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Abstract

The impact of graphics on our perception is usually measured by asking users to

complete self-assessment questionnaires. These psycho-physical questionnaires rating

scales reflect a subjective opinion by conscious responses but may be (in)voluntarily

biased and usually do not provide real-time feedback. Subjects may also have difficul-

ties communicating their opinion because a rating scale may not reflect their intrinsic

perception, or they may be biased by external factors such as mood, expectation, past

experiences, or even problems with task definition and understanding.

To overcome these limitations, in this thesis we consider involuntary responses of

the human body to computer-generated – as well as real-world – image content. Our

goal is to complement conscious, subjective rating results with unconscious, immediate

bio-signal feedback, adding a whole new range of modalities to our perception quan-

tification apparatus. Towards this goal, we investigate electroencephalography (EEG),

eye tracking, galvanic skin response (GSR), and cardiac and respiratory data. We seek

to explore the gap between what humans consciously see and what they implicitly

perceive when watching generated and natural visual content. We include different

display technologies, ranging from traditional monitors to virtual reality (VR) devices,

commonly used to present digital images and videos.

This thesis scrutinizes how the human brain and the autonomous nervous system

react to visual stimuli and how these reactions can be reliably measured via bio-signals

to analyse and quantify the immediate physiological reactions towards certain aspects of

artificial and natural content. By pioneering novel measurement and analysis methods

for immediate and involuntary physiological reactions, we aim to advance the current

frontiers in the context of perceptual graphics.
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Kurzfassung

Der Einfluss von Graphik auf unsere Wahrnehmung wird in der Regel gemessen, indem

Benutzer gebeten werden, Fragebögen zur Selbsteinschätzung auszufüllen. Diese psy-

chophysikalischen Fragebögen und Bewertungsskalen spiegeln eine subjektive Meinung

durch bewusste Antworten wider, können aber (un)freiwillig verzerrt sein und bieten in

der Regel kein Echtzeit-Feedback. Die Probanden können auch Schwierigkeiten haben,

ihre subjektive Wahrnehmung mitzuteilen, weil eine Bewertungsskala möglicherweise

nicht ihre intrinsische Wahrnehmung widerspiegelt, oder sie können durch externe Fak-

toren wie Stimmungslage, Erwartungen, frühere Erfahrungswerte oder sogar Probleme

mit der Aufgabenstellung und dem Verständnis beeinflusst werden.

Um diese Einschränkungen zu umgehen, betrachten wir in dieser Dissertation die

unwillkürlichen Reaktionen des menschlichen Körpers auf computergenerierte – wie

auch reale – Bildinhalte. Unser Ziel ist es, bewusste, subjektive Bewertungsergeb-

nisse mit unbewusstem, unmittelbarem Biosignal-Feedback zu ergänzen und so unse-

rem Wahrnehmungsquantifizierungsapparat eine weitere Reihe von Modalitäten hinzu-

zufügen. Um dieses Ziel zu erreichen, untersuchen wir Elektroenzephalografie, Blicker-

fassung, elektrodermale Aktivität, sowie Herz- und Atmungsdaten. Wir untersuchen

die Lücke zwischen dem, was Menschen bewusst sehen und dem, was sie implizit wahr-

nehmen, wenn sie künstlich erzeugte und natürliche visuelle Inhalte betrachten. Wir

beziehen verschiedene Anzeigetechnologien ein, von herkömmlichen Monitoren bis hin

zu VR-Geräten, die üblicherweise zur Darstellung digitaler Bilder und Videos verwendet

werden.

In dieser Dissertation wird untersucht, wie das menschliche Gehirn und das vegetati-

ve Nervensystem auf visuelle Reize reagieren und wie diese Reaktionen über Biosignale

zuverlässig gemessen werden können, um die unmittelbaren physiologischen Reaktio-

nen auf bestimmte Aspekte künstlicher und natürlicher Inhalte zu analysieren und

zu quantifizieren. Durch die Einführung neuartiger Mess- und Analysemethoden für

unmittelbare und unwillkürliche physiologische Reaktionen wollen wir die derzeitigen

Grenzen im Bereich der Wahrnehmungsgrafik erweitern.
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1 Introduction

Scientists have spent centuries trying to understand how human sensory organs work

and concluded sight to be the most important sense. Our visual perception was nat-

urally bound to the real world for millions of years until humans started to create

models of reality. Early drawings and pre-historic art artefacts represented the ignition

of conserving information, stories, thoughts, and other useful things. Only a century

ago, we slowly started representing reality in a digital form and just recently created

computerized graphical systems. These impact and change our view to a large extent

and require investigation of their perception on their own.

In this thesis, we focus on measuring the impact of these new stimuli on our percep-

tion directly from our physiological reactions to them. Towards this goal, the measure-

ment of biological signals which indirectly represent the electricity of the nerve signals

that travel through the human body is of particular interest. Thus, we begin with a

short history of the development of electrophysiology and its underlying neuroscience.

1.1 Short History of Neural Research

Sir Isaac Newton (1642{1727, Figure 1.1c) �rst suggested the electric nature of nerve

signals: "Electric bodies operate to greater distances... and all sensation is excited, and

the members of animal bodies move at the command of the will, namely, by the vibra-

tions of this spirit, mutually propagated along the solid �laments of the nerves, from

the outward organs of sense to the brain, and from the brain into the muscles"[Newton

1713]. Similarly, Stephen Hales (1677{1761, Figure 1.1d), one of the founders of hemo-

dynamics and blood pressure measurements [Clark-Kennedy 1929] noted that nerve

signals are transmitted by forms of energy\along the surfaces [of nerves] like electrical

powers" [Hales 1733]. The new neuro-electrical theory arising in the 1750s was instantly

criticised [Piccolino 2008] but it was not long until experimental evidence was gener-

ated in 1770 when John Walsh (1726{1795) found animals like the electric eel to gen-

erate bio-electricity [Piccolino and Bresadola 2002]. Many physiologists in Europe sup-

ported the claim of electrical excitability like Giuseppe Gardini (1740{1816), Tommaso

Laghi (1709{1764) and Pierre Bertholon de Saint-Lazare (1741{1800) [Verkhratsky and

3



Introduction

Parpura 2014]. In 1791, Luigi Galvani (1737{1798, Figure 1.1e) discovered theanimal

electricity after more than ten years of experimental research using frogs' neuromus-

cular preparations (Figure 1.1f) by Dutch scientist Jan Swammerdam [Stillings 1975].

Galvani laid the foundation for electrophysiology and became most likely one of the

corner stones of modern neuroscience. His work was continued by Hodgkin and Huxley

through 1952 and eventually deciphered the nature of the signals 
owing through the

circuits of the brain [Hodgkin and Huxley 1952]. These are the elements referred to

as "electric storm" by Charles Scott Sherrington as"they allow us to see a distant

castle, the visage of a nearby friend, to hear a voice, to feel emotions, to speak, to

think" [Sherrington 1951].

In 1875, Richard Caton (1842{1926) performed the �rst known neurophysiological

recordings of animals and contacted the British Medical Association [Caton 1875] with

his results. The Liverpool physician and physiologist found recordable changes in elec-

trical activity in peripheral nerves and hypothesised similar phenomena to occur in the

brain [Brazier and Brazier 1988]. Caton found variations in visually evoked electri-

cal current and spontaneous current changes (electroencephalography (EEG)) from the

cortical surface of monkeys and rabbits. Using unipolar electrodes on both hemispheres

or one on the cerebral cortex and the other on the surface of the skull of the rabbit or

monkey, electrical currents were optically magni�ed with his Thompson's galvanome-

ter [Haas 2003]. He found currents to change with sleep, light shining into the animals'

eyes, anaesthesia, loss of oxygene supply and sensory stimulation.

Hans Berger (1873-1941, Figure 1.1a) was the �rst to record an EEG of humans

in 1924. Until his retirement he was the director of Neurology and Psychiatry at

the University of Jena and worked in relative isolation. His early work unsuccessfully

focused on discovering physiology behind psychic phenomena. Berger turned to research

of the brain's electrical activity, introduced the term electroencephalogramand found

rhythmical brain wave patterns later described as alpha and beta waves. He started

by recording EEGs of human subjects with skull defects and reported inconclusive

but positive results. The results began to improve for subjects without skull defects,

especially for bald men, and he also concluded the EEG of infants and young children

to di�er from adults. He went on to describe a number of normal and abnormal EEG

phenomena, e.g. changes with attention or mental e�ort and associations with cerebral

lesions. Although his technical setup was basic and he only consulted an electrical

engineer in later years of his research, his contributions to experimental and technical

aspects of EEG were substantial [Gloor 1969a]. His reports were �rst dismissed by some

other researchers. Especially a nearby located physiology group with the most advanced
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measurement devices world-wide discredited him as a misguided non-physiologist with

limited technical understanding. As a results, it was believed for a long time that his

non-localised recordings of the cerebral cortex were entirely futile and that the alpha

rhythm did not exist [Jung 1992]. His reports were only con�rmed in 1934 by Lord

Adrian and Matthews in England and Davis at Harvard, USA who re-introduced EEG

for research in neurology and psychiatry [Adrian and Matthews 1934, Brazier 1961].

Berger worked secludedly in a room at his clinic, possibly because of fear that his results

might be stolen by the aforementioned group. His volunteer subjects or assistants were

members of his family, loyal colleagues and neuropsychiatry residents [Jung 1992]. His

articles were di�cult to read and published in a psychiatric rather than a physiological

journal before his �ndings were supported by others. He published more than 20

reports on the electroencephalogram, the term he coined in 1929. Berger also �rst

detected sudden sharp waves between seizures that may indicate their predisposition.

Until similar convulsive potentials had been reported by his neighbouring group, he

was unsure whether he was observing epileptic potentials of muscle artefacts occurring

during the seizure [Gloor 1969a,b, Jung 1992]. The Nazi regime stopped his work in

1935 but he continued to release his earlier �ndings and got his work con�rmed by other

researchers before ultimately committing suicide in 1941 [Hughes and Stone 1990, Gloor

1969a, Gibbs 1941].

The Nobel laureates of Medicine and Physiology Edgar Adrian (1889{1977) and

Charles Sherrington (1857{1952) found references to Berger's work in German publi-

cations [Adrian 1971]. Earlier, around 1926, Brian Matthews, the engineer of Adrian,

developed an electromagnetic cardiograph with ink-writing and an input ampli�er that

enabled Adrian and Sherrington to record an EEG and con�rm Berger's �ndings. They

also con�rmed the existence of the alpha rhythm and its absence with open eyes. At

a meeting of the Physiological Society in Cambridge (England) in 1934, Adrian and

Matthews presented their work and fully credited Hans Berger for his discovery [Adrian

1934]. They worked with the English physiologist William Grey Walter (1910{1977),

who was considered to have introduced EEG in England in the clinical context. In

1936, he described the slow delta waves and their use for detecting brain tumors and

evidence of markers of epilepsy [Walter 1936, Golla et al. 1937].

Other countries in Europe like France, Belgium, Italy and Romania followed to

con�rm Berger's seminal work and broadened the interest in EEG [Durup and Fessard

1936]. Due to the increasing political instability in large portions of the continent after

the mid-1930s, many researchers emigrated to the USA and continued their research

there [Lopes da Silva and Niedermeyer 2005].
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1.2 Problem Statement

Visual computing is the science of capturing or representing real world objects and

phenomena and analysing and synthesising visual data through computer systems. It

lives at the junction of computer science, mathematics, physics and cognitive sciences.

The goal of visual computing is enabling control and interaction with machines by

manipulation of virtual objects, including representations of non-visual objects. It may

be images, videos, tangible objects, 3D models or even very simple representations like

block diagrams or icons. This can be real footage like camera recordings or photographs,

or generated content that has been created inside the computer.

Everything in visual computing is done for real people as an interface to machinery.

Therefore, to better understand what users experience when interacting or consuming

digitally transported graphical content, appropriate research methods are required. In

computer graphics, psychophysical experiments and eye-tracking studies are commonly

used but the �eld of bio signals and neuro-imaging is relatively new. So far, these

techniques have been mostly used for medical diagnostics, psychology or for improving

brain-computer interfaces.

1.3 Motivation

May it be in live-critical environment like avionics, space travel, medicine or in everyday

leisure activities, graphics is omnipresent. Humans, as the centerpiece in this complex

technological society, are crucially the receivers of everything visual.The question

remains how to measure the impact of computer-generated imagery on hu-

mans. Classically, psycho-physical studies have been conducted to assess the feedback

of users. This kind of feedback relies on the self-reported feelings of study participants

that may not always be correctly reported. Subjects may have di�culties communi-

cating their opinion because a rating scale may not re
ect their intrinsic perception or

may be biased by external factors such as mood, expectation, past experience or even

problems of task de�nition and understanding.

Here, EEG and other peripheral-physiological measures may help to bridge the gap

between reported and intrinsic perception and to disentangle subjective ratings from

the objective ground truth. Also, there are many reasons why techniques with a high

temporal resolution like EEG are valuable tools for the study of neurocognitive pro-

cesses [Cohen 2011]. Perceptual and cognitive processes are fast and occur within the

tens to hundreds of milliseconds. Methods with high temporal resolution can capture
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these fast and dynamic cognitive events. In case of EEG, they directly measure neural

activity as variations in voltage and are re
ections of minute currents 
owing at the

scale of neuron populations [Cohen 2014]. It is a multidimensional signal across space,

time, frequency, power and phase [Cohen 2014]. Cognitive and perceptual processes

are fast, which makes EEG with its high temporal resolution suited to record these

dynamic cognitive events. Similarly, peripheral-physiological signals can provide high

temporal resolution and provide feedback of the autonomic nervous system that controls

internal processes of the heart, sweat glands or blood vessels. Its sympathetic branch

controls and prepares responses to the environment like stressors and threats by in-

creasing the heart or respiration rate or sweating. The parasympathetic pendant steers

energy conservation by lowering heart rate and increasing digestive activity. Mostly,

peripheral-physiological measures are not very useful when only considered in isolation

but they can o�er profound insights into perception and behaviour when paired with

behavioural, psychological or social factors. For example, when watching high-level

visual content like Hollywood movies, the perceptual factor involved in the multimedia

experience on the autonomic nervous system can be measured with cerebral and pe-

ripheral physiological signals. Both EEG and peripheral-physiological signal modalities

provide insights to cognition on their own but unleash their full potential when used in

combination.

1.4 Challenges

The goal of this thesis is to investigate how the human body reacts to computer-

generated content in a more direct manner using new modalities for perception quan-

ti�cation to obtain objective, unbiased measurements. There is a number of di�erent

display modalities used to present computer graphics content and many physiologi-

cal measurement techniques to quantify the inner workings of the human body. The

displays are conventional computer screens and virtual reality (VR) devices like head-

mounted displays (HMDs) and dome environments. Physiological signals can be cere-

brally measured using e.g. EEG, MEG or fMRI and peripherally using e.g. plethysmog-

raphy, thermometry, electrodermography, pneumography or electrogastrography. One

challenge is to �nd a suitable and appropriate measurement modality for the research

question at hand that covers a certain use case. A certain display modality might

be di�cult to combine with certain measurement techniques, for instance combining

EEG with VR HMDs can pose a challenge. Not all combinations of displays and mea-

surement techniques are feasible to be researched in terms of usability and number of
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experiments to conduct, therefore a number of speci�c investigations has to be chosen.

Therefore, we look at speci�c combinations and quantify which bio signals yield useful

information and improve user experience. Feasible solutions that properly integrate in

the respective use case need to be found.

1.5 Overview

The impact of graphics on our perceptions is usually measured by asking users to �ll

self-assessment questionnaires. In this thesis, we investigate how the human body re-

acts to computer-generated content in a more direct manner. We aim to add new

modalities to perception quanti�cation in order to obtain objective, unbiased mea-

surements. These include electroencephalography (EEG), eye tracking, galvanic skin

response (GSR) and other peripheral-physiological bio-signals. In our �rst study (Pa-

per A), we compare three modalities for analysing perceived video quality: user ratings,

eye tracking and EEG. Subsequently, in a concurrent EEG and eye tracking study (Pa-

per B), we explore the speci�c neural responses associated with fast ballistic eye move-

ments (saccades). This is of particular relevance for creating e�ective gaze guidance

mechanisms within a virtual reality (VR) environment and for creating faster brain

computer interfaces (BCI). Interest in VR technology has been spiking since the avail-

ability of a�ordable high-performance consumer graphics hardware. To pave the way

to objectively analyse human behaviour in virtual worlds, we investigate the feasibility

of combining o�-the-shelf VR head-mounted displays (HMDs) and EEG (Paper C).

Staying in VR, we investigate neural and physiological correlates of a very common

e�ect elicited by immersive simulations called simulator sickness (Paper D). Simulator

sickness is a problem common to all types of visual simulators consisting of motion

sickness-like symptoms that may be experienced while and after being exposed to a

dynamic, immersive visualization. Finally, great attention is paid in computer graphics

to modelling and representing faces. Besides the genuine representation of faces, deep-

fake videos are increasingly becoming popular but, while they may be entertaining,

they can also pose a threat. In our latest study (Paper E), we investigate the brain's

subliminal response to fake portrait videos using EEG, with a special emphasis on the

viewer's familiarity with the depicted individuals.

An overview of the di�erent bio signals and display modality combinations used in

this thesis is given in Table 1.1.

In the following Chapter 2, we give an introduction, a short history about the

techniques used in this thesis and subsequently its related work. After reproducing
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Modality Screen VR HMD VR Dome

EEG Paper A

Paper B

Paper C

Paper E

Paper C Paper C

Paper D

Eye Tracking Paper A

Paper B

GSR Paper D

Heart Paper D

Respiration Paper D

Skin Temperature Paper D

Table 1.1: Bio signals and display modality combinations used in this thesis.

the peer-reviewed manuscripts in verbatim, comprising this thesis, we conclude with

a summary of our �ndings and innovations in this �eld and give an outlook to future

directions.
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(a) Photo of Hans Berger (1873-1941), inventor of

the electroencephalogram (EEG) and vice chancel-

lor of Friedrich Schiller University of Jena (1927-

1938). (Unknown author)

(b) Early EEG recording by Hans Berger

(c) Portrait of Sir Isaac Newton, 1642{1727 (by

Godfrey Kneller)

(d) Portrait of Stephen Hales, 1677{1761

(J.McArdell after T. Hudson)

(e) Portrait of Luigi Galvani, 1737{1798 (unknown

author)

(f ) Experiment De viribus electricitatis in motu

musculari , around 1791 by Luigi Galvani [Galvani

1792]

Figure 1.1: Short history of electrophysiology.
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2 Background on Biophysiological Signals

The following chapter summarizes some background on the various biophysiological

signals that have been used throughout this thesis.

2.1 Electroencephalography

EEG is an electrophysiological technique to record the electrical activity of the human

brain using sensors attached to a participants scalp (Figure 2.1). It has a high temporal

resolution which makes it suitable for the evaluation of dynamic cerebral functions.

Figure 2.1: Experiment
participant wearing an 64-
electrode EEG headset.

In the clinical context, EEG is particularly use-

ful for diagnosing patients with suspected seizures,

epilepsy [Smith 2005] and unusual spells [Dixit et al.

2013]. EEG was also adopted for many other indications

in the clinical context like monitoring the anesthetical

depth in surgery, given its great sensitivity in showing

sudden changes in neural functioning even as they �rst

occur [Saadeh et al. 2019]. In research, EEG is used in

various disciplines like human behaviour research, social

interaction, psychology and neuroscience, human com-

puter interaction and neuromarketing.

The basic idea behind the electroencephalogram is

the arrangement of its cortical pyramidal neurons resid-

ing within the cerebral cortex. These are its generators

due to their perpendicular orientation to the brains sur-

face. The neural activity detected by the EEG is the

summation of the excitatory and inhibitory postsynap-

tic potentials of relatively large groups of neurons �ring

synchronously [Cohen 2014]. Conventional EEG recorded on the scalp or the cortical

surface can not capture the local �eld potential changes arising from single neuronal

action potentials at a given moment but presents a non-invasive and simple method for

measuring the activation of populations of neurons. For a long time, EEG was recorded
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with analogue devices and visualised using ink writers (Figure 1.1b).

For the study of neurocognitive processes, there are many reasons why techniques

with high temporal resolution like EEG are valuable tools [Cohen 2011]. Perceptual

and cognitive processes are fast and occur within tens to hundreds of milliseconds.

Methods with a high temporal resolution can capture these fast and dynamic cogni-

tive events. In case of EEG, it directly measures neural activity as voltage changes

which are re
ections of bio-physical phenomena at the scale of neuron populations. It

captures cognitive dynamics within the time frame the cognition occurs. Compared to

electrophysiological responses, the precision of hemodynamic responses (basic measures

of cardiovascular function) is 2{3 orders of magnitude slower [Miezin et al. 2000]. For

example, a relatively slow brain rhythm it the theta-band oscillation (4{8 Hz) that

has been associated with cognitive functions like memory [Sauseng et al. 2010]. The

gamma band (30{80 Hz) is a faster brain rhythm occurring with many perceptual pro-

cesses [Keil et al. 1999]. Thus, cognition is fast, brain rhythms are fast, and technologies

such as EEG can capture these rapid dynamics [Cohen 2014]. Neurophysiological os-

cillations take place at the level of entire neuron population and have been thoroughly

investigated and modelled [Buzs�aki and Wang 2012, Wang 2010] but the contribution

of individual neurophysiological factors and their relationship to a speci�c EEG signal

measured on the skull are not fully known. Still, EEG picks up macro- and mesoscopic

dynamics and has therefore an advantage over functional techniques like blood-oxygen-

level-dependent imaging (BOLD) that are MRI-based as these do not measure neural

events directly (inference from hemodynamics) [Singh 2012]. BOLD is a technique from

functional magnetic resonance imaging (fMRI) to measure activity in di�erent areas of

the brain or other organs [Zhang and Raichle 2010].

The multidimensional nature of EEG opens many possibilities for analysis and hy-

pothesis testing in neurophysiology and psychology-related topics. One might view

EEG as the two-dimensional signal of voltage changes over space and time but it ac-

tually includes more dimensions that can be accessed using signal processing like fre-

quency, power and phase (see Section 2.1.5). Our brain is a massively complex biolog-

ical system that stores, represents, transfers and processes information in an implicitly

multidimensional space. Therefore, EEG's multidimensional analyses are inspired by

physiological mechanisms that can connect non-invasive research on humans to invasive

animal recordings or biophysical models of neural populations [Cohen 2011, 2014].

On the contrary, while EEG is a powerful tool and insightful technique, it is not

always the best choice for every research question, e.g. the precise localisation of

deep brain structures. It is most likely not the preferred method when it comes to
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the question where a certain information is stored or where a certain process occurs,

although techniques for source localisation of deep brain structures exist [Jatoi et al.

2014]. Also, slow cognitive processes with a variable and uncertain time course may

pose research questions that are not optimally answered with EEG. When cognitive

events unfold over many seconds, depth and timing of the generation process possibly

varies and can lead to di�erent and unpredictable time courses. Here, the high temporal

resolution may lead to unreliable analyses when timing jitters across trials above a few

tens or hundreds of milliseconds. For example some emotional or social processes can

be di�cult to look into using EEG as they are slow and uncertain. In these cases

other physiological signals can be more insightful like electrodermal activity (EDA) or

cardiac measures.

2.1.1 The normal Background EEG signal

One of the �rst goals in interpreting EEG was to determine the background or nor-

mal signal. For a more complete understanding of the background EEG, a variety

of di�erent screening montages (see Section 2.1.2) are required to for several di�erent

perspectives of its dominant frequencies, amplitude and degree of synchrony. Healthy

adults typically exhibit relatively low-amplitude, mixed-frequency background rhythms

(desynchronized). During relaxation of periods of closed eyes, the posteriorly dominant

alpha rhythm characterizes the background, also called the posterior dominant rhythm

(see Section 2.1.5). The amplitude and frequency of the alpha rhythm is attenuated

or often completely absent with open eyes. Alpha amplitude is normally symmetrical,

although it could be increased over the right posterior head regions. More than 50%

amplitude asymmetry is considered abnormal. Alpha frequency usually also remains

symmetrical but when there is a lateral di�erence, the slower side represents an abnor-

mality of cerebral functioning. The alpha generator is known to be located within the

occipital lobes (back of the head). Some healthy individuals do not expose well-formed

alpha activity. Di�erent variants of the alpha rhythm include temporal alpha, active

at the temporal regions in older people and frontal alpha at anterior sites, that could

be related to anesthesia, drugs or following arousal from sleep. The remainder of the

normal waking EEG signal usually includes lower amplitude beta frequencies in the

fronto-centro-temporal regions found above 13 Hz with a low amplitude. Beta is often

enhanced pre-centrally distributed during drowsiness and associated with functions of

the sensorimotor cortex. When beta has a prominent amplitude either in the frontal or

global distribution, it is likely to be linked to sedating drugs such as benzodiazepines

or barbiturates. If there is only a light abnormality in the background, it is often also
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(a) Standard 10-20 EEG mon-

tage with 21 electrodes (includ-

ing vertex electrode).

(b) Longitudinal bipolar mon-

tage or double banana.

(c) Contralateral bipolar mon-

tage (traversing).

called excess beta. In some cases, a prominent frequency in the alpha-range between

8{12 Hz is found over the central regions, coined the mu rhythm. Mu is present in

20{40% of normal adults and is manifested by arch-shaped waves being present unilat-

erally or bilaterally over central regions during states of drowsiness. The mu rhythm

is not related to eye opening or closure and is modulated by somatosensory stimuli or

imagined movement.

2.1.2 Nomenclature and Electrode Placement

EEG electrodes pick up voltages from the scalp and relay them to an ampli�er. An

electrode is basically just a conductive material, usually a disk connected to the scalp

using conductive gel, attached to some wire. The nomenclature10-20 proposed by

Herbert Jasper of the International Federation of Societies for Electroencephalography

and Clinical Neurophysiology in 1958, represents consistent and replicable standard

positions on the scalp with 21 electrodes with a relative distance of either 10% or

20% for positioning electrodes between cranial landmarks over the head (Figure 2.2a)

[Acharya et al. 2016].

It spans over the anterior{posterior position between the nasion (bridge of the nose)

and inion (bone at the base of the skull) and between the auricular (ear) positions. Since

the shape and size of the skull varies greatly between people, a relative system had to

be de�ned that would allow for comparable results. The skull bone is measured from

the nasion to the inion along the top of the skull with this distance being de�ned as

100%. This is divided into steps starting with a 10% step from the nasion toward the

inion, followed by four 20% steps and �nally by another 10% again. In the same way, on

the line between the two preauricular points located in front of each ear, the electrodes

are applied to the scalp. Every electrode site (location) is encoded by a letter and a
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number. The letter represents the lobe of the brain over which the electrode is placed.

F stands for frontal, P is parietal, T is temporal, and O is occipital. Odd-numbered

electrode sites are located on the left side of the head, even-numbered electrodes on the

right side, z-labeled sites on the anterior to posterior anda (auricular) on the mastoids

(ears). This scheme was extended to accommodate additional electrode positions, and

many investigators and device manufacturers developed their own naming conventions.

Every system should be compatible to the 10-20 system in a way that it accounts for

di�erent head sizes and is described in a consistent manner.

Montage is a broad term derived from the arts, where it refers to a composite of

di�erent parts. A similar concept applies to EEG, where a montage is essentially a

group of standardised arrangement of channels. Various di�erent montages exist for

various purposes and are divided into two common kinds: bipolar and referential.

The �rst common montage is called the longitudinal bipolar montage also referred

to as double bananafor the longitudinal case as the layout appears as two bananas

spanning from front to back over both hemispheres as shown in Figure 2.2b. In this

bipolar montage, electrodes are paired either longitudinally (anterior posterior, front

to back) or traversing (contralateral, side to side, see Figure 2.2c) which can improve

accuracy in localisation of brain potentials.

A common referential montage links each active electrode to a distant reference.

Reference electrodes are usually the vertex (Cz electrode), the mastoid process (left or

right ear or both combined) or a common average reference of all electrodes [Acharya

and Acharya 2019].

2.1.3 Artefacts

"There is no substitute for good data." As Hansen's axiom states, it is futile to believe

that artefact rejection can turn bad data into good data [Luck 2014]. It can only allow

already good data to become better. Although this point was made with regard to

artefact rejection, it actually applies also to all other post-processing techniques to

clean up and correct data like �ltering or independent component analysis [Luck 2014].

Cerebral activity can be overwhelmed by other electrical activity generated in the

body or the environment. The miniscule, cerebrally generated EEG voltages �rst tra-

verse a number of biological tissues, i.e. the brain, cerebro-spinal 
uid, meninges, the

skull, and skin before emerging at the scalp surface, reducing signal amplitude, intro-

duce noise and spread the signal from its originating source vector.

Other biologically generated electrical activity by muscles, the eyes, the tongue,

and even the heart creates massive voltage potentials that frequently overwhelm and
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obscure cerebral activity [Sazgar and Young 2019]. The presence of low-amplitude,

high-frequency activity from scalp muscles is well visible in the signal (Figure 2.3a).

Eye blinks induce large diphasic voltage potentials in the same regions (Figure 2.3b).

The eye has dipole characteristics since the (anterior) corneal surface has a positive

charge and the (posterior) retinal surface a negative [Berg and Scherg 1991b,a]. This

phenomenon describes the characteristic upward movement of the eye during a blink

and results in a potential change. Also, fast ballistic eye movements due to saccades lead

to rapid EEG voltage de
ections in frontal regions (Figure 2.3b). When the eye moves

towards (away from) an electrode, a positive (negative) voltage �eld is generated at that

electrode. Another common artefact causing a slow potential drift with superimposed

muscle artefact is chewing, swallowing and related tongue movement [Chaudhary et al.

2012] (Figure 2.3c). EEG signals can sometimes be contaminated by cardiac artefacts

resulting from electrical activity of the heart represented by repetitive, sudden spiky

potentials that could overlay information of interest. Also, strong alpha activity can be

interpreted as artefactual that may be present in some healthy adults [Vanderperren

et al. 2009], when it interferes with measurements of certain event related potentials

(ERPs) (Figure 2.3d).

Artefacts can also be introduced by hardware, e.g. theelectrode popthat are tem-

porary detachments of the electrodes or twisting of electrode wiring that introduces

small movements of the electrodes on the skin (Figure 2.3f). This greatly impacts the

signal and even can imitate brain rhythms or seizures. The bottom line is that envi-

ronmental and biological electrical artefacts frequently interfere with the interpreter's

ability to accurately identify both normal rhythms and pathological patterns or detect

the desired signals for hypothesis testing.

Additionally, there are many electrical sources in a typical EEG laboratory that

can lead to induced voltage on the subject's scalp, the electrodes or its wires. Two

major sources of oscillating voltages are alternating line current (Figure 2.3e) as well as

legacy video monitors oscillating at their refresh frequency. Mostly, �lters are used to

attenuate the noise but as these are a form of controlled distortion, they should be used

carefully. It is best practice to eliminate it at the source. In larger laboratories, RF-

shielded attenuating booths are used to shield the participants from potential electrical

interference sources.

Some of this electrical environmental background noise can be �ltered out in the

pre-processing stage. Thus, artefacts can either corrected or be rejected in a variety of

ways starting with the naive approach of voltage threshold detection. When rejecting

artefacts that exhibit large voltage de
ection e.g. from eye blinks or other muscle
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artefacts, contaminated trials would be excluded from the analysis or averaging process

when analysis ERPs (see Section 2.1.5). Selecting a suitable threshold can pose a

substantial challenge as either too many trials might be rejected leading a reduced

signal-to-noise ratio or too few trials are rejected and artefactual trials are included in

the analysis set. This process of artefact rejection is a crude process as it eliminates

a subset of trials from the analysis dataset. Rejecting data could also pose problems

as this could lead to an unrepresentative sampling of trials since some people expose

di�culties voluntarily controlling their eye movements or some experimental paradigms

include blinks or eye movements in their tasks [Gratton et al. 1983].

Therefore a number of methods were proposed that allow for correction of these

artefacts. First, the induced muscular activity propagates across the scalp with a cer-

tain propagation factor that could be computed by subtracting the corresponding eye

activity recorded from an electrooculography (EOG). On the contrary, this could lead

to a subtraction of brain activity that can also be partly present in the EOG [Pl•ochl

et al. 2012]. Also propagation factors could di�er for eye blinks and eye movements

when not using proper dipole modelling that isolates ocular activity [Berg and Scherg

1991a]. This second approach of dipole modelling creates a biophysical model of the

artefacts propagating through the head but requires a considerable e�ort as it needs

at least seven electrodes near the eyes and a number of calibration sessions per sub-

ject [Lins et al. 1993]. It is also falsely assumed that vertical eye movements and the

movement of the eye lid passing over the eye have the same scalp distribution [Pl•ochl

et al. 2012]. Third, statistical properties of the EEG data can be used to identify com-

ponents that are characterised by scalp distributions to isolate and remove the artefact

related voltages. The techniques include principal component analysis (PCA) and in-

dependent component analysis (ICA) that assume each artefact type to exhibit distinct

scalp distributions per subject. These distributions represent the weighted sum of the

artefact's scalp distributions and the distributions of the remaining brain signals. The

total sum of all these distributions, also called components, then reconstructs the EEG

signal at every time point. ICA is an often used method as many free implementations

are available [Delorme and Makeig 2004].

As mentioned at the beginning of this section, artefact correction comes with a

couple of disclaimers as none of the correction techniques delivers perfect results for

every case. Corrected data should be compared to data with artefactual trials rejected

to ensure similar results although the reduced data set with rejection will most likely

look noisier. Also, just removing di�erent artefact-related components without a clear

understanding could lead to subtracting complex data that might carry important
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information.

2.1.4 Filtering

Filtering EEG data is a crucial process during data acquisition and also during o�ine

processing but requires careful application as it can severely distort or alter the data.

It can help to remove high-frequency artefacts and low-frequency drifts or attenuate

electrical line noise. Mostly, �ltering is usually applied when analysing time-domain

data such as ERPs (see Section 2.1.5) since time-frequency decomposition methods

(see Section 2.1.5) already include temporal �ltering. The term �lter describes various

data manipulations but is referred to here as the class of �lters typically used to at-

tenuate certain frequency ranges (also known as �nite impulse response �lters). First,

high-pass �ltering is used to suppress frequencies higher than half of the sampling rate

to avoid aliasing as described by the Nyquist theorem [Nyquist 1928, Shannon 1948].

Conversely, �lters are also used to attenuate very low frequencies that typically stem

from electrodes and the skin (not the brain) with frequencies lower than 0.1 Hz. The

second main advantage of �ltering is reducing noise. The basic intuition is that EEG

data is comprised of its signal and additional noise which can sometimes be attenuated

by �ltering for certain frequencies. An example would be a typical ERP waveform

with a typical range of interest between 0.1 Hz and 30 Hz, whereas muscular activity

(artefacts) are found above 100 Hz [de Cheveign�e and Nelken 2019]. Thus, �ltering for

frequencies above 100 Hz would reduce the noise while retaining the signal. It becomes

more di�cult to suppress frequency content where signal and noise are quite similar,

e.g. alpha waves can be a strong source of noise while sitting within the frequency range

of an ERP. Filters are also useful for visual inspection of time domain data for better

visibility of di�erences between conditions or groups. They are typically named after

their ability to suppress or pass di�erent frequencies, namely low-pass �lters, high-pass

�lters, bandpass �lters and notch �lters. These suppress high frequencies and pass low

frequencies, suppress low frequencies and pass high frequencies, pass only frequencies

between a certain high and low threshold or attenuate a single band of frequencies and

pass the rest, respectively [de Cheveign�e and Nelken 2019]. Properties of �lters are

usually described by a transfer function that speci�es the alteration of the frequencies

amplitude and phase. It is important to keep in mind, that for example a low-pass

�lter with a half-amplitude cuto� at 30 Hz also attenuates frequencies well below this

cuto� but still e�ectively eliminates noise at 60 Hz. Filters not only e�ect amplitude

for the given frequencies but also the phase, particularly all analog �lters have the most

in
uence that non-linearly applies to di�erent frequencies. Most analog �lters tend to
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exhibit these shift problems which therefore leads to the best practice of digitising the

data before doing most of the �ltering [Luck 2014]. That being said, some essential

�ltering is required for digitising the EEG signal to �lter very high frequencies to avoid

aliasing and very low frequencies to avoid very slow, non-neural potentials that are

outside of the analog-to-digital converter.

Notch �lters are often used, especially in ERP research, to attenuate line noise but

these can signi�cantly distort the data and should be avoided as their impulse response

functions can contain oscillations near their notch frequency that themselves can induce

arti�cial oscillations around this frequency.

Low-pass �lters are useful in many cases like in the above mentioned case to remove

line noise or muscle artefacts but they can also introduce distortions in the �ltered

wave form. Sharp cuto�s that should cleanly cut above a given frequency in turn

require a broad, oscillating impulse response function that leads to distortions that

could especially impact ERP experiments and could arti�cially boost or attenuate wave

components (see Section 2.1.5)

High-pass �lters have the convenient property that they can be constructed by sub-

tracting a low-pass �ltered waveform from the original un�ltered waveform. Therefore,

a high-pass impulse response function is derived by subtracting a low-pass impulse

function (single spike with magnitude of 1 at time point zero) from the unity impulse

function resulting in its complement.

Another important attribute of this �lter class is their linearity that allows for

arbitrary order of �ltering and other linear operations [Widmann et al. 2015]. This can

conveniently speed up processing of ERP data as averaging is also a linear operation

that can be done before applying �lters. High-pass �lters can have the impractical

property of introducing artefactual peaks to the time domain waveform that could lead

to erroneous interpretations [Luck 2014].

Since �lters could impact data signi�cantly, at least for analysis in the time domain

it is always recommended to �lter as little as possible. There is always a trade-o�

between distortion and e�ciency and choosing the right �lter with the right response

functions help to minimise negative impact [Luck 2014].

2.1.5 Analysis Techniques

The following section gives a short overview of common analysis techniques used in

EEG.
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Event Related Potentials

EEG in its raw form is a very coarse measure of brain activity because it represents a mix

of hundreds of di�erent neural sources of activity, making it di�cult to isolate individual

neuro-cognitive processes. Neural responses are embedded within the EEG that are

associated with speci�c events and it is possible to extract these responses. These

ERPs are electrical potentials associated with speci�c events [Luck 2014]. The data

then is condition-wise grand-averaged over all participants and electrodes of interest

to remove noise. For noise reduction the ERP waveform is assumed to be identical

for each trial of a given condition and its noise is assumed to be completely unrelated.

If it would be possible to subtract the noise, just the waveform remains that would

look the same on every trial. Conversely if one could just extract the noise it would

be completely random, therefore the average of many trials would be zero. Averaging

many trials e�ectively reduces noise [Luck 2014].

Evoked potentials (EPs) and event-related potentials (ERPs) are potentials that

represent neural activity that is temporally related to or evoked by a speci�c stimulus.

They are measured by averaging over many trials in the time-domain. EPs and ERPs

are used in research and also clinical practice for analysis of visual, auditory, somatosen-

sory, and higher cognitive functioning [Louis et al. 2016]. The �rst published waveform

that represented an ERP with the support of digital computers was in 1962 [Galambos

and Sheatz 1962].

The �rst main advantage of ERPs are their simplicity. They are fast and easy to

compute (in contrast to e.g. time-frequency-based approaches) and require few param-

eters and assumptions for their analysis. When it comes to comparing two conditions in

an experiment without any pre-assumptions about their electrophysiological dynamics,

the simplest and quickest way is comparing ERPs for both conditions.

Figure 2.4: Example of ERP components.

Another advantage of ERPs is their

high temporal precision because very

little temporal �ltering is required and

the estimated electrical activity at ev-

ery time instant is very accurate. In

case temporal �lters need to be applied

(e.g. due to noise), the temporal preci-

sion is decreased but many ERP stud-

ies do not require or even use that very

high temporal accuracy. It is also ad-

vantageous that this method has been
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used for a very long time with a great

corpus of literature to relate to and use

to generate and test new hypotheses. Also, since ERPs are fast to compute they are

very useful for validity and quality checking data of single subjects or entire sessions.

For example, an experiment that involves decision making about visual stimuli, a vi-

sually evoked response over the occipital cortex should be visible followed by a certain

response at the central and parietal sites. If there is no such activity visible, there is

most likely something wrong with the data or the experimental coding. It is therefore

always a good idea to test ERPs �rst even without assumptions about speci�c condition

e�ects.

In ERP research, the de
ections or potentials are labelled with identi�ers like P1 or

N1 that encode their polarity and timing within the waveform (see Figure 2.4). These

are no links to speci�c underlying brain brain activity as components from di�erent

modalities are functionally unrelated despite carrying the same label. For example,

the auditory P1 and N1 components do not have a direct relationship to the visual P1

and N1 components. Late potentials like the P3 are usually modality-independent but

sometimes have speci�c subcomponents [Luck and Hillyard 1994]. Components with

the same label may even di�er across experiments, even for a single modality.

Here follows a brief overview of common visually related ERP components [Luck

2014] that are often encountered in the literature. The �rst important visual component

is labelledC1 and predominantly measured at posterior midline sites and is believed to

be generated in the primary visual cortex (V1), folded into the calcarine �ssure. This

wave does not start with a leading N or P like many other components, because the

polarity can vary. The part of the V1 responsible for encoding the lower visual �eld is

located at the upper end of the �ssure while the upper visual �eld is encoded by the

lower part of the �ssure. This leads to polarity inversions depending on the location of

stimuli that were presented during an experiment [Je�reys and Axford 1972]. Therefore,

a distinct C1 component is only present when stimuli in the upper �eld are displayed to

evoke a negative wave. The onset of the C1 wave starts around 40{60 ms after stimulus

presentation and peaks around 80{100 ms afterwards and is very sensitive to stimulus

parameters like spatial frequency or contrast.

The P1 wave follows the C1 wave that is mostly present over occipital electrode sites

starting 60{90 ms and peaking 100{130ms after the stimulus onset. It needs to be noted,

that the exact onset time is di�cult to assess since it overlaps with the C1 wave and

the P1 latency varies with stimulus contrast. Previous work tried to identify its neural

generators with fMRI co-registration and found at least thirty distinct visual areas to
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be active and contributing to the voltages recorded for the C1 and P1 potential latency

ranges. The P1 component also depends on the direction of spatial attention [Hillyard

et al. 1998] and state of arousal [Vogel and Luck 2000].

The N1 component follows the P1 wave and has several visual subcomponents with

the earliest peaking 100{150 ms poststimulus at anterior sites. At least two posterior

N1 components usually peak around 150{200 ms after stimulus onset from the parietal

cortex and the lateral occipital cortex. These components are in
uenced by spatial

attention [Hillyard et al. 1998, Mangun 1995]. The lateral occipital subcomponent is

also thought to re
ect discriminative processes as is appears larger when performing

discrimination tasks as opposed to detection tasks [Hopf et al. 2002, Ritter et al. 1979].

The next wave following the N1 component would be the N2 wave at anterior and

central scalp sites, that is enhanced for target features that are less frequent than

others [Luck and Hillyard 1994]. Therefore, the anterior P2 component is comparable

to the P3 wave (explained below) but only when stimulus complexity is low as opposed

to the P3 e�ects that are evoked by targets of arbitrary complexity. Since the posterior

P2 component is overlapped by N1, N2 and P3 waves, there is not much evidence on

this posterior part.

When comparing responses to facial and non-facial stimuli, Je�reys [1989] found a

di�erence in the N170 component peaking around 150{200 ms at central midline sites.

At lateral occipital sites, faces evoke a more negative potential than non-face stimuli,

peaking around 170 ms especially at the right hemisphere [Bentin et al. 1996, Rossion

et al. 1999]. The N170 seems to be specialised for faces as it is larger or delayed for

inverted faces as compared to upright faces but this inversion e�ect is also present

for non-facial stimuli when participants are very experienced in viewing these stimuli

in an upright orientation [Rossion and Gauthier 2002]. It was also shown, that this

component is evoked for other stimuli of high familiarity [Schendan et al. 1998].

The N2 family contains a large pool of di�erent components within its time range

[Luck and Hillyard 1994, N•a•at•anen and Picton 1986]. When a non-target stimulus is

repeated, it evokes a basic N2 de
ection while deviant stimuli yield a larger amplitude

in the N2 latency range. If these deviants are relevant for the given task, a delayed N2

e�ect becomes visible, also called the N2b, that is larger for infrequent visual stimuli

over posterior sites [Simson et al. 1977].

Now, the P3 does not directly re
ect early visual activity but can also be related

to it on a higher level as its hallmark is the sensitivity to target probability [Duncan-

Johnson and Donchin 1977]. Factors in
uencing amplitude and latency are reviewed

in Polich [2004] and Polich [2007]. The P3 amplitude increases with smaller target
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probability but also when a target stimulus was preceded by more and more non-

targets. Therefore, the probability of the stimulus class itself is important and not the

probability of the actual stimulus [Duncan-Johnson and Donchin 1977]. For example, a

hypothetical target letter E occurs on 10% of all possible trials with the rest non-targets

being randomly selected from the remaining letters, then the target letter E will evoke

a large P3 response although this letter is four times more likely to occur than any

other letter [Vogel et al. 1998]. Because of this dependence on the stimulus category

probability, the P3 component must be generated after stimulus categorisation with

respect to the task rules. P3 latency does not depend on post-categorisation processes

that execute a response after the respective stimulus was categorised [Kutas et al. 1977],

for example raising the left or right hand after recognising the stimulus for either side.

Conversely, the latency of the P3 is delayed for perceptually degraded stimuli and can

therefore be used to assess if the experimental manipulation in
uences the process of

stimulus categorisation or response selection and execution [Luck 1998]

N400 is commonly used in language-related violations of semantic expectancies but

also in other non-linguistic stimuli as long as they are meaningful. A line drawing

would evoke a N400 component if the semantic context is violated by a preceding

drawing [Ganis et al. 1996]. The N400 is mainly generated in the left (anterior medial)

temporal lobe [McCarthy et al. 1995].

The P600 is one of the components elicited on syntactic violations [Osterhout and

Holcomb 1992]. Syntactic violations could also be manifested in a left frontal negativity

around 300{500 ms. Because the distinction between syntax and semantic is important,

words with a primarily syntactic function elicit another ERP response than those with

rich semantics. For example, function words(with, to...) evoke a N280 at left anterior

sites whereas content words show a N400 response [Osterhout and Holcomb 1995].

We use the ERP method in Paper A, Paper B and Paper C.

Time-Frequency Analysis

EEG is an multidimensional signal that contains frequency as a dimension and allows to

analyse subject behaviour, experimental manipulations, medical conditions in patients

and many other neurophysiological processes. Time-frequency analysis is a broad term

for many methods that capture di�erent aspects of EEG magnitude and phase rela-

tionships. When many of parallel-oriented cortical neurons receive the same repetitive

synaptic input and generate the same repetitive sequence of outputs, their synchronous

activity produces extracellular rhythmic �eld potentials [Nunez and Srinivasan 2006].

Time-frequency-based analysis provides additional insight about neural synchrony that
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is not apparent in the ongoing EEG. It reveals information about the power of frequen-

cies at a speci�c time and sensor location and how their phase angles are synchronized.

EEG rhythms are the manifestation of synchronized activity from neuronal populations

and are therefore assumed to re
ect changes in EEG power [Pfurtscheller and Aranibar

1977]. With time-frequency analyses, changes in power and synchronization of EEG

on a higher order can be assessed with respect to a certain task or event.

Traditionally, EEG is modeled as a collection of sine waves with di�erent frequen-

cies that overlap in time and have di�erent phase angles depending on the onset of a

stimulus. A sine wave is de�ned by its frequency (number of oscillations within a 1 sec-

ond time frame), amplitude (maximum height of the peaks) and phase (start of the sine

cycle). The oscillations over time describe the signal in thetime domain but the signal

can also be represented in thefrequency domain using spectral decomposition. For a

time-frequency decomposition, a complex number is computed for each time instant

from the time-domain signal that represents time and frequency domain information.

Short periods of EEG data related to the presentation of a single stimulus, also

called single-trial EEG epochs, can be decomposed into an estimate of oscillations'

phase angles and magnitudes represented by complex numbers for the given frequen-

cies. For this, a windowed transformation function is centered on the EEG epoch by

convolution or multiplication and then slid across the time-series. This can be done for

each experimental repetition of a certain stimulus (trial) to isolate magnitude or phase

information derived from their respective complex numbers. In short, after extracting

the distinct magnitude and phase characteristics of the EEG oscillations, they can be

used to explain di�erent aspects of dynamic brain function and neural synchrony.

This rhythmic activity is divided into frequency bands with logarithmically increas-

ing center frequencies and frequency widths, known asalpha, beta, gamma, deltaand

theta, commonly used in clinical [Tatum 2014] and research practice [Teplan et al.

2002]. To a certain degree, these frequency bands are a matter of nomenclature, i.e.

the activity between 8{12 Hz is described asalpha. These designations were made

because rhythmic activity at a certain frequency range was found to have a certain

distribution over the scalp or a certain biological relevance including synaptic decay

and signal transmission dynamics [Buzs�aki 2006, Buzs�aki and Draguhn 2004]. Delta

waves (0.5{4 Hz) are the slowest EEG waves, normally present during the deep and

unconscious sleep [Amzica and Steriade 1998]. The theta spectrum (4{8 Hz) has been

reported during some states of sleep and quiet focus, drowsiness, meditation [Cahn

and Polich 2006] but also arousal. The alpha band (8{14 Hz) can be measured dur-

ing wakeful relaxation with eyes closed [Pfurtscheller 1992]. Beta band activity (14{
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30 Hz) indicates normal consciousness and active concentration and is also linked to

motor behavior and is generally attenuated during active movements [Pfurtscheller

and Da Silva 1999]. Finally, gamma waves (above 30 Hz) were found to be present

in response to certain cognitive or motor functions [Smith et al. 2014] but also visual

stimulation [M•uller et al. 2000]. The wave bands are exemplary depicted in Figure 2.5.

Figure 2.5: Example of wave band represen-
tations in the time-domain [Morillo et al. 2016].

This interpretation of the EEG orig-

inates from the technical limitations of

the pre-computer era of the 1930s and

1940s where not many other analytical

options were available. However, this

approach leads to a reduction in tem-

poral information from the EEG and

was acknowledged to be sub-optimal,

even at that time [Walter 1938]. De-

spite the progress in computing power

and available algorithms, the band ap-

proach is still the dominant approach

to EEG analysis. Therefore the ques-

tion remains, if the binning of the power

spectrum into bands is still used today because it is superior in terms of research insight,

methodological standardisation, and reliability of results across studies, or because re-

searchers simply hold on to the status quo of 80 years ago [Newson and Thiagarajan

2019].

Many time-frequency decomposition techniques for EEG data were proposed, e.g.

the short-term Fourier transform (STFT) [Gabor 1946], discrete [Combes et al. 2012]

and continuous [Mallat 1989] wavelet transforms, and Hilbert transform [Freeman 2007].

Probably the most important similarity between of these methods is their compromise

between temporal resolution and frequency resolution. Generally, with a longer time

window used for estimation of the complex numbers, the increase in frequency reso-

lution is inversely correlated to a decrease in temporal resolution. This trade-o� was

formalised in Heisenberg's uncertainty principle [Folland and Sitaram 1997].

Short-Term Fourier Transform is related to the fast Fourier transform (FFT) or

windowed Fourier transform. It performs a Fourier transform on a sliding time win-

dow along the time series to compute changes in power and phase of EEG signals over

time. Usually a time window with a �xed duration is used for all frequencies and
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constrains the frequency bin size (frequency resolution). This bin size is the same for

all frequencies thus posing a limiting factor of this approach as high-frequency signals

require shorter time windows than low-frequency signals. Wavelet analysis would pro-

vide a more 
exible approach where window size is varied across frequencies to increase

temporal resolution for di�erent frequencies.

Time-frequency-based analysis has a couple of main advantages starting with its in-

terpretability of neural oscillations deriving from neurophysiological mechanisms. The

oscillations appear to form the core of neural mechanisms that support very many as-

pects of cellular, synaptic and systems-level brain functions across multiple temporal

and spatial scales [Varela et al. 2001]. Another advantage of this analysis technique

is that these oscillations are linking di�erent �elds of measurement methods of neuro-

science across species. In non-human animals, neural oscillations can be studied with

biophysically highly detailed models using in-vitro cell recordings or in-vivo microelec-

trodes linking them to humans using EEG. A more practical advantage is relating to its

statistical verbosity. When EEG records multidimensional and dynamic properties of

brain processes, then time-frequency-based analyses show way more of that space than

the fraction that is revealed by ERPs. Therefore many task-relevant EEG dynamics

are only measurable using time-frequency-based methods.

A general limitation of these approaches (not only to EEG) is that time-frequency

decomposition diminishes temporal precision. There is always a trade-o� between a

frequency band to be analysed and its parameters. Due to this loss of temporal pre-

cision, it will be almost always worse than ERP but also almost always better than

fMRI. fMRI features a high spatial but low temporal resolution in contrast to ERPs

for which this relation is reversed [Van Veen and Carter 2002]. The higher precision of

ERPs although is mostly theoretical as for example, a P3 component (see Section 2.1.5)

can peak anywhere between 250 and 600 ms after the stimulus onset and many studies

only report the peak or mean amplitude within a time-frame of tens to hundreds of

milliseconds.

Also, the sheer number of di�erent analysis possibilities in the frequency-domain

can lead to confusion and can make if di�cult to select the right approach with the

right parameters for the experimental design at hand. This is further ampli�ed by the

relatively small literature corpus on these methods with respect to cognitive processes as

compared for example to ERPs. The �eld is growing but still not all electrophysiological

time-frequency properties are known or studied in their entirety, opening up possibilities

for exploratory data analysis [Cohen 2014].

We use time-frequency analysis in Paper D and Paper E.
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2.1.6 Spatial Filters

The complexity and variability of source signals, between subjects and within subjects

leads to a form of blurring of the information when the electrical signal travels from

the surface of the brain to the scalp. In a simulation study by Nunez et al. [1997],

only half the contribution to each scalp electrode came from sources within a 3 cm

radius. This can pose a problem particularly if the signal of interest is weak, therefore

spatial �lters aim to maximise information density and increase the signal to noise ratio

of EEG signals. Temporal �lters like wavelet convolution and FIR �lters weight each

data point with the sum of its surrounding data points to highlight certain features

of the EEG signal. Using temporal �lters, aspects of the signal can be isolated and

highlighted that would otherwise be burried in un�ltered data. Spatial �lters are very

similar as they also assign a weight to each electrode in a way that the sum of the

activity of all electrodes again highlights certain properties of the signal. Spatial �lters

di�er in the information that is used from the EEG to construct their weights. For

example, the surface Laplacian would de�ne its weights according to the distances

between each electrode and the Principal Component Analysis would use covariances

between electrodes [Cohen 2014]. In contrast, CSP uses second order statistics between

electrodes and then solves a generalized eigen-value problem [Blankertz et al. 2008].

CSP is a procedure commonly used in EEG signal processing for separating the

multivariate signal into additive subcomponents with maximum variance di�erences

between two windows. This increases the discriminability between conditions and by-

passes the channel selection problem. CSP �lters maximize the variance of the spatially

�ltered signal for one condition and minimise it for the other one. Since variance of

band-pass �ltered signals is equal to band-power, CSP analysis is applied to band-pass

�ltered signals for an e�ective discrimination of mental states that are characterized

by event-related synchronisation and desynchronisation (ERD/ERS) e�ects [Blankertz

et al. 2007b]. The original version of CSP is restricted to binary problems. To cir-

cumvent this limitation, CSP could be applied in a pair-wise binary fashion or more

directly by simultaneous diagonalisation as proposed by Dornhege et al. [2004]. The

CSP method can be used with any multivariate signal but is commonly found in

EEG applications. For brain{computer interfaces, it is often used to compute the

signal components that explain the cerebral activity for a certain task like hand move-

ment [Pfurtscheller et al. 1999]. It is also possible to use it for artefact rejection and to

to separate artefacts from EEG signals [Boudet 2008].

For using CSP, several parameters need to be chosen like a band-pass �lter, a

time interval which is typically �xed relative to a stimulus, and the subset of CSP
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�lters that are to be used. Often generic parameters are used like a frequency band of

7{30 Hz [M•uller-Gerking et al. 1999] and a time interval starting 1 second after stimulus,

and 2 or 3 �lters from the upper and lower eigenvalue spectrum. It has been reported

that online performance can be enhanced by subject-speci�c calibration [Blankertz et al.

2007a]. A practical example for manual parameters selection is given by Dornhege et al.

[2007]. A thorough overview of CSP is given by Bosse et al. [2017] and Blankertz et al.

[2007b], emphasizing implementation details.

We use the CSP method in Paper D and Paper E.

2.2 Peripheral-Physiological Signals

Measuring (peripheral) bio-physiological signals is directly or indirectly observing the

variables that account for the normative function of the human body's systems and

its subsystems. There is a variety of tools and techniques available and all of these

are grounded on empirical observations. The variables to be observed are derived from

what is possible to measure within the biological systems. For humans, this includes

signals like heart rate and derivatives, skin conductivity, respiration properties and also

biochemical markers. Mostly, these measures are not very useful when only considered

in isolation but they can o�er profound insights into perception and behaviour when

paired with behavioural, psychological or social factors. Physiological measurements

do not expose the limitations that are inherent to self-assessment questionnaires.

The collection of physiological data presents some challenges that do usually not

exist in traditional graphics research. For body data collection, the experimenter has to

be in direct physical contact to their participants. Measures like EDA or blood-volume

pulse (BVP) simply require the placement of electrodes on the �nger tips. In contrast,

surface electrodes as needed for electrocardiogram (ECG) or electromyography (EMG)

research and chest mounted electrodes for respiration can be severely more complicated

to apply. The sensors used in most studies are not invasive but could cause participants

to experience unease or discomfort. Therefore the participants' well-being needs to be

carefully considered to avoid stress, anxiety or embarrassment. In some cases, even

more invasive methods could be required as for example for more precise EMG mea-

surements that involve a trained expert. Eye-tracking devices require a certain distance

of the participants from the computer screen, electrode wirings may have limited ranges

and distractions by external factors need to be minimised to reduce undesired cognitive

load. Measuring speci�c responses towards speci�c stimuli or interactions need synchro-

nisation of the bio-signals and stimulus presentation in the order of milliseconds and
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often require a complex setup of di�erent computers and devices.

These constraints usually lead to very controlled laboratory setups that minimise

uncertainty linked to collecting data using these techniques. They usually do not re
ect

real-world scenarios in these idealised settings and could lead to somewhat arti�cial

results that may reduce ecological validity due to the inability to capture the richness

of real environments.

Nevertheless, conducting bio-physiological lab experiments still o�ers great insight

into perception and behaviour and in this thesis, we strive to minimise laboratory-style

experiments for some studies and recreate real environments where possible.

2.2.1 Skin Conductance

Electrodermal activity (EDA) is also known as galvanic skin response (GSR) or skin

conductance and can be considered as one of the most common observation channels

of sympathetic nervous system activity. It manifests itself as a change in electrical

properties of the skin that vary with the activation of sweat glands [Venables and

Martin 1967].

Figure 2.6: Peripheral
measurement sensors at-
tached to the participant's
hand.

EDA splits into two distinct measures, the slower

tonic skin conductance level (SCL) and the fast pha-

sic skin conductance response (SCR). Skin conductance

depends on sympathetic activity and is not consciously

controlled. GSR can be used to evaluate the arousal or

emotional state of a study participant [Boucsein 2012].

EDA was also used in polygraphs (lie detectors) that

were used for crime detection in forensics in many coun-

tries for a long time [Synnott et al. 2015]. The polygraph

was initially touted by its supporters as a triumph of sci-

ence that could revolutionise criminal investigations but

it largely never ful�lled its expectations [National Re-

search Council and others 2003].

A skin conductance sensor (Figure 2.6) measures

sweat gland activation of the skin that is closely related

to the sympathetic nervous system that primarily stimu-

lates the body's �ght-or-
ight response, activity, arousal

and stress. Skin conductance (SC) increases when the arousal level increases and dur-

ing relaxation, the SC level normally decreases. Most setups use Ag-AgCL measuring

electrodes because it avoids electrode polarisation. It has to be ensured that they are
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not fastened too tight since that will impair blood 
ow. Changing electrode direction

between �ngers has no impact since the polarity is not of importance.

The GSR signal is measured inµS (Siemens), the physical unit for electric con-

ductance. Common physiological values are measured within the 1{30µS range but

a signi�cant variability between subjects is expected in this range. The typical raw

waveform is composed of endogenous (present in the absence of stimulus input) and

evoked activity with 1{5 spontaneous 
uctuations per minute. For evoked potentials,

it takes a couple of seconds for a signal to peak. These timing characteristics of GSR

signi�cantly di�er from classic ERPs when compared to EEG [Kemp et al. 2014].

In this thesis, we use GSR for measuring simulator sickness (Paper D).

2.2.2 Blood Volume Pulse

The blood volume pulse (BVP) sensor (Figure 2.6) is used to measure heart rate and

monitor relative blood 
ow. Plethysmography is the volumetric measurement of a

body part [Allen 2007]. Systemic cardiovascular variables like heart action and blood

pressure [Teng and Zhang 2003] change the blood volume and local tissue perfusion

(vascular tone) [Tusman et al. 2019] and are measured with photoplethysmography. The

autonomic nervous system controls these cardiovascular variables and the local vascular

tone. The photoplethysmogram thereby is the waveform measured to quantify responses

of the autonomic nervous system e.g. stress, pain [Chen et al. 2021] and workload [Koca

and Duru 2017] and is often used in psychophysiological experiments [Zaunseder et al.

2018].

Infrared light is used for detection of changes in local perfusion. Oxygenated

haemoglobin in the blood absorbs the infrared light proportionally to its concentra-

tion. A photoplethysmography waveform contains a pulsatile (heart ejection) compo-

nent linked to synchronous variation of the blood volume for each heart beat (typically

around 1 Hz) and a slowly varying baseline containing lower frequencies associated with

respiration, thermo-regulation and activity of the sympathetic nervous system [Allen

2007, Shelley 2007].

Photoplethysmograms are dimensionless with arbitrary units. The envelope of the

pulsatile component can yield information about systemic blood pressure changes and

vasomotor e�ects, i.e. constriction or dilation of blood vessels.

Heart rate can be measured using photoplethysmography but it is sensitive to move-

ment artefacts due to ambient light compared to ECG. Also, this sensor can be used

to derive the heart rate variability (HRV) . This refers to the rise and fall of heart rate

synchronised with breathing (faster on inhale, slower on exhale). The alternation of

32




	Abstract
	Kurzfassung
	List of Publications
	1 Introduction
	1.1 Short History of Neural Research
	1.2 Problem Statement
	1.3 Motivation
	1.4 Challenges
	1.5 Overview

	2 Background on Biophysiological Signals
	2.1 Electroencephalography
	2.1.1 The normal Background EEG signal
	2.1.2 Nomenclature and Electrode Placement
	2.1.3 Artefacts
	2.1.4 Filtering
	2.1.5 Analysis Techniques
	2.1.6 Spatial Filters

	2.2 Peripheral-Physiological Signals
	2.2.1 Skin Conductance
	2.2.2 Blood Volume Pulse
	2.2.3 Respiration Rate
	2.2.4 Body Temperature
	2.2.5 Eye Tracking
	2.2.6 Measuring Peripheral-Physiological Signals using Consumer Devices


	3 Related Work
	3.1 EEG
	3.1.1 Image and Video Artefacts
	3.1.2 EEG and screen-based VR
	3.1.3 EEG and headset-based VR
	3.1.4 EEG and Motion Sickness

	3.2 Eye Tracking
	3.3 Psychophysical Rating Systems
	3.4 Gaze Control and Guidance
	3.5 Peripheral Physiological Bio-Signals
	3.5.1 Theories on Motion Sickness
	3.5.2 Measuring Simulator Sickness

	3.6 Faces and Deep Fakes

	A Comparative analysis of three different modalities for perception of artifacts in videos
	A.1 Introduction
	A.2 Related Work
	A.2.1 EEG
	A.2.2 Eye tracking
	A.2.3 User opinion scores

	A.3 Experiment
	A.3.1 Design
	A.3.2 Setup
	A.3.3 Acquisition
	A.3.4 Analysis

	A.4 Results
	A.4.1 Opinion rating results.
	A.4.2 EEG results
	A.4.3 Eye tracking results
	A.4.4 Findings

	A.5 Discussion
	A.6 Conclusion

	B Analysis of Neural Correlates of Saccadic Eye Movements
	B.1 Introduction
	B.2 Related Work
	B.2.1 Human Gaze Control and Gaze Guidance
	B.2.2 Eye Tracking and Saccades
	B.2.3 EEG and Saccades

	B.3 Experiment
	B.3.1 Design
	B.3.2 Setup and Acquisition
	B.3.3 Processing
	B.3.4 Analysis

	B.4 Results
	B.4.1 Saccade Task
	B.4.2 No-Saccade Task
	B.4.3 Free-viewing Task

	B.5 Discussion
	B.6 Conclusion

	C Immersive EEG: Evaluating Electroencephalography in Virtual Reality
	C.1 Introduction
	C.2 Related Work
	C.2.1 EEG and screen-based VR
	C.2.2 EEG and headset-based VR

	C.3 Experiment
	C.3.1 VR Headset
	C.3.2 Design
	C.3.3 Participants
	C.3.4 Setup, Acquisition and Processing
	C.3.5 Analysis

	C.4 Results
	C.4.1 Screen
	C.4.2 Dome
	C.4.3 VR
	C.4.4 Modified VR

	C.5 Discussion and Conclusion

	D Exploring Neural and Peripheral Physiological Correlates of Simulator Sickness
	D.1 Introduction
	D.2 Related Work
	D.3 Experimental Design
	D.3.1 Stimuli
	D.3.2 Apparatus
	D.3.3 Psychophysical Methodology

	D.4 Results and Analysis
	D.4.1 Self-Assessment (SSQ)
	D.4.2 EEG
	D.4.3 Peripheral Physiological Signals

	D.5 Predictive Capabilities
	D.6 Discussion and Conclusion

	E EEG-based Analysis of the Impact of Familiarity in the Perception of Deepfake Videos
	E.1 Introduction
	E.2 Experimental Design
	E.2.1 Stimuli
	E.2.2 Setup
	E.2.3 Procedure

	E.3 Analysis
	E.4 Discussion of Findings
	E.4.1 Time-domain
	E.4.2 Frequency-domain

	E.5 Conclusion

	4 Conclusions and Future Research
	4.1 Summary
	4.2 Paper A: Artefacts
	4.3 Paper B: Saccadic Behaviour
	4.4 Paper C: Combining EEG and Virtual Reality
	4.5 Paper D: Sickness
	4.6 Paper E: Deep Fakes
	4.7 Self-assessment and Physiological Data
	4.8 Outlook

	Bibliography

