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ABSTRACT

This thesis investigates visual perception across real-world and digital en-
vironments through an interdisciplinary approach that integrates neuroscience,
psychology, mathematics, and immersive technology. It begins by outlining the
fundamental science of light and vision, followed by a review of contemporary re-
search on reading and visual perception. The thesis then examines signal process-
ing techniques commonly applied to electroencephalography (EEG), addressing
both their mathematical foundations and practical implementation for analysing
non-stationary neural signals.

Building on this framework, a generalised EEG analysis pipeline integrat-
ing established time—frequency and spatial filtering methods is developed and
validated using a public motor imagery dataset. The validated pipeline is subse-
quently applied to analyse behavioural and EEG data from a visual perception
experiment comparing stimulus presentation across real-world, two-dimensional
screen-based, augmented reality, and virtual reality environments. Reaction time
measures are used to assess perceptual efficiency, while EEG recordings provide
insight into associated neural dynamics.

The thesis concludes with an exploratory investigation of visual stress through
a behavioural case study on Irlen Syndrome, examining how digital colour filter-
ing may influence reaction time under varying task demands. Although con-
strained by sample size, the work demonstrates the feasibility of combining EEG,
behavioural measures, and immersive technologies to study visual perception.
Overall, this thesis contributes methodological tools and preliminary empirical
insights that inform future research on visual processing in modern, technology-

mediated environments.
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Chapter 1

Introduction

Visual perception is the process by which the brain interprets and organises vi-
sual input from the environment, enabling humans to perceive, understand, and
interact with the world around them [18]. This process begins with the cap-
ture of light by the eyes, where photoreceptors in the retina convert incoming
photons into electrical signals [19]. These signals are transmitted through the
visual pathways to the brain, where they are processed across multiple cortical
regions, including the occipital, parietal, and temporal lobes [20]. Through this
distributed and hierarchical processing, the brain transforms raw sensory input
into coherent representations of objects, motion, depth, and colour [18].

Vision is the dominant sensory modality for humans, shaping how we recognise
objects [21], faces [22], and spatial relationships [23], and influencing behaviour
across a wide range of contexts, from everyday decision-making [24] to scientific
reasoning and learning [25]. Understanding how visual information is processed
is therefore fundamental to neuroscience and psychology, and has practical impli-
cations for domains such as extended reality (XR) technologies [26, 27], driving
safety [28, 29, 30], and digital media and art [31].

While visual perception underpins interaction with both physical and digital
environments, the mechanisms by which the brain processes visual information
are not invariant to how stimuli are presented. Differences in luminance, depth
cues, motion parallax, latency, and sensory congruence can all influence per-
ceptual processing. In recent years, the rapid proliferation of screen-based and

immersive technologies—ranging from conventional two-dimensional displays to
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augmented reality (AR) and virtual reality (VR) systems—has raised important

questions about whether visually identical stimuli are processed equivalently when
encountered in different display modalities. These questions are particularly rel-
evant for individuals who experience visual stress or atypical visual processing,
for whom changes in stimulus format may disproportionately affect perceptual

efficiency, cognitive load, and behavioural performance.

1.1 Research context and motivation

Extended reality (XR) systems, including VR and AR, have emerged as powerful
tools for studying visual perception [26, 27]. Unlike traditional 2D displays,
XR platforms allow the presentation of three-dimensional stimuli with precise
control over visual parameters such as depth, motion, lighting, and viewpoint [32,
33]. This enables the creation of controlled yet ecologically relevant experimental
environments that more closely resemble real-world visual experiences.

XR technologies also make it possible to investigate multisensory integration
in dynamic contexts, allowing researchers to examine how the brain combines
visual input with auditory, haptic, and motor information to construct a coherent
perceptual representation of the environment [32, 34, 35]. As such, XR occupies
a unique methodological space between tightly controlled laboratory experiments
and naturalistic real-world observation.

Understanding visual processing across different display modalities is there-
fore both timely and important. As digital and immersive technologies become
increasingly embedded in education [36], work [37], healthcare [38], and enter-
tainment[39], it is critical to determine whether and how these platforms alter
perceptual and cognitive processing relative to real-world viewing. Reaction time
and neural measures offer complementary and sensitive indices of perceptual ef-
ficiency and cognitive load, making them well-suited for probing such differences
[40, 41].

This thesis is positioned at the intersection of visual neuroscience, cognitive
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psychology, EEG signal analysis, and immersive digital technologies. By combin-
ing behavioural and neural measures within controlled XR paradigms, it seeks to
bridge methodological advances with theoretical questions about perception in

modern visual environments.

1.2 Visual stress and atypical visual processing

The study of visual perception also provides insight into what occurs when visual
processing is disrupted. Research in this area has informed understanding of
conditions such as dyslexia [42, 43|, visual agnosia [44], and stereoblindness [45].
In dyslexia, for example, difficulties in visual attention, motion processing, or
letter discrimination have been linked to reading challenges [46].

Visual stress refers to a collection of perceptual symptoms, including visual
discomfort, distortions, headaches, and reduced reading performance, that are
triggered or exacerbated by visual stimuli, particularly high-contrast or repetitive
patterns. Irlen Syndrome is one condition commonly associated with visual stress,
although its mechanisms remain debated and are not fully understood [47].

In this thesis, dyslexia and Irlen Syndrome are considered as motivating case
examples rather than the sole focus of investigation. The aim is not to pro-
vide clinical diagnosis or treatment, but to use visual stress as a lens through
which to examine how differences between digital and non-digital visual stimuli
may influence perceptual processing. These populations are particularly relevant
for probing such differences because they may exhibit heightened sensitivity to

stimulus characteristics that are otherwise subtle in neurotypical individuals.

1.3 Research aims and hypotheses

The overarching aim of this thesis is to investigate how visual stimuli presented
across real-world, 2D screen-based, augmented reality, and virtual reality envi-
ronments are processed by the human visual system. Behavioural reaction time

measures and electroencephalography (EEG) are used to examine differences in
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perceptual and neural responses under conditions with and without visual stress.

The central hypothesis is that the mode of stimulus presentation influences
perceptual efficiency and neural processing, such that reaction time and EEG
measures will differ between real-world, 2D, AR, and VR environments. It is
further hypothesised that these differences may be amplified under conditions
associated with visual stress.

These hypotheses are tested through controlled reaction time experiments and
EEG analyses that compare responses across display modalities while holding

stimulus content constant.

1.4 Experimental approach and methodological rationale

To address these aims, this thesis employed a visual perception experiment com-
bining behavioural reaction time measures with EEG recordings. Participants
were tested across four presentation environments: real-world viewing, 2D screens,
augmented reality, and virtual reality. In each environment, participants were re-
quired to respond as quickly as possible to visual stimuli.

Two experimental paradigms were used: a simple reaction time task, involving
detection of a single target stimulus, and a choice reaction time task, requiring
discrimination between target and non-target stimuli. These paradigms were
chosen to probe perceptual processing under different levels of cognitive demand.
EEG was recorded throughout the tasks to capture neural responses associated
with stimulus perception and processing.

Reaction time was selected as a behavioural metric due to its sensitivity to
perceptual efficiency and cognitive load, while EEG was chosen for its high tempo-
ral resolution and ability to capture rapid neural dynamics associated with visual
processing [48]. Although techniques such as fMRI offer superior spatial resolu-
tion [49], EEG is better suited for studying the timing of perceptual processes
and for integration with XR environments.

To ensure accurate interpretation of behavioural and neural data, a series of
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hardware characterisation experiments were conducted to quantify key technical
confounds across presentation environments. These included measurements of
luminance, system latency, and electromagnetic noise. This step was essential
to distinguish genuine perceptual effects from artefacts introduced by display
hardware.

EEG data were analysed using a novel signal processing pipeline that in-
tegrated wavelet-based time-frequency analysis with Common Spatial Pattern
(CSP) spatial filtering. These two techniques have both been widely used in
EEG research, and prior studies have also combined these techniques for feature
extraction and classification [50]. Building on this existing work, this thesis inte-
grates wavelet and CSP methods within a unified and generalised EEG analysis
pipeline designed for non-stationary neural signals and comparative perceptual
experiments across multiple display modalities. The pipeline was validated using
a public motor imagery dataset, demonstrating its ability to capture task-related
neural activity while also revealing limitations related to spatial resolution and

inter-individual variability.

1.5 Scope and limitations of the work

This thesis does not attempt to provide clinical diagnoses, establish definitive
EEG biomarkers, or draw strong population-level conclusions about visual stress
or immersive perception. Practical constraints, including limited sample sizes,
EEG signal sensitivity, and XR hardware limitations, restrict the generalisability
of the findings.

Accordingly, inconclusive or null results are interpreted within an exploratory
framework. Rather than being viewed as failures, these outcomes provide im-
portant information about methodological constraints and inform directions for

future research.
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1.6 Original contributions of the thesis

This thesis makes several methodological, technical, and empirical contributions
to the study of visual perception in digital and immersive environments. These
include the development of a modular 2D and 3D stimulus generation framework,
the design and validation of a novel EEG signal processing pipeline, systematic
hardware characterisation across display modalities, experimental comparison of
real-world and immersive visual stimuli, integration of behavioural and neural
measures in XR contexts, and exploratory investigation of visual stress effects
across display modalities.

Methodological contributions are distinguished from empirical findings, with
the former providing tools and frameworks for future research and the latter of-

fering preliminary insights into perceptual processing in immersive environments.

1.7 Structure of the thesis

This thesis is structured as follows. Chapter 2 introduces the basic science of light
and visual processing. Chapter 3 reviews literature on reading and visual per-
ception. Chapters 8.1 and 5 present the mathematical foundations and practical
implementation of EEG signal processing techniques, culminating in the devel-
opment and validation of a signal processing pipeline. Chapter 7 describes the
hardware characterisation experiments across presentation environments. Chap-
ter 8 presents the main visual perception experiments and their results. Chapter
9 explores visual stress and Irlen Syndrome through an exploratory behavioural
case study. Finally, Chapter 10 synthesises the findings, discusses limitations,

and outlines directions for future work.



Chapter 2

Theoretical Framework on light and vision

2.1 Introduction

The study of visual processing requires a comprehensive understanding of the
complex interactions between physical, biological, and psychological mechanisms
that enable perception. Visual perception begins with the fundamental properties
of light; thus, it is essential to first examine the physical nature of light and its
behaviour. Understanding how light is generated, transmitted, and interacts with
various surfaces provides the foundation for interpreting how visual information
is encoded in the environment.

Following the discussion of the physical principles of light, it is necessary to
explore the biological mechanisms that allow the visual system to capture and
process this information. The human visual system, comprising the eyes, optic
pathways, and visual centres of the brain, translates light stimuli into neural
signals. These signals are then integrated and interpreted, enabling the perception
of shapes, colours, motion, and spatial relationships. An understanding of this
biological process is crucial for linking the physics of light to the perceptual
experiences that arise from it.

Finally, the psychological aspects of visual processing must be considered.
Perception is not a direct reflection of sensory input but a complex cognitive
process that involves interpretation, organization, and contextual understanding.
Psychological theories of visual processing address how the brain constructs mean-

ing from visual stimuli, including how attention, memory, and prior knowledge
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influence perception.

This chapter presents the theoretical framework underlying visual processing
by examining the physics of light, the biological mechanisms of visual percep-
tion, and the psychological processes involved in interpreting visual information.
Building on this foundation, the thesis aims to explore how the brain processes
visual input from different sources, namely a simple LED, a computer screen,
and mixed reality (MR) systems. A strong understanding of the emission, cap-
ture, and processing of light provides the basis for explaining why visually similar
stimuli from different sources can be perceived and processed differently by the

brain.

2.2 Physics of light

The concept of light may sound intuitive. Ask any lay person what is light, and
they may point to a light source near them, such as a light bulb or a candle
flame. However, light is an abstract concept which scientist have studied for
centuries, which led to some of the amazing inventions that we use today, such
as the light bulb and the camera. This section briefly discusses the important

historical milestones in the study of light.

2.2.1 What is light?

In the 18th century, the dominant view of light was Isaac Newton’s corpuscu-
lar (particle) theory. This theory was based on observations that light travels
in straight lines, bounces off surfaces (reflection), and changes direction when
passing through different media (refraction), behaviours analogous to those of
particles [51]. However, in 1801, Thomas Young’s famous double-slit experiment
demonstrated the constructive and destructive interference of light, providing
strong evidence for its wave-like nature and challenging the particle-only view.
Figure 2.1 shows the modern version of Young’s double slit experiment [1]. A

distinctive pattern of bright and dark fringes is seen when a monochromatic light
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is shown on a distant screen after passing through two small slits of openings. The
superposition of overlapping light waves coming from the two slits results in this
interference pattern. Bright fringes represent regions of constructive interference
while dark fringes represent regions of destructive interference.

screen with wave destructive
double slits frant  interference

interference pattern  intensity
on screen distribution curve
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constructive interference interference @ 2006 Encyclopadia Britannica, Inc.

Figure 2.1: Young’s double slit experiment. Image obtained from [1].

However, in the late 19th and early 20th centuries, a new theory emerged that
challenged the classical wave theory of light. This theory, known as the quantum
or photon theory, proposed that light is made up of tiny particles called photons
[52]. It was supported by a number of experiments, including the photoelectric
effect, which was first observed by Heinrich Hertz in 1887 [53]. This understanding
of light to be both particles and wave, also known as, the wave-particle duality
of light, persisted till today.

Figure 2.2 shows a simulation of the photoelectric effect, developed by [2].
When light is shown on a metallic surface, electrons are ejected from the surface,
and the energy of the emitted electrons is proportional to the frequency of the
light. The photoelectric effect played a key role in the development of quantum
mechanics, which describes the behaviour of matter and energy at the atomic and
subatomic levels.

An understanding in the mechanism of light will aid the understanding of how
light is being captured by the eye, and how this light energy is transmitted from

the eye to the brain to convey visual information about our world. The next
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Subsection will discuss the concept of lens, with is a crucial instrument used by

the eye to focus light onto the right spot.
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Figure 2.2: Simulation of the photoelectric effect. ITmage obtained from [2].

2.2.2 How do lenses affect light?

Lenses are transparent objects that refract light and are commonly used in various
optical devices such as cameras, telescopes, and eyeglasses. They also exist in
eyes, to focus light on the retina.

To understand the physics of lens, the laws of geometrical optics must first be

understood. According to [3], there are three laws of geometrical optics:

e The law of rectilinear propagation (transmission): Light travel in a straight

line in a medium with a constant refractive index.

e The law of reflection: When a ray of light is reflected at an interface dividing
two optical media, the reflected ray remains within the plane of incidence,

and the angle of reflection(d,) equals the angle of incidence(6;).

e The law of refraction (Snell’s law). When a ray of light is refracted at
an interface dividing two transparent media, the transmitted ray remains
within the plane of incidence and the sine of the angle of refraction(6;) is

directly proportional to the sine of the angle of incidence(6;).
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Figure 2.3 shows an illustration of the laws of geometrical optics.
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Figure 2.3: Illustration of the laws of geometrical optics. Image obtained from
[3].

A lens works by refracting light, or bending its path, as it passes through
the curved surface of the lens. The amount of bending depends on the shape
of the lens and the angle of incidence of the light. As shown in Figure 2.4, a
converging lens, also known as a convex lens, bulges outward in the middle and
causes parallel rays of light to converge at a single point, known as the focal point.
A diverging lens, also known as a concave lens, bulges inward in the middle and
causes parallel rays of light to diverge. The focal point of a concave lens is the
point where the diverging rays appear to come from after passing through the

lens.
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Figure 2.4: Converging and diverging lens. Image obtained from [4].

The mechanism of how the lens in the eye work will be examined in Subsec-

tion 2.3.1, where the anatomy and physiology of the eye is discussed.
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2.2.3 Colour and wavelength of light

In Subsection 2.2.1, we discussed how light can behave as a wave. This means that
light can travel at different wavelengths, and this will result in light of different
colours. Thus, in a physical sense, colour is a visual sensation perceived by the
human eye and is produced by the different wavelengths of light. A blue object,
for example, will reflect blue light while absorbing light of other wavelengths, and
a red object will reflect red light while absorbing light of other wavelengths.
Light, according to physics, is a form of electromagnetic radiation, and occu-
pies a small portion of the electromagnetic spectrum. Figure 2.5 shows the full

electromagnetic wave spectrum, and the portion which visible light occupies.
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Figure 2.5: Electromagnetic spectrum and visible light. Image obtained from [5].

The visible spectrum of light ranges from approximately 400 to 700 nm in
wavelength. As shown in Figure 2.5, the longest wavelength visible to the human
eye is red, while the shortest is violet. Colours that fall outside of this range, such
as ultraviolet and infrared, are not visible to the human eye but can be detected
by specialized instruments.

Beside from wavelength, the perception of colour can also be influenced by fac-
tors such as lighting conditions, surrounding colours, and individual differences in
colour perception. Additionally, some people may have colour vision deficiencies,
which can affect their ability to distinguish certain colors.

In Subsection 2.3.1, we will discuss how receptors in our eyes distinguish

between different wavelengths of light.
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2.3 Anatomy and physiology of our visual-motor system

The biology of how humans see things around us has fascinated many researchers
for centuries. Intuitively, it may seem obvious as to how we can see the objects
around us. However, as Snowden et. al. have noted, to see is easy, to be able
to interpret what you see, that’s vision, and it’s complicated. Many books on
physiology and neurophysiology have documented the anatomy and physiology
of our visual pathways, including the book “Basic Vision“ by Snowden et. al [5].
This section will attempt to summarised what Snowden et. al. have written about
the anatomy and physiology of our visual pathways, along with any additional

research on the topic which are published after the publication of the book.

2.3.1 The eye

Humans have the ability to perceive visual stimuli in the world around them
thanks to the presence of light. When light is reflected off an object and towards
us, it enters our body through our eye. Before the visual information is even
processed, the eye place a crucial role in ensuring that the image we see is as
sharp as possible, so that it can be more easily processed downstream. Sagittal
cross-section of the human eye is shown in Figure 2.6, and the pathway light

moves through the light is shown in Figure 2.7.
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Figure 2.6: Sagittal cross-section of the human eye. Image obtained from [5].

Light first enters our eye through the cornea, which is a transparent outermost



31
Aqueou . Vitreou .
humou% { Pupil J { Lens J {humouj { Retma}

Figure 2.7: Light pathway through the human eye
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layer of the eye. It acts as protective layer and refracts the light so that the light
is focused on the lens. This refractive power of the cornea accounts for approx-
imately two-thirds of the eye’s total optical power. Besides being a refractive
layer, the cornea also contains nerve endings which are sensitive to touch, which
closes the eyelid when activated.

Next, the light reaches the aqueous humor, which is a watery liquid that flows
from the ciliary body. This fluid maintains the structure of the globe of the
eye, by exerting hydrostatic pressure on the structure around it to maintain the
spherical shape of the eye.

After the aqueous humour, the light passes through the iris, which is a coloured
structure with an adjustable aperture, known as the pupil. The size of the pupil
can be adjusted by constricting or relaxing the iris.

Behind the iris, the lens, a clear, flexible, and biconvex structure, receives the
light and refracts it so that it is focused on the retina. The lens allows us to
focus on objects at different distances, ensuring that we can see clearly both up
close and far away. This is done by contracting or relaxing the ciliary muscles,
improving close vision or distance vision respectively.

The next structure light passes through is the vitreous humour, which is a
gelationous subtance that keeps the eyeball in shape and the retina pinned to
the back of the eye. The vitreous humour allows for the diffusion of metabolic
solutes, and allows the light to reach the retina [54].

Finally, light will reach the retina, which is a thin later of tissue located at
the back of the eye. The retina is made up of several structures crucial for sight,
including photoreceptor cells. These cells have either a large (magno) or small
(parvo) cell body, hence they are called magnocellular (M) and parvocellular (P)

cells respectively. Both types of cells are also called rods and cones respectively.
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M cells are responsible for vision in low light conditions and are most densely
located in the periphery of the retina, while P cells are responsible for color vision
and visual acuity and are most densely located in the center of the retina, called
the macula. Both types of cells work together to transmit visual information to
the brain via the optic nerve, allowing us to see the world around us.

The function of M and P cells are discussed in Subsection 2.3.3, where colour

vision is examined.

2.3.2 Optic chiasm

Beyond the retina lies the optic chiasm. This is a where the optic fibers from both
eyes meet and cross over to the opposite side of the brain. This crossing of fibers
allows the information from both eyes to be integrated and processed together,
which is critical for depth perception and other aspects of visual processing.
The two sides of each eye project differently through the optic chaism to the
visual cortex. The side medial to the nose is known as nasal hemiretina, while
the side lateral to the nose is known as temporal hemiretina. [55]. Figure 2.8

shows the visual pathway from the retina to the visual cortex.
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Figure 2.8: Visual pathway from the retina to the visual cortex. The circles on
the right indicate the loss of vision which would result from a lesion at the marked
region. Image modified from [5].

From Figure 2.8, the optic chiasm is marked by the number 2, where the optic

nerves from each eye cross each other. This crossing only occurs with the medial



33

optic nerves, connecting the medial optic nerves to the contralateral side of the
brain, while the lateral optic nerves are connected to the ipsilateral side of the
brain. As a result of this arrangement, the left half of each retina is connected to
the left hemisphere of the brain, while the right half of each retina is connected
to the right hemisphere of the brain.

Damage to the optic chiasm can result in a range of visual symptoms, depend-
ing on the location and extent of the injury. The circles on the right of Figure 2.8
indicate the resulting visual impairment from a lesion at the corresponding loca-
tion in the visual pathway. For example, damage to the optic fibers anterior to
the optic chaism can result in loss of vision on one eye, while damage to the optic
fibers posterior to the optic chaism can result in loss of vision on one side of both

eyes.

2.3.3 Lateral geniculate nucleus

The visual pathway connects the retina to the lateral geniculate nucleus (LGN),
which is a layered structure located in the posterior part of the thalamus, that
receives information from the retina and sends it to the primary visual cortex.

Figure 2.10 shows the structure of the LGN.
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Figure 2.9: Structure of the lateral geniculate nucleus. Image obtained from [5].

The LGN is made up of six layers, and these layers are divided into 4 dorsal

parvocellular (P) layers and 2 ventral magnocellular (M) layers. The M lay-
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ers(layer 1 and 2) are connected to the M cells in the retina, while the P layers
(layers 3 to 6) receive information from the P cells in the retina. The retinal
cells also project onto different layers depending on their position. Retinal cells
afferent from the nasal hemiretina project to layers 1,4 and 6, while retinal cells
afferent from the temporal hemiretina project to layers 2,3 and 5.

In 1982, Schiller studied the effects of using neuroblockers to inhibit different
layers of the LGN in animals to study how it affects their colour and motion
perception. He found that inhibiting neurons in the P layers blocked colour
perception, but inhibiting neurons in the M layers blocked motion perception
[56].

Today, the understanding about the LGN has expanded from being a relay
center for visual signals to a complex structure responsible for high-level visual
information processing, such as computational transformation and filtering of
visual signals [55]. The LGN is moderately sensitive to orientation, and is also
responsive to temporal changes. It is also crucial for regulating the visual signals

before they reach the striate cortex [55].

2.3.4 Striate cortex

The striate cortex, also known as the primary visual cortex, V1 or Brodmann area
17, is the largest visual area located in the occipital lobe of the brain. From here,
the striate cortex will be referred to as V1. V1 is the first area which receives
visual information from the LGN, and is the main area where visual information
is processed. It is organised into multiple layers, which projects to other visual
areas in the brain. Figure 2.10 shows the input and output to each layer of V1.
In 1968, Hubel and Wiesel studied the V1 in monkeys by placing electrodes in
different neurons in the striate cortex. They found that the neurons in different
layers of V1 respond selectively to different visual information, and each neuron
can be mapped to a specific retinal cell (also known as retinal mapping). These

neurons can be classified into simple, complex and hypercomplex cells. Table 2.1
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Figure 2.10: Input and output to each layer of the striate cortex. Image obtained

from [5].
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Table 2.1: Table of functions of each subsection of the occipital lobe.

Cell type Function Location

Simple cell Detects the presence of stimuli in a Layers 3, 4
specific spot

Complex cell Detects the orientation of a line Layers 2, 3, 5, 6

Hypercomplex  Detects the orientation and length of Layers 2, 3, 5, 6

cell a line

shows the function of each type of cell and the layers they are typically found in
[57].

In 1998, with the use of functional MRI, Tootell et al. confirmed the exis-
tance of retinal mapping in V1. The researchers also extended previous findings
about retinal mapping in V1 by demonstrating that the neurons in V1 respond
selectively, or are tuned to different features of the visual world, such as edges,
lines, and colors [58]. The neurons in more foveal locations each respond to a
smaller range of stimuli (shorter orientation bandwidth), while the neurons in
the peripheral location each respond to a larger range of stimuli (longer orien-
tation bandwidth), demonstrating that the peripheral vision is inferior to foveal
vision.

Two years later, Lamme et al. found that while V1 is necessary for visual
awareness (the conscious awareness), it is not required to guide visual behaviour
[59]. In an experiment conducted with blindsight patients with a lesion in V1,
the researchers found that these patients are unaware of visual stimuli presented
to their blind hemifield, but they are still able to correctly guess attributes about
the stimuli. This shows that V1 is responsible for visual awareness, but not visual

behaviour.

2.3.5 Beyond the striate cortex

The brain region in charge of processing visual information is known as the occip-
ital lobe. The occipital lobe takes up about 12% of the entire volume of the brain,

and it sits in the posterior end of the brain, caudal to the parietal lobe. Besides
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from V1, the occipital lobe also houses many other subsections, the most well
known of which are V2, V3, V4 and V5. Each of these regions process specific
aspects of vision, and project onto one another to help us understand the visual
stimuli presented to us.

While cells in V1 are sensitive to simple stimuli such as position and line
orientation, cells in V2 are sensitive to more complex stimuli, such as angles,
curves, and non-cartesian gratings, than to conventional stimuli such as bars and
sinusoidal gratings. This is done by aggregating the information from V1 in V2
[60]. Huff et al. provided a great summary of the anatomy and physiology of
both V1 and V2 [61]. The researchers explained that while V1 processes simple
information, this information is then passed onto V2 for more complex processing.
V2 then sends feedback information to V1, and sends feedforward information
to V3-V5. Damage to the visual cortex can result in different forms of visual
blindness, depending on the location of the lesion.

V3, a visual area with ambiguous margins, is an area with a group of cells
that are sensitive to the shape of visual stimuli. Rosa and Manger published
a review of the research which studied the role of V3 in visual perception [62].
Besides from processing shape, V3 is also known for processing form. This was
evident from research demonstrating additional physiological response properties
that align with this function, such as selectivity for slow-drifting or stationary
objects in the plane of fixation and at far distances, as well as sensitivity to small
objects obscured by visual noise.

In their review article about the V4 area, Ikei et al. concluded from neuro-
physiological studies that the V4 plays a critical role in object recognition and
visual perception [63]. V4, according to them, is a higher-level visual area that is
involved in the analysis of global image properties, such as colour, texture, and
shape, as well as the integration of these properties into object representations.
This is done by receiving feedforward input from V2, which carries information

about the local image features, such as orientation, spatial frequency and edges.
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V4 then uses this information to compute more complex image properties, such as
the colour and texture of surfaces, the shape and size of objects, and the context
and meaning of scenes.

V5, also known as MT (middle temporal), is a visual area in the human
brain that is specialised in processing visual motion information. The V5 area’s
involvement in the perception of motion, including direction, speed, and accel-
eration, has been well established throughout the literature on vision research
[64, 65, 66, 67]. Damage to V5 can result in motion blindness, or akinetopsia,
which is the inability to perceive visual motion [67, 65]. With the use of modern
brain imaging techniques, researchers can precisely pinpoint the areas of the vi-
sual cortex which are involved in vision perception. Although other areas of the
visual cortex are also involved, V5 has consistently been found to be the main
area involved in motion perception [68].

Another area which is in-charge of processing visual motion information is
the area V6. Both V5 and V6 perform different but overlapping functions. The
functional distinction between V5 and V6 becomes apparent when complex vi-
sual stimuli are presented to subjects. In a study by [69], the researchers first
presented stimuli consisting of concentric rings that expanded or contracted in
a radial direction, creating the perception of motion (Radial ring). Next, the
stimulus consisted of a field of dots that moved coherently in a pattern that sim-
ulated the flow of visual information that would be experienced when self-motion
was presented (Flow field). They found that V5 is more sensitive to the Ra-
dial ring simulation, while V6 was more sensitive to the Flow field simulations.
This experiment demonstrated how V5 and V6 process different types of visual
information.

Some of the stimuli processed by each subsection have been summarised in
Table 2.2.

In species that rely on vision for their daily functioning, a large portion of their

brain is devoted to visual processing. For example, over half of the cerebral cortex
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Table 2.2: Table of functions of each subsection of the occipital lobe.

Subsection Function

V1 Position and orientation of lines [58]

V2 Angles, curves and noncartesian gratings [60, 61]
V3 Shape, texture and form [62]

V4 Colour, texture and shape to object representations [63]
V5 Motion [67]

V6 Motion [69]

in both New and Old World monkeys is involved in aspects of visual processing,
including visuo-motor and multi-sensory integration [62]. However, while there
is much agreement on the general arrangement of the visual cortex, based on
their functional contribution to visual processing, in between species, there likely
exist differences between specific areas used for a specific task, especially in the
extrastriate areas. Hence, it is challenging to generalise a single animal model of

the visual cortex to other species, such as humans.

2.4 How different visual areas work together to help us

make sense of the world around us

The neural mechanisms of visual perception can be overwhelmingly complex,
and we have only scratched the surface in figuring out how we perceive visual
information. However, we can develop models that help us simplify and better
understand the world around us. A proposed model of visual object recognition
is presented in Figure 2.11.

When the signal from the retinal cells first reach V1, the neural cells in V1
process the orientation and position of each line on the object. These lines are
then put together in V2 to get contours, edges and patterns. V3 will then take
these information from V2 to identify the shapes that make up the object. Finally,
V4 will put these shapes together into a 3D image of the object, and recognise
the object as an wooden cube.

It is important to note that this model, while there’s some truth in it, is a
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Figure 2.11: Proposed model of visual object recognition.

gross oversimplification of the mechanisms involved in our visual perception.

2.5 Reaction time

One method to study any possible differences between the visual perception of

digital objects compared to non-digital objects is to study the reaction time (RT)
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to the presentation of each type of stimulus. RT in visual perception reflects the
temporal dynamics that link sensory input to motor output. It is shaped by a
cascade of biological and psychological processes that begin with the transduction

of photons in the retina and culminate in the execution of an overt response.

2.5.1 Biological Determinants of Visual Reaction Time

Reaction time (RT) is fundamentally constrained by the biological architecture of
the nervous system [70]. Although psychological and contextual factors influence
performance, the minimum latency with which an individual can respond to a
stimulus is determined by physiological processes, including neural conduction,
neural pathways and motor execution.

The speed of neural conduction influences RT. Action potentials propagate
more rapidly along axons that are highly myelinated and larger in diameter, due
to the increased efficiency of saltatory conduction [71]. Myelination develops
progressively into early adulthood and declines with age [72], contributing to
well-documented age-related slowing of RT [73]. Disorders that affect myelin
integrity, such as multiple sclerosis, also illustrate how disruptions to conduction
velocity can significantly lengthen the response latency [74, 75]. Thus, conduction
speed establishes the fundamental temporal boundaries within which higher-level
processes must operate, making it a lower-bound constraint of reaction time.

Visual information travels through parallel neural pathways that differ in
speed and function. The magnocellular pathway, which prioritises high temporal
resolution and motion detection, supports faster RTs compared to the parvocellu-
lar pathway, which processes fine spatial detail and colour [76, 77]. The sequential
relay of information from retina to LGN, V1, and higher-order regions in the dor-
sal and ventral streams introduces additional processing delays. The efficiency
of connectivity between these regions, as well as the degree of synchronization
in neural firing, influences both the speed and stability of perceptual processing,

which in turn influences reaction time [78, 79].
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RT can also be affected when neural signals are converted into overt move-
ment. This is shaped by the electromechanical delay associated with muscle fibre
activation [80]. The proportion of fast- versus slow-twitch fibres can also influ-
ence how fast a movement can be initiated or produced once a neuro command
arrives [81]. Younger individuals and those with greater neuromuscular efficiency
generally demonstrate shorter motor execution times [82, 83, 84]. Although mo-
tor delays contribute less to RT than sensory or cognitive stages, they remain an

important biological component of overall response latency.

2.5.2 Psychological Determinants of Visual Reaction Time

Besides from biological factors, RT can also be influenced by psychological factors.
Psychology can explain how RT can be affected by internal and external factors,
such as cognition, arousal and prior knowledge.

Cognitive models conceptualise RT as the sum of multiple processing stages.
Sequential stage models propose distinct encoding, decision, and response exe-
cution stages [85]. In contrast, parallel distributed processing models emphasise
the overlapping interactions between perceptual and decisional processes [86]. A
dominant approach in RT research is the evidence accumulation framework, such
as the drift-diffusion model (DDM). Here, sensory evidence is accumulated over
time until a threshold is reached, triggering a response. Faster RTs arise when ev-
idence is strong (high signal-to-noise) or when decisional thresholds are set lower,
whereas uncertainty, low contrast, or ambiguous stimuli slow the accumulation
process [87].

Arousal also influences reaction time by modulating the efficiency of percep-
tual, attentional, and motor processes. According to the classic Yerkes—Dodson
law, moderate levels of arousal generally optimize performance, facilitating faster
RTs, whereas very low or very high arousal can impair processing and slow re-
sponses [88]. While low arousal limits the allocation of attentional resources and

the readiness of the motor system, excessive arousal can induce distractibility,



43

anxiety, or overactivation, which interferes with focused processing and slows
decision-making. FEmpirical studies support these effects. For example, mild
stressors, caffeine, or motivational incentives, often lead to increased RTs in sim-
ple and choice reaction tasks [89, 90, 91, 92|, whereas extreme stress [93, 94] or
sleep deprivation [95, 96, 97] prolongs RTs. Overall, arousal interacts with both
sensory processing and decisional stages, highlighting its pervasive influence on
the speed and efficiency of cognitive performance.

Expectancy and prior knowledge also exert a powerful influence on RT by
shaping how sensory information is processed and how decisional mechanisms
are engaged. When participants have predictive cues about when a stimulus
will appear (temporal expectancy) or where it will appear (spatial expectancy),
they can pre-allocate attentional resources to the expected moment or location,
effectively “priming” perceptual and motor systems [98]. For example, in RT
experiments, if participants were asked to react to the same stimuli over multiple
iterations, their RT would improve over time. Conversely, if they were asked to
react to different randomised stimuli, their RT would stay relatively consistent
over time [99, 100, 101, 102]. This is because the cognitive system has to reorient
attention to the new stimuli before committing to a response, which lengthens
RT. This is why in RT experiments, multiple repeated stimuli are presented in
random order at random intervals, rather than sequentially at fixed intervals, so

that the participant do not get used to each stimuli before it changes.

2.5.3 Integrating Biological and Psychological Perspec-

tives

Biological and psychological determinants of RT are not independent but interact
dynamically. Neural architecture constrains the temporal limits of perception,
while psychological factors modulate how quickly and efficiently these biological
pathways operate. For example, arousal is modulated by brain regions such

as the amygdala, hypothalamus, and brainstem arousal systems, which controls
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activity of neurotransmitters like dopamine, norepinephrine, and acetylcholine
[103]. Retinal mapping also selectively enhance the retinotopic region of visual
areas that corresponds to the parts of the visual field that are being focused on,
increasing attention on those areas [104]. Together, these intertwined influences
demonstrate that reaction time emerges from the seamless integration of biological

constraints and psychological modulation within the perceptual-cognitive system.

2.6 Conclusion

In summary, this chapter discussed the journey light takes from our eye and to our
visual cortex, where it is processed and interpreted. This theoretical knowledge
would be the foundation for the understanding on how similar objects produced
by different light sources (LED, digital screen or MR headset) can be perceived
differently by the brain. The biological and psychological determinants of reaction
times were also discussed. In the next chapter, this knowledge will be extended

as we discuss how we perceive printed words during reading.



Chapter 3

Literature review on reading and visual perception

3.1 Introduction

The preceding chapter examined the neurobiological mechanisms underlying vi-
sual perception. Visual perception supports the recognition of diverse visual
stimuli, including lines, shapes, colours, and written text. Since the broader aim
of this thesis is to elucidate how visual perception may differ when individuals
engage with digital compared to non-digital environments, it is necessary to de-
vote some attention toward the processing of text as a specific stimulus type.
Understanding text perception is particularly valuable because reading involves
complex interactions between low-level visual analysis and higher-order linguis-
tic interpretation, making it an informative model for investigating how digital
presentation formats might alter perceptual efficiency, cognitive load, and neural
activation patterns.

Reading is a skill paramount for the transfer of knowledge. This is how the
reader of this thesis can read about the research that has been conducted by the
author. Discerning every aspect of reading is an enormous undertaking. Topics
that would have to be discussed include writing systems, linguistics, speech, pho-
netics, memory formation, and many more. On top of that, it is not sufficient
to just examine the language of English. There are many languages in the world
that have a vastly different written and spoken language system compared to
English. Hence, this chapter will focus on reading as a visually driven behaviour

in order to establish a foundation for later comparisons between traditional and
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digital media. For a more comprehensive treatment on the science of reading,

readers are encouraged to read [105].

3.2 Eye movement during reading

During reading, the eyes move across the page, during which they execute a
series of rapid, jerky movements, separated from the next movement by fixation
pauses. These movements are also known as saccade movements. During the
fixation pauses, the eyes are able to gather visual information from the page [71].

Researchers have been interested in the relationship between eye movement
and reading ability since the dawn of the field of psychological research. Rayner
(1978) has written a comprehensive review on research into eye movement before
the 1970s. The themes explored include perceptual span, eye guidance, integra-
tion across saccades, control of fixation durations, individual differences, and eye
movements as they relate to dyslexia and speed reading [106]. During this period,
the focus was on the observable motion of the eye.

By the 1980s, the focus of eye movement research shifted to the cognitive and
lexical processing of readers. During this period, much evidence has been col-
lected to link eye movement data to cognitive processes occurring in a particular
task [107]. Morrison (1984) proposed a model to explain eye movements during
reading, focusing on the interaction between cognition and visual input [108]. The
proposed model posits that, as readers process text, their gaze is guided by the
need to extract and integrate information efficiently. Hence, eye movements are
not random, but are closely tied to the cognitive processing of the text. Fixations
occur on areas of high informational content, while saccades move the eyes to new
text regions for further processing. Figure 3.1 summarises the model proposed
by [108].

In this model, the word on the page first enters the reader’s eyes and then the
brain’s visual network, where the visual information of the word is first processed.

The information is then passed to the high-level cognitive processing area of the
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Figure 3.1: Morrison’s model of eye movement during reading
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brain. Here, depending on how fast the word is processed, the word may or may
not be comprehended. If it has not been processed in time, the saccade initiation
mechanism is activated, which uses the fixation locator to locate the next fixation
point. Then a saccade is activated by motor processes to move the eye to focus
on the next word. If the word is processed in time, then the saccade initiation
mechanism is interrupted until the cognitive process decides on the next course
of action.

While Morrison’s model provides a structured explanation of how eye move-
ments facilitate fluent reading while accommodating variability in text complexity
and reader expertise, it assumes that reading is a linear process, and readers do
not return to previously read text, also known as refixation. [6] proposed a model
to explain eye movement during reading which accounts for refixation, known as
the E-Z readers model. This model is a computational framework designed to
explain eye movement control in reading by relating cognitive processing, partic-
ularly lexical access, to eye movements. It has evolved through several versions
[107], and the final version (iteration 7) posits that the processes of shifting at-
tention and programming eye movements are two separate but parallel processes.

In this model, visual information from the eye is first divided into two cate-
gories during early processing: high spatial frequency (HSF) information (words)
and low spatial frequency (LSF) information (such as spaces between words).
HSF information is passed to the word identification system through the atten-
tional selection process, while LSF information is passed to the oculomotor sys-
tem. In the word identification system, the HSF information goes through two
stages of lexical processing. The first stage (L;) signals to the oculomotor system
to begin programming the saccade for the next word. The second stage (Ls) shifts
the attention to the next word. In the oculomotor system, the saccade is pro-
grammed through two stages: labile stage (M) and non-labile stage (Ms). (M)
can be cancelled and restarted by the word identification system when the word

is recognised, while (Ms) cannot be interrupted. The saccade is then generated,
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shifting the eyes’ focus to the next word, and the cycle is repeated.

In summary, Reichle’s model sheds light on how saccades are programmed,
and how the processes are decoupled from word comprehension, allowing for a
more nuanced understanding of how readers navigate text. It also emphasizes the

importance of lexical access from memory in influencing eye movement patterns

[6].

3.3 Word recognition

In English, letters are the most basic unit of reading. They form words, which
form phrases. The phrases then form sentences, and the sentences then form
paragraphs. The following diagram illustrates how each unit of reading builds on

the other. Figure 3.3 illustrate how each reading unit builds up to the other.

want to eat
Phrase
I want to eat a hamburger
Sentence
The smell of grilled meat wafting through the air makes my stomach growl with
anticipation. I want to eat a hamburger. I want a hamburger with juicy patty,
melted cheese, fresh lettuce, and a dollop of ketchup. There’s something so
satisfying about the balance of flavors and textures in every bite. Just thinking
Pa rag raph about it is enough to make my day instantly better.

Figure 3.3: Pyramid of the reading units in English. Letters build a word, words
build a phrase, phrases build a sentence and sentences build a paragraph.

An important research question in visual perception has been: how do English
readers recognise each of the reading units of English? In particular, how do we
perceive, identify, and understand written words? This process begins with visual
word recognition, where the brain decodes a series of letters into a meaningful
unit. The key to this process is the automaticity of word recognition, which

allows skilled readers to identify familiar words quickly and effortlessly without
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needing to consciously analyse individual letters or sounds. This automaticity
is developed through repeated exposure to words, enabling readers to rely on
mental representations of words stored in memory.

One key concept in the study of reading is orthographic knowledge, which
refers to the understanding of how spoken language is written in print [109].
Readers use this knowledge to recognize familiar letter combinations (e.g., “th
or “ing*“) and to predict plausible words even when encountering new or partially
obscured text. Apel and Masterson (2019) explored orthographic knowledge as
a foundational component of reading and spelling, emphasizing its two distinct
levels: lexical orthographic knowledge, which involves stored representations of
known words or word parts, and sublexical orthographic knowledge, which en-
compasses rules and patterns for representing sounds with letters. It highlights
that sublexical knowledge often precedes lexical knowledge, as evidenced by early
spelling attempts in children and their implicit awareness of orthographic rules
[109].

There is a debate on whether orthographic knowledge should be seen as an
accumulation of word-specific knowledge in a lexicon acquired through decoding
or as a well-developed associative network of sublexical units. In other words,
whether orthographic knowledge is accumulated in series or in parallel. In serial
models of reading, such as the Dual Route Cascaded (DRC) model, word-specific
knowledge in a lexicon is acquired through decoding, a process in which individ-
ual letters or letter sequences are processed sequentially to map orthography to
phonology [110]. For example, say a reader wants to read the sentence “I want to
eat a hamburger®. Figure 3.4 demonstrated how the sentence would have been
processed by a serial reader.

In contrast, the parallel model of reading, such as the Parallel Distributed Pro-
cessing (PDP) model, posits that word-specific knowledge is acquired through a
well-developed associative network of sublexical units. Here, sublexical units are

processed simultaneously in a distributed manner, with orthographic, phonolog-
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| want to eat a hamburger

PIVLLL T TEAVTAY

/a1/w/p/n/t/t/u:/i./t/e1/ " h/ee/m/b/3:/g/a/

Figure 3.4: Serial models of reading. For a serial reader, as they read through
the text, they process the phonology of each letter or letter sequences before
proceeding to the next.

ical, and lexical information interacting dynamically. This associative network
enables the rapid recognition of words as patterns, bypassing the need for se-
quential decoding. Knowledge in this model is built through the strengthening
of connections across these interacting sublexical units over time [110]. Figure
3.5 demonstrated how the same sentence would have been processed by a parallel

reader.

| want to eat a hamburger

[ L]V S

eye waist aunt two it day hammer bird vulgar

Figure 3.5: Parallel models of reading. For a parallel reader, they can relate
each letter sequences with other words containing similar sounds. This dynamic
processing of words allow for more efficint reading.

Van den Boer and Jong (2015) examined the conflict between serial and par-
allel models of reading, particularly in the context of children’s development of
word and non-word reading fluency [110]. The study identifies two classes of read-
ers: serial processors and parallel processors. Importantly, the results suggest a
developmental trajectory where children shift from serial decoding strategies to
parallel processing as their reading proficiency improves. This developmental
shift challenges both models, as neither fully accounts for the observed progres-
sion, particularly the finding that even non-words can be processed in parallel by
advanced readers.

There are other factors that can influence word recognition, including word
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frequency and context. Becker (1979) highlights how high-frequency words are

recognized faster and with fewer errors because their detectors in the mental
lexicon require fewer sensory features to activate, making them more easily ac-
cessible [111]. Semantic context, such as a related word or sentence fragment,
facilitates recognition by priming word detectors with relevant semantic features,
reducing the sensory information required for activation. Importantly, the paper
shows that the effect of context is greater for low-frequency words than for high-
frequency words. This interaction suggests that semantic context compensates for
the weaker lexical representation of low-frequency words, enhancing their accessi-
bility. Overall, word frequency and semantic context work together to streamline
word recognition, particularly under conditions where individual factors might
otherwise hinder processing.

In recent years, computational models of visual word recognition have been
developed, which provide a detailed explanation of the mechanism of how words
are recognised. Norris (2013) published a comprehensive review of computational
models of visual word recognition, tracing their evolution from early “box-and-
arrow “ approaches to modern connectionist and mathematical models[8]. It em-
phasizes how these models simulate the core process of recognizing words as visual
objects, enabling empirical investigations into phenomena such as lexical decision,
masked priming, and word frequency effects. The paper highlights the advance-
ments in model complexity, from basic frameworks handling only small lexicons
of fixed-length words to sophisticated systems capable of simulating large-scale
data sets and reaction-time distributions. Models like the Spatial Coding Model
and the Bayesian Reader illustrate different theoretical approaches, such as con-
nectionist networks and probabilistic decision-making, respectively. The review
underscores the challenges of integrating insights across tasks and phenomena,
particularly when testing word recognition theories against real-world data.

In summary, word recognition is a complex interplay of visual processing, or-

thographic and phonological knowledge, and the mental representations of words
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stored in memory. These processes enable rapid and efficient decoding of written

language, forming the foundation for fluent reading and comprehension.

3.4 Higher level semantic processing

While the above models explain how words are perceived and recognised, they do
not explain how words are comprehended. While comprehension and semantic
processing is beyond the scope of this thesis, for the sake of completeness, this
section will briefly discuss some of the models used to explain what happens after
words are perceived and recognised.

[7] developed one of the most influential theories on the semantic process-
ing of text, known as the construction-integration theory of text comprehension
(CI-model). The CI-model posits that word recognition is achieved through a dy-
namic, interactive process where visual, orthographic, and lexical information is
processed simultaneously. Words, letters, and features are represented as nodes in
a network, and their activation levels are determined by interactions with neigh-
boring nodes through inhibitory and excitatory connections. This model explains
phenomena like word superiority (better recognition of letters in the context of
a word) and masked priming, emphasizing competition among words based on

orthographic similarity [8, 7]. Figure 3.6 summarises the CI model:

N ™

Text Sensory Working Long-term
presentation memory memory memory
Linguistic level )
N N Text y Prior
Words d Eyes d mental ) comprehension /" knowledge
representation

Figure 3.6: Cl-model, developed by [7], figure adapted from [8]

Kintsch (1988) developed a model which builds on the CI-model by incorpo-
rating additional mechanisms to address its limitations[7]. Specifically, the model
extends the CI framework to handle varying word lengths, masked priming ef-

fects, and more detailed representations of letter order, such as through spatial
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coding. Furthermore, Kintsch’s approach integrates probabilistic decision-making
processes, influenced by Bayesian principles, to model word recognition as an opti-
mal evidence accumulation process. This adaptation allows the model to simulate
a broader range of reading phenomena and refine its predictions in complex tasks

like lexical decision and masked priming.

3.5 Neurobiology and pathology of language processing

Language is a construct produced by the human brain, so having discussed the
cognitive aspect of reading, the neuroscience of reading will be examined next.
The neuroscience of reading focuses on how the brain processes written language,
converting visual symbols into meaningful representations. Reading relies on the
integration of multiple neural systems, with key regions in the occipital, temporal,
parietal, and frontal lobes playing distinct roles.

Many research has shown that the visual word form area (VWFA) plays a cru-
cial role in the processing of written words. Located in the mid-fusiform gyrus of
the left hemisphere of the brain, the VWFA is specifically involved in recognizing
and interpreting written language, allowing individuals to identify words quickly
and efficiently [112]. According to [112], the VWFA shows selectivity for visu-
ally presented words, meaning it responds more strongly to words than to other
types of visual stimuli. This area is thought to be essential for the development
of reading skills, as it helps in the transformation of visual input (the shapes of
letters and words) into meaningful linguistic representations.

One interesting observation made by Davies-Thompson et. al. (2016) is how
the VWFA interacts with the Fusiform Face Area (FFA) [112]. Both the VWFA
and the FFA are located in the fusiform gyrus, with the FFA located in the right
hemisphere and the VWFA in the left. Given their proximity, it is reasonable
to assume that the activation of VWFA would affect the activation of FFA, and
vice versa. Davies-Thompson et. al. found that these areas exhibit positive

correlations in activation, suggesting that when one is engaged, the other may
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also show increased activity, rather than an inverse relationship as previously
hypothesized. This interaction implies that while they serve distinct functions,
their processing may be influenced by broader cognitive factors, such as attention,
highlighting the complexity of their relationship in visual recognition tasks.
Kearns et. al. (2019) published a comprehensive tutorial on the neurobiology
during reading [9]. In typical readers, the brain processes reading through two
primary pathways: the dorsal pathway and the ventral pathway. The dorsal path-
way, often referred to as the decoding pathway, is crucial for linking letters to their
corresponding sounds, enabling the pronunciation of unfamiliar or novel words.
This pathway involves regions like the temporo-parietal cortex (including the an-
gular gyrus and supramarginal gyrus), which connect letters or letter sequences
to phonemes, and the inferior frontal gyrus, which sequences and articulates these
sounds. The ventral pathway, or the sight recognition pathway, processes famil-
iar words through rapid recognition in the occipito-temporal region, including
the fusiform gyrus (sometimes termed the visual word form area). This region
allows for efficient word recognition by accessing stored representations of words
and linking them to meaning and pronunciation. Figure 3.7 illustrates the dorsal

and ventral pathway that are activated during reading:
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Figure 3.7: Dorsal and ventral pathway of the reading brain [9]
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Kearns et. al. corroborates with Van den Boer’s study, with different terms
used for similar concepts. The step-by-step decoding process of the dorsal path-
way aligns with the serial model of reading, while the holistic processing of words
in the ventral pathway aligns with the parallel model of reading. Just as Van
den Boer and Jong had concluded, Kearns et. al. also found that reading typ-
ically involves a dynamic interaction between the two pathways [110, 9]. Early
readers and challenging words activate the dorsal pathway and serial processes,
while skilled readers shift to ventral dominance and parallel processing for familiar
words. Both pathways work together to enable fluent reading.

Another consideration in the neurobiology of reading is how it’s neural path-
way differs from speech. According to Buchweitz et. al. (2009), there are distinct
cortical areas that are specialized for processing the respective modalities (visual
or auditory) before the information converges in the amodal language network
[113]. Figure 3.8 summarises Buchweitz’s work.

Figure 3.8 illustrates how language information is processed in the brain.
Language information can enter the brain through visual or auditory pathways.
Visual language information, such as written text, is processed by the visual
cortex, notably in the fusiform gyrus, while auditory language information, such
as spoken words, is processed by the auditory cortex, particularly in the superior
temporal gyrus. After initial processing, the information is sent for higher-level
semantic analysis in an amodal network, meaning it is processed independently
of the original sensory modality. This amodal processing primarily involves the
left inferior frontal gyrus and middle temporal gyrus, which contribute to the
integration and interpretation of language regardless of whether it was initially
seen or heard [113].

It is worth mentioning that reading does not only involve orthographic, phono-
logical and semantic processing. Reading also relies heavily on the integration
of sensory, motor and memory systems [114, 115, 116]. Figure 3.9 provides a

basic overview on how the word processing parts of the brain interact with other
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systems to enable reading.

Sensory
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/ Word processing \
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Figure 3.9: Overview of how orthographic, phonological and semantic processing
integrate with the sensory, motor and memory systems

Long-term memory

Hippocampus

The sensory system, which is crucial for first picking up the visual information
of the text, was discuss in chapter 2. The oculomotor system, which controls the
eye movement to scan the text, was discussed in section 3.2. Working and long-
term memory, where information about the words we learnt, are beyond the
scope of this thesis. From this diagram, it can be seen that reading is not a linear
process but a dynamic interaction of distributed networks, integrating visual,

phonological, semantic, and cognitive resources to achieve fluent and meaningful
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reading.

3.6 Neurobiology of dyslexia

Understanding the various learning difficulties that can impact learner’s ability to
read and write can lead to improvements in the early diagnosis of these learners.
This allows for early intervention, so that they may receive the education which
they are entitled to. Furthermore, learners who are diagnosed young are more
likely to have a positive self-image [117].

According to the British Dyslexia Association, dyslexia is defined as a specific
learning difficulty which primarily affects reading and writing skills [118]. There
are many theories formulated to explain the mechanism of dyslexia, including
phonological theory, auditory processing deficit theory, visual processing deficit
theory, attentional deficit theory, cerebellar theory [119].

In an MRI study on dyslexic patients, Paz-Alonso et. al.(2018) mapped out
the language processing neural pathway of both dyslexic and control participants,
and highlighted brain region hypoactivation in dyslexic participants during read-
ing tasks [120]. 3.10 summarizes the findings of Paz-Alonso:

In the control group, language information goes from the orthographic process-
ing, which is the conventional spelling system of a language, to the phonological
processing. It then goes to sementic processing, where higher level language pro-
cessing is done. In dyslexic participants, hypoactivation was found in the brain
regions shown for orthographic, phonological and semantic processing. To cope
with reading tasks, dyslexic people develop compensatory strategies by developing
stronger functional connectivity between the thalamus and the inferior parietal
cortex and ventral occipitotemporal cortex during pseudoword reading, and be-
tween the hyppocampus and the pars opercularis during word reading. These
compensatory strategies may help dyslexic readers to engage more resources in
their reading tasks.

Ali et. al. (2021) conducted a review on the visual and auditory percep-
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tion in dyslexia [121]. They found that dyslexia is closely linked to difficulties

in processing phonological information within the temporal lobe, which signifi-
cantly affects one’s ability to read. Reading involves not only visual processing
of text but also converting graphemes (letters) into phonemes (sounds). People
with dyslexia often exhibit hypoactivation in the superior temporal gyrus, a key
area for integrating letters and speech sounds. This deficit impairs phonologi-
cal decoding, disrupting the audio-visual integration necessary for fluent reading.
As a result, dyslexics may struggle to associate sounds with written words, even
when their visual system functions normally, highlighting how impaired phono-
logical processing in the temporal lobe underpins reading challenges traditionally
associated with vision. This theory explains the findings in [122] and [120], and
demonstrates the similarity between dyslexia and Irlen Syndrome.

In readers with dyslexia, the activation patterns in these pathways are dis-
rupted, leading to reading difficulties. Kearns et. al. (2019) pointed out several
studies showing that individuals with dyslexia exhibit reduced activity in the
temporo-parietal and occipito-temporal regions during reading tasks, which cor-
relates with difficulties in decoding and recognizing words by sight [123, 124, 9].
Similar to what Paz-Alonso et. al. (2018) found, compensatory mechanisms may
emerge, such as increased reliance on the left precentral gyrus, which is involved
in articulation, or subcortical regions like the thalamus and striatum, potentially
reflecting alternative strategies to process written words [125, 120]. Dyslexic read-
ers may also activate subcortical regions, such as the striatum or thalamus, more
than their typical peers [126]. Due to the diverse function of each of these regions,
its difficult to ascertain their role in dyslexia. These atypical patterns highlight
the unique neurobiological adaptations dyslexic readers develop in response to
challenges in using the typical reading pathways.

One concept which might be able to help people with dyslexia is neuroplastic-
ity in reading acquisition. Neuroplasticity is the brain’s ability to reorganize itself

by forming new neural connections. Building on the concept of neuroplasticity,
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it follows that targeted training programs for individuals with dyslexia might be
developed. Meyler et. al. (2008) have found significant changes in brain activa-
tion following remediation, such training can lead to improved reading abilities
and more efficient neural processing [127]. By continuously adapting the training
to the individual’s progress and needs, educators can leverage neuroplasticity to

foster lasting improvements in reading skills and overall academic performance.

3.7 Dyslexia and Irlen syndrome

The relationship between dyslexia and Meares—Irlen Syndrome (MIS) has been
the subject of ongoing debate, particularly regarding the extent to which vi-
sual stress contributes to reading difficulties in certain individuals with dyslexia.
Although dyslexia is primarily characterised as a phonological processing disor-
der, a subset of individuals report symptoms—such as visual distortions, glare
sensitivity, and rapid fatigue when reading—that align more closely with MIS.
Understanding the degree of overlap between these conditions is therefore crucial
for determining whether visual stress acts as a separate but compounding factor
within dyslexic populations, or whether it represents a distinct condition that
requires its own screening and intervention strategies.

To investigate the potential association between the two conditions, Kriss
and Evans (2005) employed the Wilkins Rate of Reading Test (WRRT), a stan-
dardised measure designed to quantify visual stress—related reading impairments
[128]. The test was administered to both dyslexic participants and non-dyslexic
controls under two conditions: reading with no overlay and reading with each par-
ticipant’s preferred coloured overlay. Their findings demonstrated that although
both dyslexic and control participants showed statistically significant increases
in reading speed when using overlays, the effect size was notably larger in the
dyslexic group. This differential improvement was interpreted as evidence that
symptoms associated with visual stress—such as perceptual distortions, glare,

or instability of print—may be more prevalent or more severe among individ-
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uals with dyslexia. Kriss and Evans therefore suggested that Irlen Syndrome
might occur with slightly higher frequency within dyslexic populations than in
the general public, while also emphasising that MIS and dyslexia should not be
considered synonymous. Instead, their results support the view that visual stress
can act as a comorbid factor that exacerbates reading difficulties in some, but
not all, individuals with dyslexia.

Building on the work of Kriss and Evans, a more recent study by Alanazi et.
al. (2016) investigated the prevalence and symptom profile of MIS among female
medical students in Saudi Arabia [47]. Using a structured questionnaire designed
to quantify visual stress indicators—such as headaches, photophobia, text distor-
tion, or difficulty sustaining reading—the researchers classified participants into
four groups: those meeting criteria for MIS, those self-reporting dyslexia, those
presenting both conditions, and those with neither condition. Statistical analyses
were then used to compare the severity and frequency of visual stress symp-
toms across these groups, allowing the authors to identify patterns of discomfort
and to explore potential interactions between MIS and dyslexia in a non-clinical,
academically demanding population. The study found that students with MIS
exhibited markedly higher levels of visual stress relative to those without the con-
dition, supporting the validity of visual stress as a distinct construct. Moreover,
individuals who reported both dyslexia and MIS tended to show the highest levels
of symptom severity, suggesting an additive or compounding effect when the two
conditions co-occur.

Both of these studies showed that dyslexia and MIS can be considered to be
distinct but overlapping conditions, where both can be improved with the use of
coloured overlays. However, there are other studies that have demonstrated that
the evidence for classifying MIS as a separate disorder is weak, and visual stress
should be better understood as a symptom of other conditions, such as dyslexia,
rather than as a distinct diagnostic entity. Griffiths et. al. (2016) reviewed

the research literature on the effect of coloured lenses or overlays on reading



65

performance [129]. They concluded that there was no significant improvement in
reading difficulties when coloured lens were used, compared to when they were
not. cannot be endorsed and that any benefits reported by individuals in clinical
settings are likely to be the result of placebo, practice or Hawthorne effects.
Similarly, Miyasaki et. al. (2019), who reviewed decades of available studies on
MIS, also concluded that the existing literature showed high heterogeneity, with
many low-quality studies and insufficient high-level evidence on the existence of
MIS and treatment effectiveness [130]. They stated that it remains uncertain
whether MIS is a separate entity or part of the dyslexia spectrum.

All in all, whether or not MIS constitutes a distinct diagnostic entity, and
regardless of ongoing debate over the efficacy of coloured lenses, the research con-
sistently shows that a subset of individuals do experience visual stress that can
hinder their reading and visual comfort. Acknowledging this phenomenon does
not require full consensus on its underlying mechanisms, but it does underscore
the importance of recognising and addressing these symptoms when they arise.
At the same time, variability both within and between study samples highlights
the need for more rigorous, standardised approaches to identifying visual stress
and delineating its relationship with MIS, dyslexia and other reading-related dif-

ficulties.

3.8 Conclusion

In this chapter, the literature surrounding the visual processing of visual text was
explored. The movement of the eye as a reader scanned through the text was
discussed, which leads to a discussion on how the printed words are recognised
by the brain. Research on the neurobiology of the brain during reading in both
typical and dyslexic readers were then examined. This chapter demonstrated
the complexity of the network of neurons and brain parts which work tirelessly
together to enable us to read the text in this thesis.

The literature review conducted in this chapter have demonstrated the com-
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plexities between low-level analysis and higher-order processing, which, in the
case of reading, would be linguistic interpretation. This will be informative in
investigating how visual processing differs between digital stimuli and non-digital

stimuli.



Chapter 4

Mathematics of Signal Processing

4.1 Introduction

The purpose of this research is to examine neural processes associated with pro-
cessing the visual information of digital objects and non-digital objects. This
can be studied by having subjects observe digital and non-digital objects while
their EEG signals are being captured using an EEG system. The signals can
then be analysed using EEG signal processing techniques which will be discussed
in the next chapter. Techniques include frequency analysis to observe how the
amplitude of the brain waves changes with frequency, statistical analysis to com-
pare between two EEG signals, source reconstruction to localise the source of
the signal and connectivity analysis to compare how different parts of the brain
communicate one another.

In this chapter, we will discuss the mathematical foundations in signal process-
ing, in particular time-frequency transform and spatial transform. Understanding
the mathematics behind signal processing gives us a solid foundation on how they

work, and allow us to fine tune specific variables in order to get the desired results

4.2 Time-frequency transform

Time-frequency analysis is a powerful framework for understanding signals that
exhibit dynamic changes over time, making it particularly valuable in the study
of complex, non-stationary signals like EEG. Methods such as the Short-Time

Fourier Transform (STFT), Wavelet Transform, and the Hilbert-Huang Trans-
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form have emerged as key tools in uncovering these dynamic patterns, each offer-
ing unique strengths and limitations. The basis of these techniques is the Fourier
transform, which is discussed in Appendix B. The next section will discuss some
of the applications of Fourier transform, before discussing the more advance tech-

niques listed, which are built on Fourier transform.

4.2.0.1 Applications of Fourier Transform

Fourier transform is used in applications such as the filtering of signals at high or
low frequencies. These techniques are known as high-pass filtering and low-pass
filtering respectively. When the two techniques are combined (both high and
low frequencies are filtered out), the technique is known as band-pass filtering.
Fourier transform works by converting a signal from the time-domain into the
frequency-domain. In the frequency-domain, the signal can be easily manipulated
to remove frequency components which are undesired. This is done by multiplying
the Fourier transform F'(f) by a filter function H(f). The equation for low-pass
filter Hyp(f) (equation 4.1), high-pass filter Hy p(f) (equation 4.2) and band-pass

filter Hpp(f) (equation 4.3) are:

(
Lot |f| < fe
Hrp(f) = (4.1)
kO, if [f| > fe
0, if|f]<fe
Hup(f) = (4.2)
Lo if [f] > fe

Lot fp <|fI < fu
Hpp(f) = (4.3)

0, otherwise

Where f. is the predetermined cut-off frequency. The filtered signal in the

frequency domain can then be calculated using the equation 4.4:
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Ffiltered(f) = F(f) : H(f) (44)

After the filter function has been applied, the resulting frequency-domain sig-
nal can then be converted back to time-domain using the inverse Fourier transform

equation, equation 4.5:

Ho = [ B (45)

This produces a time-domain signal that contains only the frequencies within
the desired band. Equations B.1 and 4.5 form a reciprocal pair, which is the basis
for Fourier’s reciprocal integral relation [131]. This relation is the basis of the

Uncertainty principle discussed in the next section.

4.3 Uncertainty principle

One characteristic of the Fourier transform is that there is a trade-off between a
signal’s time resolution and frequency resolution. This characteristic is known as
the uncertainty principle. This principle is mathematically derived from proper-

ties of the Fourier transform [131], as will be shown below.
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Figure 4.1: Change in standard deviation of Fourier transform when the (a)
duration and (b) frequency is adjusted. Frequency has been normalised to zero.

The uncertainty principle is derived by analyzing the spread of the signal f(t)

in the time domain and the spread of its Fourier transform F'(w) in the frequency
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domain. Summarizing the work of [132], the time density can be defined as |s(t)],

which leads to the following definition for the mean time:

(t) = /t |s(t)|? dt (4.6)

Hence, the standard deviation of the signal in time At is defined as:

At = \/ / (t— ()2 |7 (1) dt (4.7)

Similarly, we can derive the following definition for the mean frequency from

the frequency density |s(w)|:

() = /t|s(w)|2dt (4.8)

Hence, the standard deviation in the frequency domain wy is:

Aw = \//(w — (W))2 |F(w)| dw (4.9)

These measures quantify the “spread® of the signal in time and frequency.
Using Cauchy—Schwarz inequality [133], it can be shown that the product of
these spreads satisfies the inequality:

At - Aw > (4.10)

N | —

This inequality expresses the uncertainty principle, illustrating that the nar-
rower a signal is in the time domain (smaller At), the broader it must be in the

frequency domain (larger Aw), and vice versa.

4.3.1 Short-term fourier transform

While the Fourier Transform allows us to analyzes signals in the frequency do-
main by breaking them into their constituent frequencies, it loses all time-related

information, meaning it cannot indicate when specific frequency components oc-
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cur in the signal. This limitation is particularly problematic for non-stationary
signals, like EEG, where frequency content changes over time. Hence, we need
methods which can transform a time-dependent signal into a two-dimensional
time-frequency product space. Mathematically, this can be represented using

equation 4.11:

H(t) — F(t, f) (4.11)

where H(t) is the time-dependent signal and F'(¢, f) is the time-frequency
transform. One of the methods which can achieve this is the Short-Time Fourier
Transform (STFT). The STFT expands on the Fourier transform by dividing
the signal into small time segments using a sliding window and performing the
Fourier transform on each segment. This allows the STFT to capture both time
and frequency information, providing a time-frequency representation that shows
how the spectral content of the signal evolves over time.

Here, a non-stationary surrogate signal will be generated to demonstrate how
STEFT works. Suppose we have the following surrogate signal F'(t), defined by

equation 4.12:

(

sin(8nt) + sin(207t), if 0 <|t] <3

F(t) = sin(127t) + sin(247t), if3 <|t| <6 (4.12)

sin(167t) + sin(28xt), if 6 < [t| <9

\

On a Cartisian plane, F'(t) can be plotted as shown in figure 4.2:

We can see that in F'(t), there exists different frequencies at different time
points. Performing a Fourier transform, we get the following magnitude plot as
shown in figure 4.3:

As can be seen from Figure 4.3, by applying a Fourier transform to our signal,
we only see that the signal contains the frequencies 4 Hz, 6 Hz, 8 Hz, 10 Hz, 12

Hz and 14 Hz. However, we do not know in which time point do these frequencies
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Figure 4.3: Magnitude plot of FF'T of signal

exist. Hence, if we want to be able to examine the different frequencies that exist
at different time point, we need a different method of analysis.

One way to resolve the issues with Fourier transform is through the use of
Short-Time Fourier transform (STFT). STFT first divides the signal into smaller,
overlapping time segments, and then performs the Fourier Transform on each

segment individually. Mathematically, this is done using equation 4.13:

SE(ft) =F, {H() - wD(t—7)} (4.13)

Given a signal H(7), the signal is first multiplied by the window function
w) (t—7), which is a time window centered around ¢. The result is then subjected
to Fourier transform F. The result is a complex-valued function of time ¢ and
frequency f [10].

By doing this, the STF'T provides a time-frequency representation of the sig-
nal, where each segment’s Fourier Transform reveals the frequency content within

each short time segment. This allows the STFT to capture how the frequency
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content of the signal evolves over time. The results of an STFT transform can be
represented on a spectrogram, which is a visual representation of the frequency
content of a signal as it changes over time [134]. It displays three key dimensions

of information:

1. Time (typically on the horizontal axis)
2. Frequency (typically on the vertical axis)

3. Amplitude or intensity (represented by color or brightness)

Performing a STFT on our signal using a segment length of 0.5s and no

overlaps, we get the spectrogram shown in figure 4.4.

Spectrogram of Signal

35

-20

w
o

-40

N
(6]

-60

N
o

-80

Frequency (Hz)
o

-100

—
o

-120

-140

Time (s)

Figure 4.4: Spectrogram of STF'T of signal

As can be seen from figure 4.4, the frequency is plotted against time, and the
magnitude is represented using a colour scale, as shown on the right of the spec-
trogram. This spectrogram shows how the signal’s frequencies vary over time, en-
abling the analysis of non-stationary signals where frequency components change
over the course of the signal. There are three segments shown, corresponding to

the frequencies in each of the three segments in the surrogate signal. We see that
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the signal contained frequencies at 4Hz and 10Hz from Os to 3s, 6Hz and 12Hz

from 3s to 6s and 8Hz and 14Hz from 6s to 9s.

While the STFT is useful in extracting information on how the frequencies
in a signal change over time, it is still limited due to its fixed window size. This
means that it has a constant resolution for both time and frequency throughout
the signal. This results in a trade-off: a narrow window provides good time

resolution but poor frequency resolution, while a wide window does the opposite.

4.3.2 Wavelet transform

The wavelet transform breaks down signal components across both time and
frequency domains using scalable wavelets, localized wave-like functions that can
stretch and compress, to capture both the frequency content and the time at
which specific frequencies occur. This allows the resolution to be adjusted on
the basis of the frequency content of the signal. It uses shorter windows for
higher frequencies (providing better time resolution) and longer windows for lower
frequencies (providing better frequency resolution), making it ideal for analyzing
non-stationary signals.

Wavelets are constructed by scaling and translating a “mother wavelet“, a
base function that serves as the prototype for all other wavelets. To qualify as a

wavelet, the function ¢(t) must satisfy two main conditions:

1. It must have a zero mean ([t (t)dt = 0)

2. It must be square-integrable (finite total energy) (/- [ (t)? dt < o)

One of the basic wavelets that has been used to process EEG signals is the
Morlet wavelet. Morlet wavelet, as defined by [135], is a sine wave tapered by
a Gaussian [136, 135]. While many improvements on the Morlet wavelet have
been proposed [136], and there are many different types of mother wavelets used
for signal processing [137], this chapter will focus on the original Morlet wavelet

proposed by [138].
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Mathematically, the Morlet wavelet can be represented using equation 4.14:

i _ 42
w = eX ez (4.14)

with a range of t centered at ¢ = 0 to avoid phase shift. o is the width of the

Gaussian, which is defined mathematically using equation 4.15

n
o=—
2 f

(4.15)
where n defines the time-frequency precision trade-off, and is often referred to
as the “number of cycles.” The wavelet can be scaled in the x-axis by modifying
f, and scaled in the y-axis by modifying n. This is demonstrated in Figure 4.6:
As with STFT, the aim of wavelets is to generate a time-frequency spectro-
gram from the raw signal. Once the mother wavelet has been chosen, a signal can
be converted from time-domain to its time-frequency representation by means of
convolution between the signal and the wavelet. According to [139], a convolu-
tion is an integral that expresses the amount of overlap of one function as it is
shifted over another function. In other words, two functions are placed one over

the other and the area under the graph, which is covered by both functions, is

calculated. Mathematically, this can be represented using the equation 4.16.
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f*g—/ F(r)glt - 7)dr (4.16)

where f * g denotes the convolution between f and ¢g. An animation on the
calculated area can be found in [139]. This is particularly useful in the signal
processing of EEG signals as the signals can be split into segments, which are
then compared to a wavelet of fixed frequency. The amplitude of each frequency
at a given time frame in the signal can then be determined.

Mathematically, the convolution between the signal F(¢) and the mother

wavelet W(¢) can be expressed using equation 4.17:

+oo

H(t) = F(t) = U(t) = /_ F(r)U(t — 7, fo)dr (4.17)

o0

Scaling the wavelet by a factor of a, we get the equation 4.18:

H(a,t) f/ T f)dr (4.18)

Performing a wavelet transform using the Morlet wavelet on our signal, we

get the scalogram shown in figure 4.4.
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Figure 4.6: Scalogram of wavelet transform of signal with Morlet wavelet
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Looking back at figure 4.6, we observe 3 segments similar to what we observed
in the STFT spectrogram (figure 4.4). However, we also observed that there is a
trade-off between time and frequency resolution. At higher frequencies, the band
are wider due to the higher range of possible frequencies and lower frequency
resolution, and the band shift as time progresses are sharper due to the higher
time resolution, demonstrating the uncertainty principle in wavelet transform.
The ability for wavelet transform to allow for adaptive resolution—using narrow
windows for high-frequency components (which often vary quickly and need good
time resolution) and wide windows for low-frequency components (which are more
stable and need better frequency resolution) improves on this trade-off compared
to the Short-Time Fourier Transform (STFEFT).

In particular, the bandwidths of neural rhythms are organized in a logarithmic
progression to account for the uncertainty principle. As [140] has discussed, the
uncertainty principle, when applied to the log scaling of bandwidths in physiolog-
ical signals such as EEG, highlights the fundamental trade-off between time and
frequency resolution. Logarithmic scaling is crucial because neural rhythms span
a wide range of frequencies, from slow delta waves to fast gamma oscillations, each
associated with different cognitive and physiological states. As will be discussed
in the next chapter, this allows for the dynamic adjustment of the time-frequency
resolution, so that finer frequency details are captured during low brain activity,
and changes in frequency can be captured more readily during high brain activity.
Logarithmic approaches, such as wavelet transforms, make this trade-off explicit

and efficient for analyzing the complex, non-stationary properties of EEG signals.

4.3.3 Hilbert transform

Another technique which is used in the processing of EEG data is called Hilbert
transform. As explained by [10], Hilbert transform generates an analytic signal
from the raw signal. This is achieved by applying a frequency-dependent phase

shift of 90 degrees to the signal’s Fourier components and suppressing negative
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frequencies. The resulting spectral signal is then converted back to the time-
domain using inverse transform, generating a complex analytic signal, where the
real part is the original signal, and the imaginary part is its Hilbert transform.
This allows for the calculation of instantaneous amplitude and phase, which are
useful for extracting time-varying features from band-limited signals.

While the Hilbert transform is useful for generating complex analytic signal
from real signal, when applied to broadband and multi-component signal such as
EEG, the instantaneous frequency derived from the Hilbert transform becomes
ambiguous and difficult to interpret. The Hilbert-Huang Transform (HHT) builds
on the Hilbert transform by combining it with Empirical Mode Decomposition
(EMD). EMD adaptively decomposes a signal into a set of intrinsic mode func-
tions (IMFs), each representing an oscillatory mode whose frequency and ampli-
tude may vary over time. Once the signal is decomposed, the Hilbert transform is
applied to these IMFs to extract instantaneous frequencies and amplitudes. The
result is a Hilbert spectrum, a time-frequency-energy plot that reveals how signal
components vary over time. The Hilbert spectrum obtained from the surrogate

signal is shown in Figure 4.7:
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Similar to the spectrogram from the STF'T and the scalogram from the wavelet
transform, multiple temporal segments and dominant oscillatory components can
be observed. However, the instantaneous frequency estimates exhibit oscillatory
fluctuations around the expected frequencies, reflecting the sensitivity of EMD to
signal discretization, noise, and end effects. These fluctuations tend to increase
at higher frequencies due to limitations in phase differentiation and sampling

resolution.

4.3.4 Comparing the methods of transform

While each of the methods of transform presented above has its distinct advan-
tages, all of them ultimately resulted in similar transform signals. As highlighted
by [10], all three methods give time-frequency spectral results which are essen-
tially the same, as long as the relevant analysis parameters are matched with
each other. To demonstrate this point, [10] presented a graphical comparison of
the Fourier, Hilbert and wavelet convolution kernels, with center frequencies and
bandwidths being matched with each other, as shown in Figure 4.8.

Fourier transform Hilbert transform wavelet transform
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Figure 4.8: Figure to demonstrate the mathematical equivalence of Fourier,
Hilbert and Wavelet transforms [10].

In Figure 4.8, Bruns (2004) demonstrated that despite choosing different filter
forms for each transform, results are still very similar [10]. Had all three trans-
forms used Gaussian filters, the results from these three approaches could have

been even more perfectly identical.
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4.3.5 Applying methods of transform to EEG signal

While the above analysis did corroborate with Bruns’s results, it is important to
consider the characteristics of the signal to be analyzed in choosing a method of

transform. Figure 4.11 a shows a sample of the target of analysis: EEG signal:
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Figure 4.9: Sample of Raw EEG signal

As can be seen from Figure 4.11, EEG signals are complex, dynamic, and non-
stationary. They exhibit fluctuations in amplitude and frequency over time. The
non-stationary nature of EEG signals means that their statistical properties, such
as mean and variance, change over time rather than remaining constant. This is
due to the brain’s varying states, such as wakefulness, attention, and sleep, which
modulate neural activity across different regions. This non-stationarity requires
advanced analytical tools which can accurately capture the dynamic patterns of
the signal, so that the underlying physiological or pathological processes may be
interpreted.

Performing STF'T, Morlet wavelet transform and Hilbert-Huang transform,
we get the results shown in Figure 4.10:

As can be seen from Figure 4.10, the Morlet wavelet transform resulted in
the time-frequency representation which captures the most accurate information.

While the STF'T is conceptually and computationally simple, it is more suitable
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Figure 4.10: STF'T, Morlet wavelet and Hilbert-Huang transform of the EEG
signal

for stationary signals, where the statistical properties of the signal do not change
over time. Since STFT uses a fixed window throughout the signal, assuming
stationary within each window, it cannot adapt to the dynamic nature of EEG
signals, potentially missing important events. From Figure 4.10a, while the brain
activation at time 1.1 s was captured, it is not clear which frequency band the
activation was in. Furthermore, there are artifacts at time 1.6 s, while many
other weaker activations were not captured.

The Hilbert—Huang transform, although adaptive and well suited to non-
stationary data in principle, relies on Empirical Mode Decomposition (EMD).
This process can suffer from mode mixing, where different frequency components
are combined into a single IMF or split across multiple IMFs. Additionally,
the HHT produces instantaneous frequency estimates that are only reliable if
the IMF's are approximately narrowband and well-behaved, which is not always
the case for EEG signals that exhibit irregular, broadband, and highly dynamic
characteristics. As can be seen in Figure 4.10c, while the transform did capture
the brain activation at time 1.1 s, and other weaker activations, their frequency
characteristics are less clearly defined compared to the wavelet representation.

While the STFT and Hilbert-Huang transform are powerful tools for analyzing
signals, the wavelet transform is better suited to provide a time-frequency rep-
resentation for the non-stationary, broadband and dynamic nature of EEG data.

Unlike the STFT and the Hilbert-Huang transform, the wavelet transform offers
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multi-scale analysis, enabling simultaneous decomposition of EEG signals into
distinct rhythms. Its dynamic resolution makes it ideal for capturing transient
events like task-related bursts or evoked potentials. Additionally, the wavelet
transform’s robustness to noise and flexibility in choosing mother wavelets tai-
lored to EEG patterns further enhance its utility. Thus, the wavelet transform is
the most versatile and effective for EEG signal processing, and will be used for

this thesis.

4.3.6 Limitations of single-sample evaluation

While the above comparison demonstrates the differences in the time-frequency
representations produced by the STF'T, Morlet wavelet transform, and Hilbert-
Huang transform, it is important to acknowledge that this evaluation is based
on a single EEG recording. As such, the results should not be interpreted as a
universal performance ranking applicable to all EEG signals. EEG recordings ex-
hibit substantial variability depending on subject, task, recording conditions, and
the presence of artifacts. Consequently, the observed behaviour of each transform
must be interpreted in relation to the specific signal characteristics present in this
example.

EEG signals are subject to a number of well-established signal characteristics
that place distinct demands on time-frequency analysis methods. These include
transient artifacts such as eye blinks and muscle activity [141], broadband noise
resulting in low signal-to-noise ratios [142], non-stationarity arising from time-
varying neural dynamics [143], periodic interference such as mains line noise [144],
and low-frequency baseline drift [145]. Each of these characteristics violates, to
varying degrees, the assumptions of stationarity or narrowband behaviour that
underpin many classical signal processing techniques.

Transient events require high temporal resolution to be accurately localised,
while non-stationary oscillations necessitate adaptive frequency resolution. Peri-

odic interference can dominate spectral representations if not appropriately han-
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dled, and broadband noise can obscure weak but physiologically meaningful neu-
ral activity. The suitability of a given transform therefore depends not only on
computational considerations, but also on how its inherent assumptions align
with the dominant characteristics of the signal under analysis.

To complement the real EEG example and to isolate the influence of indi-
vidual signal characteristics, a set of synthetic EEG-like signals was generated.
Each synthetic signal was designed to emphasise a single common EEG chal-
lenge, including transient activity, broadband noise, non-stationarity, periodic
interference, and baseline drift, while maintaining a consistent underlying oscil-
latory structure. This approach enables controlled illustration of how different

transforms respond to specific signal features.
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Figure 4.11: Synthetic EEG-like signals emphasising one common EEG challenge
each

The synthetic signals are not intended to replicate the full physiological com-
plexity of real EEG data, but rather to provide targeted stress tests that highlight
the interaction between signal properties and analytical assumptions.

The baseline synthetic EEG signal (Figure 4.11a) was constructed as a lin-
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Figure 4.12: STFT, Morlet wavelet and Hilbert-Huang transform of the synthetic
EEG signal with transient artifact

ear superposition of three sinusoidal components representing canonical EEG
rhythms: a dominant alpha oscillation at 10 Hz, a beta component at 20 Hz with
half the amplitude of the alpha rhythm, and a lower-amplitude theta component
at 6 Hz. This combination produces a stationary, noise-free signal with a sta-
ble oscillatory structure and well-defined spectral content, serving as a reference
signal against which the effects of specific signal distortions can be assessed.

In Figure 4.11b, a transient artifact was localized to a narrow temporal win-
dow and shaped using a Hann window to produce a smooth onset and offset,
minimizing spectral leakage. STFT, Morlet wavelet and Hilbert-Huang trans-
form was applied to this signal in Figure 4.12:

For the signal containing a transient artifact, the STFT (Figure 4.12a) detects
a short-duration broadband energy increase, but the fixed analysis window results
in temporal smearing and reduced localization of the artifact onset. The Morlet
wavelet transform (Figure 4.12b) provides the clearest representation of the tran-
sient, capturing its abrupt temporal structure across a wide range of scales while
preserving the surrounding oscillatory activity. In contrast, the Hilbert-Huang
transform (Figure 4.12¢) decomposes the transient into multiple intrinsic mode
functions, which, while temporally precise, can complicate interpretation due to
mode mixing and reduced consistency across realizations.

In Figure 4.11c, broadband noise was introduced by adding zero-mean Gaus-

sian white noise to the baseline EEG signal, resulting in a low signal-to-noise
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Figure 4.13: STFT, Morlet wavelet and Hilbert-Huang transform of the synthetic
EEG signal with broadband noise

ratio condition. STFT, Morlet wavelet and Hilbert-Huang transform was applied
to this signal in Figure 4.13:

In the broadband noise condition, the STFT (Figure 4.13a) produces a dif-
fuse time—frequency representation with poor contrast between noise and oscil-
latory components. The Morlet wavelet transform (Figure 4.13b) offers superior
interpretability by concentrating rhythmic activity into well-defined time—scale
regions, allowing dominant EEG rhythms to remain identifiable despite elevated
noise levels. Although the Hilbert—-Huang transform Figure 4.13c adaptively sep-
arates components, its instantaneous frequency estimates are sensitive to noise,
leading to fragmented and less stable representations compared to the smoother
and more robust wavelet-based results.

In Figure 4.11d, non-stationarity was introduced by replacing the stationary
alpha component with a sinusoid whose instantaneous frequency increased lin-
early over time from 8 Hz to 12 Hz across the recording duration. This frequency-
modulated oscillation was combined with a stationary beta rhythm, producing
a signal in which spectral characteristics evolve continuously over time. STFT,
Morlet wavelet and Hilbert-Huang transform was applied to this signal in Figure
4.14:

For the non-stationary signal with frequency drift, the STFT (Figure 4.14a)
captures the overall trend but lacks sufficient resolution to track gradual frequency

changes accurately. The Morlet wavelet transform (Figure 4.14b) performs best
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Figure 4.14: STFT, Morlet wavelet and Hilbert-Huang transform of the synthetic
EEG signal with non-stationarity
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Figure 4.15: STFT, Morlet wavelet and Hilbert-Huang transform of the synthetic
EEG signal with periodic interference

in this scenario, clearly revealing a smooth, continuous ridge corresponding to
the evolving dominant frequency over time. While the Hilbert—-Huang transform
(Figure 4.14c¢) provides high temporal resolution, its decomposition can introduce
variability in frequency estimates, making the wavelet transform the most reliable
and interpretable method for characterizing gradual non-stationary dynamics.

In Figure 4.11e, a sinusoidal component at 50 Hz was added to the base-
line EEG signal, representing power-line contamination commonly encountered
in EEG recordings. STFT, Morlet wavelet and Hilbert-Huang transform was
applied to this signal in Figure 4.15:

In the presence of periodic line noise, the STFT (Figure 4.15a) identifies the
interference as a persistent narrowband component, though its representation is
influenced by windowing effects. The Morlet wavelet transform (Figure 4.15b)
distinctly isolates the periodic interference across time with minimal distortion,

while simultaneously maintaining separation from lower-frequency EEG rhythms.
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Figure 4.16: STFT, Morlet wavelet and Hilbert-Huang transform of the synthetic
EEG signal with baseline drift

Although the Hilbert—Huang transform (Figure 4.15¢) separates the interference
into a distinct intrinsic mode function, its utility is limited by sensitivity to de-
composition parameters, whereas the wavelet transform provides a more stable
and transparent representation.

In Figure 4.11f, baseline drift was simulated by adding a low-frequency sinu-
soidal component at 0.2 Hz to the baseline EEG signal. STF'T, Morlet wavelet
and Hilbert-Huang transform was applied to this signal in Figure 4.16:

For the signal containing baseline drift, the STFT (Figure 4.16a) shows in-
creased low-frequency power but offers limited insight into the temporal evolution
of the drift. The Morlet wavelet transform (Figure 4.16b) most effectively cap-
tures the slow-varying baseline component as a large-scale feature while preserv-
ing higher-frequency oscillations, enabling clear multi-scale interpretation. The
Hilbert—-Huang transform (Figure 4.16¢) isolates the drift into a low-frequency
mode; however, the wavelet transform yields a more consistent and readily inter-
pretable separation of slow trends from neural activity.

Taken together, both the real EEG example and the synthetic signal illus-
trations indicate that, for non-stationary, broadband EEG signals containing
transient activity, the wavelet transform provides the most informative and in-
terpretable time-frequency representation among the methods considered. Ac-
cordingly, the wavelet transform is adopted as the primary analytical tool for

subsequent analyses in this thesis.
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4.3.7 Section summary

In summary, this section discussed the mathematics of some of the most com-
monly used time-frequency transform, namely STFT, wavelet transform and
Hilbert-Huang transform. These methods are tested on a sample EEG signal,
and the wavelet transform was found to be the most appropriate for the analysis
of EEG signal. The next section will move on from a discussion of time-frequency

transform to discuss a method of spatial transform, common spatial pattern.

4.4 Spatial transform

While time-frequency transforms are powerful tools for analyzing the temporal
and spectral dynamics of EEG signals, they primarily focus on how signal fre-
quency content changes over time. However, EEG signals are not only defined by
their temporal and spectral properties but also by their spatial distribution across
multiple electrode channels. This is where spatial filtering techniques can come
in. Spatial filtering of EEG signals involves enhancing or isolating specific neu-
ral activity by focusing on the spatial distribution of the signals across different
electrodes. Spatial transforms complement time-frequency analyses by focusing

on the spatial characteristics of EEG data.

4.4.1 Common spatial transform

One spatial transform technique used for EEG is the common spatial pattern
(CSP) algorithm [146, 147, 148, 149]. The CSP algorithm is a complex mathe-
matical algorithm which utilizes eigendecomposition, a mathematical technique
to separate a matrix into its eigenvector and its corresponding eigenvalue, to
amplify the variance between multi-channel EEG datasets. This makes CSP par-
ticularly valuable for identifying patterns of signal variances between different
conditions or tasks, and discriminating between them [150].

In this subsection, the geometric interpretation of the CSP algorithm will be
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explored, which allows us to visualize how the CSP algorithm differentiates two

different sets of EEG data.

4.4.1.1 Covariance matrix

The first step in the CSP algorithm is to generate the covariance matrix. The
covariance matrix is a fundamental mathematical concept used in statistics, signal
processing, and machine learning to describe the variability and relationships
between multiple random variables. It expands on the concept of variance, which
measures how much a single variable deviates from its mean, to a multivariate
setting. Specifically, the covariance matrix captures the variance of each variable
and the pairwise covariances between them, providing insight into how these
variables interact.

Mathematically, let X be a dataset with n observations of p variables, where
X is represented as an n X p matrix. Each column of X corresponds to a variable,
and each row represents an observation. To compute the covariance matrix >, we
first center the data by subtracting the mean of each variable from its respective
column. This yields a mean-centered matrix X,.. The covariance matrix is then

computed using equation 4.19:

Y= Xr'x, = | "7 s (4.19)

n—1

where X' is the transpose of the centered data matrix X, and the factor ﬁ
accounts for the degrees of freedom in the sample covariance estimation.

The resulting covariance matrix Y is a p X p symmetric matrix, where the
diagonal elements represent the variances of the individual variables, and the off-

diagonal elements represent the covariances between pairs of variables. A positive

covariance indicates that two variables tend to increase or decrease together, while
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a negative covariance suggests an inverse relationship. If the covariance is zero,
the two variables are uncorrelated.

One important property of the covariance matrix is that it provides a compact
representation of the data’s spread and relationships in multiple dimensions. In
the Common Spatial Pattern (CSP), the covariance matrix identify spatial pat-

terns that maximize the variance between conditions.

4.4.1.2 Eigenvector and eigenvalues

The next step in the CSP algorithm is the eigendecomposition of the covariance
matrix. To begin a discussion on how eigendecomposition works, we first need to
discuss the concept of eigenvector and eigenvalues.

When we transform a vector into a different vector shape, the magnitude and
direction of the vector changes. However, there are special vectors, which would
not change direction regardless of the transformation. These vectors are known as
eigenvectors. Figenvectors can still change in magnitude after a transformation.
The change in magnitude is known as eigenvalues. Mathematically, this can be

expressed using equation 4.20:

AV =\ (4.20)

Where A is the transformation matrix, 7 is the eigenvector, and A is the scalar
eigenvalue. This equation can also be understood as: the linear transformation

A of eigenvector T is equivalent to scaling K4 by a magnitude of \.

4.4.1.3 Eigendecomposition

Eigendecomposition is the mathematical process used to decompose a square
matrix, such as the covariance matrix, into its corresponding eigenvector and
eigenvalue. The eigenvector set generated from a covariance matrix can be used
as a spatial filter to project the signal onto a different space in order to maximise

or minimise its variance.
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Consider 2 eigenvectors, o1 and U, which are transformed by the same linear
transformation A. By taking o = [71 72] and substituting it into equation

4.20, we get equation 4.21:

A 0
A [71 72} = [71 72} (4.21)
0 Ao
At
Taking \ = , and rearranging the above equation, we get equation
0 Ao
4.22:
A=UNU! (4.22)

This is the formula for eigendecomposition, where a square matrix, a matrix
with the same number of rows as columns, is decomposed into its eigenvectors

and eigenvalues. The resulting eigenvector is then used as the CSP filter.

4.4.1.4 Generalized eigenvalue problem

Eigendecomposition only decomposed one signal at a time. However, the CSP
filter works with two signals from two different channels, such that it maximizes
the variance of one signal and simultaneously minimizes the variance of the other
signal. This is achieved through solving a generalized eigenvalue problem, which
ensures that the filters project the signals into a new space where the variances
of the two conditions are maximally separable. Consider the signal from 2 EEG
channels, each plotted on one axis. Figure 4.17 shows a visual intuition of how
the CSP filter projects the signal to maximise variance:

As can be seen from Figure 4.17, the CSP filters was applied on 2 surrogate
EEG channel signals. The signal from the 2 channels are plotted as coordinates
on a 2-D graph: one channel on the x-axis and the other on the y-axis. Fach
moment in time becomes a point in this space, forming a cloud of points that

reflects how the two channels vary together. Eigendecomposition finds new axes
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Figure 4.17: Visualisation of how CSP maximises the variance of the signal. D,
and D, are the linear regression line of channel 1 and channel 2 respectively.

that best describe the structure of this cloud. In the context of CSP, these new
axes are chosen so that the variance of the signal is maximised along one direction
and minimised along the other. Graphically, it is like rotating the coordinate
system so that one new axis aligns with the direction where the EEG points
spread out the most, capturing the channel whose activity is strongest for that
condition, while the second axis aligns with the direction where the spread is
smallest, capturing the channel that is suppressed for that condition. The result
is a pair of transformed “virtual channels” where one output emphasises the signal
of interest and the other deemphasises it.

Mathematically, the generalised eigenvalue problem can be solved using using

equation 4.23:

AT = \ABW (4.23)

Where A and B are the matrixes to be decomposed, 7 is the common eigen-
vector set, or spatial filter, and A is the corresponding eigenvalues. Here, the
eigenvalues represent the variance ratio between the variances of the projected A

and projected B. Mathematically, this can be expressed using the equation 4.24:

Variance of projection of A

=\ 4.24
Variance of projection of B ( )



93

This means that the variance ratio \; can be used to determine the effective-
ness of the spatial filter . When )\, >> 1, variance of A is maximised while
variance of B is maximised. When )\; << 1, variance of B is maximised while
variance of A is maximised. When )\; & 1, variance of both A and B are similar,
so these projections are typically not as useful for discriminating between the
classes and are often ignored in classification tasks. This means that the further
)\; is from 1, the more effective the filter ¥ is in discriminating between A and
B.

Once an appropriate spatial filter o have been calculated, the signals A and
B can be multiplied by o to project A and B onto a space which maximises the

differences between their variances.

4.5 Other spatial transform methods

There are other spatial transform techniques like connectivity analysis and beam-
forming technique that are commonly used on EEG signal. However, they are
out of the scope of this thesis due to the fact that they require an fMRI machine
to capture the structure of the participants’ brains, which were not accessible
throughout the duration of this research. While it is possible to use a generic
brain model for every single participant, the results would not be as accurate.
Hence, these techniques have been left out of the thesis. For interested read-
ers, [151] and [152] have done fantastic tutorials on connectivity analysis and

beamforming respectively.

4.6 Conclusion

In this chapter, we looked at some of the mathematical foundation upon which sig-
nal processing of EEG signals rely on. We compared some commonly used time-
frequency techniques in EEG signal processing, namely STFT, Wavelet transform
and Hilbert-Hwang transform. We concluded that Wavelet transform would work

the best for EEG applications, due to the non-stationary, broadband and dynamic
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nature of EEG signal. We then examined CSP filters, a common spatial trans-
form technique used in EEG signal processing to amplify the differences between
the signals from 2 EEG channels. In the next chapter, we will examine some of
the signal processing techniques which have been applied to EEG signals, and
build a signal processing pipeline, which uses both wavelet transform and CSP
filters, and will be used in the EEG experiment on visual processing of digital

and non-digital stimuli.



Chapter 5

EEG signal processing techniques and pipeline

5.1 Introduction

In the previous chapter, the mathematics of signal processing techniques used
for processing EEG signals were discussed. In this chapter, the signal processing
techniques will be put together and applied to a public dataset to assess its
effectiveness.

For many centuries, what goes on in our brain had been a mystery. In the
past, the only way to study the brain is to obtain the brain slices from a de-
ceased patient. In recent years, new neuroimaging techniques and technologies
have emerged, which allows clinicians and researchers to examine patients’ brains
while they are still alive. The ability to observe brain activity provides researchers
with valuable insights for developing tailored interventions for individuals. Re-
search into brain function and structure can reveal how various factors, such as
lesion location, functional requirements, and medical history, affect treatment
approaches.

There are many different techniques which can be used to detect the signals
from the brain. These techniques can be classified as invasive, semi-invasive and
non-invasive. Rao (2013) and Eliassen et. al. (2008) have already written compre-
hensive details about how each of these techniques work [153, 154]. In this section,
we will focus on the non-invasive techniques, in particular, electorencephalogram
(EEG), magnetoencephalogram (MEG), functional near-infrared spectroscopy

(fNIRs) and functional magnetic resonance imaging (fMRI). The works of Rao
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and Eliassen will be summarised, with examples on how each of these techniques
are applied.

Electroencephalogram (EEG) measures the electrical signals from the brain
through electrodes placed on the scalp. In particular, it measures the sum of
postsynaptic potentials from the neurons oriented radially to the scalp [154]. The
advantages of using EEG include good temporal resolution, portability and cheap
implementation. However, EEG typically have poor spatial resolution, easily
corruptible signals and may require intensive post-processing. EEG have been
used to gather information about patient’s recovery during rehabilitation [153].
Finnigan and Van Putten (2013) conducted a literature review on the different
features and quantitative measures of EEG which have shown to provide value
to medical diagnosis [155]. EEG have also been used to allow patients to control
a robotic limb or exoskeleton. He et. al. (2018) conducted a literature review on
robotic systems controlled by EEG and found that while EEG has some potential
to be used as a robotic control system, more research would need to be conducted,
with particular focus on EEG denoising techniques and clinical trials [156].

Magnetoencephalogram (MEG) works similarly to the EEG, except that in-
stead of capturing electrical signals from the brain, it captures the magnetic
signals. This is possible due to the concept of Maxwell’s displacement current,
which postulates that a changing electric field can induce a magnetic field. As the
neurons fire electrical signals, these electrical signals can generate small magnetic
field oscillations at right angles to the current flux, which can be picked up by
an MEG system [153]. MEG are at times preferred over EEG due to its higher
spatialtemporal resolution as compared to an EEG [154, 157]. Mellingeer (2007)
developed an MEG-based brain computer interface (BCI) system and compared
the training output with a state-of-the-art EEG-based BCI system [157]. They
found that both MEG-based and EEG-based BCI systems have comparable per-
formance, thus demonstrating the feasibility of using MEG for BCI applications.

Another drawback to MEG is its large immobile hardware. However, in recent
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years, researchers have developed the optically pumped magnetometer (OPM)
based MEG, which is capable of capturing brain signals even with large move-
ments [158, 159].

Functional near-infrared spectroscopy (fNIRs) measures changes in blood oxy-
gen level caused by increased neural activity in the brain, by detecting near-
infrared light absorbance of hemoglobin in the blood, which could be oxygen-rich
or oxygen-poor [154]. The advantages of using fNIRs include portability, no
movement restriction, less signal corruption, and cheap implementation. How-
ever, fNIRs can only measure signal close to the skull, unlike fMRI. Rea et. al.
(2014) first presented the evidence that fNIRs can detect the intention to move
a lower limb in the brain signals of stroke patients. fNIRs have been used to
investigate different brain activities in stroke patients [160]. Lin et. al. (2013)
have used fNIRs to investigate cortical control while stroke patients are cycling,
and Arun et. al. (2020) have used fNIRs to investigate the resting state pattern
for the motor cortical network in stroke patients [161, 162]. While advanced sig-
nal processing techniques enabled fNIRs to be used for the diagnosis of certain
neurological conditions, the temporal and spatial resolution of fNIRS will need
to be improved for a more robust clinical usage within subjects [163].

Functional magnetic resonance imaging (fMRI) detects changes in blood flow
due to increased activations of neurons in specific regions of the brain while the
subject is performing certain tasks. As neurons become active, they would require
more oxygen from the blood. The local capillaries will dilate in response to this
increased need for blood, resulting in an increase in blood flow, which can be
detected by fMRI [154]. fMRI has a much higher spatial resolution compared
to other non-invasive techniques. However, it has poor temporal resolution, not
portable, expensive, and subjects will not be able to move while being scanned.
fMRI have been used to map the brain region responsible for various neurological
functions, including those involved in brain plasticity and stroke recovery [164,

165, 166]. fMRI can also be used to predict each patient’s treatment outcome by
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examining the lesion in their brain [167].

It is worth mentioning that these technologies can be combined to leverage
on each of their advantages. [168] developed a multimodal neuroimaging system
integrating OPM-based MEG, EEG, fNIRS. This system measures both brain
electrophysiological activity and hemodynamic responses simultaneously. The
OPM sensors provide flexible placement and enhanced signal power due to prox-
imity to the scalp. The EEG cap is compatible with MEG and includes electrodes
with minimal magnetic interference. The fNIRS component employs light sources
and detectors for measuring cortical hemodynamics. These modalities are com-
bined in a magnetically shielded environment, enabling high-resolution, simul-
taneous acquisition of neural and vascular signals, facilitating advanced studies
of neurovascular coupling and potential applications like BCI and wearable neu-
roimaging.

Each of the techniques discussed above have their benefits and drawback,
differing in factors such as spatial resolution, temporal resolution, portability and
financial cost. For example, fMRI have excellent spatial resolution while lacking
in temporal resolution, while EEG is the opposite. The key to choosing a system
is to understand the needs and aims of the research project [169]. In this research,
the system needs to be able to accommodate an HMD for virtual reality (VR)
and augmented reality (AR) projection. This limits our choice to EEG, which is
portable, cost effective and doesn’t take up too much space on the patients’ head.
It is possible to design VR and AR systems that do not require an HMD, such
as the Cave Automatic Virtual Environment (CAVE) system, which is a large,
room-scale, multi-display immersive VR setup that creates visual immersion by
surrounding the user with synchronized stereo displays [170]. However, those
system would not be able to provide as much immersion as using an HMD. Hence,

the rest of this chapter will focus on how EEG signals are processed.
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5.2 Illustrations of EEG systems

Figure 5.1 shows a person wearing an EEG cap, which is designed to hold elec-
trodes in predefined locations on the scalp. The cap facilitates consistent electrode
placement across participants by conforming to standardized electrode position-

ing systems.

Figure 5.1: Person wearing an EEG cap

EEG electrodes measure electrical potentials generated by synchronized neu-
ral activity at specific scalp locations. EEG electrodes can broadly be classified
into wet and dry types. Wet electrodes require the application of a conductive
gel to reduce electrode-skin impedance and generally provide higher signal qual-
ity, while dry electrodes do not require gel and offer faster setup and improved
usability at the expense of increased susceptibility to noise [171]. Electrodes may
also be categorized as active or passive: active electrodes incorporate a built-
in preamplifier at the electrode site to improve signal quality, whereas passive
electrodes transmit the raw signal to an external amplifier [172].

Figure 5.2 shows a schematic of a typical EEG acquisition system, adapted
from Velarde et. al. [11].

EEG electrodes are connected to amplification circuitry, either integrated
within the electrodes themselves or located in a central acquisition unit. The
amplified analog signals are then digitized via an analog-to-digital converter

(ADC). In many systems, analog filters are applied prior to digitization, such
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Figure 5.2: Typical EEG acquisition system schematic [11]

as high-pass filters to remove slow drifts and low-pass or notch filters to suppress
high-frequency noise and power-line interference. The digitized signals are sub-
sequently transmitted to a computer via a communication interface, where they
can be processed, visualized, and stored for offline analysis [11].

Figure 5.3 shows an example of raw EEG signals visualized using the Field Trip

toolbox [12].
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Figure 5.3: Example of raw EEG signals visualized using FieldTrip [12]

Visual inspection of raw EEG signals allows for the identification of artifacts
such as eye blinks, muscle activity, or excessive noise. Trials containing severe
artifacts may be corrected using artifact removal techniques or excluded from
further analysis.

Figure 5.4 shows an example of a scalp topographical map generated using
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FieldTrip [12].

Figure 5.4: EEG scalp topographical map generated using FieldTrip [12]

Scalp topographical maps provide a spatial representation of EEG activity
across the scalp, enabling researchers to identify regions associated with task-
related neural activity. These spatial patterns can then be interpreted in the
context of known neurophysiological mechanisms and cortical functional organi-

zation.

5.3 Brain-computer interface

The aim of this thesis is to study the visual perception (VP) of various subjects.
One way of doing that is with the use of Brain-Computer Interface (BCI) systems.
BCI systems are systems which allows for information to be directly transmitted
from the brain to a computer system, without relying on the brain’s regular
sensorimotor neural pathways [173, 174, 175, 176, 177]. BCI systems work by
first capturing electrical signals generated from neuron clusters within the brain,
using neuroimaging techniques such as EEG. These signals are then converted
to digital output, which can then be analysed or even used to control external
devices or computer system [178].

One of the most studied controlled signal types is Motor imagery (MI). MI

may be defined as a conscious mental state during an internally rehearsed motor
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act with any motor output [179, 180, 181]. In the context of BCI, MI involves

getting participants to mentally rehearse a predefined set of actions, while their
brain signals are being captured by EEG electrodes. These brain signals can then
be processed and analysed to study the brain processes involved in initiating and
generating motion [182, 183, 176]. While MI and VP are fundamentally different
neural activities, the techniques used to analysed the EEG signals generated from
both neural activities can be similar. Hence, in this chapter, techniques used to
analyse MI EEG signals will be reviewed, and tested on a public MI dataset.
The EEG analysis of MI signals aims to discriminate between the left MI from
the right MI by using the special characteristics of event-related desynchroniza-
tion and synchronization (ERD and ERS, respectively) in mu and beta rhythms
over the sensorimotor cortices during MI tasks [184]. Mu and beta rhythms
are sensorimotor EEG oscillations (mu a~ 8-13 Hz, beta ~ 13-30 Hz) that are
strongest over central scalp regions and typically decrease in power during move-
ment execution, motor imagery, or action observation, reflecting sensorimotor
cortical engagement [185]. On the other hand, the aim of this research is to dis-
criminate between EEG signals when different types of visual stimuli are being
perceived, namely 2D and 3D stimuli, or real and virtual stimuli. In processing
both MI and VP signals, the accuracy of classification depends heavily on the
quality of the noise removal, feature extraction and feature selection algorithms.
The methods for each of these techniques will be discussed later in this chapter.
Hamedi et al. (2016) conducted a review on current research into EEG-based
MI brain connectivity analysis [183]. Past research on brain regions involved in
MI were detailed, and challenges in using BCI systems for motor imagery were
identified, including motor variability and damage to parts of the brain involved
in motor imagery. Saha and Baumert (2020) conducted a review on inter-session
and inter-subject performance predictors could potentially improve BCI perfor-
mance [186]. In their review, they discussed the factors which affects motor vari-

ability, which includes individual differences in motor learning rates, structural
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and functional differences in brain networks, and the degree of motor impairment
in patients. Saha found that the EEG patterns associated with motor variability
partly explain intra-individual variability in sensorimotor rhythm-based BClIs.
Higher motor variability may allow some individuals to learn BCI skills faster.
Additionally, alterations in EEG signatures due to motor training are dependent

on intra- and inter-subject variability.

5.4 EEG signal processing pipeline

BCI techniques do not work with just the raw EEG signal. Instead, the signal
need to be processed before they can be interpreted or used. Various signal pro-
cessing and machine learning techniques have been used to process brain signals.

Figure 5.5 shows a typical pipeline used to proccess EEG signals.
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Figure 5.5: Typical EEG processing pipeline

In the next few subsections, each of these steps in the EEG processing pipeline
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will be discussed in detail.

5.5 Noise removal

EEG signals are inherently noisy due to spontaneous synaptic activity, which in-
troduces fluctuations in membrane potentials. These fluctuations cause random
noise that, while part of normal neural activity, can mask or interfere with de-
tecting specific brain signals [187]. Such noises are known as intrinsic noise. On
the other hand, noise can also come from external sources, such as muscle activity
(EMG), eye movements (EOG), power line interference, and other artifacts. Such
noise are known as contamination noise.

Noise in EEG requires specific filtering techniques to separate genuine neural
activity from these external interferences for more accurate analysis. As discussed
in Chapter 4, specific frequency filters can be used to filter out signal components
with frquencies which are either too high or too low. A low-pass filter can re-
move high-frequency noise, such as muscle artifacts, while preserving the slower
brainwave frequencies. A high-pass filter can eliminate low-frequency drifts and
artifacts, like those caused by sweat or slow eye movements, which can obscure the
relevant brainwave activity. Band-pass filters are particularly useful for isolating
specific frequency bands of interest, allowing the extraction of meaningful neural
activity while filtering out both lower and higher frequency noise [188, 189].

Lai et. al. (2018) conducted a comprehensive review of various EEG noise
removal techniques, including Independent Component Analysis (ICA), statisti-
cal methods, wavelet-based approaches, adaptive filtering, and machine learning.
ICA, a widely used technique, decomposes EEG signals into independent compo-
nents, enabling the identification and removal of artifacts. Statistical methods,
such as Multivariate Empirical Mode Decomposition (MEMD), are employed to
isolate artifact components. Wavelet-based techniques are often combined with
ICA or statistical approaches to further decompose signals and identify artifacts.

Adaptive filtering has demonstrated effectiveness in removing specific artifacts,



105

such as eye blinks [190, 189]. More recently, machine learning methods have been
introduced, utilizing classifiers trained on labeled artifact data to automate the
detection and removal of noise. The review concluded that hybrid approaches,
which integrate multiple techniques, achieve the best performance by effectively
eliminating artifacts while preserving critical signal information [190, 154].

One of the techniques mentioned, ICA, is particularly effective for separating
mixed signals into their original sources. In the context of EEG, each electrode
picks up signal from different part of the brain. They can also pick up artifacts,
such as eye movements, muscle activity, or electrical interference. With multiple
electrodes places on different positions of the scalp, the individual source signal
needs to be extract from the mixed signals captured by the electrodes, without
prior knowledge of the sources or the mixing process. This is known as the cocktail
party problem. ICA assumes that the mixed signals are linear combinations
of statistically independent source signals and that at least one source has a
non-Gaussian distribution. By estimating a demixing matrix, ICA separates the
mixed signals into independent components that correspond to the original sound
sources. An example of such a matrix would be the JADE (Joint Approximate
Diagonalization of Eigen-matrices) algorithm, which uses higher-order statistical
properties to ensure effective separation of sources [191, 192]. As Iriarte et. al.
(2003) have found, ICA can be a useful tool to clean artifacts in short EEG
samples, without having the disadvantages associated with digital filters [193].
There are many demixing matrices available, and readers who are interested in
the mathematical treatment of ICA demixing matrices may refer to Hyvarinen
et.al. (2001) [194].

Although ICA is a powerful tools to separate and remove noisy signals from
the desired signal, they require the researcher to 1) have knowledge of how the
noisy component looks like, and 2) visually inspect each component and manually
remove the noisy component. This might not be feasible especially if the dataset

is a public set, and the researcher analysing the dataset might not have complete
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information on the noise sources that may be present during the experiment.
Also, visual inspection of EEG signals is labour intensive. Hence, this might be

feasible if the dataset is small, but not if the dataset is big.

5.5.1 Trial rejection

Noise removal techniques are not magic erasers. They are not perfect in removing
all noises while at the same time leaving the desired signal untouched. There
are instances when a trial is just too noisy, perhaps due to excessive movement
during the trial, and the only option left is to remove them from processing. This
is typically done through a visual inspection of the EEG signal from each trial.
During this step, a researcher would typically look through the signal from each
trial and check if there are any unusual peaks, troughs, or entropy.

While visual inspection might be sufficient for a small dataset, when the
dataset gets larger, visually inspecting every trial will become tedious. As with
the decomposition methods of noise removal discussed above, this might be feasi-
ble for smaller datasets but not for larger ones. A researcher might then consider
automation to process larger datasets. One effective way to automate this is by
setting predefined thresholds for key signal metrics, such as amplitude, variance,
or power, to flag and remove trials with excessive artifacts. For example, tri-
als exceeding a certain amplitude range or exhibiting abnormally high variance
across channels can be automatically marked for rejection.

One issue with defining a global threshold is that it is not optimised to account
for different sensor noise level and experimental conditions, creating a risk of
overrejection and losing relevant EEG signals. To address this issue, Jas et.
al. (2016) introduced “Autoreject®, an innovative algorithm designed for the
automatic detection and correction of artifacts in single-trial M/EEG data [13].
Instead of simply defining the trial, Jas identifies the bad channels, then use that
information to repair the channels if the number of bad channels identified does

not exceed a predefined limit, and reject the trial if the limit is exceeded.
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The parameters 7, k and p are determined through a grid search method
aimed at minimizing a specific error metric. This is done using the following
calculations. Say we have a set of trials X, and thresholds L. For each threshold
[, where | € L, a trial x is considered a good trial when the PTP of z is less then

[. Mathematically, this can be expressed as:

Gy =z € X|ptp(x) <1 (5.1)

Next, the error matrix e, for the cross validation of one trial x and one

threshold [ is calculated using equation 5.2

€zl = HXGZ - Xaug

(5.2)

Fro

where ||-||,, is the Frobenius norm. The root mean square error (RMSE)
is computed between the mean of the good trials (G; with the median of the
augmented trials X,,,. Here, X,,, is used as the validation set. This process
of cross validation will find an optimal value which rejects as many bad trials as
possible, while keeping as many good trials as possible. Autoreject consistently
matches or surpasses the performance of current alternatives, highlighting the

importance of sensor- and subject-specific parameter optimization.

5.5.2 Channel rejection/interpolation

Channel rejection is similar to trial rejection, in that channels that are deemed
to be too noisy are rejected. While this might work if the EEG was recorded
with a sufficiently large number of electrodes, the loss of information from one
electrode might significantly skew the results, such as in the case of EEG studies
focused on a specific region of the brain. Furthermore, in BCI applications, the
continuity of the EEG data might be critical. Hence, many EEG researchers opt
to interpolate the bad EEG channel instead.

Channel interpolation in EEG is a technique used to repair or reconstruct
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data from faulty or noisy electrodes that produce unreliable signals, ensuring the
integrity of the overall dataset. When a channel is identified as problematic due
to noise, poor connectivity, or other issues, it is temporarily excluded, and its
signal is estimated using information from the surrounding channels. This is typ-
ically achieved by applying spatial interpolation methods, such as the spherical,
barycentric or spline interpolation [195], which consider the geometric arrange-
ment of electrodes on the scalp. These methods assume that EEG signals vary
smoothly across neighbouring electrodes, allowing the missing data to be approxi-
mated by weighting the contributions of nearby channels based on their distances
and relationships.

Perrin et. al. (1989) proposed the spherical spline method, which assumes
that the head can be modelled as a sphere [196]. From there, this technique
calculates interpolated potentials using a combination of weights (coefficients)
that are determined by solving a system of equations derived from the known
potential values at electrode locations. These weights are applied to a function of
the cosine of the angular distance between points on the sphere, ensuring a smooth
and continuous map. Spherical splines are particularly advantageous compared
to other methods like thin plate splines because they are computationally efficient
and maintain accuracy in areas with fewer electrodes. Additionally, the spherical
spline framework simplifies the computation of scalp current density by directly
using the spherical Laplacian of the potential. This method improves the precision
of EEG mapping and current density estimation, even in undersampled regions,
while also being faster to compute. Lastly, this method is also integrated within
the Fieldtrip toolbox set, making it’s implementation seemlessly easy [12].

Nouira et. al. (2014) propose a novel framework for EEG channel interpo-
lation using deep encoder-decoder networks, which autonomously identifies the
spatio-temporal properties of EEG data to predict the values of missing chan-
nels [195]. Their method is designed to effectively interpolate EEG data for any

missing channel at any time, leveraging transfer learning to fine-tune the model
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using clean data from new subjects or tasks. This approach not only enhances
the accuracy of EEG data reconstruction but also allows for practical applica-
tion across various datasets without the need for extensive electrode localization.
However, due to the need to train a deep learning model, this method can be more
computationally intensive than the spherical spline method, especially during the

training phase.

5.5.3 Feature extraction

After the noisy trials and channels have been dealt with, the next step in the EEG
signal processing pipeline is to then extract meaningful features that can repre-
sent the underlying neural activity. Feature extraction involves applying mathe-
matical transformations such as time-frequency transform and spatial transform
approaches. As Chapter 4 has already discussed extensively about the mathe-
matics behind these transforms, this subsection will present examples of these
transforms applied on EEG signals.

Yamawaki et. al (2006) proposed two novel methods on time-frequency fea-
ture extraction, expression and classification for high-density EEG recordings
[197]. The first method was a single trial motor imagery (MI) classification strat-
egy for the brain—computer interface (BCI) applications by using time—frequency
synthesis approach to accommodate the individual difference, and using the spa-
tial patterns derived from electroencephalogram (EEG) rhythmic components
as the feature description [198]. The second method was a new algorithm by
means of frequency decomposition and weighting synthesis strategy for recogniz-
ing imagined right- and left-hand movements [199]. They then applied it to a
one-dimensional “cursor control” BCI experiment with online feedback [197].

Ferrante et. al. (2015) developed a classifier that combines Morlet wavelets
and Common Spatial Pattern (CSP) algorithms to address the noisy and non-
stationary nature of EEG signals [200]. The method achieves an average accuracy

of 88% across subjects using only about 10-15 training examples per class, making
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it significantly more data-efficient than existing approaches that typically require
hundreds or thousands of trials. This algorithm exploits both the oscillation
frequency range (focusing on the p-rhythm EEG frequency band at 7.5-12 Hz)
and scalp location information relevant to motor imagery. The researchers tested
the method on 8 healthy subjects performing left /right hand motor imagery tasks,
using single-trial analysis rather than averaging over multiple trials. The data-
efficiency of this approach could potentially reduce BCI training times by up to
100-fold, which may lead to improved adoption rates and make BCIs more feasible
for larger patient groups.

Murugappan (2011) developed a pipeline following a similar principle of com-
bining time-frequency filter and spatial filter [50]. They started the preprocessing
with the Surface Laplacian (SL) filter to remove artifacts and noise, improving
spatial resolution. Following this, the signals are decomposed into five frequency
bands (9, 6, a, 5, and ~y) using a Discrete Wavelet Transform (DWT) with three
wavelet functions, namely db8, sym8 and coif5. Both linear (e.g., power, variance)
and non-linear (e.g., entropy) statistical features are extracted from each band.
The extracted features are then fed into two classification models: K-Nearest
Neighbor (KNN) and Linear Discriminant Analysis (LDA), with the classifica-
tion process validated using 5-fold cross-validation [50]. Murugappan found that
KNN performed better than LDA, particularly when using entropy as a feature.
The study demonstrates the effectiveness of combining spatial filtering, wavelet-
based feature extraction, and simple classifiers for emotion recognition through
EEG signals.

In summary, combining a time-frequency transform and a spatial transform in
EEG analysis provides a powerful approach for capturing both the temporal and
spatial dynamics of brain activity. Together, these methods complement each
other: time-frequency transforms capture the temporal and spectral character-
istics of neural processes, while spatial transforms identify their anatomical or

functional origins. This combination improves the resolution and interpretability
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of EEG data, and increases the discriminability between signals so as to enhance

the classification of signals.

5.5.4 Feature selection

After the EEG signals have been transformed into meaningful representations
(features), the next step in the pipeline is feature selection. This step narrows
down these representations to retain only the most task-relevant ones.

Feature selection can be done using an understanding of the brain physiology.
Firstly, a knowledge on the function of each part of the brain allows researchers
to focus on the electrodes placed on the relevant parts of the brain. Figure
5.7 illustrates how electrodes can be isolated based on the type of experiment

conducted:

] Legend
1 2N Cognitive task
(P - W Motor tasks
|8 @ | Audio stimuli
U {/ Visual stimuli

Figure 5.7: General areas where activations can be expected in specific tasks and
when specific stimuli are presented. Please note that this is not meant to be a
comprehensive diagram on the areas of brain activation, but rather a basic illus-
tration to show that electrodes can be isolated based on the type of experiment
conducted.

Secondly, different brain activities and cognitive state emit electrical signals
in different frequency bands, and the relevant frequency bands can be selected

depending on the type of experiment conducted. For instance, delta waves (0.5-4
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Hz) are linked to deep sleep, theta waves (4-8 Hz) are associated with drowsiness
and light sleep, alpha waves (8-13 Hz) are connected to resting activity of the
occipital cortex and normal adult wakefulness, and beta waves (13-30 Hz) are
related to resting activity of the precentral cortex, speech and intellectual effort
[201]. Once the desired frequency band has been identified, a band-pass filter can
be used to isolate the desired frequency band.

Feature selection techniques in EEG signal processing can also be automated.
However, this thesis focuses more on knowledge on brain physiology for feature se-
lection rather than computational methods, so automated feature selection tech-

niques are beyond the scope of this thesis.

5.5.5 Classification

Once the features have been extracted and selected, the next step would be
to classify the features. Traditionally, classification of EEG data is done using
statistical methods. Recently, however, machine learning techniques have been
used to classify EEG data with reasonable accuracy.

Statistical methods are analytical techniques used to summarize, interpret,
and draw conclusions from data by identifying patterns, relationships, and signif-
icant differences through mathematical calculations and probabilistic reasoning.
Two commonly used statistical methods in EEG data analysis are Analysis of
Variance (ANOVA) and the independent t-test [202, 203]. These methods are de-
signed to test differences between groups or conditions. The independent t-test
compares the means of a single variable between two independent groups, such
as patients and controls, providing a simple measure of whether the difference is
statistically significant. However, the t-test is limited to two groups or conditions.
In contrast, ANOVA can compare the means of a dependent variable across multi-
ple groups or conditions, making it more suitable for experiments with more than
two levels. While the t-test evaluates one variable at a time, ANOVA extends

this by considering variability within and between groups, producing an overall
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F-statistic to indicate whether significant differences exist among groups. Both
methods require assumptions like normality and homogeneity of variance, and
in EEG studies with multiple comparisons, corrections like Bonferroni or false
discovery rate (FDR) are often applied to reduce the likelihood of false positives
[204].

On the other hand, machine learning methods are computational algorithms
that enable systems to automatically learn patterns and make predictions or de-
cisions from data without being explicitly programmed. Machine learning algo-
rithms such as Support Vector Machines (SVM), Convolutional Neural Networks
(CNN), and Long Short-Term Memory (LSTM) networks are widely used algo-
rithms for the classification of EEG data, each leveraging different strengths.
SVM is a powerful supervised learning algorithm that works well with high-
dimensional EEG data by finding the optimal hyperplane to separate classes,
making it particularly effective for linear and non-linear EEG feature classifica-
tion, such as mental state or motor imagery detection[205]. CNN, on the other
hand, excels at capturing spatial and temporal patterns in raw EEG data by
learning hierarchical features directly from input matrices, such as spectrograms
or raw signals, without the need for manual feature extraction. They are es-
pecially effective in identifying spatial dependencies across electrodes [206, 207].
LSTM networks, a type of recurrent neural network (RNN), are designed to han-
dle sequential data, making them ideal for classifying EEG signals by modeling
temporal dependencies, such as changes in brain activity over time [208]. While
SVMs are more interpretable and computationally efficient, CNNs and LSTMs
often achieve higher accuracy in complex EEG tasks by learning both spatial and
temporal patterns, though they require larger datasets and greater computational
resources for training. Together, these algorithms provide versatile tools for an-
alyzing and classifying EEG signals in diverse applications like brain-computer
interfaces, emotion recognition, and seizure detection.

Machine learning methods and statistical methods each offer distinct advan-
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tages in EEG data analysis. Statistical methods, such as ANOVA and inde-

pendent t-tests, are interpretable, computationally efficient, and well-suited for
hypothesis-driven studies where specific relationships between variables need to
be quantified. They provide robust tools for identifying significant effects and
trends in small to moderate datasets. In contrast, machine learning methods,
such as SVM, CNN and LSTM, excel at handling the high dimensionality, com-
plexity, and non-linear nature of EEG data. Machine learning can automatically
detect patterns, optimize features, and classify multi-dimensional data, making
it ideal for larger, more complex datasets. With the power that machine learning
methods offer, they often require extensive computational resources and larger
training datasets. With the strengths and weaknesses of both methods, it is im-
portant to understand the requirements of a research project before deciding on
the method to be used.

While these machine learning methods have demonstrated promising perfor-
mance in large-scale EEG datasets by learning discriminative features directly
from raw or minimally processed signals, their effectiveness is strongly dependent
on the availability of substantial training data [209] and careful model regulariza-
tion [210]. In this thesis, preliminary experiments were conducted using a sup-
port vector machine classifier. However, classification accuracy remained close
to chance level, likely due to the limited number of subjects and trials. More
complex deep learning architectures, such as LSTM-based models, were therefore
not pursued, as the available dataset was insufficient to support reliable training
and validation. Consequently, this work focuses on traditional signal processing
and statistical analysis methods, which are more suitable for small-sample EEG
studies, such as the visual processing study conducted within this thesis, and

offer greater interpretability.
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5.6 Conclusion

In this chapter, we discussed a general EEG processing pipeline, and some exam-
ples on each step of the pipeline. In the next chapter, we will apply this pipeline

to a public dataset.



Chapter 6

Applying processing pipeline to motor imagery dataset

6.1 Introduction

In the previous chapter, a general EEG processing pipeline was discussed. In
this chapter, a proposed pipeline, based on the previously discussed techniques,
will be presented and applied to a motor imagery (MI) dataset. The purpose
of applying the pipeline to the dataset will be to validate the pipeline for the

experiment conducted for this thesis.

6.2 Methods

6.2.1 Dataset

A dataset containing a set of 64-channel EEGs from subjects who performed
a series of motor/imagery tasks [14] was obtained from PhysioNet [211] by the
developers of the BCI2000 instrumentation system for brain-computer interface
research [212].

In this dataset, participants were asked to either perform or imagine a set
of motor movements in response to a visual stimulus presented on screen. The
visual stimulus is a target which would appear on either the left or the right
side of the screen. The participant will then perform or imagine moving the
limb, either their hand or leg, on the same side as the target on screen. While
this is being done, the participant’s EEG signal will be recorded by the BCI2000
system. The EEG signal were recorded from 64 electrodes as per the international

10-10 system (excluding electrodes Nz, F9, F10, FT9, FT10, A1, A2, TP9, TP10,
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P9, and P10) [14]. Figure 6.1 illustrates the placement of the electrodes on the

participants’ scalp:

Figure 6.1: 10-10 electrode placement system used in motor imagery dataset|[14].

While there are four different protocols used in this dataset: real hand motion,
imagined hand motion, real leg motion, imagined leg motion. While it is possi-
ble to analyse the whole dataset, it should be considered that hand MI usually
produces stronger, more localized EEG signals compared to leg MI [213, 150].
Furthermore, since the EEG visual perception experiment involves responding
to stimuli with a button press, which involves finger movement, and it would
more closely resemble hand MI. Hence, to simplify the analysis process, the anal-
ysis performed in this chapter will focus on the protocol where the participants

imagine their hand motion.

6.3 Procedure

Figure 6.2 summarises the pipeline used for the motor imagery dataset.

The analysis was done with Matlab and Fieldtrip [12]. The data is first



119

Raw data

Visual inspection

\ 4

Band-pass filter

\ 4

4 1\

Automated trial fil...

. J

\ 4

Trial balancing

\ 4

4 N\

Data split by chann...

. J
\ 4
4 N\
CSP
(. J
\ 4
4 N\

Wavelet transform

\ 4

Statistical analysis

(. J

Figure 6.2: Proposed EEG processing pipeline



120
imported into Matlab and converted into Fieldtrip readable format. The imported

data is then spliced into epoches. Each epoch is 2s long, both from the time the
stimuli is shown and the time the stimuli disappears (baseline). Each epoch is
then inspected through a visual inspection. The signal was then demeaned, before
a 4th-order, butterworth, infinite impulse response (ITR) band-pass filter between
1 Hz and 45 Hz was applied. The power spectral density of the signals before and
after filtering were inspected to ensure that frequency components outside the
target range were effectively attenuated while preserving relevant neural activity.
Next, an automated trial rejection algorithm, modified based on the trial rejection
algorithm proposed by Jas et. al. (2016) [13], was applied.

Most of the steps outlined by Jas in their algorithm were followed, except the
last step. In Jas’ algorithm, the trials that goes over the threshold have their
bad channels interpolated. The number of bad channels interpolated was based
on another threshold, as outlined in Chapter 5. In the proposed algorithm, to
reduce the computational load and speed up each iteration of the algorithm, the
last step was modified to just reject the trial instead.

Following the trial rejection, each trial is then split by channel, based on which
side of the motor cortex the channel is on. C5, C3 and C1 correspond to the left
motor cortex and C2, C4 and C6 correspond to the right motor cortex.

The resulting data were spatially filtered using the Common Spatial Patterns
(CSP) algorithm. CSP was applied to pairs of conditions (motor imagery vs.
baseline) and computed at the class level. For each condition, trial-wise covari-
ance matrices were first estimated and normalized by their trace to ensure equal
contribution of each trial regardless of signal amplitude. These normalized co-
variance matrices were then averaged within each condition, allowing unequal
numbers of trials across conditions without bias. To improve numerical stabil-
ity and reduce overfitting, particularly given the large number of baseline trials,
covariance matrices were regularized using shrinkage toward the identity matrix.

Spatial filters were obtained by solving the generalized eigenvalue problem of the
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two regularized class covariance matrices, yielding components that maximized
variance for one condition while minimizing it for the other. The resulting CSP
filters were subsequently applied to all trials, producing a reduced set of spatially
filtered time series for further time—frequency analysis.

After applying the CSP filters, time—frequency representations of the resulting
signals were computed using a continuous wavelet transform with complex Morlet
wavelets. The wavelet transform was applied separately to each CSP component
and each trial. Complex wavelet coefficients were converted to power by taking
the squared magnitude, and no averaging was performed in the complex domain
to avoid phase cancellation effects. The resulting wavelet power was then aver-
aged across trials within each participant and condition, yielding participant-level
time—frequency representations. The mathematical details of each of the trans-
forms can be found in Chapter 4.

Statistical analysis was performed using IBM SPSS Statistics for Windows,
version 31 (Armonk, NY: IBM Corp). Repeated-measures t-test is applied to com-
pare the participant-level time—frequency representations during baseline with
each side of the motor imagery. To compare both baseline/ motor imagery and

left MI/ right MI, a 2x2 repeated measures ANOVA was performed.

6.4 Results

6.4.1 Visualisation of wavelet transform

Figure 6.4 shows the wavelet transform of a sample trial on channel C5 and C6
during left hand motor imagery.

Figure 6.5 shows the wavelet transform of a sample trial on channel C5 and
C6 during right hand motor imagery.

Figure 6.4a shows the time—frequency representation of a representative trial
during left motor imagery at electrode C5. In this trial, an increase in power was
observed in the p band (7-13 Hz) approximately 0-1 s following stimulus onset.

This increase was not observed at the electrode C6 during left motor imagery



Left MI, C5

3

Time (s,

(a) Left motor imagery

55
50 '
40
=
L35
>
e -
3
825
w
20
15
10
0 0.5 1 15 2
)

120

100

123

Left MI, C6

20
18
16
14
12
10
8
6
4
2
15 2
(s)

0.5 1
Time (s

(b) Left motor imagery

Figure 6.4: Wavelet of sample trial of channel C5 and C6 during left motor

imagery

Right MI, C5

0 0.5 1
Time (s,

(a) Right motor imagery

15 2
(s)

[N

15

Right MI, C6

18
16
14
12
10
8
6
4
2
15 2
(s)

0.5 1
Time (s,

(b) Right motor imagery

Figure 6.5: Wavelet of sample trial of channel C5 and C6 during right motor

imagery



124

(Figure 6.4b). Furthermore, no comparable p-band power increase was evident
at either C5 or C6 during right motor imagery (Figures 6.5a and 6.5b).

As shown in Figure 6.1, electrode C5 overlays the left motor cortex, whereas
C6 overlays the right motor cortex. Due to the contralateral organization of the
motor system, activation of the left motor cortex is associated with motor pro-
cesses involving the right side of the body. The p-band power increase observed at
C5 during left motor imagery is therefore consistent with established neurophys-
iological models of motor imagery-related cortical activation. The absence of a
similarly clear pattern during right motor imagery may be related to participant
characteristics, such as right-handedness, although this interpretation remains
speculative.

Based on this observation, a hypothesis was formed that isolating u-band
activity in electrodes overlying the left motor cortex (C5, C3, and C1) would
enhance the discriminability between left and right motor imagery EEG signals.
This hypothesis was subsequently tested using the full dataset and participant-
level statistical analyses. To provide a more comprehensive characterization of
motor cortical activity, electrodes overlying the right motor cortex (C2, C4, and
C6) were also included in the analysis.

Following the hypothesis, a 4th-order, butterworth, infinite impulse response
(ITR) band-pass filter between 7 Hz and 13 Hz was applied on the demeaned

signal, and the analysis pipeline was rerun with the updated band-pass filter.

6.4.2 Statistical analysis comparing left hand motor im-

agery with baseline

Table 6.1, 6.2 and 6.3 show the descriptive statistics the average power of each
participant, comparing left MI and baseline, after CSP and Morlet wavelet trans-
form.

Table 6.4 shows the result of the repeated-measures t-test comparing the mean

power of each participant.
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Table 6.1: Table for descriptive statistics for left motor
imagery and baseline

Average power Mean Sample size Std. deviation

Left 119.018 522 162.539
Baseline 125.995 522 157.911

Table 6.2: Table for descriptive statistics for each side of
the motor cortex during left motor imagery and baseline

Average power Mean Sample size Std. deviation
Left C5,C3,C1 138.781 261 190.557
Left C2,C4,C6 99.255 261 125.869
Baseline C5,C3,C1 141.341 261 173.325
Baseline C2,C4,C6 110.649 261 139.476

Table 6.3: Table for descriptive statistics for each electrode
during left motor imagery and baseline

Average power Mean Sample size Std. deviation

Left C5 121.539 87 108.317
Left C3 162.184 &7 168.647
Left C1 132.621 &7 262.132
Left C2 116.347 87 115.110
Left C4 31.181 87 29.889

Left C6 150.238 87 161.682
Baseline C5 131.792 87 112.373
Baseline C3 167.090 87 156.929
Baseline C1 125.141 &7 229.217
Baseline C2 141.612 87 155.685
Baseline C4 32.000 87 30.442

Baseline C6 158.339 87 155.306

Table 6.4: Repeated-measures t-test comparing left motor imagery and
baseline EEG

t df  2-tail p Mean diff SD diff Lower Upper
Left,Baseline 2.910 521 0.004 6.977 54.773  2.267 11.686

It was found that the average power during left motor imagery, at 7 Hz to

13 Hz, from C1 to C6, was statistically significantly lower (119.018 4+ 162.539)
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compared to baseline EEG (125.995 + 157.991), ¢(521) = 2.910, p = 0.004.

Table 6.5 shows the result of the repeated-measures t-test comparing the mean
power of each participant on each side of the motor cortex, assuming equal vari-
ances.

Table 6.5: Repeated-measures t-test comparing left motor imagery with
baseline EEG for each side of the motor cortex

t df  2-tail p Mean diff SD diff Lower  Upper

Left,Baseline 0.787 260 0.432 2.560 52.545 —3.845 8.964
Ch, C3, C1
Left,Baseline 3.248 260 0.001 11.394 56.671  4.486 18.301
C2, C4, C6

In the left motor cortex (C5, C3, C1), it was found that the average power
during left motor imagery, at 7 Hz to 13 Hz, was not statistically significantly
different (138.781 4+ 190.557) compared to baseline EEG (141.341 + 173.325),
t(260) = 0.787, p = 0.432.

However, in the right motor cortex (C2, C4, C6), it was found that the average
power during left motor imagery, at THz to 13Hz, was statistically significantly
lower (99.255+125.869) compared to baseline EEG (110.649+139.476), ¢(260) =
3.248, p = 0.001.

Table 6.6 shows the result of the repeated-measures t-test comparing the mean
power of each participant for each individual electrode, assuming equal variances.

From Table 6.6, it was found that the average power of 2 electrodes during
left motor imagery, at 7 Hz to 13 Hz, was statistically significantly different
compared to baseline EEG. The average power of C5 was statistically significantly
lower (121.539+108.317) compared to baseline EEG (131.792+112.373), ¢(86) =
2.550, p = 0.013. The average power of C2 was statistically significantly lower
(116.347+115.110) compared to baseline EEG (141.612+155.685), £(86) = 3.522,
p < 0.001. The other 4 electrodes (C3, C1, C4, or C6) were not statistically
significantly different compared to baseline EEG (all p > 0.05).

However, following Bonferroni correction for multiple comparisons (a = 0.0083),
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Table 6.6: Repeated-measures t-test comparing left motor imagery with
baseline EEG for each electrode

t df 2-tail p Mean diff SD diff Lower Upper
Left,Baseline 2.550 86 0.013 10.253 37.502  2.260 18.245
ngt,Baseline 0913 86 0.364 4.906 50.137  —=5.779  15.592
ESft,Baseline —1.069 86 0.288 —17.480 65.265 —21.390 6.430
Eelft,Baseline 3.522 86 <0.001 25.264 66.909 11.004  39.525
Ejft,Baseline 1.856 86 0.067 0.816 4.101 —0.0582 1.690
Ejft,Baseline 1.080 86 0.283 8.101 69.979 —6.814  23.016

C6

agery with baseline

form.

C1, C2, C4, or C6; all corrected p > 0.05).

Table 6.7: Table for descriptive statistics for right motor
imagery and baseline

Average power Mean Sample size Std. deviation
Right 119.978 522 137.199
Baseline 125.984 522 143.568

only electrode C2 remained statistically significant. At this electrode, average
power during left motor imagery was significantly lower (116.347 +115.110) com-
pared to baseline EEG (141.612 4 155.685), ¢(86) = 3.522, p < 0.001. No statis-

tically significant differences were observed at the remaining electrodes (C5, C3,

6.4.3 Statistical analysis comparing right hand motor im-

Table 6.7, 6.8 and 6.9 show the descriptive statistics the average power of each

participant, comparing left MI and baseline, after CSP and Morlet wavelet trans-

Table 6.10 shows the result of the repeated-measures t-test comparing the
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Table 6.8: Table for descriptive statistics for each side of
the motor cortex during right motor imagery and baseline

Average power Mean Sample size Std. deviation
Right C5,C3,C1 135.598 261 165.628

Right C2,C4,C6 104.356 261 98.979
Baseline C5,C3,C1 141.209 261 164.614
Baseline C2,C4,C6 110.760 261 117.217

Table 6.9: Table for descriptive statistics for each electrode
during right motor imagery and baseline

Average power Mean Sample size Std. deviation

Right C5 154.194 87 135.302
Right C3 134.402 87 115.870
Right C1 118.198 &7 224.824
Right C2 103.428 &7 96.541

Right C4 132.882 87 118.404
Right C6 76.760 87 68.440

Baseline C5 164.830 &7 138.762
Baseline C3 137.127 87 118.518
Baseline C1 121.668 &7 218.299
Baseline C2 115.899 &7 133.033
Baseline C4 135.270 87 124.053
Baseline C6 81.110 &7 83.238

mean power of each participant, assuming equal variances.

Table 6.10: Repeated-measures t-test comparing right motor imagery and
baseline EEG

t df  2-tail p Mean diff SD diff Lower  Upper
Right,Baseline 1.881 521 0.061 6.007 72.969 —0.267 12.281

It was found that the average power during right motor imagery, at 7 Hz to 13
Hz, from C1 to C6, was not statistically significantly different (119.978 +137.199)
compared to baseline EEG (125.984 + 143.568), ¢(521) = 1.881, p = 0.061.

Table 6.11 shows the result of the repeated-measures t-test comparing the
mean power of each participant on each side of the motor cortex, assuming equal

variances.



129

Table 6.11: Repeated-measures t-test comparing right motor imagery with
baseline EEG for each side of the motor cortex

t df  2-tail p Mean diff SD diff Lower  Upper
Right,Baseline 1.136 260 0.257 5.610 79.793 —4.115 15.336
C5, C3, C1
Right,Baseline 1.577 260 0.116 6.403 65.591 —1.591 14.398
C2, C4, C6

In the left motor cortex (C5, C3, C1), it was found that the average power
during right motor imagery, at 8 Hz to 30 Hz, was not statistically significantly
different (135.598 £+ 165.628) compared to baseline EEG (141.209 + 164.614),
t(260) = 1.136, p = 0.257.

Similarly, in the right motor cortex (C2, C4, C6), it was found that the
average power during right motor imagery, at 8 Hz to 30 Hz, was not statistically
significantly different (104.356 + 98.979) compared to baseline EEG (110.760 +
117.217), ¢(260) = 1.577, p = 0.116.

Table 6.12 shows the result of the repeated-measures t-test comparing the
mean power of each participant for each individual electrode, assuming equal
variances.

Table 6.12: Repeated-measures t-test comparing right motor imagery with
baseline EEG for each electrode

t df 2-tail p Mean diff SD diff Lower Upper

Right,Baseline 1.354 86 0.179 10.636 73.276  —4.981  26.253
C5

Right,Baseline 0.382 86 0.703 2.725 66.551 —11.459 16.909
C3
Right,Baseline 0.334 86 0.739 3.470 97.014 —17.206 24.147
C1

Right,Baseline 1.414 86 0.161 12.471 82.248 —5.058  30.001
C2

Right,Baseline 0.299 86 0.766 2.389 74.589 —13.509 18.286
C4
Right,Baseline 1.629 86 0.107 4.350 24913 —-0.960  9.660

C6
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From Table 6.12, it was found that the average power of none of the electrodes
during right motor imagery, at 7 Hz to 13 Hz, was statistically significantly differ-
ent compared to baseline EEG. This pattern was consistent across all electrodes,
suggesting an absence of robust electrode-level power changes associated with

right motor imagery in this frequency band.

6.4.4 ANOVA comparing left MI and right MI

A 2x2 repeated measures ANOVA was performed with the factors Condition and
Laterality. The factor Condition has levels baseline and motor imagery, while the
factor Laterality has levels left and right. As there are only 2 levels for each of
the 2 factors, no tests of sphericity or post-hoc comparisons are required.

Table 6.13 shows the result of the repeated-measures ANOVA comparing the

mean power of each participant.

Table 6.13: Repeated-measures ANOVA comparing left and
right motor imagery EEG

df df error F Sig.  n?

P

Left,Right Condition 1 521 7.826 0.005 0.015
Laterality 1 521 0.015 0.902 0.000
Cond x Lat 1 521 0.091 0.763 0.000

From Table 6.13, a significant main effect of Condition was observed (F(1,
521) = 7.826, p = 0.005, nzz 0.015), indicating that EEG power differed between
motor imagery and baseline conditions when averaged across hemispheres. The
main effect of Laterality was not statistically significant (F(1, 521) = 0.015, p =
0.902), nor was the Condition x Laterality interaction (F(1, 521) = 0.091, p =
0.763), indicating that the magnitude of the motor imagery-related change did
not differ between the left and right hemispheres.

Table 6.14 shows the result of the repeated-measures ANOVA comparing the
mean power of each participant on each side of the motor cortex.

From Table 6.14, for the left motor cortex (C5, C3, C1), the main effect of
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Table 6.14: Repeated-measures ANOVA comparing left and
right motor imagery EEG

df df error F Sig. n?

Left,Right Condition 1 260 1.478 0.225 0.006
C5,C3,C1  Laterality 1 260 0.196 0.658 0.001
Cond x Lat 1 260 0.376  0.540 0.001
Left,Right Condition 1 260 7.730 0.006 0.029
(C2,C4,C6 Laterality 1 260 0.151 0.698 0.001
Cond x Lat 1 260 1.500 0.222 0.006

Condition was not statistically significant (F(1, 260) = 1.478, p = 0.225, nf) =
0.006). Similarly, no significant main effect of Laterality was observed (F(1, 260)
= 0.196, p = 0.658, ng = 0.001) and the Condition x Laterality interaction was
also not significant (F(1, 260) = 0.376, p = 0.540, n2 = 0.001). These results
indicate that motor imagery did not elicit differential changes in EEG power
relative to baseline within the left motor cortex cluster.

For the right motor cortex (C2, C4, C6), a significant main effect of Condition
was observed, F(1, 260) = 7.730, p = 0.006, nIQJ = 0.029, indicating a reliable
difference in EEG power between motor imagery and baseline conditions when
averaged across hemispheres. However, the main effect of Laterality was not
significant (F(1, 260) = 0.151, p = 0.698, nf, = 0.001), nor was the Condition x
Laterality interaction (F(1, 260) = 1.500, p = 0.222, n2 = 0.006). Thus, although
motor imagery produced significant power changes over the right motor cortex,
these effects were not lateralised.

Table 6.15 shows the result of the repeated-measures ANOVA comparing the
mean power of each participant for each electrode.

From Table 6.15, at C5, a significant main effect of Condition was observed
(F(1, 86) = 4.218, p = 0.043, nz = 0.047), indicating greater EEG power during
motor imagery relative to baseline when averaged across hemispheres. A strong
main effect of Laterality was also present (F(1, 86) = 50.709, p < 0.001, nf?

= 0.371), reflecting a robust hemispheric difference in power at this electrode.
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Table 6.15: Repeated-measures ANOVA comparing left and

right motor imagery EEG

df df error F Sig. n,
Left,Right Condition 1 86 4.218  0.043 0.047
Ch Laterality 1 86 50.709 <0.001 0.371
Cond x Lat 1 86 0.003  0.958 0.000
Left,Right Condition 1 86 0.669  0.416 0.008
C3 Laterality 1 86 14.583 <0.001 0.145
Cond x Lat 1 86 0.066  0.798 0.001
Left,Right Condition 1 86 0.075  0.785 0.001
C1 Laterality 1 86 3.129  0.080 0.035
Cond x Lat 1 86 1.215  0.273 0.014
Left,Right Condition 1 86 6.367  0.013 0.069
C2 Laterality 1 86 14.433 <0.001 0.144
Cond x Lat 1 86 4.707  0.033 0.052
Left,Right Condition 1 86 0.155 0.694  0.002
C4 Laterality 1 86 99.139 <0.001 0.535
Cond x Lat 1 86 0.040 0.842 0.000
Left,Right Condition 1 86 2.082  0.153 0.024
C6 Laterality 1 86 68.227 <0.001 0.442
Cond x Lat 1 86 0.268  0.606 0.003

However, the Condition x Laterality interaction was not significant (F(1, 86) =
0.003, p = 0.958, ”129 = 0.000), indicating that the motor imagery-related change
did not differ between hemispheres.

At C3, no significant main effect of Condition was found (F(1, 86) = 0.669,
p = 0.416, nf, = 0.008). In contrast, a significant main effect of Laterality was
observed (F(1, 86) = 14.583, p j 0.001, n2 = 0.145). The Condition x Laterality
interaction was not significant (F(1, 86) = 0.066, p = 0.798, n2 = 0.001).

At C1, neither the main effect of Condition (F(1, 86) = 0.075, p = 0.785, nz
= 0.001), nor the main effect of Laterality (F(1, 86) = 3.129, p = 0.080, ng =
0.035), reached statistical significance. The Condition x Laterality interaction
was also non-significant (F(1, 86) = 1.215, p = 0.273, n; = 0.014).

At C2, a significant main effect of Condition was observed (F(1, 86) = 6.367,
p = 0.013, nf, = 0.069). A significant main effect of Laterality was also present
(F(1, 86) = 14.433, p j 0.001, n> = 0.144). Importantly, a significant Condition
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x Laterality interaction was detected (F(1, 86) = 4.707, p = 0.033, n = 0.052),

indicating that the motor imagery-related change in EEG power differed between
hemispheres at this electrode.

At C4, no significant main effect of Condition was found (F(1, 86) = 0.155, p =
0.694, n2 = 0.002). However, a strong main effect of Laterality was observed (F(1,
86) = 99.139, p < 0.001, nJ = 0.535). The Condition x Laterality interaction
was not significant (F(1, 86) = 0.040, p = 0.842, n; = 0.000).

Finally, at C6, neither the main effect of Condition (F(1, 86) = 2.082, p =
0.153, ng = 0.024) nor the Condition x Laterality interaction (F(1, 86) = 0.268, p
= 0.606, nf, = 0.003), reached significance. A significant main effect of Laterality
was observed (F(1, 86) = 68.227, p < 0.001, n2 = 0.442).

Across electrodes, strong and consistent main effects of Laterality were ob-
served, indicating systematic hemispheric differences in EEG power that were
largely independent of motor imagery. In contrast, significant Condition x Lat-
erality interactions were rare, emerging only at electrode C2, suggesting that
lateralised motor imagery effects were spatially limited and not consistently ex-
pressed across the motor cortex. This pattern reinforces the conclusion that
motor imagery modulates EEG power, but that robust hemispheric asymmetries

are weak and electrode-specific at the scalp level.

6.5 Discussion

This chapter examined whether motor imagery (MI) elicits lateralised changes
in EEG power over the motor cortex, with particular emphasis on differences
between left (C5, C3 and C1) and right (C2, C4 and C6) hemispheric activity.
Initial repeated-measures t-tests indicated a significant decrease in EEG power
at 7 to 13 Hz, during left motor imagery relative to baseline in the right motor
cortex, whereas no significant difference was observed in the left motor cortex.
This observed reduction in EEG power reflects event-related desynchronisation

of the sensorimotor mu rhythm. This decrease in oscillatory power is a well-
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established marker of motor system activation and is commonly observed during
both executed and imagined movements. Higher power during baseline reflects
greater neural synchrony and cortical idling, whereas the reduction in power
during motor imagery indicates increased engagement of motor cortical networks.
Thus, the lower power observed during left motor imagery represents functional
activation rather than reduced neural activity.

In contrast, comparisons between right motor imagery and baseline did not
reveal significant differences in either hemisphere. One possible explanation for
the observed asymmetry in detectability is participant handedness. While the
public dataset did not indicate the handedness of the participants, based on the
percentage of left-handed people in the general population, it can be assumed
that most participants were right-handed. Hence, imagery of the dominant right
hand may rely on more efficient or automatised neural representations, leading to
weaker measurable effects. Conversely, imagery of the left hand may have required
greater neural recruitment, potentially resulting in larger or more detectable EEG
power changes. However, this interpretation remains speculative, as the present
analysis did not include handedness as an explicit factor, nor did it directly
compare dominant versus non-dominant imagery effects within a single statistical
model.

The observation of reduction in EEG power in the right motor cortex during
left motor imagery also appears consistent with the contralateral organisation of
the motor system, whereby imagery of one limb preferentially engages neural pop-
ulations in the opposite hemisphere. However, the repeated-measures ANOVA
provides a more appropriate framework for evaluating hemispheric asymmetry, as
it formally tests whether the magnitude of the MI-related change differs between
hemispheres. In this analysis, no significant Condition x Laterality interaction
was observed for either motor cortex electrode cluster. This indicates that al-
though motor imagery produced detectable changes in EEG power, these changes

were not reliably larger in one hemisphere than the other. Importantly, the ab-
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sence of an interaction demonstrates that differences in statistical significance
observed in the t-tests cannot be interpreted as evidence of a true hemispheric
difference in effect magnitude.

The main effects observed in the ANOVA further contextualise the t-test find-
ings. Over the left motor cortex (C5, C3, C1), no significant main effects of Con-
dition or Laterality were detected, indicating that motor imagery did not reliably
modulate EEG power in this region. In contrast, over the right motor cortex (C2,
C4, C6), a significant main effect of Condition was observed, reflecting greater
EEG power during motor imagery compared to baseline when averaged across
hemispheres. While this suggests that motor imagery effects were more readily
detectable over the right motor cortex, the lack of a significant Laterality effect
or interaction indicates that this activity cannot be attributed to hemispheric
specialisation per se.

Overall, the findings suggest that while motor imagery reliably modulates
EEG power relative to baseline, lateralisation effects at the scalp level are weak
and variable. The small effect sizes associated with Laterality and Condition x
Laterality terms further support this conclusion. These results underscore the
importance of using interaction-based analyses when investigating hemispheric
asymmetries, as reliance on separate within-hemisphere tests may lead to over-
interpretation. Future work incorporating higher spatial resolution measures or
more sensitive modelling approaches may be required to robustly capture con-
tralateral motor imagery effects.

No strong or consistent spatial pattern emerged when comparing individual
electrodes beyond those already discussed. While isolated electrodes such as
C2 showed statistically significant differences in some conditions, these effects
were not systematic across conditions or hemispheres. This suggests that mo-
tor imagery-related activity was distributed rather than focal, and that single-
electrode analyses may lack sufficient sensitivity or robustness in this dataset.

The absence of a clear electrode-level pattern is therefore not unexpected, par-
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ticularly given inter-individual variability and the smoothing effects of spatial
filtering and trial averaging.

A fundamental limitation of this study is the poor spatial resolution of EEG,
which restricts precise localisation of neural generators. Although EEG offers
excellent temporal resolution, its ability to resolve fine-grained cortical sources is
limited by volume conduction and electrode density. For this reason, EEG is of-
ten paired with fMRI to combine temporal and spatial precision. The absence of
fMRI data in this dataset prevents confirmation of whether the observed spectral
changes originated strictly from primary motor cortex or from associated premo-
tor and parietal regions. This limitation should be considered when interpreting
hemispheric and electrode-level findings.

An important overall observation is that statistically significant differences
were more readily detected when comparing motor imagery with baseline EEG
than when comparing left versus right motor imagery directly. This suggests
that while the pipeline effectively captures task-related motor imagery activity,
discriminating between imagery classes remains challenging with power-based
features alone. This finding aligns with existing literature indicating that motor
imagery classification often benefits from combining spectral, spatial, and tem-
poral features or from using advanced machine learning approaches. Future work
could explore subject-specific models, alternative frequency bands such as mu

and beta rhythms, or multimodal data to improve discrimination performance.

6.6 Conclusion

This chapter demonstrated that the proposed EEG processing pipeline is capa-
ble of capturing task-related neural activity associated with hand motor imagery,
as evidenced by consistent differences between motor imagery and baseline EEG
across sensorimotor regions and relevant frequency bands. Time—frequency anal-
yses revealed physiologically plausible patterns, including reductions in 7-13 Hz

power consistent with event-related desynchronisation, contralateral engagement
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during left motor imagery, and asymmetries plausibly related to participant hand-
edness. Together, these observations support the validity of the analysis approach
and its sensitivity to established markers of motor system engagement.
However, while reductions in sensorimotor power were most evident during
left motor imagery, particularly over electrodes associated with the right mo-
tor cortex, interaction-based analyses did not provide evidence for hemispheric
lateralisation of these effects. Instead, motor imagery—related changes were mod-
est, distributed, and variable across participants and electrodes. Overall, the
results suggest that although motor imagery reliably engages motor-related neu-
ral processes, its lateralised expression at the scalp EEG level may be subtle and
influenced by methodological factors such as spatial resolution, inter-individual

variability, and task design.



Chapter 7

Design of a 3D virtual and augmented reality platform

7.1 Introduction

In the previous chapter, we have explored technologies and techniques for neu-
roimaging. In this chapter, we will explore the technologies which generate the
simulations for the brain to respond to, in particular, extended reality (XR).
These XR technologies have opened new avenues of exploration, offering inno-
vative ways to study brain function, cognition, and perception. These systems
have the potential to push the boundaries of neuroscience research by creating
controlled and customizable environments for experiments, enabling researchers
to probe the complexities of human perception, behavior, and brain dynamics in
novel ways.

XR is an umbrella term that encompasses all immersive technologies, includ-
ing Augmented Reality (AR), Virtual Reality (VR), and Mixed Reality (MR).
These technologies blend real and virtual environments to varying degrees, offer-
ing users a spectrum of experiences that range from augmenting the real world
with digital overlays to fully immersing users in a virtual environment. AR is a
system that allows users to interact with their real environment while simulta-
neously overlaying digital content onto it. This creates a composite view, where
digital objects coexist with the physical world. VR, in contrast, immerses the
user in a fully digital, computer-generated environment, blocking out their real
surroundings entirely. [214].

In between AR and VR, we have MR, a technology that combines elements
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of both the physical and digital worlds, creating a hybrid environment where
virtual and real objects coexist and can interact in real time. Unlike AR or VR,
MR enables seamless integration between the two. In mixed reality, users can
manipulate and interact with virtual objects as though they were part of their
physical environment, often using advanced tools such as motion tracking, spatial
mapping, and artificial intelligence. Table 7.1 summarises the characteristics of

the different XR technologies.

Table 7.1: Summary of AR,VR,MR and XR

Technology Stimuli Real-world visi-
bility
AR Digital content overlayed on the real Visible
world
VR Fully immersive virtual environment Not visible
MR Anchored digital content that can inter- Visible
act with the real world
XR Umbrella term for AR, VR and MR

From the table, both AR and MR technologies allow users to see their envi-
ronment. This can be achieved with either a see-through lens or a front-facing
camera. While VR technologies don’t require the user to be able to see the real
world to be immersed in the virtual environment, many of them also have AR
and MR capabilities.

Many modern smartphones also have the capability for AR and VR. Mod-
ern smartphones are equipped with advanced sensors, processing power, and
portable display. In VR, smartphones are often used in conjunction with head-
sets like Google Cardboard [215] or Samsung Gear VR [216], providing immersive
360-degree experiences by utilizing their gyroscopes, accelerometers, and high-
resolution screens. For AR, smartphones leverage their cameras, GPS, and ac-
celerometers to overlay digital content onto the physical world, enabling AR ap-
plications like Pokémon GO [217]. AR development platforms such as ARKit

(i0S) and ARCore (Android) [218] enhance smartphone functionality, enabling
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accurate spatial mapping and real-time interaction with virtual objects. The af-
fordability and widespread availability of smartphones granted more people access
to VR and AR experiences.

Ko et. al. (2021) summarised the current technological advancements in
functional materials and devices for XR technologies [219]. It highlights recent
progress in developing haptic feedback systems, such as vibro-haptic and thermo-
haptic technologies, which enhance user immersion by simulating realistic sensa-
tions of touch and temperature in XR environments. The paper also emphasizes
the importance of wearable, skin-like sensors and actuators, which integrate seam-
lessly with human sensory systems to improve comfort and interactivity. Further-
more, it explores innovations in optical components for head-mounted displays,
such as transparent and deformable displays, as well as soft robotics for appli-
cations like surgical training and teleoperation. While these advancements offer
significant opportunities for immersive experiences and practical applications, the
paper also raises ethical concerns, including mental health risks, privacy issues,

and the potential for manipulation of users’ beliefs and emotions.

7.1.1 XR in neuoscience

AR, VR and MR systems have already been widely adopted in industries such
as gaming [220], retail [221], education [222], and therapy[223] for their ability
to enhance user engagement and simulate real-world scenarios. In neuroscience
research, these XR systems push the boundaries of the phenomena that can be
studied. They overcome the limitations of traditional 2D screen-based setups by
providing dynamic, immersive, and interactive environments that better mimic
real-world or controlled scenarios. Hence, more naturalistic studies of brain pro-
cesses such as spatial navigation, attention, and sensory integration, bridging
the gap between artificial experimental setups and real-world behaviour can be
designed using XR technologies. This increased ecological validity offers deeper

insights into how the brain functions in dynamic, real-life contexts.
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Kober, Kurzmann and Neuper designed and ran a spatial navigation experi-
ment involving the use of VR [224]. They noted the concept of spatial presence,
which was defined as “the sense of being in an environment“ [225], was connected
to the use of VR applications due to their high level of immersion. They also noted
that an increase in spatial presence correlates with an increase in the transfer of
knowledge. In the study, participants were asked to walk through a virtual maze
in both 2D and 3D virtual environments, and both EEG signals and subjective
presence ratings were obtained. It was found that there were differences in brain
activation between the 2D and 3D environment. The authors hypothesised that
the differences were caused by difference in presence experience. This was based
on an increased parietal brain activation, which was associated with an increased
presence experience, in the 3D environment. While this study gave us a better
understanding of our brain processes in the virtual environment, the 3D environ-
ment was presented on a large projection screen by a VR projector. Today, with
the use of VR headsets, such as HT'C Vive or Oculus Rift, an even greater level
of immersion can be provided, which could further push the boundaries of what
we know about our brain processes in 3D environments.

Krugliak and Clarke sought to understand our neural processes in real-world
and AR environments [226]. In this study, the authors used the face inversion
effect to study the cognitive effects which correlates to the different environments.
The participants were asked to perform face inversioon tasks while placed in three
different environments: AR, VR and 2D. At the same time, a mobile EEG was
used to capture the participants’ brain signal. This study demonstrated the feasi-
bility of combining AR and EEG in neuroscience studies. It was found that there
were significant differences in the face inversion effect in when the participants
were placed in different environments. The author raised an interesting ques-
tion, whether there exist a difference in neural responses when virtual objects, as
opposed to real objects are perceived. To build on this study, the use of a VR

system might provide interesting insights into our neural processes.
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In this chapter, we explore the role of AR and VR technologies in neuroscience
research, with a particular focus on their contributions to the study of visual
perception. We will discuss the technical principles of AR and VR, their unique
advantages for neuroscience experiments, and the insights they have provided
into how the brain interprets and interacts with complex sensory environments.
By bridging the gap between real and virtual worlds, AR and VR systems are not
only expanding the methodological toolkit of neuroscientists but also reshaping

how we study and understand the brain.

7.1.2 How XR systems work
7.1.2.1 Stereoscope

If we look back at the history of XR systems, XR technology was born from
stereoscopes back in 1838 by Sir Charles Wheatstone, where he demonstrated that
a sense of immersion and depth can be given to an image when two photographs
taken from different sides of the same object are combined by the brain [227]. The
stereoscope operates by leveraging the concept of stereopsis, the brain’s ability
to perceive depth from binocular disparity. Stereopsis arises because each eye
views the same scene from slightly different angles, resulting in images on the
two retinas that differ in the position of objects. These positional differences,
termed binocular disparities, provide crucial information about an object’s depth
[15]. Figure 7.1 explains how stereopsis works:

Suppose a person is looking at a bar placed on F. Light would be reflected
off bar F, and enter the fovea in each eye. Each eye will hence capture an image
where bar F is in a slightly different position. The right eye would capture bar F
at N, and the left eye would capture bar F at P. Using the differences between the
angular distance from the fovea (o and ag), also known as binocular disparity,
the brain is able to match the two images to determine the true position of F.
While there is a false match formed by N and P, marked by the open circle

labelled “false match®, the brain is able to ignore this and match the correctly
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Figure 7.1: Figure of how light is captured by both eyes, resulting in two images
that differ slightly in the position of the object [15].

corresponding features [15].

In a stereoscope, two slightly different images, mimicking the perspectives of
the left and right eyes, are presented separately to each eye. The lenses on the
device are placed strategically so that the images are aligned to correspond with
how the eyes naturally perceive depth. The brain fuses these two images into
a single 3D perception, resolving the “stereo correspondence problem®, which
involves matching features between the two retinal images. The stereoscope is a
simple yet effective tool that exploits these fundamental principles of binocular
vision to create a compelling illusion of depth, making it instrumental in early
stereopsis research and 3D imaging studies. The complete history of how the
stereoscope evolved to become the XR systems we see on the market today is out

of scope of this thesis. Interested reader may turn to chapter 1.2 of [227].

7.1.2.2 Virtual Reality

VR systems are built based on the stereoscope. Just like how the stereoscope
present two slightly different image separately to each eye, a VR headset has
two tiny stereoscopic screens which were positioned a few inches right in front of
both eyes. VR systems can range from non-immersive to fully immersive. Non-

immersive VR systems allow users to interact with virtual environments through
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standard interfaces like monitors and keyboards. Semi-immersive VR systems
enhance engagement by using larger displays or projection systems, such as the
Audio-Visual Experience Automatic Virtual Environment (CAVE) system [170]
or other large screen setups, creating a more enveloping experience without full
immersion. Fully immersive VR systems provide a complete virtual experience by
surrounding users with the environment through head-mounted displays (HMDs)
and motion tracking, such as the Oculus Rift and HTC Vive, which enable users
to move and interact within a 3D space [228]. Figure 7.2 shows how different

parts work together within a VR system to make it work.

/ Input \
Position sensors
/ Processing \

Camera

/ Output \

Monitor
Application

ic
VR Engine

Point-input device

Projector

<

HMD
Database

Keyboard k / Sound system

Bio-controllers

\_ /

Figure 7.2: Language processing pathway and dyslexia compensatory mechanism

In a VR system, it first needs an input, which can be received from vari-
ous sensors which collect information such as the user’s movement, environment
layout and sound. This information is then sent to the VR application, which
compares with the existing database to make a decision. The decision is then
sent to the VR Engine to generate an output, which is sent to a module which is
able to project the output, such as a monitor or a HMD. At the same time, the
output sound is played through the sound system.

Virtual Reality (VR) environments are rendered by a VR engine, such as
Unity or Unreal engine [229]. A VR engine integrates various components such
as 3D models, 2D graphics, audio, and scripting to compile and render a VR

application. Figure 7.3 shows a summary of the software used to build a VR
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application.
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Figure 7.3: Language processing pathway and dyslexia compensatory mechanism

Firstly, 3D Models are the visual representations of objects within the virtual
environment, allowing users to interact with and explore the space. Secondly, 2D
Graphics can include user interface elements, menus, and overlays that enhance
the user experience. Thirdly, sound effects and background music are integrated
to create an immersive atmosphere, contributing to the realism of the VR expe-
rience. Lastly, scripting involves programming logic and behaviours that dictate
how users interact with the environment, enabling dynamic responses and inter-
activity. The VR engine brings all these elements together to compile and render

the VR application for users to explore and interact with [227].

7.1.2.3 Augmented Reality

AR system uses similar technology as compared to VR systems, in that similar
hardware and software are used to receive input, generate graphics and project
display for both AR and VR systems. In fact, many of the well-known VR HMD
have AR capablilities as well, all they needed was a camera on the front of the
headset to capture the environment. Chapter 4 of [227] goes into in-depth detail
about the mechanism behind AR technology, which will be summarised in this
subsection.

AR elements can be rendered by two different types of devices: holographic
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devices and immersive devices [230]. Holographic devices have a see-through
lens and projects the digital stimuli on the see-through lens. This technology
typically employs holographic displays, which manipulate light to project images
that can be viewed from different angles without the need for special glasses.
Holographic AR systems often integrate sensors and cameras to track the user’s
position and movements, enabling the virtual content to adjust dynamically to
the user’s perspective [227]. Examples of holographic devices include Magicleap
and Microsoft Hololens [231].

On the other hand, immersive devices have an opaque display and a camera
on the front of the headset. The opaque display blocks the user’s view of the
environment, allowing for a fully immersive experience similar to VR. The front
camera captures the user’s surroundings, enabling the system to recognize and
track real-world objects and surfaces. This information is processed in real-time
to accurately position and render virtual elements within the user’s field of view.
The display will then show the output from the camera, with the virtual elements
overlayed on top [227]. Most VR headsets with a front camera, such as HTC vive
and Oculus rift, have such a capability.

One notable system used by AR systems is the marker-based system. In a
marker-based AR system, the process begins with a camera capturing the real-
world environment, where specific visual markers, such as QR codes or images,
are identified by the software. Once a marker is detected, the AR system uses
algorithms to determine its position and orientation, allowing it to accurately
overlay virtual objects onto the marker in real-time. This creates an interac-
tive experience where users can see and engage with digital content seamlessly

integrated into their physical surroundings [227].

7.1.2.4 Mixed Reality

MR technologies are any technology that exist somewhere between the real world

and VR in the virtuality continuum. Proposed by [16], the virtuality contin-
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uum describes a mixture of classes of objects presented in any particular display

situation. Figure 7.4 illustrates the virtuality continuum:

Mixed reality
_A_
( r R )
Real Augmented Augmented Virtual
environment reality virtuality reality

Figure 7.4: Simplified illustration of the virtuality continuum. Adapted from [16]

The primary aim of MR technology, as detailed by [232], is to seamlessly
blend real and virtual environments to create immersive, interactive experiences
that enhance human interaction with digital content. MR seeks to bridge the
gap between AR and VR by allowing users to interact with both physical and
virtual objects in real-time while maintaining spatial awareness. The hardware
and software used by MR systems are similar to those used by VR and AR
systems. However, more sensors would be required to allow the user to seamlessly
interact with virtual objects. Due to the complexity of MR systems, the details on
the mechanism behind MR technology is out of the scope of this thesis. Interested
readers may turn to [232] for a detailed review of the current state-of-the-art MR

technology.

7.2 System setup

A simple platform that can be used to build VR simulations for neuroscience
experiments is proposed. Here the experiment in chapter 8 would be an example
usage of this plaform.

For an EEG experiment which involves the use of VR and AR equipment,

four crucial design requirements that need to be fulfilled were identified:

e Hardware with sufficient processing power to run both AR/VR systems and

EEG system without compromising processing speed, which refers to how
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quickly a computer’s Central Processing Unit (CPU) can execute instruc-

tions and process data [233].

e Software which is capable of connecting the AR/VR system with the EEG

system so that both systems can communicate with each other.

e Able to run reaction-time simulations with low latency, where latency is the
time used to process a user input, or the time between client request and

SErver response.

e Input hardware is constant.

With these design requirements in mind, two separate computer systems were
set up, one which is connected to the EEG system and records the brain signal,
called the signal recording system, and the other which is connected to the headset
or display which displays the stimuli to the participant, called the stimuli display
system. The purpose of using two separate computer systems was to ensure that
there was an acceptable level of processing speed. The two systems are then
connected via ethernet TCP/IP protocol, which minimises the speed of data
transfer.

For this experiment participants were placed in four different environments:
2D screen, real world, virtual reality (VR) and augmented reality (AR). The
hardware and software used for each environment is listed in Table 7.2

Table 7.2: Table for hardware and software used
for each environment

Environment Hardware Software
2D TV screen Psychopy
Real world Arduino, RGB LED Psychopy
AR Magicleap Unity
VR HTC Vive Unity

Subsection 7.2.1 will explain the hardware setup for the experiment, and Sub-

section 7.2.2 will explain the software used for the simulation and EEG processing.
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7.2.1 Hardware

Figures 7.5 to 7.8 shows the hardware set up of each of the system used in the

various environments.
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Figure 7.5: Flowchart of 2D environment setup
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Figure 7.6: Flowchart of real world environment setup

The stimuli of both the 2D and the real world environment setup are con-
trolled by Psychopy, a python open source software package, including both a
Python library and a graphical interface, primarily to build simulations in neuro-
science and experimental psychology research [234]. In the 2D environment setup,
Psychopy directly shows the stimuli on a TV screen, in particular, the Samsung
PS50C450B1W 507, 720p plasma display TV. However, in the real world envi-

ronment setup, Psychopy will send a serial signal to Arduino, which would then
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Figure 7.7: Flowchart of AR environment setup
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Figure 7.8: Flowchart of VR environment setup

turn on or off an RGB LED attached to the back of a cube made out of frosted
acrylic sheets.

The stimuli of both AR and VR environment setup are controlled by Unity,
which is capable of communicating with both MagicLeap and HTC Vive via serial
connection.

To ensure that confounding factors are kept to a minimum, the input method
were kept constant for every environment. To achieve this, the software for each
environment were programmed to take in inputs from a keyboard. Participants
would need to press the spacebar to respond to the stimuli.

At the start and end of the experiment, the start and end of each stimuli

and during each key press, a trigger will be sent by either Psychopy or Unity,
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depending on the environment, from the stimulus system to the EEG system.
The EEG system will receive and record the trigger timings on Openvibe, which

will also be receiving the signal from the EEG.

7.2.2 Software

PsychoPy and Unity were use to build the simulation. On both platforms, three

main experimental phases were introduced:

e Instruction phase, where participants were instructed to press space as soon
as the stimulus appears. Participants can start the experiment by pressing

the spacebar.

e Preparation (fixation) phase, where a fixation point is presented to the

participant and the participant were not required to do anything.

e Stimulus-response trial phase, where the participant were to respond as

quickly as they can to the stimulus by pressing the spacebar.

In both cases, trials are looped and randomized to prevent practice effect
[235]. The reaction times are saved for later analysis, and a trigger is sent to the
EEG system at the same time.

Both the script for Psychopy and Unity are designed to be modular and
adaptable to the needs of other neuroscience and psychology researchers. Re-
searchers can modify the number of trials, stimulus properties (e.g., shape, size,
colour, position), timing parameters (e.g., fixation jitter, stimulus duration), and
response mappings directly through configuration variables or external condi-
tion files without altering the core structure of the experiment. The modular
routine design (instruction, fixation, stimulus-response) allows additional exper-
imental phases or conditions to be inserted with minimal effort. Crucially, the
use of TCP/IP-based event markers enables straightforward integration with
common neurophysiological recording systems (e.g., EEG, MEG, fNIRS), mak-

ing the paradigm suitable for multimodal studies that require precise temporal
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synchronisation. As a result, the script provides a generalizable template for
reaction-time and stimulus—response paradigms that can be tailored to diverse
research questions while maintaining reproducibility and timing precision.
Building on this general adaptability, Unity further extends the usefulness of
the paradigm for neuroscience and psychology researchers by enabling seamless
integration with augmented and virtual reality hardware, such as HTC Vive and
Magic Leap. Whereas the core task structure can be readily modified to address
different experimental questions, Unity’s native support for AR/VR devices al-
lows these adaptations to be implemented in fully three-dimensional, immersive
environments. Researchers can directly control stimulus position, depth, size, and
motion relative to the participant’s head and body, and can incorporate natural-
istic interactions via tracked controllers or hand movements. This makes it possi-
ble to translate conventional reaction time and stimulus-response paradigms into
ecologically valid spatial contexts, facilitating investigations of perception, atten-
tion, sensorimotor integration, and embodied cognition while preserving precise

timing, reproducibility, and synchronization with neurophysiological recordings.

7.3 Hardware testing

With the use of multiple hardware and software platforms, there are many con-
founding factors which may affect the reaction time results, including lumines-
cence of stimuli, latency between stimuli response and response time recorded,
latency between the TCP communication between the stimuli system and the
EEG system, noise from the XR headsets and background electromagnetic noise.
Hence, to ensure the accuracy of the reaction time measured, it is paramount to
measure each of these confounding factors and adjust the reaction time measured
accordingly.

Empirical research has consistently demonstrated the existence of an inverse
relationship between stimulus luminance and human reaction time [236, 237, 238].

This effect has been observed across a wide range of experimental paradigms,
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including simple and choice reaction time tasks, and under varying levels of
background illumination and contrast. The relationship is often described as
non-linear, with reaction time decreasing rapidly at low luminance levels and ap-
proaching an asymptote as luminance increases, suggesting diminishing returns
at higher intensities. These findings indicate that luminance primarily influences
early stages of sensory processing by enhancing signal strength and perceptual
salience, thereby facilitating faster stimulus detection and response initiation.
Therefore, a luminescence analysis is conducted so that the final reaction time
recorded can be adjusted accordingly.

Many studies have previously examined the latency introduced by experi-
mental equipment and software in reaction time paradigms, demonstrating that
system-induced delays can meaningfully bias measured response times if left un-
accounted for [239, 240]. Such latencies may arise at multiple stages of the stim-
ulus-response pipeline, including stimulus rendering, signal transmission, input
device polling, and data logging. Importantly, the magnitude and variability of
these delays are highly dependent on several factors, including processor architec-
ture, operating system scheduling, graphics pipelines, communication protocols,
and the computational complexity of the virtual models and scenes being ren-
dered. Consequently, latency values reported in prior studies may not generalize
to the specific combination of hardware, software, and experimental configura-
tions employed in the present study. Therefore, dedicated latency measurements
were conducted using the exact hardware processors, software environment, and
stimulus models used in the experiment. These empirically derived latency values
were then used to correct the recorded reaction times.

Chapter 5 outlined how various sources of noise, such as physiological artifacts
and environmental electrical interference, can contaminate EEG recordings and
how these can be addressed in post-processing. However, noise reduction can also
be implemented at the hardware level, which can substantially improve the signal

quality prior to any digital artifact correction. Because EEG records very low-
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amplitude electrical activity (on the order of microvolts), it is inherently sensitive
to electromagnetic interference (EMI) from nearby electrical equipment and am-
bient electrical fields, including mains line noise at 50/60 Hz and higher-frequency
emissions from consumer electronics. Shielding solutions such as Faraday cages
or conductive enclosures are widely used in clinical and research settings to at-
tenuate such interference by surrounding the recording setup with a grounded
conductive barrier that blocks external electrical fields from reaching the elec-
trodes and amplifiers. For example, fully shielded EEG rooms and enclosures
based on Faraday technology are standard in many laboratories to create an
electrically quiet recording environment.

In the context of combined EEG and extended reality (XR) experiments,
hardware shielding becomes particularly important. Recent structured testing
has shown that head-mounted displays (HMDs), including commercially avail-
able virtual reality devices, can introduce consistent electromagnetic artifacts into
EEG recordings, especially at their refresh-rate frequencies and mains harmonics,
although much of the primary EEG frequency range (j50 Hz) may remain rela-
tively unaffected. Because participants must wear an XR headset directly over
the EEG cap, the close proximity of the device’s electronics, displays, sensors
and power systems can introduce additional noise sources that are difficult to
fully eliminate in post-processing alone. Hardware measures such as shielding
of electrode leads, the use of conductive materials around sensitive components,
and even purpose-built enclosures have been shown to help reduce the coupling of
external electromagnetic fields into EEG sensors. Therefore, in this chapter, an
aluminium foil cap, placed on top of the EEG cap, is tested for it’s effectiveness
as a Faraday’s cage.

This section will discuss the methods and results of the various hardware tests
conducted in preparation for the visual perception experiment, namely lumines-

cence, latency and noise.
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7.3.1 Methods
7.3.1.1 Setup

Luminescence and stimulus latency (the latency between the time the stimulus
was actually presented and the recorded stimulus time). Both factors were mea-
sured with the use of a photosensor, which is attached to an oscilloscope. The
oscilloscope, PicoScope, was used in this experiment. The photosensor, which is
fixed on the display, detects the change in luminosity when the stimuli appear or
disappear, then the PicoScope registers this change in luminosity as a change in
voltage. The signal was recorded at a frequency of 30 yHz. Figure 7.9 shows how
this experiment was set up for each environment.

For this luminescence and latency test, the simulation was modified so that the
stimuli appear every 4 second for 2 second. After the simulation was completed,
the timing of voltage changes recorded on the PicoScope was compared with the
timing of the stimuli appearance and disappearance, as captured by the computer.

For the TCP latency test, a simple server and client python script which
recorded the time a client request was sent, the time the server received the
request, and the time the client received the server response. The client script
was run from the stimuli system, while the server script was run from the EEG
system.

For the noise analysis, an oscilloscope was used to detect and record the
electromagnetic wave emitted by a mobile phone placed near it. An aluminium
foil cap was then placed over the oscilloscope probe, and electromagnectic signal
was recorded again. This was repeated with the aluminium foil connected to the
ground. For the control condition, the experiment was repeated with the mobile
phone turned off.

To test if the findings from this experiment can be translated to EEG signals,
the same aluminium foil cap was placed on a participant wearing an EEG cap, over

the EEG cap, and background electromagnectic signal was recorded by the EEG
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electrodes. The participant was not instructed to do anything. The experiment
was then repeated with the foil cap grounded, and then again with the foil cap
removed.

Next, to measure the noise level of XR systems, the XR systems used for the
visual perception experiment, namely Magicleap One and HTC Vive, was placed
over the EEG cap, without the aluminium foil cap. For completion, other XR
systems were also included, namely Mobile VR, Meta Quest and Oculus Rift.

The experiment was repeated with the XR systems turned off.

7.3.1.2 Luminence analysis script

Each PicoScope recording was stored as a single comma-separated values (CSV)
file containing three concatenated vectors: photodiode voltage, sample time in
nanoseconds, and Unix time. The voltage and time vectors were extracted and
reshaped into one-dimensional arrays. Sample timestamps were converted from
nanoseconds to seconds to facilitate alignment with stimulus timing information.

Stimulus presentation times were provided as an array of onset—offset pairs
corresponding to individual stimuli. A binary mask was constructed to identify
samples occurring during any stimulus interval. All samples not belonging to a
stimulus interval were classified as baseline (non-stimulus) samples. This ensured
that baseline estimates were derived exclusively from periods in which the display
was not actively presenting a stimulus.

Baseline photodiode samples were inspected for transient artifacts arising from
electrical noise or acquisition irregularities. To obtain a robust estimate of the
baseline luminance level, outliers were removed using a median absolute deviation
(MAD) criterion. Samples deviating by more than five MADs from the baseline
median were excluded. The baseline luminance level was then estimated as the
median of the remaining baseline samples, providing robustness against skewed
noise distributions.

The estimated baseline level was subtracted from the entire photodiode signal
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to isolate stimulus-evoked luminance changes. Following baseline subtraction,
small negative values attributable to measurement noise were clipped to zero.
This step ensured that subsequent brightness estimates reflected stimulus lumi-
nance rather than noise around the display’s black level.

For each stimulus interval, the baseline-corrected photodiode signal was seg-
mented using the corresponding onset and offset times. Stimulus brightness was
quantified as the mean photodiode voltage within each segment. This metric re-
flects the time-averaged luminance of the stimulus and is independent of stimulus
duration. Root-mean-square (RMS) voltage was calculated and operationalised

as the luminance value.

7.3.1.3 Latency analysis script

To quantify stimulus—response timing and system latency, a custom signal pro-
cessing pipeline was implemented in MATLAB. The analysis comprised two main
stages: (i) preprocessing and temporal alignment of recorded signals with system
timestamps, and (ii) event detection and latency estimation based on signal en-
ergy changes.

Raw experimental data were organised into three streams: the recorded signal
of interest, a high-resolution time vector converted from nanoseconds to seconds,
and an additional system timestamp used to determine the total recording du-
ration. In parallel, system-level timing information corresponding to stimulus
presentation and response events was loaded from experiment log files. Two
timing formats were supported to accommodate different experimental config-
urations. All stimulus timestamps were converted to seconds and temporally
realigned so that time zero corresponded to the start of the experiment. This
ensured a common time reference between the recorded signal and the stimulus
markers.

To facilitate robust event detection, the recorded signal was transformed into

an RMS representation. Prior to this step, the signal was visually inspected and
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manually offset by a constant value to correct baseline shifts and ensure con-
sistent polarity across trials. The signal was then segmented into consecutive,
non-overlapping windows of fixed length (100 samples), and the RMS value of
each segment was computed. This procedure produced a smoothed amplitude
envelope that reduced sensitivity to high-frequency noise while preserving tran-
sient changes associated with stimulus events. Each RMS value was associated
with the temporal midpoint of its corresponding window.

The RMS envelope was further refined by restricting analysis to a user-defined
temporal region containing the stimuli of interest. Within this region, event
detection was performed using a manually selected amplitude threshold. RMS
values crossing this threshold were identified as candidate signal responses. An
interactive procedure allowed the threshold to be iteratively adjusted until the
detected events accurately corresponded to visible signal changes. This manual
verification step ensured that thresholding was robust to noise and inter-trial
variability.

Detected threshold crossings were grouped into discrete response events based
on their temporal separation. A minimum inter-event interval was enforced to
distinguish independent stimulus responses from continuous or overlapping signal
activity. Each group of threshold crossings was classified as the onset or offset
of a response. This resulted in a sequence of detected signal events aligned with
each stimulus presentation.

Finally, detected signal response times were compared with the known stim-
ulus start and end times obtained from the system logs. For each stimulus,
the temporal difference between the stimulus marker and the corresponding de-
tected signal event was computed. These differences provided estimates of sys-
tem latency and response timing accuracy. The resulting latency measures were
returned for further statistical analysis and visual inspection. Additionally, the
signal, stimulus markers, and detected events were plotted together to allow qual-

itative validation of the alignment between stimuli and signal responses.
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7.3.1.4 Noise analysis script

Continuous EEG data were imported into MATLAB using the FieldTrip toolbox
(Oostenveld et al., 2011). To ensure approximate stationarity of noise character-
istics, the continuous EEG signal was segmented into non-overlapping 1-second
windows. This segmentation length provided sufficient frequency resolution (1
Hz) for characterizing line noise while minimizing the impact of non-stationary
artifacts such as electrode drift or muscle activity.

Power spectral density (PSD) estimates were computed separately for each 1-
second window using a fast Fourier transform (FFT). A boxcar taper was applied
to obtain unbiased power estimates. Spectral power was calculated over the
frequency range 1-80 Hz, encompassing both line noise and high-frequency muscle
artifacts. Trial-wise spectral estimates were preserved to allow quantification of
noise variability.

For each channel, mean PSD was computed across all segmented windows,
providing an estimate of the overall noise floor. Noise was operationalized as
the sum of the mean PSD across all frequencies for each channel. Channel 1
was removed for all conditions due to it being abnormally noisy as the reference

channel.

7.3.2 Results
7.3.2.1 Picoscope trace

Figure 7.10 shows the trace output from the Picoscope for each environment and
each colour, with the dots indicating the start and end time recorded by the
stimulus program.

From Figure 7.10, visual inspection of the PicoScope traces indicated consid-
erable variability in the magnitude of the voltage change across both environment
and colour, reflecting differences in luminance across all conditions. Despite this

variability in signal amplitude, the temporal onset of the signal was highly con-
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Figure 7.10: Trace output from Picoscope
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sistent within each condition, with minimal variation in latency relative to the

trigger.

7.3.2.2 Luminance testing

Table 7.3 shows the descriptive statistics for the luminance for each environment,

while Table 7.4 shows the descriptive statistics for the luminance of each colour.

Table 7.3: Table for descriptive statistics for each environ-

ment

Environment Mean Sample size Std. deviation
2D 220.732 30 26.250

Real world 325.072 30 8.490

AR 41.071 30 8.252

VR 102.191 30 13.448

Total 172.267 120 110.914

Table 7.4: Table for descriptive statistics for each colour

Colour Mean Sample size Std. deviation
Green  170.000 40 109.362
Red 157.988 40 110.894
Yellow 188.812 40 113.067
Total  172.267 120 110.914

A two-way independent ANOVA was performed to analyze the effect of both
the environment (2D, real world, AR or VR) and the colour of stimuli (red, green
or yellow) on luminance. Levene’s test cannot confirm that the assumption of
homogeneity of variance had been met (F(11,108) = 9.473, p < 0.001). As the
assumption of homogeneity of variance cannot be confirmed, a non-parametric
test, Kruskal-Wallis H test was conducted. Table 7.5 and Table 7.6 show the
results of the Kruskal-Wallis H.

From Table 7.5, the test revealed statistically significant differences across
the four levels of Environment, x?(3) = 111.570, p <0.001. Median values were
205.238 for 2D (n = 30), 39.099 for AR (n = 30), 326.989 for RW (n = 30),
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Table 7.5: Table for results of Kruskal-Wallis H. test comparing the effect
of environment on luminance

Factor X2 df p Median Median Median Median
2D AR RW VR

Environment 111.570 3  <0.001 205.238 39.099  326.989 108.911

Table 7.6: Table for results of Kruskal-Wallis H. test com-
paring the effect of environment on luminence

Factor x? df p Median Median Median
Green  Red Yellow

Colour 6.290 2 0.043 155.852 141.420 184.696

and 108.911 for VR (n = 30). Post hoc pairwise comparisons with Bonferroni
correction indicated that all pairs, AR-VR (x*(3) = -30.00, p <0.001), AR-2D
(x3(3) = 60, p <0.001), AR-RW (x?(3) = -90.00, p <0.001), VR-2D (x*(3) =
30.00, p <0.001), VR-RW (x?(3) = 60.00, p <0.001), 2D-RW (x?(3) = -30.00, p
<0.001), were significant.

Similarly, from Table 7.6, the test showed statistically significant differences
across the three levels of Colour, x%(2) = 6.290, p = 0.043. Median values were
155.852 for green (n = 40), 141.420 for red (n = 40), and 184.696 for yellow (n
= 40). Post hoc pairwise comparisons with Bonferroni correction indicated that
all pairs, AR-VR (x*(3) = -30.00, p <0.001), AR-2D (x?(3) = 60, p <0.001),
AR-RW (x%(3) = -90.00, p <0.001), VR-2D (x*(3) = 30.00, p <0.001), VR-RW
(x%(3) = 60.00, p <0.001), 2D-RW (x?(3) = -30.00, p <0.001), were significant.

These results indicate that both environment and colour elicited differential

changes in luminence.

7.3.2.3 Latency testing

Table 7.7 shows the descriptive statistics for the latency time for each environ-
ment, while Table 7.8 shows the descriptive statistics for the latency time for each

colour.
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Table 7.7: Table for descriptive statistics for each environ-

ment

Environment Mean Sample size Std. deviation
2D 0.00220 30 0.0456

Real world -0.00114 30 0.0715

AR -0.00291 30 0.0369

VR -0.000513 30 0.00460

Total -0.000593 120 0.0293

Table 7.8: Table for descriptive statistics for each colour

Colour Mean Sample size Std. deviation
Green -0.00275 40 0.0103
Red 0.00138 40 0.0479
Yellow -0.000407 40 0.0148
Total  -0.000593 120 0.0293

A two-way independent ANOVA was performed to analyze the effect of both
the environment (2D, real world, AR or VR) and the colour of stimuli (red, green
or yellow) on latency time. Levene’s test cannot confirm that the assumption of
homogeneity of variance had been met (F(11,108) = 5.812, p < 0.001). As the
assumption of homogeneity of variance cannot be confirmed, a non-parametric
test, Kruskal-Wallis H test was conducted. Table 7.9 and Table 7.10 show the
results of the Kruskal-Wallis H.

Table 7.9: Table for results of Kruskal-Wallis H. test comparing the effect
of environment on latency

Factor X2 df p Median Median Median Median
2D AR RW VR

Environment 1.021 3  0.796 0.000 0.000 0.000 0.000

From Table 7.9, the test revealed no statistically significant difference across
the four levels of Environment, x?(3) = 1.021, p = 0.796. Median values were
0.000 for 2D (n = 30), 0.000 for AR (n = 30), 0.000 for RW (n = 30), and 0.000
for VR (n = 30).
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Table 7.10: Table for results of Kruskal-Wallis H. test com-
paring the effect of environment on latency

Factor x? df p Median Median Median
Green  Red Yellow

Colour 0.149 2 0.928 0.000 0.000 0.000

Similarly, from Table 7.10, the test showed no statistically significant differ-
ence across the three levels of Colour, x%(2) = 0.149, p = 0.928. Median values
were 0.000 for green (n = 40), 0.000 for red (n = 40), and 0.000 for yellow (n =
40).

These results indicate that neither environment nor colour elicited differential

changes in latency time.

7.3.2.4 TCP latency

Table 7.11 shows the descriptive statistics of the round-trip time (RTT) and

clock-offset timing between the EEG PC and the stimulus PC.

Table 7.11: Table for descriptive statistics of the round-trip time (RTT) and
clock-offset timing between the EEG PC and the stimulus PC

Mean Median SD Min Max N

RTT(s) 4.860E-3 5.015E-3 1.409E-3 1.010E-3 7.000E-3 20
Clock-offset(s) 1.774 1.774 5.36E-4  1.773 1.775 20

From Table 7.11, across all samples, RTT ranged from 0.1 ms to 0.7 ms,
with a mean of 0.486 ms and a standard deviation of 0.502 ms. These results
indicate stable low-latency communication during the measurement period. Clock
offset estimation showed a consistent client-server skew of approximately 1.77 s,

suggesting stable but unsynchronized system clocks.
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7.3.3 Results
7.3.3.1 Foil on scope test

Table 7.12 shows the descriptive statistics for the voltage recorded both with
mobile phone turned on and off, while Table 7.13 shows the descriptive statistics

for the voltage recorded with no foil, foil ungrounded and foil grounded.

Table 7.12: Table for descriptive statistics for mobile
phone turned on and off

Mean  Sample size Std. deviation

Mobile off 28.640 15 7.915
Mobile on  28.907 15 8.944
Total 28.773 30 8.2992

Table 7.13: Table for descriptive statistics for no foil, foil
ungrounded and foil grounded

Mean  Sample size Std. deviation

No foil 32.000 10 3.617
Ungrounded 36.240 10 2.416
Grounded 18.080 10 1.564
Total 28.773 30 8.2992

A two-way independent ANOVA was performed to analyze the effect of both
mobile power and foil presence on voltage recorded. Levene’s test cannot confirm
that the assumption of homogeneity of variance had been met (F(5,24) = 3.461,
p = 0.017). As the assumption of homogeneity of variance cannot be confirmed,
non-parametric tests were conducted. Mann-Witney U. test was conducted for
mobile power and Kruskal-Wallis H test for foil presence. Table 7.14 and Table
7.15 show the results of the Non-parametric tests.

From Table 7.14, the test revealed no statistically significant difference be-
tween mobile off and mobile on (U = 106.000, z = -0.271, p = 0.806, r = 19.353).

Median values were 31.200 for mobile off and 33.600 for mobile on. These re-
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Table 7.14: Table for results of Mann-Whitney U. test comparing
the effect of environment on latency

Factor U z p T Median Median
(Eff size) Pow off Pow on

Mobile 106.000 -0.271 0.806 19.353 31.200  33.600

power

Table 7.15: Table for results of Kruskal-Wallis H. test comparing the effect of
environment on latency

Factor  x? df p Median Median Median

No foil ~ Foil ungrounded Foil grounded
Foil 22.893 2 <0.001 32.800 35.200 18.400
presence

sults indicate that power difference does not elicit differential changes in voltage
recorded.

However, from Table 7.15, the test showed statistically significant difference
across the three foil presence conditions, x?(2) = 22.893, p < 0.001. Median
values were 32.800 for no foil (n = 10), 35.200 for foil ungrounded (n = 10),
and 18.400 for foil grounded (n = 10). Post hoc pairwise comparisons with
Bonferroni correction indicated that the pairs, foil grounded - no foil (x?(3) =
11.400, p = 0.004) and foil grounded - foil ungrounded (x?(3) = 60, p <0.001),
were significant. These results indicate that the presences of a grounded foil elicit
differential changes in voltage recorded compared to both no foil and ungrounded

foil.

7.3.3.2 Foil on EEG test

Table 7.16 shows the descriptive statistics for the power recorded with no foil,
foil ungrounded and foil grounded.

A one-way independent ANOVA was performed to analyze the effect of foil
presence on power recorded. Levene’s test cannot confirm that the assumption

of homogeneity of variance had been met (F(2,90) = 4.268, p = 0.017). As
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Table 7.16: Table for descriptive statistics for no foil, foil
ungrounded and foil grounded

Mean Sample size Std. deviation
No foil 6.122E4 31 6.551E3
Ungrounded 3.513E6 31 1.154E7
Grounded 2.975E4 31 2.692F4
Total 1.201E6 93 6.796E6

such, Games-Howell was used for post hoc comparisons instead of Bonferroni.
Table 7.17 shows the results of the one-way independent ANOVA.

Table 7.17: Table for results of one-way independent
ANOVA comparing the effect of foil presence on power

recorded

df df error F Sig. ng
Foil 2 90 1.243E14 0.066 0.058
presence

From Table 7.17, the main effect of foil presence was not statistically signifi-
cant (F(2, 90) = 1.243E14, p = 0.058, ni = 0.058). Since the comparison was not
statistically significant, no post-hoc test was performed. These results indicate
that there is not enough evidence to prove that foil presence elicit differential

changes in power recorded.

7.3.3.3 XR systems comparison

Table 7.18 shows the descriptive statistics for the log scaled power recorded on
each XR system, along with the baseline value taken from the no foil descriptive
statistics in the earlier foil on EEG test.

A one-way independent ANOVA was performed to analyze the effect of the
type of XR system on log scaled power recorded. Levene’s test confirms that
the assumption of homogeneity of variance had been met (F(5,180) = 1.219, p =
0.302). As such, Bonferroni was used for post hoc comparisons. Table 7.19 shows

the results of the one-way independent ANOVA.
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Table 7.18: Table for descriptive statistics for XR systems

Mean  Sample size Std. deviation

Baseline  4.7829 31 0.0682
Magicleap 3.524 31 0.0343
Mobile 3.379 31 0.495
Quest 4.853 31 0.125
Rift 3.887 31 0.0902
Vive 4.468 31 0.128
Total 4.149 186 0.593

Table 7.19: Table for results of one-way independent
ANOVA comparing the effect of foil presence on power
recorded

df df error F Sig. n?

p

System 5 180 1577.278 <0.001 0.978

From Table 7.19, the main effect of foil presence was statistically significant
(F(5, 180) = 1577.278, p < 0.001, n2 = 0.058). Post hoc pairwise comparisons
with Bonferroni correction indicated that all pairs were significant, with p<0.05.
These results indicate that different XR systems elicit differential changes in log

scaled power recorded.

7.3.3.4 XR systems power comparison

Table 7.20 shows the descriptive statistics for the log scaled power recorded on
each XR system, while Table 7.21 shows the descriptive statistics for the log
scaled power recorded both with the XR systems turned on and off

A two-way independent ANOVA was performed to analyze the effect of the
type of XR system and power on log scaled power recorded. Levene’s test confirms
that the assumption of homogeneity of variance had been met (F(9,300) = 0.986,
p = 0.451). As such, Bonferroni was used for post hoc comparisons. Table 7.22
shows the results of the two-way independent ANOVA.

From Table 7.22, the main effect of System was statistically significant (F(4,
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Table 7.20: Table for descriptive statistics for XR systems

Mean Sample size Std. deviation

Magicleap 3.388 62 0.158
Mobile 3.593 62 0.220
Quest 4.594 62 0.300
Rift 3.878 62 0.0793
Vive 4.122 62 0.362
Total 3.915 310 0.487

Table 7.21: Table for descriptive statistics for XR systems

Mean Sample size Std. deviation

Off 3.808 155 0.358
On 4.022 155 0.570
Total 3.915 310 0.487

Table 7.22: Table for results of two-way independent
ANOVA comparing the effect of the type of XR system
and power on log scaled power recorded

df df error F Sig. n;
System 4 300 1510.761 <0.001 0.953
Power 1 300 392.373  <0.001 0.567
Sys x Pow 4 300 330.444  <0.001 0.815

300) = 1510.761, p < 0.001, ng = 0.953). Similarly, significant main effect of
Power was observed (F(1, 300) = 392.373, p < 0.001, n2 = 0.567) and the System
x Power interaction was also significant (F(4, 300) = 330.444, p < 0.001, nfm =
0.815). Post hoc pairwise comparisons with Bonferroni correction indicated that
all pairs were significant, with p<0.05. These results indicate that both different

XR systems and power elicit differential changes in log scaled power recorded.

7.4 Discussion

The aim of this chapter was to characterise and quantify hardware-related con-
founds, namely luminance, latency, and electromagnetic noise across different

experimental environments (2D screen, real world, AR, and VR), in order to
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ensure that subsequent behavioural and EEG results can be interpreted mean-
ingfully. The results demonstrate that while some confounds can be corrected
for analytically, others represent intrinsic differences between environments that
must be explicitly acknowledged in the interpretation of later experiments.

The luminance analysis revealed statistically significant differences between
all experimental environments, as well as smaller but significant differences be-
tween stimulus colours. These findings indicate that luminance was not success-
fully matched across conditions, despite identical nominal stimulus colours being
specified in software.

Importantly, the observed differences are not unexpected. Each environment
relies on fundamentally different display technologies: emissive plasma pixels in
the 2D condition, reflected LED light in the real-world condition, waveguide-
based optical projection in AR [231], and stereoscopic OLED/LCD panels in VR
[228]. These systems differ not only in peak luminance but also in spectral out-
put, optical attenuation, and viewing geometry. As a result, even when software
parameters are matched, the physical light reaching the participant’s retina varies
substantially across environments.

Given the well-established inverse relationship between stimulus luminance
and reaction time [236, 237, 238|, these differences are likely to systematically
bias behavioural responses if left unaccounted for. The fact that all environ-
ment pairs differed significantly suggests that luminance should not be treated
as random noise but rather as a systematic confound. Consequently, luminance
measurements from this chapter should be used as covariates or correction factors
when interpreting reaction time differences in the subsequent visual perception
experiment.

In contrast to luminance, latency measurements showed no statistically signif-
icant differences across environments or stimulus colours. Median latencies were
effectively zero in all conditions, and variability was minimal. Together with

the TCP round-trip measurements, these results indicate that the experimental
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pipeline—comprising stimulus rendering, trigger generation, network transmis-
sion, and EEG recording—operates with stable and negligible temporal offsets
relative to the timescales relevant for reaction time and EEG analysis.

This finding has two important implications. First, no environment-specific
latency correction is required when analysing reaction times in the next chap-
ter. Reaction time differences can therefore be attributed to participant be-
haviour rather than hardware-induced delays. Second, the temporal precision
of the trigger-EEG alignment is sufficient for time-locked EEG analysis, includ-
ing event-related potentials and time—frequency measures. This simplifies both
the statistical modelling and the interpretation of cross-environment differences,
strengthening confidence that observed effects reflect genuine perceptual or cog-
nitive processes rather than technical artefacts.

The noise analysis yielded more nuanced results. The oscilloscope-based tests
demonstrated that a grounded aluminium foil enclosure significantly reduced
recorded electromagnetic interference, whereas an ungrounded foil increased noise
levels relative to no foil. This is consistent with Faraday cage principles: without
grounding, the foil can act as an antenna rather than a shield [241].

However, when the foil was applied over an EEG cap, no statistically sig-
nificant reduction in broadband EEG power was observed. Several factors may
explain this apparent discrepancy. First, EEG noise is dominated by multiple
sources, including electrode—skin impedance fluctuations, amplifier noise, and
physiological artefacts, which may mask modest reductions in environmental
EMI. Second, the foil configuration used here does not constitute a fully enclosed
or uniformly grounded Faraday cage, limiting its effectiveness [241]. Third, the
use of raw broadband power as the outcome measure may lack sensitivity to
narrowband EMI reductions.

By contrast, the XR system comparison revealed robust and large differences
in log-scaled EEG power between devices, as well as significant interactions with

power state (on vs off). These results indicate that XR headsets themselves are
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substantial sources of electromagnetic noise, and that this noise differs qualita-
tively and quantitatively between devices. Importantly, these effects persisted
even when stimuli were not being presented, suggesting that headset electronics
alone can influence EEG recordings.

Taken together, the noise results suggest that post-processing strategies are
likely to be more effective than simple external shielding in mitigating XR-induced
EEG contamination. Moreover, headset-specific noise profiles should be consid-
ered when comparing EEG results across XR platforms.

Here, raw power was used for the foil-on EEG test and log-transformed power
for the XR system comparisons. This is because raw EEG power is highly skewed
and sensitive to extreme values, as reflected in the large variances observed in the
foil test. In that context, raw power was appropriate for detecting gross changes
potentially introduced by shielding.

In contrast, comparisons across XR systems required stable variance and sen-
sitivity to relative differences across conditions and devices. Log transformation
is standard practice in EEG analysis for precisely this reason, as it normalises
distributions and improves statistical robustness. Therefore, the use of different
power representations reflects different analytical goals rather than an inconsis-
tency in methodology.

Although aluminium foil grounding significantly reduced electromagnetic in-
terference at the oscilloscope level, it did not produce a statistically reliable re-
duction in EEG power when applied over the EEG cap. Given the absence of a
robust shielding effect at the level of the recorded neural signal, the foil condition
was not included in subsequent XR system comparisons. Excluding the foil fac-
tor also avoided introducing substantial random variables arising from variance
differences between shielding conditions that did not meaningfully impact EEG

measurements.
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7.5 Conclusion

This chapter established a validated hardware and software platform for con-
ducting EEG experiments across 2D, real-world, AR, and VR environments, and
provided a detailed characterisation of key technical confounds. Luminance dif-
fered significantly across all environments, necessitating careful interpretation or
correction of reaction time results. In contrast, system latency was minimal and
consistent, supporting reliable behavioural and EEG timing analysis. Noise anal-
ysis demonstrated that XR headsets are non-negligible sources of electromagnetic
interference, with effects that vary by device and power state, while simple foil-
based shielding offered limited benefit at the EEG level.

Together, these findings define the constraints and assumptions under which
the visual perception experiment in the next chapter should be interpreted. By
explicitly quantifying and contextualising these hardware factors, the platform
enables more robust conclusions about perceptual and neural differences between
real, virtual, and augmented environments, rather than conflating such effects

with uncontrolled technical artefacts.



Chapter 8

EEG Reaction Time Experiment

8.1 Introduction

In the previous chapters, we have discussed topics ranging from mathematics to
technology to neuroscience. In this chapter, we put all these knowledge together
in an attempt to push the boundaries of human knowledge on visual perception.

Our visual perception is a complex part of our cognition, including pattern
recognition, object identification, depth estimation and motion sensing. Two of
the early theories of perception are the Gibson’s direct theory of perception, also
known as the ’bottom-up’ theory [242], and Gregory’s constructivist (indirect)
theory of perception, also known as the top-down’ theory [243]. In recent years,
with the advancement of technology, researchers have been trying to pinpoint
the neural correlates of specific visual functions. One neural pathway that was
proposed was a pathway that originate from the striate cortex, and separated into
a dorsal stream, which reaches the posterior parietal cortex, and a ventral stream,
which reaches the inferior temporal region [244]. Later, an fMRI experiment was
conducted to investigate the functions of these two streams, which concluded that
the dorsal pathway relates to visual spatial processing and the ventral pathway
relates to visual form processing. [245].

Past research have found that real and virtual visual information are processed
differently in our visual cortex. In an experiment conducted by Richardson, Mon-
tello and Hegarty to investigate the difference in spatial knowledge acquisition

from maps, real environment and virtual environment, it was found that there
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were significant differences in spatial representations found after learning the en-
vironment from the real environment and from the virtual environment [246].
While this study have shone light on the difference in the cognitive mechanisms
involved in processing real and virtual environments, one drawback of the study
is that the virtual environment was presented to the participants on a 2D screen,
which may have affected factors such as the participants’ ability to perceive depth,

and the level of immersion in the environment.

8.2 Real vs digital visual stimuli

The visual perception of digital visual stimuli and real visual stimuli involves the
same neurological pathways. However, there are subtle differences between the
nature of the stimuli and their interaction with the human visual system, due to
the medium of presentation.

Light of different wavelengths are emitted or reflected differently by real and
digital stimuli. As Babilion and Khanh (2018) have pointed out, for real objects,
colour perception is influenced by physical properties such as texture, shape, and
reflectance, combined with ambient lighting conditions and chromatic adapta-
tion [247]. Real objects provide consistent sensory information that aligns with
memory colours—typical colours our brain associates with familiar objects based
on long-term memory. In contrast, virtual objects are displayed through screens
or projection systems, where their colour appearance is heavily dependent on
the digital rendering processes, display calibration, and the viewing environment
[248]. Virtual stimuli often lack the textural and depth cues present in real-world
objects, which can affect the perception of chromaticity and lightness [249].

Another difference between real and digital stimuli is that digital stimuli are
typically presented on a 2D screen, hence requiring the visual system to in-
terpret artificial depth cues, such as size, perspective, or shading, to simulate
three-dimensionality. Even in a virtual environment, where 3D stimuli can be

presented, there can still be differences in how people perceive depth in these
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environments. This is due to limitations in reproducing certain visual and phys-
iological depth cues in virtual environment. In the real-world, depth perception
relies on a combination of binocular (e.g., stereopsis) and monocular (e.g., texture
gradient, motion parallax) cues, as well as proprioceptive factors like accommo-
dation and convergence, which together allow accurate spatial judgments [250].
However, in virtual environments, particularly when using head-mounted displays
(HMDs), these depth cues are often simulated or incomplete. For example, stereo-
scopic rendering in HMDs decouples convergence and accommodation, leading to
vergence-accommodation conflicts that impair depth perception and cause dis-
comfort. Additionally, users in VEs frequently underestimate distances due to
restricted fields of view, unrealistic textures, and the absence of consistent depth
cues, such as ground continuity [250].

There are other issues with virtual stimuli, such as limitations by screen reso-
lution and refresh rates. A low screen resolution or refresh rate can introduce mo-
tion artifacts, such as stuttering or aliasing, and affect the perception of smooth
motion. Also, digital stimuli are primarily visual or auditory. They do not provide
the same multisensory input from real stimuli. Although VR and AR technolo-
gies are attempting to bridge this gap by incorporating more sensory modalities,
they still cannot fully replicate the complex sensory input provided by real-world
stimuli.

While the human visual system can adapt to interpret both types of stimuli,
the inherent differences in presentation and sensory fidelity create distinct per-
ceptual experiences. The current research attempts to uncover more about the

mechanisms behind this difference in perception.

8.2.1 Reaction time studies

Reaction time studies are a great approach to help us understand how we react to
visual stimulus. In traditional reaction time studies, stimuli are usually shown on

a 2D screen, and participants would have a button or a keyboard, which they can
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press in response to the visual stimuli. For example, Perdices and Cooper ran a
reaction time study on patients with human immunodeficiency virus (HIV), where
the stimulus was presented on a 2D computer screen, and the participants were
asked to respond by pressing a keyboard key [40]. In another study, Goswami
et. al. wanted to study the effect of coorelated colour temperature (CCT) of an
LED light on reaction time. They built a system where the LED light stimulus
was connected to a response button through a microcontroller [41].

The use of AR and VR systems expand the scope of neuroscience experiments.
These systems allow the experimenter to present any stimulus they want to the
participant, anywhere within the participant’s visual field, and the potential re-
sponse from the participant is expanded beyond a key or button press. Antao
Et. Al studied the use of AR task in improving the reaction time of people with
autism spectrum disorder (ASD) [251]. In one of the task, alphabets were pro-
jected onto the real world, rendered on a computer screen, and the participants
were asked to reach the same symbol, causing the virtual object to react to a
gesture. It was concluded that AR can provide a novel and beneficial experiment

for people with ASD in education.

8.2.2 The use of EEG in the study of perception

Electroencephalogram (EEG) has been used to study a wide variety of neuro-
science phenomena, including cognition, affect and neuropathologies. Visual pro-
cessing have also been studied using EEG, as can be seen from the studies dis-
cussed above [224, 226]. The advantage of using EEG over other neuroimaging
techniques include mobility, high temporal resolution and easy to maintain. Fur-
thermore, in AR and VR studies, AR and VR headsets can be fitted over an
EEG cap, thus expanding the types of virtual stimuli that can be shown to the
participants.

Several studies have identified the event-related potential of visual perception

with the use of EEG. [252] recorded the EEG of participants as they are perceiving
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known and unknown visual stimuli. They found that the amplitude of event-
related gamma oscillations during visual perception correlates significantly with
the phase of theta oscillations occurring at the same time. Bush, Dubois and
VanRullen also recorded the EEG of participants as brief flashes of light, at
the luminance threshold of each participant [253]. They found that detection
probability was highly dependent on the phase of the participants’ spontaneous

EEG oscillations in the low alpha and theta bands just before stimulus onset.

8.2.3 Current study

The purpose of this research is to investigate how one’s reaction time and brain
activities will be affected when stimulus is being presented from different envi-
ronments, namely AR, VR and 2D and real-world environments. We hypothesise
that there will be a difference in terms of reaction time and brain activity when

participants are placed in these different environments.

8.3 Methods

8.3.1 Participants

This study was approved by the Ethics Committee University of York, Depart-
ment of Electronics Engineering. 8 participants were recruited for the study. All
participants signed the consent form for the experiment. However, 2 of the par-
ticipants were rejected due to existing neurological conditions, one of whom had
Irlen Syndrome, which will be explored in the next chapter. 3 of the data set

recorded were found to be too noisy and hence rejected.

8.3.2 Procedure

The 2D environment was built based on Perdices and Cooper’s research, where
patients with human immunodefeciency virus (HIV) were recruit in a two-part
study, the first part being a simple reaction time (RT) experiment and the second

part being a choice RT experiment [40]. The experiments were done using a
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computer, which participants use to respond to target stimuli. Only target stimuli
were shown in the simple RT experiment, while both target and non-target stimuli
were shown in the choice RT experiment.

In this study, Psychopy was used to build a similar experiment for the 2D
environment. In the simple RT experiment, participants were shown a yellow
square, as shown in Figure 8.1, and the participants were asked to press the space
bar when the cube appears. In the choice RT experiment, participants were shown
either a red or a green square, as shown in Figure 8.2. Participants were asked
to press the space bar only when a green square is displayed. Participants sat at

a distance of about 1.5 m away from the TV screen, a Samsung PS50C450B1W.

2D environment Real-world AR environment VR environment

environment

Figure 8.1: Stimuli shown to participants during simple reaction time experiment

2D environment Real-world AR environment VR environment

environment

Figure 8.2: Stimuli shown to participants during choice reaction time experiment

Stimulus

Non-stimulus

The trials conducted in the other environments were similar to that in the

2D environment, except that a cube was shown in place of a square, as can be
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seen in Figure 8.1 and Figure 8.2. In the real world environment, an LED light
was placed in a cube built using frosted acrylic boards, measuring 25cm x 25cm
x 25cm. In the virtual world environments (AR and VR), a virtual cube was

generated.

8.3.3 EEG recording

EEG was recorded using the Brainvision ActiCHamp system (Brain Products
GmbH, Gilching, Germany). All tasks were recorded with 32-channel EEG
through ActiCap Slim active Ag/AgCl electrodes, with a sampling rate of 500
Hz. Electrodes were placed in the international 20/20 system, embedded in the
ActiCap. Data recording was controlled using Openvibe, and impedances were

kept below 20 kOhm.

8.3.4 Analysis

The analysis for the EEG data collected in this experiments follows the pipeline
introduced in Chapter 6. Howerver, the CSP function, wavelet function and
statistical analysis steps were modified to better fit the nature of the data collected

in this experiment.

8.3.4.1 Updated CSP function

For the main experiment, the CSP pipeline introduced in Chapter 6 was modified
to computed CSP at the trial level, allowing spatial filters to be derived separately
for each trial or trial pair. This approach was adopted due to the paired structure
of the data. Specifically, each experimental trial comprised a baseline segment
immediately preceding stimulus onset and a post-stimulus segment immediately
following stimulus onset. These two segments form a linked pair originating from
the same trial, recording session, and ongoing brain state.

For each trial, data from the two classes were arranged into channel-by-time

matrices and submitted to a CSP decomposition. Spatial filters were obtained
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by solving the generalized eigenvalue problem between the two trial-specific co-
variance matrices, yielding a set of spatial filters that maximized variance for one
class while minimizing variance for the other. The resulting demixing matrix,
spatial patterns, and eigenvalues were stored on a per-trial basis. These spa-
tial filters were then applied to the corresponding trial data to produce spatially
filtered signals for each condition.

Unlike the CSP implementation in Chapter 6, this version did not perform ex-
plicit covariance normalization, shrinkage regularization, or class-level averaging
across trials. As a result, the spatial filters reflect trial-specific variance structure
rather than a single set of global class-level spatial patterns. This design choice
prioritizes flexibility and exploratory analysis over statistical robustness, and is

therefore more sensitive to trial-wise variability and noise.

8.3.4.2 Updated wavelet function

For the main experiment, the wavelet analyses were performed at the partic-
ipant level. Time—frequency representations (TFRs) of oscillatory power were
computed using a sliding-window Fourier transform approach implemented in
FieldTrip [12]. Spectral estimation was performed using a Hanning taper with a
fixed temporal window length of 0.5 s for all frequencies.

Power spectra were computed for frequencies ranging from 2 to 40 Hz in steps
of 2 Hz. Time—frequency estimates were calculated across all available time points
in each trial. The output of this step was a power-based TFR for each participant
and condition.

Scalp topographies of oscillatory power were generated from the time—frequency
data. For visualization, power was averaged within a predefined time window
(0.3-0.6 s post-event) and frequency band (8-12 Hz), corresponding to the alpha
band. Color scaling was set to maximum absolute values to allow symmetric
visualization of power differences across the scalp.

All topographical plots used a standard 64-channel EEG layout (ActiCAP)
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and included a colorbar for interpretability.

8.3.4.3 Reaction time preprocessing

Reaction times (RTs) were preprocessed in two sequential steps: first, a Piéron-
law—based luminance correction was applied to account for systematic differences
in stimulus intensity across experimental environments. Second, extreme RT
values were removed using a conservative outlier-filtering pipeline.

RTs were corrected using a Piéron-law model (RT = o + - L — k, where
L is the physical stimulus luminance (cd/m?), « is the irreducible (non-sensory)
processing time, (3 is the scaling constant and k is the luminance exponent) [254],
which captures the well-established inverse relationship between reaction time
and stimulus intensity [236, 237, 238]. Stimulus intensity was indexed using the
RMS voltage of a photodiode sensor, which had baseline illumination subtracted.
Model parameters (o, 3, k) were estimated via nonlinear least-squares fitting of
the observed RTs to the measured stimulus intensity. Corrected RTs were then
calculated by removing the luminance-dependent component and re-expressing
each trial relative to a common reference intensity (the mean effective voltage
across trials). This procedure ensures that differences in RT reflect perceptual or
cognitive processing rather than differences in physical stimulus intensity.

After luminance correction, RTs were filtered to remove extreme values that
likely reflect lapses or anticipatory responses. Trials with RTs below 150 ms
or above 3000 ms were first removed. Subsequently, a participant-wise, stan-
dard deviation-based trimming procedure was applied, excluding any trial with
a corrected RT more than 3 standard deviations from the participant’s mean.
This two-step procedure preserves the central tendency and variability of the RT

distribution while minimizing the influence of extreme values [255, 256].
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8.3.4.4 Statistical analysis

Statistical analysis was performed using IBM SPSS Statistics for Windows, ver-
sion 31 (Armonk, NY: IBM Corp). A one-way repeated-measures ANOVA was
used because all experimental conditions were measured within the same partic-
ipants, making the observations across conditions statistically dependent. This
analysis treats participants as their own control, thereby accounting for between-
subject variability and isolating the effect of the experimental manipulation.
Given the small number of participants, this within-subject approach is partic-
ularly appropriate, as it avoids pseudoreplication that would arise from treating
individual trials as independent observations and ensures that statistical infer-
ence is based on variability between participants rather than within-participant
noise.

Because only three participants provided viable EEG data, formal statistical
inference on the EEG signals was not performed. Statistical analysis at the chan-
nel or source level would be severely underpowered and risk producing unreliable
or misleading results. Instead, the EEG data were analyzed descriptively by
computing and visualizing topographical maps of average signal power following
Common Spatial Pattern (CSP) spatial filtering. For each condition, CSP-filtered
signals were obtained and spectral power was averaged across trials. The result-
ing mean power values were then projected onto scalp topographies to illustrate
the spatial distribution of neural activity associated with the experimental condi-
tions. This approach allows qualitative assessment of consistent spatial patterns
across participants while avoiding inappropriate statistical testing on a sample
size insufficient for reliable inferential analysis. Accordingly, these topograph-
ical maps are interpreted as descriptive summaries of the data rather than as

statistically validated effects.
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8.4.1 Reaction time
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8.4.1.1 Simple reaction time experiment

Table 8.1 shows the descriptive statistics for the reaction times of the participants

in the four different environments, during the simple reaction time experiment.

Table 8.1: Table for descriptive statistics for the reaction
times of the participants in the four different environments,
during the simple reaction time experiment

Mean

Sample size Std. deviation

2D screen  0.318
Real world 0.268
AR set 0.449
VR set 0.392

3

3
3
3

0.0570
0.0369
0.0894
0.0368

Figure 8.3 shows the box plot of the reaction time recorded in each environ-

ment in the simple RT experiment.
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Figure 8.3: Bar graph of simple reaction time experiment

From Figure 8.3, the order of the reaction time, from fastest to slowest, is as

follows: real world (0.268 £ 0.0369), 2D screen (0.318 £ 0.0570), VR set (0.449

+ 0.0894) and AR set (0.392 + 0.0368). However, this order cannot be taken as

statistically significant without a formal statistical test.
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A one-way repeated-measures ANOVA was performed to analyze the effect of
the reaction times of the participants in the four different environments, during
the simple reaction time experiment. Mauchly’s test cannot be performed due to
the low number of subjects. Hence, the assumption of homogeneity of variance
cannot be confirmed. As such, Greenhouse-Geisser correction was used. Table 8.2
shows the results of the one-way independent ANOVA.

Table 8.2: Table for results of one-way repeated-measures
ANOVA comparing the effect of environment on reaction
time

df df error F Sig.  n?

p

Environment 1.059 2.119 6.679 0.116 0.770

From Table 8.2, the main effect of environment was not statistically significant
(F(1.059, 2.119) = 6.679, p = 0.116, n2 = 0.770). Since the comparison was not
statistically significant, no post-hoc test was performed. These results indicate
that there is not enough evidence to prove that environment elicit differential

changes in reaction time.

8.4.1.2 Choice reaction time experiment

Table 8.3 shows the descriptive statistics for the reaction times of the participants
in the four different environments, during the choice reaction time experiment.

Table 8.3: Table for descriptive statistics for the reaction
times of the participants in the four different environments,
during the choice reaction time experiment

Mean Sample size Std. deviation

2D screen  0.436 3 0.0453
Real world 0.365 3 0.0320
AR set 0.572 3 0.0439
VR set 0.463 3 0.0347

Figure 8.4 shows the box plot of the reaction time recorded in each environ-

ment in the choice RT experiment.
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Figure 8.4: Bar graph of choice reaction time experiment

From Figure 8.4, the order of the reaction time, from fastest to slowest, is as
follows: real world (0.365 £ 0.0320), 2D screen (0.436 £+ 0.0453), VR set (0.463
+ 0.0347) and AR set (0.572 4+ 0.0439). However, this order cannot be taken as
statistically significant without a formal statistical test.

A one-way repeated-measures ANOVA was performed to analyze the effect of
the reaction times of the participants in the four different environments, during
the simple reaction time experiment. Mauchly’s test cannot be performed due to
the low number of subjects. Hence, the assumption of homogeneity of variance
cannot be confirmed. As such, Greenhouse-Geisser correction was used. Table 8.4

shows the results of the one-way independent ANOVA.

Table 8.4: Table for results of one-way repeated-measures
ANOVA comparing the effect of environment on reaction
time

df df error F Sig. nf,

Environment 1.721 3.443 11.220 0.032 0.849

From Table 8.4, the main effect of foil presence was statistically significant
(F(1.721, 3.443) = 11.220, p = <0.032, nz = 0.849). However, post hoc pairwise
comparisons with Bonferroni correction did not reveal any significant differences

between individual time points (all p > 0.05).
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Figure 8.5: EEG topographical map of participants during simple reaction time
on 2D screen
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Figure 8.6: EEG topographical map of participants during simple reaction time
in real world environment

8.4.2 EEG topographical map
8.4.2.1 Simple reaction time

Figures 8.5, 8.6, 8.7, 8.8 show the alpha-band (8-12 Hz) CSP-filtered EEG to-
pographies during the simple reaction time task.
Visual inspection of the topographies during the simple reaction time task did

not reveal any consistent spatial patterns across participants or experimental en-
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Figure 8.7: EEG topographical map of participants during simple reaction time
in AR environment
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Figure 8.8: EEG topographical map of participants during simple reaction time
in VR environment

(a) Participant 1 (b) Participant 2 (c) Participant 3

Figure 8.9: EEG topographical map of participants during simple reaction time
on 2D screen

vironments. While individual participants exhibited localized changes in spectral
power following stimulus onset, the spatial distribution, polarity, and magnitude
of these effects varied substantially between subjects. No reproducible topograph-
ical features were observed that were common across all three participants for any
environment (2D, real-world, AR, or VR). These results indicate a high degree of
inter-individual variability in neural responses during simple reaction time tasks

under the present experimental conditions.

8.4.2.2 Choice reaction time - reacted

Figures 8.9, 8.10, 8.11, 8.12 show the alpha-band (8-12 Hz) CSP-filtered EEG
topographies during the choice reaction time task, when the green stimulus was
shown and the participant reacted to it.

Similar to the simple reaction time experiment, EEG topographical maps
corresponding to reacted trials in the choice reaction time task did not show

consistent or systematic spatial patterns across participants. Although condition-
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Figure 8.10: EEG topographical map of participants during simple reaction time
in real world environment
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Figure 8.11: EEG topographical map of participants during simple reaction time
in AR environment
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Figure 8.12: EEG topographical map of participants during simple reaction time
in VR environment
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Figure 8.13: EEG topographical map of participants during simple reaction time
on 2D screen

(a) Participant 1 (b) Participant 2 (c) Participant 3

Figure 8.14: EEG topographical map of participants during simple reaction time
in real world environment

specific differences could be observed within individual participants, these effects
were not aligned in scalp distribution or direction across subjects. As such, no
common neural signature associated with successful target detection could be

identified at the group level.

8.4.2.3 Choice reaction time - not reacted

Figures 8.13, 8.14, 8.15, 8.16 show the alpha-band (8-12 Hz) CSP-filtered EEG
topographies during the choice reaction time task, when the red stimulus was
shown and the participant avoided it.

For avoided trials, alpha-band topographies again demonstrated substantial
variability across participants and conditions. No shared spatial features were
evident that differentiated non-reacted trials across environments or participants.
The absence of consistent patterns suggests that neural activity during missed
responses is strongly influenced by individual-specific factors and ongoing brain

states, rather than by the experimental manipulation alone.
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Figure 8.15: EEG topographical map of participants during simple reaction time
in AR environment

(a) Participant 1 (b) Participant 2 (c) Participant 3

Figure 8.16: EEG topographical map of participants during simple reaction time
in VR environment

8.5 Discussion

The present study investigated how reaction time and EEG activity differ when
visual stimuli are presented in four environments: a 2D screen, the real world,
an augmented reality (AR) environment, and a virtual reality (VR) environment.
Across both behavioural and electrophysiological measures, the results suggest
that the mode of stimulus presentation influences perceptual processing, although
the extent and consistency of these effects are constrained by the limited sample
size.

In the reaction time results, participants generally responded more slowly to
stimuli presented in virtual environments compared to those presented in the
real world or on a 2D screen. This trend was observed in both the simple and
choice reaction time tasks, although statistical significance was limited. One pos-
sible explanation for this effect relates to ecological validity, whereby perceptual

systems are more finely tuned to stimuli that resemble real-world, naturalistic
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settings [257]. When participants are placed in VR or presented with virtual

objects in AR, additional perceptual and cognitive resources may be required to
interpret artificial depth cues, resolve discrepancies between visual and proprio-
ceptive information, or adapt to the virtual context, resulting in longer response
times.

Interestingly, reaction times in AR were often slower than in the real-world
condition but not consistently slower than in VR. This pattern may reflect dif-
ferences in adaptation demands between the two immersive technologies. In VR,
participants are fully immersed in a coherent virtual environment, which may
facilitate rapid contextual adaptation once immersion is established. In con-
trast, AR requires participants to integrate virtual objects with a real-world back-
ground, potentially increasing cognitive load as the brain reconciles competing
perceptual frameworks [258, 259]. While this interpretation remains speculative,
it highlights a potential distinction between AR and VR that warrants further
investigation.

The EEG results were analysed descriptively due to the very small num-
ber of participants providing usable EEG data (n = 3). Visual inspection of
CSP-filtered alpha-band (8-12 Hz) topographical maps did not reveal consistent
spatial patterns across participants, task conditions, or experimental environ-
ments. Although individual participants exhibited localized changes in spectral
power following stimulus onset, the spatial distribution, polarity, and magnitude
of these effects varied substantially between subjects. As a result, no reproducible
group-level neural signatures could be identified for any condition.

The absence of consistent EEG patterns is likely attributable to several fac-
tors. First, EEG signals are known to exhibit strong inter-individual variability,
particularly in oscillatory activity and scalp topographies [260]. Second, the
use of trial-level Common Spatial Pattern (CSP) analysis without covariance
regularization prioritises sensitivity to trial-specific variance at the expense of

cross-trial and cross-subject stability. Finally, the extremely limited sample size
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severely restricts statistical power and precludes reliable inference at the group
level. Consequently, the EEG findings should be interpreted strictly as qualita-
tive, descriptive summaries rather than evidence of systematic neural differences
between environments.

Several methodological limitations of the present study should be acknowl-
edged. Most notably, the small number of participants limits the generalisability
of both the behavioural and electrophysiological results. While within-subject
statistical analyses were applied to the reaction time data, the low number of
subjects reduces sensitivity to detect reliable effects and increases the likelihood
that observed trends reflect individual differences rather than population-level
phenomena. For the EEG data, the limited sample size entirely precluded infer-
ential statistical analysis.

Additionally, the visual stimuli used in this study were intentionally simple,
consisting only of red, green, and yellow cubes. While this design choice reduced
stimulus complexity and experimental confounds, it also limits the ecological
and perceptual richness of the task. Future studies could explore how variations
in shape, texture, colour, and semantic content influence perception and neural

processing across real and virtual environments.

8.6 Conclusion

This study examined how visual stimuli presented in real-world, 2D, AR, and VR
environments influence reaction time and EEG activity. The behavioural results
suggest that stimulus presentation environment can affect reaction time, with a
tendency toward slower responses in immersive virtual environments. However,
these effects were modest and should be interpreted cautiously due to the limited
sample size.

The EEG analyses, conducted descriptively, did not reveal consistent spatial
patterns across participants or conditions. This lack of reproducible EEG signa-

tures highlights the substantial inter-individual variability in neural responses and
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underscores the challenges of drawing group-level conclusions from small-sample
EEG studies, particularly when using exploratory, trial-level spatial filtering ap-
proaches.

Despite these limitations, the study demonstrates the feasibility of combining
EEG with AR and VR paradigms and provides preliminary insights into how dif-
ferent presentation environments may shape perceptual processing. The findings
highlight the importance of adequately powered studies and carefully controlled
stimulus designs in future work aimed at understanding the neural mechanisms

underlying perception in immersive and mixed-reality environments.



Chapter 9

Case study on Irlen Syndrome and digital stimuli

9.1 Introduction

Meares-Irlen syndrome, or simply Irlen syndrome (IS) is a condition of perceptual
dysfunction, characterized by visual stress and distortions while reading, such as
blurriness, double vision, or color changes around text. This is due to poor
adaption to light source, luminance, intensity, wavelength and colour contrast.
This has resulted in individuals with this syndrome being slow and ineffective
readers with low comprehension. It can also cause headaches, eye strain, and
difficulty focusing, which interfere with reading and learning [261]. Figure 9.1

shows some of the types of visual distortions people with IS experience [17].
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Figure 9.1: Types of visual distortions with IS [17]
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The current treatment recommends the use of filters and coloured lenses in
order to reshape the light spectrum, reducing the contrast between light and dark
to facilitate visual and retinal photoreceptor adaptation. However, research on
IS is still limited. Most of the research conducted on IS focusing on the subject’s
reading ability. However, little is known about how individuals with IS react to
digital stimuli. Reaction time studies are a good way to help us understand how
individuals with IS react to visual stimuli, both with filter and without.

Chouinard et. al. (2012) conducted a behavioural and neuroimaging study on
a case study participant with Irlen Syndrome, using a language experiment with
varied proportions of regular and exception words[122]. The researchers found
that in the case study participant, there was a significant increasing trend of im-
pulse response function (IRF), a function a system’s response to an impulse, in
BA17 to BA19 (visual cortex), BA6 (premotor and suplementary motor cortex)
and postcentral gyrus. No such increasing trend of IRF were found in the control
subject. This demonstrates that in the case study participant, there was hyper-
excitablility in the visual cortex, which spread to the other areas of the brain.
While there are many limitations with this study, it demonstrated the possible
existence of neural correlates of Irlen Syndrome, prompting further research into
the neuro-mechanisms of this condition.

In a larger neuroimaging study with 15 Irlen syndrome patients, Kim et. al.
(2015) reported significant activation in the superior temporal gyri, specifically
the left middle and superior temporal gyri, during sentence reading after wearing
color-tinted lenses, compared to reading unaided [262]. Interestingly, superior
temporal gyrus is primarily associated with auditory processing, particularly in
speech recognition and comprehension, but not in the visual processing of writ-
ten language. However, the Left middle temporal gyrus is involved in semantic
processing and the integration of language information, which are amodal pro-
cesses [262]. This suggests that the root cause of Irlen Syndrome might not be

with the primary visual processing of written words, but with the visual-auditory
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integration of language information.

As discussed briefly in Chapter 3, Irlen syndrome is a condition that has been
closely associated with dyslexia and is most commonly studied in the context
of reading. Consequently, much of the existing research on Irlen syndrome and
visual stress has focused on printed text, with relatively little attention given to
how digital stimuli may affect individuals who experience visual stress. Chap-
ter 8 demonstrated that digital stimuli can influence visual perception even in
neurotypical participants. On this basis, it is plausible that individuals with
Irlen syndrome may experience heightened visual stress when interacting with
digital displays, although this interpretation remains speculative. This discrep-
ancy highlights a gap in the current literature and suggests an avenue for further
investigation.

In the previous chapter, a participant was not able to participate in the ex-
periment due to Irlen Syndrome. Irlen Syndrome is a condition to which there
is limited research. Hence, it served as an inspiration to do a case study on that
participant to see how people with Irlen syndrome interact with digital stimuli.
The purpose of this research is to study how fast an individual with Irlen Syn-
drome can react to a digital stimuli, with filters and without. The timing is then

compared with the reaction time of healthy subjects.

9.2 Methods

This experiment builds on the experiment discussed in Chapter 8. As a reminder,
The experiment consists of two parts, the first part being a simple reaction time
(RT) experiment and the second part being a choice RT experiment. In the
simple RT experiment, subjects will be shown a yellow cube, and the subjects
are to press the bumper button on the controller when the cube appears. In
the choice RT experiment, subjects will be shown either a red or a green cube.
Subjects are to press the button only when a green cube is displayed.

In contrast with the experiment in Chapter 8, this experiment is conducted
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on a 2D screen, without the participant hooked up to an EEG machine, in order
to reduce methodological complexity and improve interpretability in a single-
participant case study. Findings from the previous chapter showed that while
reaction time measures produced interpretable behavioural trends, EEG data did
not yield consistent or reproducible neural signatures due to high inter-individual
variability and extremely limited sample sizes. Including EEG in the present
study would therefore add analytical burden without providing meaningful ex-
planatory value. Moreover, restricting the experiment to a 2D display minimised
potential confounds arising from immersive environments or recording equipment,
which is particularly important when studying individuals with Irlen Syndrome
who may be sensitive to visual and sensory load. Finally, the use of a standard
screen enhances ecological relevance, as digital displays are the most common
medium through which individuals with Irlen Syndrome encounter visual stimuli
in everyday contexts.

The program used to generate the stimuli for the experiment in 8 was modified
so that it does not look for TCP servers, and it allows for digital overlays to be
placed on top of it. For this experiment, Colorveil is used to generate a screen
overlay. It allows the researcher to choose the overlay colour that the participant
prefers, and also another one that the participant don’t. The preferred colour for
the filter was based on the prescribed colour from the participant’s Irlen Syndrome
diagnosis. The non-preferred colour for the filter was chosen to be contrasting

from the prescribed colour.

9.2.1 Data analysis

Statistical analysis was performed using IBM SPSS Statistics for Windows, ver-
sion 27 (Armonk, NY: IBM Corp). In this study, we want to find out how having
a filter can affect the reaction time of a participant with Irlen Syndrome reacting
to a digital stimuli. Hence, we can perform an independent ANOVA, comparing

the reaction time when the participants have different filter conditions.
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9.3.1 Simple reaction time experiment

Table 9.1 shows the descriptive statistics for the participant’s reaction time in

each filter condition (no filter, non-preferred filter, preferred filter), during the

simple reaction time experiment:

Table 9.1: Table for descriptive statistics for participant’s
reaction time in each filter condition, during the simple

reaction time experiment

Mean Sample size Std. deviation
No filter 0.273 30 0.0325
Non-preferred filter 0.266 30 0.0331
Preferred filter 0.256 30 0.0320
Total 0.265 90 0.0329

Figure 9.2 shows the box plot of the reaction time recorded with each filter in

the simple RT experiment.
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Figure 9.2: Box plot of simple reaction time experiment

From Figure 9.2, the order of the reaction time, from fastest to slowest, is as

follows: preferred filter (0.256 £ 0.0320), non-preferred filter (0.266 £+ 0.0331) and

no filter (0.273 + 0.0325). However, this order cannot be taken as statistically

significant without a formal statistical test.
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A one-way independent ANOVA was performed to analyze the effect of the

participant’s reaction time in each filter condition, during the simple reaction
time experiment. Levene’s test confirms that the assumption of homogeneity
of variance had been met (F(2,87) = 0.035, p = 0.966). As such, Bonferroni
was used for post hoc comparisons. Table 9.2 shows the results of the one-way

independent ANOVA.

Table 9.2: Table for results of one-way independent
ANOVA comparing the effect of participant’s reaction time
in each filter condition

df dferror F Sig.  n?

p

System 2 87 1.975 0.145 0.043

From Table 9.2, the main effect of filter condition was not statistically signif-
icant (F(2, 87) = 1.975, p = 0.145, n2 = 0.043). Since the comparison was not
statistically significant, no post-hoc test was performed. These results indicate
that there is not enough evidence to prove that filter condition elicit differential

changes in reaction time.

9.3.2 Choice reaction time experiment

Table 9.3 shows the descriptive statistics for the participant’s reaction time in
each filter condition (no filter, non-preferred filter, preferred filter), during the

choice reaction time experiment:

Table 9.3: Table for descriptive statistics for participant’s
reaction time in each filter condition, during the choice
reaction time experiment

Mean Sample size Std. deviation

No filter 0.374 30 0.0515
Non-preferred filter 0.375 30 0.0516
Preferred filter 0.397 30 0.0573

Total 0.382 90 0.0540
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Figure 9.3 shows the box plot of the reaction time recorded with each filter in

the simple RT experiment.
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Figure 9.3: Box plot of choice reaction time experiment

From Figure 9.3, the order of the reaction time, from fastest to slowest, is as
follows: no filter (0.374 £+ 0.0515), non-preferred filter (0.375 £ 0.0516) and pre-
ferred filter (0.397 £ 0.0573). However, this order cannot be taken as statistically
significant without a formal statistical test.

A one-way independent ANOVA was performed to analyze the effect of the
participant’s reaction time in each filter condition, during the choice reaction
time experiment. Levene’s test confirms that the assumption of homogeneity
of variance had been met (F(2,87) = 0.197, p = 0.822). As such, Bonferroni
was used for post hoc comparisons. Table 9.4 shows the results of the one-way

independent ANOVA.

Table 9.4: Table for results of one-way independent
ANOVA comparing the effect of participant’s reaction time
in each filter condition

df df error F Sig.  n?

p

System 2 87 1.775 0.176 0.039

From Table 9.4, the main effect of filter condition was not statistically signif-

icant (F(2, 87) = 1.775, p = 0.176, nzz, = 0.039). Since the comparison was not
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statistically significant, no post-hoc test was performed. These results indicate
that there is not enough evidence to prove that filter condition elicit differential

changes in reaction time.

9.4 Discussion

The present case study examined whether digital colour filters influence reaction
time in an individual with Irlen Syndrome during simple and choice reaction time
tasks. While descriptive trends suggested faster responses when filters were ap-
plied, particularly when the participant’s preferred filter was used, the repeated-
measures ANOVA did not reveal a statistically significant main effect of filter
condition for either task. These results indicate that, within the limits of this
dataset, no reliable behavioural effect of filtering can be inferred.

Despite the absence of a significant main effect, the descriptive pattern ob-
served in the simple reaction time task is noteworthy. Mean reaction times were
lowest when the preferred filter was applied, followed by the non-preferred filter,
and highest in the no-filter condition. In simple reaction time paradigms, where
performance is primarily driven by perceptual detection and motor execution, it
is plausible that reducing visual stress through filtering could facilitate more effi-
cient stimulus processing. However, given the non-significant ANOVA result and
the single-participant design, this pattern should be interpreted as exploratory
rather than confirmatory.

In contrast, no consistent trend was observed in the choice reaction time task,
and reaction times remained relatively stable across filter conditions. The addi-
tional cognitive demands associated with stimulus discrimination and response
inhibition may have overshadowed any subtle perceptual benefits provided by
the filters. This interpretation aligns with the notion that as task complexity
increases, higher-level cognitive processes exert a stronger influence on reaction
time than early-stage perceptual factors.

The interpretability of these findings is inherently limited by the use of a
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single participant. Although repeated-measures ANOVA was used to account for
within-subject variability, inferential statistics derived from a single individual
cannot be generalised to the broader Irlen Syndrome population. Moreover, the
statistical power to detect small effects is limited, increasing the likelihood of Type
IT error. As such, the absence of a significant main effect does not necessarily
imply the absence of a true underlying effect, but rather reflects the constraints
of the study design.

Overall, the findings suggest that while digital colour filtering may influence
reaction time at a descriptive level, particularly in low cognitive load tasks, ro-
bust conclusions cannot be drawn without larger samples and more comprehensive
experimental designs. The present study should therefore be viewed as a prelim-
inary exploration that motivates further investigation rather than as definitive

evidence for the efficacy of digital filters in improving reaction time performance.

9.5 Conclusion

This chapter presented an exploratory behavioural case study investigating the
effect of digital colour filters on reaction time in an individual with Irlen Syn-
drome. Using simple and choice reaction time tasks, the study examined whether
screen-based filtering influenced performance under varying levels of cognitive
demand. Although descriptive trends suggested faster responses in the simple
reaction time task when filters were applied, particularly when the participant’s
preferred filter was used, statistical analysis using repeated-measures ANOVA did
not reveal a significant main effect of filter condition.

The absence of a statistically significant effect highlights the limitations in-
herent in single-participant designs, including reduced statistical power and re-
stricted generalisability. As such, the findings should be interpreted as descriptive
and hypothesis-generating rather than as evidence for a reliable behavioural ef-
fect of digital filtering. The lack of consistent effects in the choice reaction time

task further suggests that any potential perceptual benefits of filtering may be
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diminished when additional cognitive processing is required.

Despite these limitations, the study contributes to the limited literature on
Irlen Syndrome and digital stimuli by demonstrating the feasibility of controlled
reaction time paradigms for investigating visual stress in digital environments.
The results underscore the importance of considering task demands, cognitive
load, and individual variability when evaluating the effectiveness of visual inter-
ventions. Future research should extend this work to larger participant samples,
incorporate more ecologically valid stimuli, and examine the interaction between

perceptual and cognitive factors in digital visual processing.



Chapter 10

Concluding Remarks

10.1 Summary

This thesis investigated visual perception across real, digital, and immersive en-
vironments by integrating foundational vision science, EEG signal processing,
virtual and augmented reality technologies, and behavioural experimentation.
Beginning with the basic physics of light and the neurobiology of vision, the
early chapters established the theoretical framework necessary to understand how
visual information is transduced and processed by the human brain. This founda-
tion was extended through a focused review of visual word processing, highlighting
the interaction between low-level sensory mechanisms and higher-order cognitive
functions such as reading.

Building on this theoretical background, the thesis developed and evaluated
a signal processing framework for analysing EEG data. A comparative exami-
nation of time—frequency methods demonstrated the suitability of wavelet-based
approaches for non-stationary neural signals, while spatial filtering using Common
Spatial Patterns (CSP) was explored for enhancing task-related contrasts. These
techniques were integrated into a generalised EEG analysis pipeline, which was
subsequently validated using a public motor imagery dataset. The results showed
that the pipeline reliably captured physiologically plausible task-related neural
activity, including event-related desynchronisation in sensorimotor rhythms, while
also highlighting the challenges of detecting robust hemispheric lateralisation at
the scalp EEG level.
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A central contribution of this thesis lies in the systematic development and
validation of an experimental platform for studying visual perception across 2D
screens, real-world settings, augmented reality, and virtual reality. Hardware
characterisation experiments quantified key confounds associated with these envi-
ronments, including luminance, latency, and electromagnetic noise. The findings
demonstrated that while system latency was minimal and consistent across envi-
ronments, luminance and device-specific noise varied substantially and represent
systematic factors that must be accounted for when interpreting behavioural and
EEG results.

Using this validated platform, behavioural and EEG experiments were con-
ducted to examine how stimulus presentation environment influences perceptual
processing. Reaction time results suggested a tendency towards slower responses
in immersive virtual environments compared to real-world and 2D conditions, al-
though these effects were modest and constrained by limited sample sizes. EEG
analyses, necessarily descriptive due to the small number of participants, revealed
substantial inter-individual variability and no consistent group-level spatial pat-
terns, underscoring the challenges of drawing robust neural inferences in small-
sample immersive EEG studies.

Finally, an exploratory behavioural case study examined the effects of digital
colour filtering on reaction time in an individual with Irlen Syndrome. While no
statistically significant effects were observed, descriptive trends in simple reaction
time tasks suggested that filtering may reduce visual stress under low cognitive
load. Although preliminary, this work contributes to a limited body of research
on visual stress in digital contexts and motivates further investigation with larger

samples and more ecologically valid stimuli.

10.2 Future directions

Despite the breadth of topics addressed, this thesis represents only a small con-

tribution to the broader field of visual neuroscience. Several avenues for future
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research emerge naturally from the findings and limitations identified throughout
this work.

From a signal processing perspective, future studies could enhance the pro-
posed EEG pipeline by incorporating machine learning techniques, such as reg-
ularised classifiers, deep learning models, or subject-specific approaches. These
methods may improve sensitivity to subtle condition differences and help address
the substantial inter-individual variability observed in EEG data. Combining
spectral, spatial, and temporal features, or integrating multimodal data, may
further improve classification and interpretability.

In terms of immersive technologies, the stimulus generation framework devel-
oped in this thesis could be expanded and made more widely accessible, enabling
broader adoption and collaborative development. Future experiments could em-
ploy more ecologically valid and semantically rich stimuli, such as text, naturalis-
tic scenes, or interactive tasks, to better capture real-world perceptual demands.

The behavioural and EEG experiments conducted in this thesis were limited
by small participant samples. Increasing sample sizes would improve statistical
power and generalisability and enable more sophisticated statistical modelling,
including mixed-effects approaches that explicitly account for individual differ-
ences. Larger datasets would also allow for more robust investigation of neural
signatures associated with perception in immersive environments.

With respect to Irlen Syndrome, substantial future work is required to move
beyond exploratory case studies. Recruiting larger cohorts of individuals with
Irlen Syndrome and neurotypical controls, incorporating reading-based and lin-
guistically meaningful stimuli, and combining behavioural and neural measures
may help clarify the mechanisms underlying visual stress and the potential effi-
cacy of visual interventions.

Overall, this thesis demonstrates the potential of interdisciplinary approaches
that combine neuroscience, signal processing, and immersive technologies to ad-

vance the study of visual perception. It is hoped that this work will motivate
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further research into perception in digital environments and contribute to the
development of evidence-based tools and interventions that support individuals

in their interaction with modern visual technologies.
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APPENDICES

A Matlab code

A.1 Fourier transform
We start with e™™!. This equation can be generated using:

cl =0.2;

G = exp(2*pikcl*lixt)

Next, equation B.1 can be plotted using:

figure;
plot(G,"-")
axis equal
grid on
xlabel("Re")
ylabel("Im")

axis([-2.5 2.5 -2.5 2.5])

ax = gca;
ax.XAxisLocation = ’origin’;
ax.YAxisLocation = ’origin’;

To generate the signal for equation B.2, we can use:

t = 0:0.01:100;
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f =5;

7]
I

cos(2*pi*xf*xt) + 1.1;

Next, equation B.2 can be plotted using:

figure;

hold on;

plot(F,"-")

plot(COM, ’rx’, ’MarkerSize’, 10, ’LineWidth’, 2)
axis equal

grid on

xlabel("Re")

ylabel("Im")

axis([-2.5 2.5 -2.5 2.5])

ax = gca;
ax.XAxisLocation = ’origin’;
ax.YAxisLocation = ’origin’;
hold off;

Equation B.3 can then be plotted by setting ¢1 = f, then running the above
code again to generate the new plot.

To get all the averages of all points on the complex domain plot, we use:

c_values = 0:0.01:20;

COMarr = [];

for ¢ = c_values
G = exp(2*pixc*lixt);
F = S.xG;

COM = sum(F)/length(t);
COMarr = [COMarr; COM];

end



235
We then plot equation B.4 using:

figure;

plot(c_values, COMarr);
xlabel (’Frequency (Hz)’);
ylabel(’Magnitude’);

grid on;

A.2 STFT and wavelet transform

We start with the surrogate signal equation 4.12, shown in figure 4.2. This signal

can be generated using:

f_t = zeros(size(t));
% Signal for t = 0 to t = 10 with 4 Hz and 10 Hz components
tl =t(t >0 & t <= 3);

f_t(t >= 0 & t <= 3) = sin(2*pi*4*tl) + sin(2*pi*10*tl);

% Signal for t = 10.01 to t = 20 with 6 Hz and 12 Hz components

t2 =t(t >3 &t <= 6);

20.01 to t

% Signal for t 30 with 8 Hz and 14 Hz components
f_t(t >3 &t <= 6) = sin(2*pi*6*t2) + sin(2xpi*12%t2);
t3 =t(t >6&t <=9);

f_t(t > 6 &t <=9) = sin(2*pi*8*t3) + sin(2*pi*14%t3);

We can try applying a Fourier transform, as shown in figure 4.3. This can be

done using:

Fs =1/ (£(2) - t(1)); % Sampling frequency

N

length(f_t); % Number of samples

f

linspace(0, Fs/2, floor(N/2)+1); 7 Frequency vector for plotting

F f t

fft(f_t); ’% Compute FFT

P_f_t

abs(F_f_t) / N; % Normalize the magnitude
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P_f_t = P_.f_t(l:length(f)) * 2; 7 Take the positive half of the spectrum

freq_range = (f >= 1 & f <= 20); % Logical index for desired frequency range
f_plot = f(freq_range); % Frequencies in the desired range

P_f_t_plot = P_f_t(freq_range); ' Magnitudes in the desired range

Figure 4.2 and figure 4.3 can then be plotted together using:

figure;

subplot(2,1,1);

plot(t, f_t);
title(’Time-Domain Signal’);
xlabel(’Time (s)’);

ylabel(’Amplitude’);

subplot(2,1,2);

plot(f_plot, P_f_t_plot);
title(’Magnitude of Fourier Transform’);
xlabel (’Frequency (Hz)’);

ylabel(’Magnitude’);

We then define the parameters for STFT

segment_duration = 0.5; % Duration of each segment in seconds

segment_samples = segment_duration * Fs; ¥ Number of samples in each segment
overlap_samples = 0; 7% Overlap between segments (can be set to half or more f

n_segments = floor(length(f_t) / segment_samples); ’ Number of segments

Figure 4.4 can then be plotted using:

figure;
spectrogram(f_t, segment_samples, overlap_samples, [], Fs, ’yaxis’);
title(’Spectrogram of Signal’);

xlabel (’Time (s)’);
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ylabel (’Frequency (Hz)’);

ylim([0 35]); % Set y-axis limits to O to 30 Hz

colorbar;

The wavelet transform using Morlet wavelet can be easily applied using one

line of code:

[wt, frequencies] = cwt(f_t, ’amor’, Fs);

Figure 4.6 can then be plotted using:

figure;

surface(t, frequencies, abs(wt));

shading interp;

axis tight;

xlabel (*Time (s)’);

ylabel (’Frequency (Hz)’);
title(’Time-Frequency Spectrogram using CWT’);

colorbar;

The Hilbert-Huang transform can be applied using:

emd(f_t);
imf = emd(f_t,’Display’,1);

hht (imf,Fs, ’FrequencyLimits’, [0 35])

These functions automatically generate the figures for the IMFs and the HHT
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spectrogram.

B Basic mathematics

B.1 Basics of Fourier transform

The Fourier Transform is a mathematical operation that decomposes a time-
domain signal into its constituent frequencies, transforming it from the time do-
main to the frequency domain (cite). Mathematically, the Fourier Transform of
the signal H(t) can be represented mathematically using equation B.1.
+o00 )
Fw) = H(t)e ™'dt (B.1)
—00
where F(w) represents the fourier transform of the signal, w is the angular

~wt (a complex exponential) captures both the amplitude and

frequency, and e
phase of each frequency component. |F(w)?| represents the frequency spectrum
of the signal.

To understand how Fourier transform works, we can start with a surrogate

signal H (t) defined by B.2:

H(t) = cos(2nt) + 1.1 (B.2)

The purpose of adding 1.1 is to move the whole cosine signal above the x-axis

and all positive, for easier analysis. Next, we plot a complex domain plot of e~

as shown in figure B.1:

Notice how e~™?! draws a circle on the complex domain plot. This makes e~**

such a useful equation to represent rotation, or revolution, in mathematics.
The magnitude value on each time point in the raw signal is multiplied with
—iwt

the corresponding value on the e complex domain plot. In this case, we start
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Re

Figure B.1: Plot of e=®* on a complex domain plot

with f = 0.2, or w = 0.47r. We get the resulting plot as shown in in figure B.2:

Re

e

1/5

Figure B.2: Multiplying e=** with H (¢) on a complex domain plot, where f = 0.2,
showing an average close to 0

We then find the average of all points on the resulting complex domain plot,
represented by the red cross on figure B.2. Next, we repeat the step with f =5,

or w = 107, the same frequency as that of the signal, as shown in figure B.3.



240

Figure B.3: Multiplying e~ with H(t) on a complex domain plot, where f = 5,
showing a jump in average to 0.5

Notice how when the frequency of e™™* does not match the frequency of the
signal, the resulting average is close to 0. However, when the frequency of e=*" is
equals to the frequency of the signal, the resulting average spikes up, in this case

to 0.5. To illustrate further, we plot the resulting averages against the frequency

of e”®* in figure B.4.

B.2 Basics of linear algebra

In order to understand how the CSP algorithm works geometrically, one must
have a solid foundation in the understanding basic linear algebra. Many textbooks
on linear algebra have already discussed this topic at length, so a summary of
concepts required to understand the CSP algorithm will be discussed here.

A discussion on linear algebra usually begins with vectors, which are the
alphabets of linear algebra. Simply put, vectors are mathematical objects with
both magnitude and direction. For example, let’s say we want to express the
following vector on the cartesian plane.

We can write this mathematically as a vertical matrix, with the x and y
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Figure B.4: Discrete fourier transform, where all the resulting averages are plotted
against the frequency of e=®* on a complex domain plot

coordinates of the point the vector ends on, as the first and second numbers

respectively, like so: . This allows us to define a vector that lands on point
3

(2,3), assuming that it starts from the origin.

B.2.1 Matrixes

EEG signals are usually presented in a graph form, with a line for each channel.
This allows researchers to visually inspect each channel before the signals are
further processed.

However, in order for a computer to process these signals, they would have
to be represented in numbers form. This is where matrixes come into play. The
channels can be represented as rows, and the magnitude each signal points can

be represented as a single element in the matrix.

B.2.2 Linear transformation

Linear transformation is the mapping of a single vector onto another vector space.

This is defined by identifying the basis vectors in the new vector space, assuming
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Figure B.6: EEG signal captured from a subject who is at rest.
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that the basis vector in the original vector space is i = [1,0] and j = [0,1].
Visual inspection shows that by taking the eigenvectors of the covariance

matrix as the transformation matrix. Mathematically prove that the eigenvectors

of the covariance matrix is a rotation matrix, and scales the matrix by [1,0;0,-1].

Suppose we have:

T=RxS

Where T is the transformation matrix, R is the rotation matrix and S is the

scaling matrix. We also have:

Let:

B cos(a) —sin(b)

sin(c)  cos(d)

Linear transformation equations:

a b| |z a b
c d| |y c d
a bl |le f ae +bg af + bh

c df |g h ce+dg cf +dh

So:

_— 1 0 cos(a) —sin(b)|  |cos(a)+0 —sin(b)+0| |cos(a) sin(b)
= X = =

0 —1 sin(c)  cos(d) 0 —sin(c) 0— cos(d) sin(c) cos(d)

Where a, b, c and d are arbitrary constants. Prove that if T = eigenvectors
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of covariance matrix, a = b= c = d.

Given:

var(z)  cov(z,y) Z?(x;*uz)Q >r (mi*l:)(yi*lly) 1 S (25 — Mz)2
COU = = [
T (zi—pa) (yi— T (yi—my)® n
cov(z,y) var(y) 21 /;)(y By) 21 (yn By) n Zl (z: — o) (yi —
And:

covX TV = Ax

cov= U XAX T

"Positive definite” refers to a real matrix A having the property that xTAx is

positive for all non-zero vectors x.

B.2.3 Fourier transform

The most fundamental way break a signal down into it’s frequency components is
through the Fourier Transform. Fourier transform allows for the decomposition
of complex, time-domain EEG signals into their frequency components, making
it easier to analyze brain activity in specific frequency bands. Fourier transform
works by transforming the EEG signal from the time domain to the frequency
domain, which results in a spectrum showing the amplitude or power of each
frequency component within the signal. A tutorial on the mathematics is detailed
in the appendix. The frequency-based representation of the EEG signal allows
for the identification of brain rhythm at specific frequencies, which are associated
with cognitive functions or disorders. Additionally, it is widely used to filter
noise, isolate specific frequency bands, and apply spectral analysis techniques.
There are two main types of Fourier Transforms: the Discrete Fourier Trans-

form (DFT) and the Continuous Fourier Transform (CFT), each suited to differ-
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ent types of signals.

The Continuous Fourier Transform is used for continuous, analog signals,
where time or space can be measured at infinitely small intervals. The CFT
transforms a continuous-time signal f(¢) into its frequency-domain representation
F(w). Tt is given by the integral:

400
F(w) = ft)e ™tat (B.3)
—o0

Here, w represents the frequency, and ¢ is the imaginary unit. On the other
hand, the Discrete Fourier Transform is used for discrete, sampled signals. The
DFT transforms a discrete signal x[n], where n is the index of samples; into its

frequency-domain representation X[k] through the sum:

X[k] =) a[n]e i Grkn/N) (B.4)

where N is the number of samples, and k represents discrete frequency bins.
As digital systems do not have the ability to store analog data, any analog signals
recorded, such as EEG signal, are converted to discrete digital data before being
stored. Hence, DFT is typically used to convert a digital signal into its frequency-
domain representation.

As this chapter is focused on the mathematics of signal processing, the contin-
uous equations, such as CF'T will be shown. However, it should be noted that the
surrogate signals used in this chapter are still discrete digital signals, so discrete
methods are needed to process them. In the next chapter, where signal processing
techinques and their applications are discussed, discrete equations, such as DF'T

will be shown.
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