Type Channels Sampling rate Description

ANT EEG EEG 32 1000 Hz Scalp EEG (reduced 10–20
montage)

OpenBCI EOG EOG 2 1000 Hz Horizontal and vertical
EOG

Video Video 1 120 Hz 720p face video (frame
timestamps only)

Markers Markers 1 irregular Stimulus events, task states,
LED triggers

Game Events Markers 1 irregular Game-specific events
(optional)

Each stream exposes channel labels, units and metadata consistent with its type.

For example, EEG channels use SI units (microvolts) and are labelled according to the

10–20 system; marker streams encode event codes as integers and, where supported,

include textual descriptions in the LSL metadata.

A.4.2 Directory structure and file naming

The conceptual directory structure shown in Figure 4.7 is instantiated on disk with a

top-level directory veos development/ that contains participant directories subj01/,

subj02/, . . . , and within each participant directory a set of session subdirectories as

described below.

Each session directory contains at minimum:
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• One LSL recording file, e.g. subj01 session01 lsl.xdf.

• One raw video file, e.g. subj01 session01 video.mp4.

• A JSON configuration file, config.json, containing:

– EEG and EOG montage information.

– Acquisition software version numbers and relevant settings.

– Notes on deviations from the standard protocol (e.g. glasses, unusual pos-

ture).

• Optional log files from task software (e.g. OpenViBE scenarios or game engine

logs).

Analysis scripts assume this layout and derive participant and session identifiers

directly from directory and file names, which simplifies batch processing and cross-

referencing between modalities.

A.4.3 Software environment

For completeness, the main software components used in the VEOS development

platform are as follows: Python (version 3.10) for recording scripts, feature extraction

and modelling, the Lab Streaming Layer (LSL) framework for time synchronisation

and multimodal recording, MediaPipe Face Mesh (as referenced in Chapter 5) for

landmark detection, and OpenViBE for BCI-style stimulus control in selected tasks.
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Ethics

This appendix documents the ethical framework under which the VEOS development

dataset was collected. It summarises the ethics approval, inclusion and exclusion

criteria, recruitment procedures, and the information and consent materials provided

to participants. The aim is to make the practical aspects of the study transparent

without overloading the main chapters.

B.1 Ethics approval

All recordings for the VEOS development dataset (Chapters 4 and 6) were conducted

in accordance with the regulations of the Dublin City University Research Ethics

Committee (DCU REC).

Ethical approval was granted following notification review under REC reference

DCUREC/2021/175. The original approved protocol was titled Workload Stress

in Blended Control of Autonomous Vehicles and was subsequently recategorised and

amended under the updated project title Multimodal Brain–Computer Interface De-

noising to cover the multimodal acquisition and BCI paradigms described in this

thesis. Formal approval was issued on 7 March 2022.

The approved protocol covered:

• acquisition of EEG and EOG using non-invasive scalp and periocular electrodes;
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• acquisition of high-frame-rate face video during computer-based tasks;

• storage and analysis of pseudonymised recordings for research purposes;

• optional re-use of pseudonymised data in future studies by the same research

group, subject to REC approval.

The study conformed to the principles of the Declaration of Helsinki (2013 revision)

and to DCU institutional guidelines on research with human participants.

B.2 Inclusion and exclusion criteria

The target population for the VEOS development study comprised healthy adults

with normal or corrected-to-normal vision and no known neurological disorders.

Inclusion criteria

Participants were eligible to take part if they:

• were aged 18 years or older;

• reported being in general good health and able to complete computer-based

tasks;

• reported normal or corrected-to-normal vision (spectacles or contact lenses per-

mitted);

• were able to understand the DCU plain-language information sheet and provide

written informed consent;

• were able to sit comfortably in front of a monitor or head-mounted display for

approximately 60–90 minutes including breaks.
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Exclusion criteria

Participants were excluded if they:

• were under 18 years of age;

• were unable to give informed consent;

• had uncorrected visual impairments that would interfere with viewing the stim-

uli;

• reported a history of epilepsy, seizures or other serious neurological conditions

that could make EEG recording or visual stimulation inappropriate;

• had known allergies to standard EEG electrode gels (a patch test was performed

in advance where necessary);

• declined to be video recorded or to have their data stored in anonymised or

pseudonymised form.

Participants who wore spectacles were included where any glare or occlusion did

not compromise eye or face tracking; such cases were noted in the session metadata.

B.3 Recruitment and compensation

Participants were recruited from the general adult population via:

• local announcements and internal mailing lists within the university;

• word-of-mouth within the School of Computing and collaborating organisations;

• local staff notices at collaborating sites involved in the original blended-control

study.

Recruitment materials and e-mail invitations briefly described:

• the general nature of the study (EEG and video recordings during computer-

based tasks);
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• approximate session duration (around 90 minutes, including set-up and breaks);

• basic eligibility criteria;

• contact details for the named researcher and supervisor.

Participation was voluntary. Potential participants received a plain-language state-

ment and were informed that they could decline to participate or withdraw at any time

without providing a reason and without any negative consequences for employment

or study.

No direct financial or course-credit compensation was offered; participation was

on a voluntary basis in line with the approved protocol.

B.4 Information provided to participants

Before each session, participants received a written plain-language information sheet

and had the opportunity to ask questions. The information sheet covered:

• the purpose of the study: investigating stress and workload in blended control of

autonomous vehicles and, in the amended protocol, investigating EEG denoising

using multimodal sensor streams (EEG and video);

• the procedures involved: fitting of an EEG cap, placement of electrodes, posi-

tioning in front of a monitor or head-mounted display, and completion of simple

computer-based tasks while EEG and facial video were recorded;

• the approximate time commitment (around 90 minutes from start to finish,

including breaks);

• the voluntary nature of participation and the right to withdraw at any time

without disadvantage;

• potential risks and discomforts (for example mild discomfort from the EEG cap

and possible minor skin irritation from electrode gel);
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• the absence of direct clinical benefit and the broader research aims;

• how data would be handled, pseudonymised and, where appropriate, made avail-

able to other researchers in de-identified form;

• contact details for the research team, the supervisor and the DCU Research

Ethics Committee for queries or complaints.

A short verbal briefing summarised the key points, and participants were given

time to read the information sheet in full before signing the consent form.

Summary paragraph

The following paragraph represents the DCU plain-language statement used for the

VEOS development dataset:

In this study we record electrical activity from your scalp (EEG) while you per-

form simple computer-based tasks. We also record video of your eyes and face

so that we can study how movements such as blinks and head motion affect

the EEG. The recordings are for research purposes only and will not be used to

make any clinical judgements. You are free to stop the experiment at any time

without giving a reason, and you may ask for your data to be withdrawn up until

it has been anonymised and included in group analyses.

B.5 Consent procedure

Written informed consent was obtained from each participant before any data collec-

tion began. The consent form followed the DCU REC template and confirmed that

the participant:

• had read and understood the information sheet;

• had had the opportunity to ask questions and received satisfactory answers;
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• understood that participation was entirely voluntary and that they could with-

draw at any time without penalty;

• gave permission for their brain activity (EEG) and task performance to be

recorded;

• gave permission for video of their face and eyes to be recorded during the ex-

perimental tasks;

• understood that they could withdraw permission to use their data up to the

point at which it was anonymised;

• understood how their data would be managed, stored and, where relevant,

shared in anonymised form;

• could indicate whether they agreed to the use of their anonymised data in future

related research projects and publications.

Participants signed and dated the consent form; the researcher countersigned to

confirm that the study had been explained in a way the participant could understand.

One copy of the signed form was retained securely by the research team; another copy

was offered to the participant for their records.

B.6 Data protection and anonymisation

Data protection procedures followed DCU policy, GDPR and the additional safe-

guards for health research documented in the project-specific Data Protection Impact

Assessment (DPIA) for Workload Stress in Blended Control of Autonomous Vehicles.

The overall approach closely follows the principles and practical guidelines developed

in [128] for GDPR-compliant handling of multimodal physiological data.

Key aspects were:

Pseudonymisation: each participant was assigned a numeric or alphanumeric

code (e.g. subj01, subj02). These codes appear in the data files and in all anal-

192



VEOS: Vision-based Electrooculogram Signal Inference for Improved EEG in
Brain-Computer Interfaces

yses. Identifying details (name, e-mail, signed consent) were stored separately

in locked cabinets or encrypted files, distinct from the EEG and video data.

Secure storage: raw EEG and associated metadata were stored on password-

protected DCU machines and institutional servers with restricted access. Where

temporary storage on laptops was required for acquisition or preprocessing, those

devices were encrypted and in the custody of the research team.

Video handling: for the original blended-control protocol, full-frame video

of the participants’ faces was processed to extract non-identifying motion and

eye-region metadata; once these features were derived, the original video files

were scheduled for destruction. For later VEOS-specific sessions, close-up eye

video and face video were retained in pseudonymised form for algorithm de-

velopment, with any externally shared datasets cropped or processed to reduce

identifiability.

Retention: the participant information sheet specified that research data would

be retained on secure DCU infrastructure and that de-identified data could be

made available to support other researchers. In line with DCU guidance at the

time of approval, identifiable records (such as consent forms and linking keys)

are to be destroyed after a maximum of ten years, while fully anonymised EEG

and derived feature sets may be archived for longer as part of open research

datasets.

Publication and sharing: any data shared outside the immediate research

group (for example via public repositories) must be de-identified so that in-

dividual participants cannot be readily re-identified from the shared files; this

includes removal of direct identifiers and appropriate cropping or transformation

of video material where needed.

Participants were informed that, in rare circumstances, confidentiality of research

data may be overridden by courts or lawful authorities, and that DCU would seek to

protect confidentiality as far as possible within the law.
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B.7 Adverse events and participant feedback

No serious adverse events occurred during data collection under the approved proto-

cols. The main minor issues anticipated in the ethics application and reported during

piloting were:

• occasional discomfort or mild pressure from the EEG cap during longer blocks,

mitigated by adjusting the cap and providing rest breaks;

• transient skin impressions or mild irritation from electrode gel and adhesive,

which resolved shortly after the session;

• brief eye strain or fatigue during demanding visual tasks, addressed by inserting

additional breaks where required.

A patch test for the electrode gel was performed at least 24 hours before recording

where there was any concern about allergy; participants with a suspected reaction

would have been excluded from EEG recording, although no such cases occurred in

the VEOS development data used in this thesis.

Participants were invited to comment informally on task difficulty, comfort and

the overall experience at the end of each session. Feedback was used to refine task

ordering, block lengths and break schedules in subsequent recordings, while remaining

within the bounds of the approved ethics protocol.

The procedures described in this appendix ensure that the VEOS development

dataset was collected in a way that respects participant autonomy, minimises risk and

preserves privacy, while still providing the rich multimodal recordings required for the

analyses in the main body of the thesis.
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