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Abstract

The three core components of Affective Computing (AC) are emotion expression
recognition, emotion processing, and emotional feedback. Affective states are
typically characterized in a twdimensional space consisting of arousal, i.e., the
intensity of the emotion felt; and valence, i.e., the degree to which the current
emotion is pleasant or unpleasant. These fundamental properties of emotion can not
only be measured using subjective ratings from users, but also with the help of
physiological and Heavioural measures, which potentially provide an objective
evaluation across users. Multiple combinations of measures are utilised in AC for a
range of applications, including education, healthcare, marketing, and entertainment.

As the uses of immersiveiMual Reality (VR) technologies are growing,
there is a rapidly increasing need for robust affect recognition in VR settings.
However, the integration of affect detection methodologies with VR remains an
unmet challenge due to constraints posed by themu¥/R technologies, such as
Head Mounted Displays. This EngD project is designed to overcome some of the
challenges by effectively integrating valence and araesalgnitionmethods iVR
technologies antly testng their reliability in £atedand roomscale full immersive
VR conditions

The aim of this EngD research project is to identify ladfgctivestates are
elicited in VR and how they can be efficiently measured, without constraining the
movement and decreasing the sense of presence in thd widdd. Through a
threeyears long collaboration with EmtéapsLtd, a wearable technology company,
we assisted in the development of a novel multimodal affect detection system,
specifically tailored towards the requirements of VR. This thesis will ibestne
architecture of the system, the research studies that enabled this development, and
the future challenges. The studies conducted, validated the reliability of our proposed
system, including the VR stimuli design, data measures and processingeipels
work could inform future studies in the field of AC in VR and assist in the

development of novel applications and healthcare interventions.
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Figure 16.Measures used; (1) the Faceteq mask with EMG and with (2) PPG sensors, (3)
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Figure 19.(a) An ECG was applied in al2ad configuration using a belt with the ground
sensor within the headset. (b) A PPG sensor was intergrated within the headset, and (c) the
two positions explored were over the left templaudlgoint) and the lower middle of the
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Figure 20.The distanceariable was calculated between (a) the virtual viewpoint of the

user and (b)) an object's center's position (or
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point areconstant between scenarios. 94

Figure 21.Four models of tracking using VR: Experience tracked outsideygl) shapes

represent the motion tracking, and (2) magenta shapes represent the action tracking using

input devices such as controllers) and within VR (3) by tracking the view of the user (black

shape) and (4) the individual objects information of the@umding virtual environment

(e.g. the butterfly appearing), enabling the flow of contextual information (e.g. he smiled
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Figure 22 Integrating a custorbuilt eventmarker system for VESs. 96

Figure 23. Diagram showing the connections and dependencies between chapters. Each

box outlines a separate chapter. A higlrel overview of the contents of each chapter are

described under box. Each chapter is connected to a research aim whospaoding

number is added on the top right corner. The continuous lines reflect dependencies

between chapters and the dotted lines represent information flows between chapters. For
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file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761218
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761218
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761218
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761219
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761219
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761219
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761220
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761220
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761221
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761221
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761221
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761221
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761222
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761222
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761222
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761222
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761222
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761223
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761223
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761223
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761223
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761224
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761224
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761224
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761224
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761224
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761224
file:///C:/Users/Ifi/Documents/Writings/Thesis/POST%20VIVA/Final%20Library%20version/Ifigeneia%20Mavridou_thesis_combinedchaptersAfterCorrections_v6.2.docx%23_Toc79761225

Figure 24.The five affective states represented in the affective space. HVHA: High Valence

(positive) and HighArousal, LVLA: Low Valence (negative) and l-8wousal etc. N:

Neutral. 111
Figure 25.Rescaled valence and arousal scores (rang@) hased on ratings from the
film data base [247]. 114

Figure 26.Percentage of familiarity with video per clip from the survey. Acronyms

indicates the name of the video (see Table 4), accompanied by the familiarity scafe6(%).

Figure 27.Mean valence and arousal scores per video are represented i&\Mlspace, for

the 5 affective categories PL, PH, NL, NH, NEU. The mean values per affective category

(four in total) are represented as Omean value
were selected for the studies are indicated by a squarewsutting the videgooints. 118

Figure 28 The mean arousal and valence scores across all selected videos per category.

The vertical and horizontal lines indicate the standard deviation for each affective

dimension. 119
Figure 29.Video presentation environment 125
Figure 30.The CASR interface. The blue dot is controlled by a mouse. 125
Figure 33. The Faceteq prototype used for the study. 125

Figure 34.Example of participant wearing the EMG sensors, headphones while viewing
videos on a screen. 126

Figure 35.Photographs of the apparatus (right) and physicaleaoé the study (left). 126

Figure 36. Classification accuracies for all 34 participants 128

Figure 37.High-level overview of the proposed system. The Faceteq prototype is depicted
on the upper left side. 134

Figure 38.ROC curves per participant per experiment performed ¢degendent). 137

Figure 39. ROC curves per expment (usefrindependent). 138

Figure 40. Screenshot from within the VE used for relaxation and baseline recording in
pre-study survey. 147
Figure4l.Screenshots taken of the three affective
and top view (b, right side). The first one (1a & 1b, top) is from the neutral environment,

the second (2a & 2b, middle) is from the negative one and the third (3a &3bmbddtthe
positive VE. The square areas outlined in the top views (1b,2b,3b) show the perimeter of
the walking area of the user. 149

Figure 42.Top view of the scene used for the VEs. The write rectangle shows the perimeter
of the user's walking area. The user would start from point A (left figure) then to point B

while exploring the room, and back to point A (right figure) to exit the scene. 153

Figure 43.360 view of the VE. The yellow box (middle) shows the area thatisible to

the user. 154
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Figure 44.Side and top view of the raasting from the viewpoint of the user towards
objects in the VE. The rays are displayed in yellow for static neutral objects and in red for
interactive events. 154
Figure 45. Left side: Experimenter view of the scene. Right side: User view of the scene.
154
Figure 46.36C view of an office based VE. The virtual dood{cated by the orange
outline, |l eft) was interactive and coul d
the use of the hand controller. 156
Figure 47.Mean valence and Arousal ratings for each VE condition presented from the
first-person point of view of the user within VR. 161
Figure 48 Mean valence and arousal ratings for all events in the three VE conditions. The
x-axis (bottom) displays valence ratings and tkexis (left) displays arousal ratings.164
Figure 49. Mean valence and arousal ratings for each stimulus in each of the VE
conditions. A list of all stimuli including static objects and animated events is displayed on
the right side of each figure. A. neutral VE condition. B. pasiE condition. C. negative
VE condition. 166
Figure 50. Mean memory accuracy scores across events per VE condition. 168
Figure 51. Left figure- relationship between valence ratingsagyis) and memory
accuracy for each stimulus. Right figureelationship between arousal rating-gxis) and
memory accuracy {axis) for each stimulus. Red dots are representing stimuli presented
the negative VE condition, green dots represent stimuli from the positive VE condition, and
blue dots represent stimuli from the neutral VE condition. 171
Figure 52. Plot showing average presence scores per condition. 172
Figure 53.Radar plot showing average scores for each subscale: Involvement, spatial
presence (O6Spatiald) and experience real
excluded from this radar plot. 172
Figure 54. Mean valence and ausal ratings per alexithymia group. Left figure: Mean

valence ratings for each condition. Right figure: Mean arousal ratings for each condition.

174
Figure 55.Mean valence ratings for high and low neuroticism groups. 176
Figure 56. Mean arousal ratings for high and low agreeableness groups 177
Figure 57.Dataset selection flowchart 187

Figure 58.360 view of the CASHaining VE. The screen in front dfe user played four

short videos. The AV space on the right
rating. 188
Figure 59. 3600 screenshots of the VEs: 190

Figure 60.Sket ch of fl oor plan and photo of entranc

the Science Museum London. The study was conducted here. The space was designed in a
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way that two sessions of active VR and two sessions of passive VR could run
simutaneously. 191
Figure 61.The participant is wearing the HTC Vive headset + EmteqVR and headphones,
holding a controller. On the left side, one of basation tripods is visible and a web

camera fixed on the wall. With the exception ot&WR, controllers and bastations, all
devices were connected via cable to the PC. 193
Figure 62.Outline of the experimental protocol used for the VR study divided in steps (1
7). Step 1 included the introduction to the study, the Eipent Information Form (PAF),

the consent form, a demographic questionnaire with screening questions and the
allocations of participant IDs. Participants were then divided into an active and a passive
group. They were trained on how to use the CASR aterising the Vive Controller
(Step2). Active group users were introduced to raoale VR using the VR adaptation
scene (Step 3). Next, both groups experienced the affective scenarios preceded by a
baseline recording session and followed by a short expee questionnaire (Step 4 & 5).
Step 6 included a short recording of facial expressions of three emotions. In the end,
participants were asked to complete questionnaire (Q2) which included questions about
their personality, as well as alexithymia and esgmivity scales. 19%
Figure 63. Flow chart of the EMG signal processing steps. 197
Figure 64.Mean valence ratings (left) and mean arousal ratings (right) of VEs per group
(VEs: 1= Negative, 2 = Neutral, 3 = Positive). 203
Figure 65.Mean agreement scores per VE represented by circles. The centre of circle
signifies the mean value for the arousal and valence ratings per VE, while the width
represents the mean C¥ases for arousal and valence. The vertical and horizontal lines
represent the standard deviation of ratings per axis. 205
Figure 66. Mean valence CASR ratings (left) and mean arousal CASR ratings (right) of
VEs per group (VEs: 1= Negatiy2 = Neutral, 3 = Positive). 206
Figure 67.ValenceArousal coordinates for each event marker, grouped by colour for each
VE (negativepink, positivegreen, neutrablue). The event markers are divided in scores
derived from the Active ("Adenoted by a blue outline and the Passive group ("P")
denoted by orange outline. 208
Figure 68.Plot showing the mean memory scores per condition (VE) for all participants.
Error bars are standard deviations. 209
Figure 69. Plot presenting the mean memory scores and standard deviation from the
Active (blue) and the Passive groupdoge) per VE. 209
Figure 70.Presence scores of the active and passive group per each VE. Error bars
display standard deviations. 211
Figure 71 Bar chart showing the median RMS activations per channel for each expression

(Frown, Smile, Surprise) with their standard deviations. 214
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Figure 91.ROC curves per classifier fordasses arousal detection using EMG features
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Figure 95.Mean scores of objects per scenario and their standard deviations. The mean
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Inter-beat Interval.

Inertial Measurement Unitysually includes &
gyroscope, accelerometer and magnetometer.

K-Nearest Neighbour
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Mixed Reality.
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Personal Computer.
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Virtual Reality.

Virtual Reality Application.
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Chaplter

Introduction and Thesis Summary

Virtual Reality (VR) is no longer limited to laboratory settings. The range of its
potential applications is rapidly increasing, due to recent technological
advancements bringing leaost portable VR headsets to the consumer market.
From entertainment, tiging, healthcare and research, VR delivers a highly
controllable system for the design of experimental studies, while also granting
ecological validity[1]. The audievisual content is under comprehensive creative
control, whi ch render s mo st aspects of
guanti fiabl e. Combining VR with the abil
behaviour within it, could potentially pralé the ultimate laboratory for behavioural
sciences and usexperience research. The ability to understand and measure
emotional responses of an individual immersed in rsoale VR scenarios could be
a great methodological improvement in VR research #ndould facilitate
applications in healticare and welbeing|[2].

As VR wasan emerging technology at the time when thesis starteda
practical paradigm to capture different ranges of emotional responses in VR had not
been yet standardised specifically for reenale VR settings. An exploration of the
available technologider emotion detection was needed, and of devices and sensors
that could potentially perform in synergy with the existing VR technologies.
Potential candidates for such integration would beingasive, wearable sensors,
that would not hinder or disrupteh user s movement and exper
the feasibility of using a combination of sensor modalities to capture affective states,
could allow subsequently the development of affect detection algorithms via
machine learning. Such emotionaihtelligentalgorithms for VR applications could
reveal novel routes for interactive experiences as proposed in Affective Computing
[3], and contribute to a better perception of various psychological or mental states
(such as Flow and Preserid®). Allin all, thequarit f i cati on of the wuser

contribute to e.qg. identify possible pathologies, and assist in the development of well
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being tools and heaktare related solutiongs] which have been increasingly
incorporating VR technologies lately to provide therapies that could be delivered
remotely. Multimodal reatime data acquisition and usegntred angiis would be

vital to the development of such interventions.

1.1.  Affect Detection in VR: Prospects & Challenges

Affective Computing (AC) and Physiological Computing (H6}) emerged, in
order to provide computer scientists and researchers from several fields an
interdisciplinary common space for collaboration on designing responsive
computing systems to the psychophysiological activity of the user. The vision of
Affective Computing (AC{3]) reflects on enriching the
entailing mechanisms for realistic behaviour, that could potentially exceed the
ATrui ng Test 0 [7). Kemarkablg, mefintdamental step in forming
affective dialogues between machines and humans is recognising the psychological
states expressed by the human interlocutor during Human Computer Interaction
(HCI).

One potential way to get closerttds ability for HCI systemss toreliably
detect emotional stat@s different settingsNumerous theories for emotional state
detection and classificatiamhich have been suggesteull be presented Chapter
2. They link affect to human cognitive and behavibyeocesses sawell as
psychophysiological states (see brief descriptiogeittion 2.3.). In addition, the
advancement of technologies and the development of scientific methods, has enabled
researchers to monitor and evaluate emotional reactions toistionula plethora of
metrics and expressive modalities, including gestubesly movementsfacial
expressions, central and autonomic nervous systems responses, as well as speech
(81, [9D).

More specifically, affect recognition studies iarAVR laboratory settings
are currently using various methods including-seffort measures (questionnaires),
behavioural observations, and physiological measures, such as heart rate (HR), skin
conductance (galvanic skin response; GSR), facial movenaekirtg via computer
vision (CV) and electromyography (EMG) amongst othéhese methods aused
to identify and measuréhe manifestations of emotional reactions. However, the
existing methodologies had not been widely applied in fully immersive, ititexac

VR settings. The majority of affective studies in VR settings rely on subjective post
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exposure questionnaires, behavioural observations, and in some cases unimodal
physiological measures that primarily focus on the identification of physiological
arowsal. By comparison, the measurement of valence levels from physiological
measures washallenging[4]. This is mainly because VR imposes some practical
constraints when it comes to the integration of conventional methods utilised for
affect detectiorfsee sectioR.3).

Naturally, ashumanautilise multiple cues and features to recognise emotion

in everyday interactons we expect 6intelligentd compl

approach, renderingmultimodal affect recognition approaches increasingly
appealing Advantages of adapting a multimodal approach lie on the pretext that the
amalgamation of multiple signals or feasican provide a richer source of datas
methodological approach can reduce the limitations of unimodal approaches since
obtaining truthfully accurate signals can be a considerable limitation for certain
recordingg[9]. The utilisation of multiple signals can alleviate this restriction and
offer a more welrounded view of the overaéixpressive properties @fffective
changes[10]. Potential challenges however can range from (a) identifying
physiological signals and their features which can carrynmdtion which are useful

for affect detection, (b) selecting signals and features of high qualitgss noisy)
compared to others, and (c) explorer and identify which combination of those can be
most informative for affect classifications.

Ideally, mulimodal affect detection in VR settings could also be achieved
by combining methods in an especially adapteeupetramework, which would
consider system usability, mobility, portability, and wearability factdihsus
special focus is required towards tthesign of unobtrusive technologies for VR.

Technological solutionicluding cumbersome setps with multiple cables;an

i mpede oneds freedom of mov emtemThisiand di

st

tummcan di srupt the overall userodés experienc

of immersion andpresence [30]. These effects are suggested to provide a
measurement of the efficiency of a VR simulation to induce naturalistic responses as
the user beliess in the reality presented by the simulafibh]. Wearablesensor
technologies for VR are currently starting to emerge [3le Tatest hardware
technological advancements result into an increase of computational power which in
turn assistghe development of novel interfaces and software solutiditese
solutions could potentiallgpen newavenues for regime affective stateralysis in

VR.
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1.2. Research Problem and Objectives

In everyday social settings, we are able to understand what our friends or colleagues
are feeling, by drawing information from the way they express their emdtams
verbal and notverbal cues such as theone of voice, body motion, tension, distance
from others and facial expressions. The majority of current emotion detection
commercial products utilising CV focus on discrete facial expression and muscle
configurations, following an approach by Ekmaud &stef{12]. In fact, recognising

facial expressions in comparison to other behavioural measures offers
advantagegelated tothe ingrained biological componefit3] and thedebated
universality parameter, as supported by cmstural studie$l4], [15] and affective
neuroscience studi¢s6]i [18]. However, utilising unimodal approachescameras

to analysdacial expressions to infer emotions is in fact insuffic[@8i. It provides

a lowgrained understanding of the inner feeling of the user, which depends on
cultural variables and contesglated informationfér examplesmiling slightly may

mean that an individual is embarrassed or stressed). Consequently, efficient
emotional stateletection would require a larger range of data types in conjunction
with contextual information (e.gknowing if the condition in which the emotional
response was made wihseatening or friendly) and additional psychophysiological
measures of for example tension (arousal) which can enrich the facial recognition
side.

In practice, the detection of affective states in VR would require the careful
acquisition and interpreian of data which are normally highly subjective by nature
[20], [21] together with the continuous monitoring of the contextich they were
collected This would allow us to understand the response to the interaction (the
6howd) to the content (t o -stimuh eelatéd caused
information could be taken from tl#mulationsas stimuli creation and contrid
feasible through VR developmefithe endeavour of obtaining continuous, reliable
multimodal data in Wftual Environments (¥s) could be potentially achieved by
integrating multiple biometric sensors on the already existing prerequisites of
wearableappmaratus (like e.g.VR headsets) used in VR settings, instead of being
constrained by the usage of multiple individual sensory systems which can be
cumbersome to use. As this research field has great potential but is still at its infancy

[4], our team investigated the efficacy uding such an headdedsed integrated
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multimodal sensory system in VR, and the feasibility of capturing physiological
changes in fully immersive VR settings.

Consequently, the main objective of this EngD work was to assess the
feasibility of using multinodal VRintegrated biometric approaches for affect
detection, by combining objective measures of valesmg arousain stimuli-
controlled environments. The informative value of these combined meagases
compared against subjective selfratings of valene and arousal recorded
continuously during the VR experience. This work draws scientific expertise from
multiple disciplines (including psychology, computer science (and VR), emotion
research, biology, hardware engineering, signal, and data science)otihteam
collaborated with wearable technology company cadtateqlabsltd, with whom
an emotion detection interface was further developed. This interface and earlier
prototypes (called originally Faceteq and most recently changed to EmteqPro) was
testel and used in our experimental studies.

In order to analyse the physiological responses and map them to affective
states, we defined a detection system which comslalata streams deriving from
surfaceelectromyographic (EMG) sensoihoteplethysmograplti (PPG) sensors
and an inertial measurement unit (IMU) for movement detection embedded on the
sensorinsert. As part of this system, theseregistrations were mapped against
partici-pantie§gssethe userds repoorteatd af f ect
related data obtained from our custbumilt stimuli-presentation applications, in
order to gain insight on the emotional context of the Gusexperience. Our
hypotheses focus firstly on the affective responses collected from the facial area,
including heartrate, movement data and facial muactévations and secondarily
on the accuracy of the mapping of those responses to the affective valence and
arousal ratings.

In a summary, the followingesearch (and development) aimsre
investigated in tid thesis:

1. Identify the affect recognition model and potential measures from which
affective states can be inferred in VR.

2. Design a system architecture including an experimental protocol, a sensor
setup and analysis protocols, to be used for the planng® Etudies This system

will be specifically designedo validate the feasibility of multimodal affect

recognition measures and algorithms in immersive technologies.
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3. Conduct quantitative studies with human participants, to identify and
evaluate the link between negative, positive and neutral emotional content and
emotional responses, and their impact on the selected physiological readings.
4, Explore the feasibility of masuring affect in immersive VR settirthsough
the following subgoals:
a. Create VR stimuli material andvestigatahe effectiveness of VR as an
affect induction toal
b. Investigatethe performance of our affect detection system in immersive
roomscale VR
C. Assess the relationship between the levels of presence and the intensity
of emotional responses in VR.
d. Investigate the feasibility of applying automatic affect detection in
immersive VR by dsignng classification models for both emotional
dimensions (ausal and valence) and assess the levels of accuracy for

each dimension that could encourage further research in this area.

1.3. Overview of Methodology

As part of the work, wenvestigaéd the detection ofvoluntary expressionsand
spontaneousaturalisticaffective changet® affective stimuli. The systematidfect
analysisand detection systemproposed in this thesis includes biometric and
behavioural data acquisition, in conjunction with subjective ratings from us®rs.
the measurement¢ofhose affective statesd changes
measures, facial muscle readings, and subjective annotations, as dependent
measuresThe experimental paradigm used in our studies revolved around the
concept of independent variable manipioia from virtual stimuli and videos,
including audievisual featuresand interactiveevents whichwere designed (and
validated) to inducearious levels of valence and arousal.

The data recorded were applied into the development of a multimodal
affectivestate recognition system, whose architectusisbased on datprocessing
levels in conjunction with the application of machine learning approaches for the
effective classification of valence and arousal levels.

As Virtual Reality imposed some technicdlatienges in terms of sensor
placement and signal noise caused by external factors including movement, we

initially commenced our experimentation witontrolledfiseated e xper i ences
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minimise movement artefacté the first studieswudiovisual videostimuli were
used. In the last study we moved to fully immersive\3iual stimuli. In the latter
study, we tested the set lip seated passivéR conditions(passive settingandin
room-scaleinteractiveVR conditions(active setting).

Through continuous experimentation and improvement of both the
bi omet r i c-upsaedrihe overall 8ystsmearchitecture, we were able to isolate
and focus on a specific set of sensory data for affect recognition in VR. Results from
these observations are explained in the
information about the specific studies conducted are availableajters 40 6.

1.4. Justification of the Research

Although there is darge body of research work conducted usingygiblogical
sensors for affect detection, little is known about their application in VR settings
where discreetness and adaptability is highly desired. Additionally, the combination
of different sensory modalities integrated within a heauinted interface
specifically adapted for affect recognition from the face in VR was not ever tested
nor manufactured before the best of our knowledge, giving our team a wealth of
interesting practical questions. In addition to developing and testing the hardware,
out team envisioned the design of an experimentalgeaind an event tagging
software which could allow the automatic and direct coupling of affective responses
to virtual content in VR and to continuous selfings made by the user. The main
concept of sut system is that it would enable researchers and developers to obtain
meani ngf ul i nformation about t he user o0s
characteristic could suppoand perhaps even help revolutionise the way we conduct
eventresponse research .o psychology, or the way we interact with the virtual
content.

This work concerns of a journey through efforts and endeavours of
understanding and confirming that the proposed affect detection system architecture
for freewalking VR is feasible. Mosimportantly, this research is aimed to assist
and inform future implementations and further researdciff@ctdetection using VR

technologies.
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1.5. Structure of Thesis

In this section, the chapters of this thesis are outlined together with a brief overview
of their contents; Starting from the literature review and the background research,
followed by the methodological developments (including software and hardware
solutions utilised and developed for this research), and leading to the detailed
exhibition of be experimental and dapmocessing studies conducted, and the results
acquired. The final chapter is dedicated to the conclusions upon the results, the

potential implications as well as our suggestions for future work.

1 Chapter 1: Introduction and ThesiSummary

In this chapter we present an introduction to the research scope and an overview on
the main research and development objectives of this EngD thesis, the
methodological framework, and the structural skeleton of this thesis.

| Chapter 2: Literature Review:Adapting AffectiveComputing practices in

virtual reality.

In the second chapter, we present the related background research in terms of
theoretical frameworks including emotion models, existiaffect detection
strategies from various physiologi@nd behavioural signals and previous attempts

to detect affect with and without the use of Virtual Reality technologies. In this
chapter, the psychological phenomena described as presence and immersion are
discussed in relation to emotion elicitationdahe parameters required to achieve
sufficient levels for naturalistic interaction in VR. Current emerging technologies for
affect detection in the market are also presented. The chapter closes with a discussion
on the potential limitations and considévas for affect detection technologies in

VR settings, and an overview of the proposed plan of research in order to achieve

the set objectives explained in chapter 1.

1 Chapter 3: Methodology & System Architecture

The experimental approachesmbining qualitative (subjective ratings) and
multimodal quantitativedataacquisition techniques across the selected sensor
modalities are presented. Subsequently, all methods, apparatus, software, signal
processing and analysis approaches which wessimated, developed and used in

the following studies are outlined. The systarhitecture framework with which
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we approached affect detection for VR settings is illustrated as a graph. The major
components of this framework are described, containingakiel sensor satp in
VR, main methods, input data, intermediate processes/analyses, and output data.

This model was followed in the studies discussed in chapteis 4

1 Chapter 4: Feasibility Studies 1 & 2 on valence and arousal detection

This chapter contains the feasibility studies conducted with conventional media

using the VRadapted sensor interface to validate and inform the system architecture
proposed. The chapter contains three main sections. The first section involves the
validation ofa selection of affective videos which was used to elicit predefined

ranges of valence and arousal in the studies described in this chapter. In the second
section, we describe the study designed to explore the sensitivity of the
electromyographic sensortaep, t o t he participantsd valer
videos presented. The data analysis and classification results are presented at the end

of the section. The third section comprises the exploration of the positioning of a
photoplethysmographic (PRG&ensor on the existing sensorgptinterface, in order

to obtain reliable heartate reading from the area of the face. A study was conducted

to collect PPG readings from participants alongside readings from
electrocardiographidECG) readings, whichesr ved as the O6ground
comparison purposes. The same experimental protocol was following as in the
previous study. The results from the analysis are presented and discussed. These two
studies served as a validation of the existing methodologynémned the design

of the following studies

1 Chapter 5: Development and validation of stimulus material for an affective

VR study

Following the feasibility studies using video stimuli, out team designed the next

study to be conducted in fully immersigenditions using commercial VR headsets.

Four virtual environments/scenarios were created, populated-DycBstom

designed objects and interactive events, which wéeadedo induce variations of

arousal and valence levels. We describe the creatidmeotnvironments and the

stimuli together with the developed plan of interaction for triggering the stimuli

activation in a nodinear fashion, based on the movement and gaze of the user. A
custommade event aggi ng system was d<ximerdctoped t o

with the stimuli, which was outputting evemiarkers alongside the signal data for
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synchronisation purposes. This approach was explored in order to study the
physiological changes recorded by the sensoeugeéh relation to the contextual
information (the virtual stimuli). An online survey study was conducted to validate
the designed VR environments as an affect induction tool. The results from the
survey are presented per environment, reinforced by the affective ratings reported
per virtualstimulus, and memory accuracy scores. Additionally, presence scores are
analysed per scenario and individual differences in terms of alexithymia are
presented. The chapter closes with the discussion of the results which informed the
main VR study presented chapter 6.

1 Chapter 6: Affect detection in Virtual Environments
The existing methodology, including the sensorugetind virtual reality headset,
were employed in highly immersive settings, using the VEs and stimuli described in
the chapter 5. An untteered version of the sensor-sgt was developed to increase
the freedom of movement in virtual reality, and reduce the intrusiveness of the
overall setup. A largescale study was conducted, where participants were asked to
experience three VEs (a neutra positive and a negative) and selfe their
perceived affect in terms of valence and arousal. These ratings together with the
physiological data recorded throughout each VE, allowed the validation of the virtual
stimuli, and the exploration of feadity to detect the changes in affective responses
from the physiological data. The effects of interactivity and presence on affective
responses were also explored. The participants were randomly divided into two
groups, an Oact i veevwa lokniend)i nared aax td prees ainwe 4§
seated experience). A simple posed facial expression protocol was also used at the
end of the experience to explore the sensitivity of our sesetaip to detect changes
in muscle activation.

The hypotheses, ¢hmethods and the overall experiment procedure are
described first, followed by thesults This section is divided into four subsections.
The first subsection described the findings from the analysis on thessesments
and ratings per VE and acrogwvents/stimuli. In the second subsection, the
physiological changes for each VE and event/stimulus (éhesed analysis) are
explored. These changes were also compared between the two, gidiyesand
passive. Thesecondsubsection is dedicated to thepkration of the sensitivity of
the EMG sensors to detect changes in posed expressions. The data recorded during

the posed expressions were analysed and an expression classification experiment
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was also conducted using three classifiers. The last subsewtiatains the
classification experiments conducted on the spontaneous physiological changes
recorded during the affective VE experiences. Three classification approaches are
presented: a user independetiked-users, a usandependensefaratedusers, and

a userdependent approach. For each approach, results from three classifiers are
compared for valence detection and arousal detection. For each classifier, three
classification models were trained using firstly data from both groups combimkd, an
then for each group separately. The chapter discussion and conclusions provide a
holistic overview of the findings from the study.

1 Chapter 7: Conclusions ané&uture work

This chapter contain a summary of findirfigan building the affect detection syste

to the classification experimentsllowed by a discussion reflecting the contribution

and impact of the researclnducted in this thesis on enabling affect detection in
freewalking VR settingsThe chapteendswi t h a &é6Li mi tations and
future world secti ons with out | ithedutureivdrken pot ent i
affect detection in VRThisis the last chapter which fellowed by the references

and the attached appendices

1.6. List of publications

In this section the published papersl papers in preparati@are presented. They
are mapped tthe listed aims (see list of aims in Sectiod of the EngD Thesiand

isted in the order of the chapterBublications 1-7 were extracted from the
homonymous published paper which were reformatted to align with the formatting

and text flow of the EngD dissertation.
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1.7.

This chapter presented the general scope of this EngD research, investigating novel

Chapter Conclusion

ways to detect affective states offpapants in Virtual Reality settings, while taking

in consideration methodological and practical limitations. The prototype sensor set
up and the affect detection system architecture were developed after careful

examination of the existing paliierature on emotion detection and VR research

which will be presented in chapter Zhe studies conductg@ee chapter 46)

enabled us to test and validate the methodological techniques employed. The results
from those studies together with our empirical obatons informed our approaches

and could assist future work towards affect detection using VR headsets in fully

immersive conditions.
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Literature Review: Adapting Affective-

Computing practices in virtual reality

2.1. Introduction

Virtual Reality (VR) has expanded during recent years to a popular form of
entertainment and a powerful tool for a variety of applications with a diverse range
of experiences. As VR has the eotial to emulate environments and situations
similar to the realvorld, it is being utilised amongst others in trainjag]i [25], and
treatment applications, such as exposure thegMR¥ET) and cognitive behavioural
therapy(CBT) [26], [27]. The rapidly growing international consumer markettte

the sale of 13.4 million virtual reality headsets (aka hreadnted displays) in 2017
[28].

Despite recent advances, researchers and developers are facing a lack of
effective assessment methods regarding th
experiencg20]. Recognising the emotional state of the user could not only assist in
the enhancement of humaomputer interaction or the avataravatar inteaction
in VR, but could also be used as additional input, enabling interaction with content
and adaptive control. Additionally, from a markesearch point of view,
understanding if the user felt pleasantly or unpleasantly within an experience could
provid e usef ul i nsights on the <contentds i
Consequently, such metrics could be very useful for a plethora of applications in
extended realitidsvhose market size is expected to explode in the next few years
[29].

1Extended realities (XR) istdankettermthatencompasses albmputergenerated simulations which
are either completely virtual (Virtual Reality or VR), mixed welements of theeality (Mixed Reality
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As a result of this realisation, the focus on the quantificatf@motion has
grown steadily in the last 10 years, leading to an estimated business market worth of
$20 billion [30]. The importance of assessing and quantifying emotion is clearly
highlighted by various research groups in this area [81g, [32]). Nevertheless,
there is only a small number of emerging technologies that combine affective state
detection with VR. The majority of research labs inftblel today are limited by the
number of affect sensing methodologies available that can apply in VR settings and
the inherited constraints some of them impose on thé umervement4].

The research aim of this thesis is to investigate ways to quantify the
emotionalexperience from behaviourphysiological readings when engaged with
immersive, computegenerated, affective content using modern consumer VR
technologies. For this reason, we systematically reviewed previous research
endeavours, definitions, models ar@htrolling parameters. This helped us design
the proposed affect assessment methodology and detection system for interactive

immersive technologies.

2.2. Mapping the progress: Affect detection

There is a vast amount of literature focusing on the nature df@mpthe processes
involved, how it is experienced and expressed in humans and animals. Multiple
studies proposed approaches for the efficient monitoring of physiological processes
which were found to be closely correlated to bodily emotional respoSses.
practices made it possible for the evolution of affective and physiological computing
[3], [6] and assisted in the development of integrated wearable interventions.

From these practices, the methodologies which are found to be good
detectors of the two dimensions of affect (arousal and valence) are presented,
together with a review of related affect detection systems developed, not exclusive
to immersive technologidsit applied in similar fields. Additionally, an overview of
current related emerging technologies will be presented for VR applications.

One of the more important factors of the immersive experience is the feeling
of Presence, a psychological phenomenioked to the successful impact or real

like effect of VR on users. The link between presence and emotion will be explored

or MR) or augmented on top of the real environment (Augmented Reality of&R}he experience
of such environrants the user needs to wear heamlinteddisplays interface.
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and discussed in secti@rB.3. Aa new research methodology will be suggested and

discussed in more detail in Chapter 3.

2.3.  From Defining to Detecting Affect in VR

A primary step into designing a paradigm for emotion detection is to select a fitting
emotion model. The vast literatuie psychology and other fields, of over one
century now, offers a number of emotion categorisation models (see s2&ti)n

and diverse perspectiven emotion research. Some of those models, such as the
dimensional model of affect, are preferred for emotion recognition applications in
the area of Humaomputer Interaction (HCI)33], as affective states can be
illustrated in a space spanned by arousal and valence dimensions. As this is a high
interdisciplinary area, researchers amhineers need to collaborate on a cross
disciplinary basis and exchange of knowledge in order to understand the nature of
emotioral manifestationsand thus detect them as accurately as pog8iplA level

of abstraction is needed in order to tailor detectmodels towards easier to
implement practices (e,gdeducting affective states from two dimensions)
However, generalised simplificationsay skew the reliability of developed system
across individualslt is therefore fundamental for computer scieresearchers to
follow and consider the advances and disadvantages as well as the active debates in
the emotion research field across multiple disciplines, while focusing also on the
technical challenges and the practical implementations.

It is generally greed that emotions comprise three components, (a) the
subjective experience (e.g., feeling happy), (b) the expressive behaviour (e.g.,
smiling), and (c) the physiological component (e.g., sympathetic arcizzl)
Emotions, as described by Barbara Fredric@&}, are the personal assessment
(based on subjective experience and cognitieegssing) of an event that activates
a sequence of response tendencies manifestations across component systems such as
bodily behaviours, facial expression, vocalization, as well as physiological changes
[15], [36]. Affective computing methodologies are based on the principle that by
detecting the changes manifested through those componentnsysie can
potentially infer the underlying emotional statea user

Generally, emotional states can be referred using different terms, such as: a)
emotions, as a shetimed, intense manifestation of a feeling addressed to a

stimulating source, b) moodsvhich are actually longer lasting and do not need an
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event to be triggered, c) affect (or core affect) as the underlying instinctual response
to stimuli prior to cognitive evaluation, as well as c) feelings, a lessdeéiited

term [37]. The term of affect and emotion are widehedsn the area of AC. In
section2.3.1, we describe different categories of emotion models, upon which state
detection systems can be built. Thesedels offer insights on the mapping of
expressive manifestations and contextual information to defined states or levels of
affect. In particularsome of the most popular models are outljneduding the
discrete or categorical model, the dimensiomalde of affectand the appraisal
model of emotionsin those models the same emotional state can be associated to
di fferent characteristics relevant to
linked to the smiling, to positive valence, and to approach. Such deduémgifiable
characteristics along with their potential advantages and disadvantages in AC
research will be described in the next section.

2.3.1. Emotion modelling frameworks: From theory to practice

Although the manifestation of emotions may vary between individuals are some
common principles constituting their underlying processes, (physiological
responses) that allow for possible for interpretation through computational means.
Certaininterpretations became possible with the emergence and investigation of
small dynamic behaviours coupled with exciting changes in physiology (showing a
united biological origin and functional resemblafigg][39]). These physiological
changes can be observed via technological and computational means, via the use
sensors. As such, data deriving from various bodily functions and sensory outputs
can be integrated in computational systems which follow an éxpticdel of
translating the signals into emotional connotations (a detailed discussion of the
conceptual models can be found4®]). Therefore, the role of the model used for
such integration is paramount and any modelling approaches that are explored are
consequently extremely interesting and imperative for the efficient design of such
systems. Naturallythe construction of theoretical and computational models
requires some levels of abstraction in their specification. Four main emotion
modelling approaches relevant to computational mode]8ipare described next:

the discrete or categorical approach, the dimensional approaconipenential or

appraisabased approach and evaluative space approach.
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2.3.1.1. Discrete Emotion Approach

Some of the most prominent theories are classifying emotional states in distinct
categories of the scalled basic or fundamental emotions. Theeem to be an
agreement over-8 basic emotions that can be expressed and recognised across
cultures, including anger, surprise, fear, joy, disgust and sadness, with some theorists
adding a few additional ones, such as pride and cont¢ijt [41]i [46]). Recent
research argues that the basic emotions that can be detectednetrdyn facial
expressions are actually four (happy, sad, fear/surprise, and disgest/efpre
dynamically evolving into more complex ongs]. A large number of autonomic
emotional state dettion systems rely almost solely on detecting facial expressions,
based on Ekmands theories[48pn faci al expr e:

Regardlessf its straightforward nature, this model is not always preferred
for multimodal AC research, due to its strict, deterministic structure, and the
complexity to identify and distinguish some states from others via physiological data
[49]. This approach is however preferred for cantExsed affect detection
applications, where the state categorisation is based mostly on the differences
between various facial muscle configurations related to the basic emotiof{E.g.

The expressions and individual facial configurations are distinguished and rated
based on the Facial Action Coding System, aka FX@E by trained observers.

Indeed, the human face can convey ubiquitous emotional information in
everyday interactions but only a small volume of research has investigated the
formation and context of spontaneous, naturally occgrexpression$s1]. As
explained by Calvo and Nummenmg&a?2], the interpretation of spontaneous
expressions is not as easy and it relies on knowledge of context (as opposed to posed
expressions) as they do not encompass fixed signs of basic emotions. Recently, a
systematic review on the reliability of distinctive faloexpressional configurations
(of basic emotions) published by Barret et [AB] criticised the widespread
assumptions on the existence of facial expressions which can be universally
interpreted into discrete emotional states (perceiependent), some of which are
nowadays used for applications in legal judgemepolicy decisions, security and
training practices. Further research is required into understanding the defining

processes and interpretation of spontaneous facial expressions together with
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contextual i nformati on c¢ on frienceneeqguiringy t
little or no observer inference.

Camera based approaches in computer vision (CV) for affect detection have
gained many followers as they offer an e&sget up, notintrusive hardware and
are open to a wide area of applicatifB], not limited to identifying discrete facial
expr es si o nistensityoeRpregsions hdvaitedn explored predominantly as
they are generally easier to detect than subtle [&2s[53] which are complex in
their morphology and more common in our everyday interacfiitjs However, a
trend has recently emerged into automatically detectymamic and subtle facial
expressions from a continuous data stream (instead of single photos) driven by
everyday applications e.fp4], a practice which may be deterred due to amotint
manual coding required. Additionally, distant heate detection (via skin
pigmentation) is currently a novel CV approach with interesting ref&iis [56].
Camera based approaches for use in Virtual Reality settings are however nearly
impossible to attain as the required headsets containing mounted displays cover a

p

bigareaolh per sonés face allowing |ittle space

Without the use of multimodal approaches and deciphering the contextual

information or the personébés appraisal s,

not account for the accuratenotional state that the person is feeling, but habitually
for the emotional state that they want to express to their interlocutor (posed vs
spontaneous facial expressions of emoti@e®[50], [57]). Detecting emotional
states would require exploring a plethora of potential emotional encounters, stimuli
and covariates while also collecting data from multiple sources and modalities, so
that findings could be replicated and later applied outsided&dry settings, in real

life scenarios.

2.3.1.2. Dimensional Model

The rich spectrums of complex, nbasic and/or subtle affective states exhibited in
our everyday interactions may not be fit for discrete label characterisation or by using
categorical descriptian[58]. Instead, most studies in AC utilising multimodal
methods, are classifying the affect using the dimensional appfdaciBased on

this approach, all emoiis can be represented along a continuum. Most popular
dimensional modakthe pleasantness (Valence) and activation (Arousal) model, or
el se the Russel d6ds ci r cufdgureX [58], 1p8]daad of
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model of positive and negative emotional activa{@d], [61]. These dimensional
aspects of onebs experience are often co
Analogue Scale (VAS)62] ard the Likert scald63]. A vast majority of studies

utilises the selassessment mannequin (SAM) by Bradley & Latg], a
questionnaire which <combi neselemdnts intal repr e
simplistic figures together with a numerical scale @igere2). To avoid low inter

participant agreement, participants are often askedlfassess their own affective

states using those scales which are tteisideredh s 6 gr ound trut ho.

o EXCITED
ALARMED ¢ AROUSED ® ASTONISHED
AFRAID o
o DELIGHTED
TENSE ¢ o ANGRY
DISTRESSED o
ANNOYED o + GLAD
FRUSTRATED o * *HAPPY
« PLEASED
o SATISFIED
© CONTENT
MISERABLE » ¢ SEREN
LE ¢ CALM
DEPRESSED ® QAT he,
SAD e RELAXED
GLOOMY
MorED® )
DROOPY _~~ PsiEEpy

Figure 1. Russel's circumplex model of emotions.

1 2 3 4 5

Figure 2. Example of the selissessment manikins (SAM) for valence (top) and arousal

dimension (bottom).

In short, valence can be described as the polarity of the affective state, or else, the
positivity or negativitylevels Arousal on the other hand is the ploysgical and
behavioural intensity odn affective stateFor example, the corresponding increase

in heartrate or loudness on our voice, ranging from low (sleepy) to high (excited or
stimulated) levels. Dominance, which is less often used, is the degoeatool
exerted by a stimulus or event, whether the viewer feels in control or not in its

presencg65]. In the Circumflex model of affé¢58], single adjective descriptions
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of emotional states were rated by 343 participants in terms of arousal and valence
and these ratings were thesed to construct the cartesian space utilising those two
dimensions (Figure 1), which are commonly used for emotional responses
characterization in experiments using affective stirf@d].

The use ofthis model in automatic affect detection is angming work
which started only recent[7]. The stateof-the-art strategies involve the detection
and classification afiwo and thredevels along the valence dimension (i.e. negative
vs. positive or including neutral) and tio or threelevels along the arousal
dimersion (i.e low versushigh, or including an intermediate levd§1], [68].
Alternatively, researchers have been using the fourrguislapproackseeFigure
3) which separates the dimensional space into four main areas of interest (High
Arousal / High Valence, High Arousal / Low Mace, Low Arousal / High Valence,
and Low Arousal / Low Valence) e [§9].

High Arousal
{exciting agitating)

HA/LV. H.A/H.V

Low Valence High Valence

(negative) LALY. LAH.V (positive)

Low Arousal
{soothing, calming)

Figure 3. The four quadrants of High Arousal/high Valence (H.A/H.V), High Arousal /
Valence(H.A./L.V), Low Arousal / High Valence (L.A./H.V.), and Low Arousal / L
Valence (L.A./L.V.).

2.3.1.3. Appraisal-based approaches

Emotion theorists linked the function of felt emotions to specific components related
to the reactions and action tenden§r@si [74]. This approach of modellirgmotion

is also described as the componential apprd@&h where the variability of
emotions is regarded through changes on components related to cognition,
motivation, physiology, behaviour and subjective feeling relggél Based on this

approach, an individual can react to a stimulus (or a sensory input) based on the
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context, te meaning (the connotation for the individual) and the possible
consequences. According to this theory, each emotion is characterised by
physiological phenomena, behavioural action tenderi@i®f [77], and by the
cognitive appraisal 6s variabl es e. g. no
congruence, and coping potenfiz8], [79], [80]. Thus, supporting the evolutionary

adaptative nature of emotions, ark tidea that specific emotions are linked to
physiological changef81]. In short, the affective reaction of a participant to a

stimulus is determined by the coinciding impact of a number of appraisal or
evaluative processes taking place for that individual, which are relevant to the
corresponding meanidgsnplications.

The araisal approach originatdeom Ar nol dds suggestion (
from t he Schad32teeperimennand tiorynaj emotis (or Two
Factor Theory), where emotional states are dependent to cognitive factenseva
(pleasantness) is linked to cognitive appraisal of a situation whereas arousal is related
to the physiological body state and hence the intensity of the emotion. In other words,
when arousal is induced through a stimulus, perception and interpretdtits
context provide the apprehension of the specific emotion experienced. [Fiijda
[83] suggests that situations where an individual is satisfied with attaining a goal,
enhancing power of survival or demonstrate her capacities is usually accompanied
by positive emotions. On the contrary, painful or stressful events could elicit
negative emotions, as negative emotions motivate actions towards preventing those
events from happening.

The componential models allow the study emotional states changes-as a by
product of various configurations of appraisal dimensions. They can therefor
potentially offer a more composite view of emotions compared to the discrete and
dimensional approach@’]. Generally, this theory emphasises on the impact of the
subjective experience, the betweeru bj ect sé6 di fferences in en
the contextual information surrounding an interaction with a stimbksh stimulus
or event is directly appraised and therefore its affective impact can vary between
people. For example, a funny video could be positively rated by a large number of
viewers, but an uninterested, stressed individual could rate it negathsefuch,
the importance of humanentred interpretation of affective phenomeita
emphasised rather than universal, generalised categorisation approaches.

This approach is also supported by the theory of constructed emotion or the
conceptual act theory (CA model [84]. The CAT hypothesises that the
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interpretation of ones and othersd emotio
emotionrelated labels based on emotion concept knowledge of the perceiver. This
knowl edge is originating from prior exper|
culturd concepts) vi a 06 s[85. lnaffeetide proaessingeapt ual i s
situated conceptualisation, describbe tonstruction of a concept derived from
aggregated information across multiple interactions with a category member. As
such, district emotions are constructed and not biologically hardwired, whereas
affect is perceived (via interocepti¢®6]) as the ground trutlcontinuous bodily
sensory experience.

The appraisal models emphasise the importantecontext, and
conceptualisations which are relevant to each individual. Therefore,a
computational affect detection model to work accurately on each individual, subject
specific processes would need to put in place in order to map the reactioas to th
corresponding appraisal components. The application of such models in automatic
emotion detection is still an open research quesfii) although theoretical
frameworks are starting to emerge 46¥]. Most automatic systems on emotion
recognition are insensitive to contextual information (e.sk tnd environmental
factors) [68] which are strongly related to appraisal processes. By allowing the
collection of such information we could potentyadipply additional, appraisélased

layers of computational processing to infer emotion.

2.3.1.4. The evaluative space model

With the exception of negative emotions as anger, negative events or unpleasant
stimuli can produce defensive predispositions and behalitemdencies towards
withdrawal, whereas positive stimuli can produce response of appetitive
predispositions towards approa@Y]. The Evaluative Space Model (ESM) (also
known as general model of valence of evaluative experig¢BZ#)[89] combines

the simplicity of the dimensional model with the action tendencies suggested in the
appraisabased models. It suggests that the experience of valence comprises two
affective components, an appetitive and an aversive one that impact our
predispogions towards (approach) and against them (withdrawal) K&pee 4).

Based on some of the main ESM postulates, positive emotions are more similar to
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Net predisposition
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Figure 4. The evaluative space based on the ESM model as illustrated by Caciop[8}
The surface represents the net predisposition of an individual towards (positive) or aw
(negative) a target stimulus.

each other than to negativeongheposi t i ve activation functi
than the negative one and that the motivations towards withdrawal is stronger than

the motivation to approach (negativity bias) although highly influenced by individual
differenceq87]. Behavioural patterns in space can be monitored thrtnagkers,

thus, the detection of valenced predispositions via the calculation of approach and
distancing of an individual from targeted stimuli is feasible within VR.

2.3.1.5. Section Oscussion

The major emotion theoretical models describe the processes aadtehstics
from which emotional states can be inferred. From these models, the discrete and the
dimensional model have been mostly used in affect detection applications. The
discrete emotion model has been extensively used for automatic affect recognitio
and its main advantage lies on the labelling system itself, as it is intuitive and easy
to match with the categorical description of emotions we use in everyday life.
However, in everyday interactions we tend we express a range of dynamic emotional
states and affective intensities that cannot be fully engulfed by discrete categories.
The dimensional model on the other hand, can describe a wide range of
emotional valences and intensities. Although some emotional states may seem more
difficult to distinguish, the dimensional model could be easily integrated in a
multimodal automated afté recognition system as there is an extended body of

research linking physiological patterns to those dimensions. The terms used in both
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the dimensional model and the evaluative model (ESM) are similar, i.e., positivity
pleasantness and negativitppleaantness characterise valenced affective states,
while the intensity of the emotion is characterised by the level of arousal. The
observations of dynamic behavioural effects of approach or retraction from a
stimulus in a virtual experience or a gaming emwmnent is feasible via motion
trackers. Hence, the incorporation of the ESM in-Mged affect detection could
prove to be beneficial for multimodal valence detection, in addition to measuring the
dimensions of affect via physiological measures and writtererbal reports.

The appraisal model on the other hand is more challenging to incorporate as
it requires the extraction of context and uspecific information, which is
traditionally omitted in state recognition approaches. Ptazynski ef98l.
highlightedthe important of context in emotion recognition by arguing that such
states cannot be identified in rembrd settings independently from the context in
which they were experienced. We however see that some of the that information
could be derived from ®irtual environment as all the objects and events can be
carefully designed and the user interactions within can be monitored. User
information could be also potentially inferred via questionnaires and the analysis of
user interactions within and outsiddRVIn general, contextual information related
to the user, the task and the nature of the stimuli within the virtual reality experiences
could potentially provide ground for more advanced sesed analysis and
ultimately the link between subjespecific appraisal components and affective
responses.

Although the advancements of technology and science has broadened our
understanding on emotion recognition, processing, and expression, the mechanisms
behind the elicitations of emotional responses from iddiais during the experience
of affective content are yet to be fully understood. In addition, the importance of
individual differences in emotional expression and its changes based on context
could be preferably addressed in the future. In the area of iHuDaputer
Interaction (HCI), the results from such research could enhance future development
and improvement of affective applications and cont@md assist in the creation of

improved, subjectively tailored emotional experiences in XR and interactive media.
For the studies explained later in this thesis ttteedimensional model of

emotions of valence and arousal was adopted, as the mostesuitathel for the

proposed research. A two and three classes approach per dimension was applied.
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Some key aspects from the appraisal and ESM models were also used. More
specifically, we analysed movement data in relation to the nature of events as
additionalsources of data. In addition, we extracted wskvant information on
personality, alexithymia and felt affect via questionnaires. Stimeldivant
information for each event or object in our custorade virtual environments as
name, type, properties @rpositions were also collected. This way, we could
continuously track what the user was seeing and responding to.

The changes along the valence and arousal dimensions for felt affect has
been found in previous research to relate to changes in physioiddpehaviour. In
order to detect those changes, we employed similar methodological approaches. In
the next section, we describe the main physiological measures and modalities used
in our research, followed by an overview of the related research and ¢ngirgn
affect detection approaches for virtual reality.
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2.3.2. Emotion externalisation & related physiological and

behavioural metrics

There is a distinct differentiation between emotion expression and emotion
recognition in an interactive framework. In a minimalistic view, ematipression
involves the emotion externalization fronSander a role which can be attributed

to a person or character, either real or virtual, that has the ability to be emotionally
expressive. Emotion recognition concerns of a second participaRetpentwho
experiences and interprets the emotional externalisation of the Sender and adapts or
maintains their behaviour. As a result, an iterative feedback system is developed (see
Figure 5). This system enables the communication between two peopleear mo
With the application of affect sensing techniques, it could also enable the
communication between a computer and a user.

As stated above, human emotion expression is a form of communication,

Receiver (e.g. system)
Sender a) Emotion
Expression

(e.g. user) b) Emotion
Recoonltlon

Figure 5. a) Emotion expression (Sender), b) Emotion recognition (Receiver)

c) Responses
(feedback)

responses to recognized emotion

usually signified via physical mediators, such as our voice and our body language
using gestural and facial expressions, coupled with physiological ch@igesVe

could argue that emotion in hurmmgis manifested on a thréémensional mapping
involving behavioural, verbal and physiological components, often coinciding with
each other based on the findings from several scientific studiefl(®,d38], [72]i

[76]). More specifically, emotion expression could be categorised into three
expressive mediators:

1 Facial Expressions: related to emotional states externalization and nonverbal
communication. The Facial Action Coding Systfi] is commonlyused to link
emotional states to facial configurations. Yet, facial expressions can additionally
imply mental, cognitive and physiological staf@8]i [100].

| Bodily Behaviour: related to bodily responses including physiological
change$91] and body cueELO1]i [107].
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1 Verbal Behaviourincluding emotional content via vocalizatid®8], [109]

and emotion felt selissessment, via questionnaires and interviews.

As there is a wealth of evidence in the coalition of those mediators in emotion
manifestation, ideally a complete multimodal investigation could combine and cross
validate readings from all three mediators. Features or patterns from each mediator
can be associated with certain affective states. In the following sections we delve
into the processes affecting each mediator in terms of their nature and how they are
generatd. We will discuss their homogeneity across individuals, their level of
sensitivity to affective changes and the sensors that were employed in order to

continuously monitor and measuteir changes

2.3.2.1.Facial Expressions: Measuring muscleontractions via

electromyography (EMG)

Our body, and especially the face, is considered as one primary expression mediator
of the individual 6s emoti onal states. Ma n
Charles Darwin have been investigating pieducton of facial expressions, their
meanings anchow they were used to communicate inner feelingachenne
believed that understanding facial expres
of t he s o u | [B08, p.®8m Bdcial cerpsessions can be triggered
spontaneouslyin response to emotial stimuli like a funny video (referred to as
6faci al mo t oo voluntaehslikerinaarsacial njile or a posed expression
(al so referred [tlid] Atlougld facalexpessionncambesalfy 6 )
controlled or suppressed, they can appear consciously or unconsciously in various
settings (e.gl13]). In our everyday life, facial expressions as other bodily responses
can be expressed within the interactive framework as a form of communijdatton
they can also occur as an externalisation of the internal affective state when exposed
to physical stimulior mental images. Various external factors including emotional
contagion, experimental bias, and cultural factors, can affect the exteroalishti
our facial expressions because of our high awareness of our own facial movements.

The combination of high awareness together with our innate ability to
control certain facial expressions, makes us able to use posed expressions on our

own volition when wanting to express a specific emotion or suppress another.
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However, for applications to relife scenarios, the detection of posed expressions
of emotions may be less informative as they differ from those that spontaneously
occurring in naturalistic $#ngs[112], [113] In other words, the facial movements
intrinsic to posed expressions can display an emotional state that the sender intends
to convey, while the expressions resulted by spontaneous facial movements resemble
to the srebnsderrebasl/,usvenmi ti gated affective e
person is genuinely happy, apart from the musatdéivatedwhen smiling to raise
our cheeksq u ¢ h  aygomatibuemajérg, the muscles surrounding the eyes
(6 rbicularisoculid are alsacontracting (resulting to the formation of the genuine
or O Du c h ¢la4)).éA genuirie brn@ldis less sustibfe to be falsified, as the
muscles around the eyes are more difficult to be activated volurjik8y.
However, the majority of pastxpression detectioresearch focused on
voluntary posed expressiorii9], with few studies investigating spontaneous
expressions e.¢116]. Assuring that the facial expressions of a person are sincere
and spontaneous is a difficult task for researchers. For examihati@mtive study
design could give away the main research goals and apply bias to the participants
from simple details and/or instructions. Researchers in this area often resolve into
concealing information relevant to the goals of the study (and theunesaused for
the detection of facial muscle activation) in order to collect sincere responses from
the unwary participants.
Generally, &cial expressions are the result of the contraction of set of facial
muscles. Arising from the bonestotheskinthe s cl esd ori entation o
or else the muscleds fibres can be parall
the direction of pull at their attachmdtifl7]. Therearemore than 20 muscle sets on
our fece, from which we can extract the foremost muscle regions which impact on
the formation of facial expressions of major emotions. Some of those are the
zygomaticus major, corrugator supercilii, frontalis, orbicularis oculi, depression
anguli oris, orbiculds oris and the levator labii superioris alaeque [BEB](see
Figure6). From those, the major muscles situatederthe area of standard VR
HMD are the zygomaticus, frontalis, corrugator and orbicularis oculi, whose

positions are shown iRigure?.
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Figure 6. Facial muscles, adapted frd662]. Figure 7. The EMG sense

locations used in our studies.

Relevant to the dimensional model, the zygomaticus major and the corrugator have
been extensively investigated for the distinction of positive versus negative valence,
as they are responsible for smiling anolWning[119], [120] There is however an
onrgoing debate on (1) whether these recordings are specific enough to detect
spontaneous positive or negative valence, and (2) whether reading from those
muscles alone can suffice for valence detection or whether other muscle groups
should be addefd 20]i [122]. Concerning the first point, one of the kisgues is that
readings from sensors positioned on the cheeks (over zygomaticus major) can detect
higher activations during smiling but also during other expressions/facial
configurations as the muscle lies within close proximity of other muscles like the
buccinator, masseter and zygomaticus m[d@gB] inducing high rates of crosalk
between them. Additionally, aversive and negative expressions can also induce
motion on the cheekd20]. On the other hand, the corrugator muscle, which i
responsible for frowning, can be activated in negative valence conditions but also
during cognitively difficult tasks.

Concerning the second point, emotional facial expressions can be more
accurately detected when recording from several facial musctrpgr
simultaneousl| y. For exampl e, during a O6Du
muscles surrounding the mouth and the eyes could serve as a better indicator of
spontaneous positive valefite4. The frontalis or fAibrowd mu
the raising movement of our eyebrows, stretching on top of our forehead. Such
movements are attributed to dynamic expressions of generalised fear, anger, but also
of surprise, which could be of ambiguous valence. The measurement of the
activation of multipk facial muscles in parallel could allow the discrimination

between facial activations from which affective states can be inferred.
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The detection of affect via the inherent facial muscle activation of a user
may be superior to the detection of their faeigbression by video capture, as it is
the underlying mechanism that creates those facial configurations and as the
detection of those does not entail a subjective characterisation (e.g., forming a smile
by lateral mouth movement equals to positive affdntpther words, the detection
of individual muscle activation does not require their translation by a human expert
observer as in the case of FACS (it is perceiver independent) and therefore a more
objective way of evaluating facial movement-tajether Additionally, facial
muscle contractions can be of different intensities (as in am@wements) which
are sometimes difficult to perc[gbive with
[127]. Researchers supportddht during facial motor resonance, the changes on the
orbicularis oculi muscle (around the eyes) during a genuine smile were not visible to
the eye, but detectable by electromyographic sensors (EMEB), [129] which
makes EMG a superior methodology compared toovated computer vision.

Although, some facial muscles like the zygomaticus major are easy to
activate voluntarily, other muscles like the corrugator supercilii which is bilaterally
innervated hinders fine voluntary motor con{ii20]. Nevertheless, there is a large
number of facial muscles whose correlation to affect has not been investigated in
depth yet. As the majority of facial muscles are extremely close to one another
(especially crowded in the area of the chefKr8]), their activations can be
correlated, resulting to difficult discretisation of their activation. Perhaps detecting
activation simultaneously from aiaup of areas superimposing major facial muscles
and detecting affect based on their dynamic relative function, may prove
advantageous compared to detecting activation from a specific muscle.

Surface EMG is commonly the method used to measure underlyisgjenu
contractions using sensors applied directly on the skin. These sensors can detect
changes in surface voltages on the skin when muscle activations occur. Nowadays,
measuring facial expressions and emotional responses using EMG is a fundamental
tool for researchers in media, marketing, gaming and psych¢Bajy[115], [120],

[130]i [134] and medical practitioners i.e. for the assessment of facial {185y,
[136]. EMG has been used for the measurement of gf@dgt facial expressions
[19], gesture$137], fatigue or tirednegd.38], stres§139] and painf140] amongst
others.

Traditionally, two EMG sensors are placed along a muscle while also a third

sensor is used as a r eetl enrae area®f the bodydogr ound 6
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face which is less likely to be affected by movement, like on the top of the forehead.
Tethered, adhesivieased sensors are typically used in past research, which may
require the additional application of conductive [§dl1]. Such sensors can be used

on various parts of the body. However, the application of multiple SEMG sensors on
the face can unavoidably be intrusive and cumbersomeetdaga collected from

those sensors are amplified and converted

EMG sensor

Adhesive

Figure 8. Representation of surface EMG sensor on.skin

The activation of a muscle in focus is visible via the visualisation of the Eké&H
datastream. An envelope of the signal is commonly computed from therean
square (RMS) values of the EMG signal to facilitate interpretation and the
visualisation of the activation powgr42]. An example of filtered signal and their

corresponding RMS envelopes fronultiple EMG sensors recorded simultaneously
from the face is shown thégure9.
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Figure 9. Up: Filtered EMG signals from seven sensors. Down: the RMS values

sensorsThe EMGderived values here were multiplied by*id) these visualisations.
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2.3.2.1. Bodily behaviour: Measuring arousal levels with skinconductivity and

heart-rate changes

Various studies investigate the activation of the autonomic nervous system (ANS)
during emotional stimulation. For this, they have used different cardiovascular,
electrodermal, and respiratory measud3]. The most common cardiovascular
measure is heart rate (HR), followed by blood pressure (systolic and diastolic BP),
heart rate variability (HRV) and temperature. Electrodermal responses as a
parameter of the sweat gland function (either phasic or toni¢148p measured

arethe galvanic skin conductance and resistance (level, response rate and amplitude).
Respiratory measures such as breathing rate, variability and period are also less
frequently included. As electrodermal and respirameasures were not included in

our studies they will not be further discussed.

Heartrate activity can be measured with electrocardiographic (ECG) and
photoplethysmographic (PPG) sensors, both of which areinvasive and
exosomatic, placed on the skintbé wearer. During an ECG recording, usually two
(e.g. in a biometric scenario) or more electrodes (in clinical settings) are placed on
the chest of a subject, in order to capture a clear and precise signal of the heart beats
(namely Rwave, including theQRS complekl44]). This signal is achieved by
measuring voltage changes on the st@sulting from the cardiac beats. The
electrodes are normally applied on the upper abdominal and thoracifldbga
Standard ECG acquisition practices typically require a careful preparation of the skin
area before the signal acquisition; some systems even require the application of ge
to the area under the electrode. Alternatively, ECG belts can be used more
effortlessly compared to applying individual electrodes on the skin of a user.
Unfortunately, both methods can constrain the motion of the wi¢aednered

A photoplethysmogieh (PPG) measures the reflection of the illuminated
light from an oximeter onto the skin, thus monitoring the changes of the absorption
of light resulted fromblood ol umeés changes. Consequently
the cardiac cycle from the area oétbkin where the PPG is applied to. PPG sensors
need to be applied on a close proximity to the surface of the skin. As these sensors
do not rely on electrical activity, they do not require gels or adhesives upon
application. Thus, integrating PPG sensanswearables is cogffective and the
application of those sensors is more effortless than the application of ECG electrodes

or the usage of ECG belts. However, the signal acquired by a PPG measure is less
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detailed than the one monitored by an ECG, acdritbe subjected to noise artefacts
resulting from the userdés movement, wrong
other physiological parameters that can affect the blood flow, such as respiration and
cardiovascular circulatory conditiofs46], [147]

Overall, as PPG sensors are typically inobtrusive and can be placed
anywhee on the body where the blood vessels are close to the surface of the skin,
they make excellent candidates for wearable integration; especially when
considering the development of a VR wearable solution for tnatrtdetection. In
the experiment present&d Chapters 4, a PPG sensor was placed on the wearable
VR insert. To assess if its quality was sufficient, the PPG signal was examined and
compared to the signal from an E@@It. Examples of both signals are presented in
Figure10.

PPG
T

}_. IAH /““ m,,,‘\n it HMW Hl,l AM
1] il | |
allL l'vuw il ,“ “' ‘HL" | ,',h

L L ' L
0 2 4 6 8 10

’Iﬂ",h.ln' ;,' M» ““' “'f" *"m ImmE

I\ Wy

ECG

| l ]
‘ \
7 oo wmim”m“‘““‘ M““‘“L L““’hunbu Lm[“jwu uml L;‘}Lumw L i Judmﬁ

0 2 a 6 8 10
Samples 10*
Figure 10. A segment of simultaneous recordings made with PPG and ECG ¢

from a user who is initially is seated and stands up (middle of the recording).

With the right seup, both methods, PPG and ECG, can be used to measure heart

rate as beatper minute (BRI) and hearrate variability (HRV). Heart rate is

commonly used in medical settings and it is integrated in an abundance of modern
wearable devices, e,gmart watches. If BPM is detected to be above or below the
personbés oOnor mal 6 capn indicdtenitnask ard yother seaonsg e , it
conditions[148]. HRV indexes on the other hand are considered one of the most
promising markers of the ANS regulation with links to adaptive emotion regulation

and elated processes. Both BPM and HRV can show changes in physiological

arousal between resting and active conditions. For example, iratogking,
anxietyinducing conditions BPM is expected to increase and HRV tis expected to

decreasd149]. Heartrate variability (HRV) is the study of the variation of the
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successive R intervals, or else the time distances between continuous heartbeats
in a specific time window. HRV can be affected by sympatlaeticparasympathetic
processes of the autonomic nervous system, which can be affected by changes in
physiology and environmental factors. A such it has been used to assess emotional
arousal[150], valence[151], mental workload152], [153] and stress or anxiety
stateg§154]. That beingsaid, HRV and well as BPM can be affected by confounding
factors unrelated to emotional changes such as age and medical causes, including
physical, breathing and cardiovascular conditida5].

The average BPM can be computed from a series of two or more peaks, thus
allowing for its computation within short recordings. On the other hand;temg
signals recordings (in terms dfiration) are suggested to be most informative for
HRV[151], [156] However, when it comes to active recordings, in different studies
where the participants are engaged opexiic task that requires movement, short
time-windows were also used, showing adequately rich information for every part of
the active taskl50], [157], [158] Short time windows may vary from Heconds
to 5 mins and morg.59], provided that the signals have high sigtmahoise ratio.

HRYV indexes contain features which can be computed via-tlmmain and
frequencydomain analysis. The most common methods include the root mean
square of successive differences (RMSSD), the standard deviation -t ot
intervals (SDNN) and the proportion dfet number of FR interval pairs that differ
more than 50ms divided by the total number g% Rairs (PNN50) (sed.58], [159)).

As these features measure the variability of the distances of the successive NN peaks,
they depend on oscillations of high frequencilkas being impervious to the use of
short time windowg159]. The proportion of the signal within certain frequency
bands (and their ratios) identified such as, typicaty lfrequency (LF: 0.04
0.15Hz), high frequency (HF: 0.454Hz) and very low frequency (VLF: 0.0083
0.04Hz), can show different fluctuations caused by the parasympathetic nervous
system and breathif@49], [160], [161] For exampleshanges in HRV during acute
stress may show a reduction in HF power from bas§lifé]. However, accurate
lower frequency detection requires long recordings (min. 4 minutes [@&8]),

[156]. The features selected based on the available recording durations and
environmental conditions for the analysis of the experiments presented in this thesis

are presented in Chapter 4 and 6.
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2.3.2.2. Bodily Behaviour: Measuring body movement

The body itself, can mediate parts of the
movement [15], [41], [162). There were many attengpto correlate specific body
movement 6s characteristics o0[d63]p[b64jt ures wi
[165]) . Such changes in our body movement (or the movement of our body parts
e.g.,hands) can be measured in terms of changes in orientation, velocity and shape

of the movement.

Motion or limb tracking can be attained via the use integration of inertial
measurement units (IMUs) comprising of gyroscope, accelerometer, and
magnetometer sensor along three axes, X, y and z. Such sensors can be easily
integrated in wearable solutions and atinvasive. A wealth of research is
utilising inertial sensing for activity recognition in active experimental protocols
(e.qg.[166]) and for inferring the underlying emotional state of the [Is&F][168].

We are constantly using motion tracking sensors with current VR
technologies, especially when using HMDs and hand controllers with 3 and 6
degrees of freedom @F). In HMDs, motion tracking systems are responsible for
the synchronisation of head movement and
actual physical movement iis reflected on
this is attained via integrated sensors dhtoheadset and motion sensing cameras
when using room scale motion tracking (based on the degrees of freedom each
system is allowing). Users in roestale VR with 6[®DF can walk and move as they
would in the realvorld using their bodies. Based on the E8&Mdel (approach
withdrawal) the analysis of movement patterns to specific contextual information in
VR could offer a rich source of valence information regarding the affective state of

the user.
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2.3.3. Affect detection approaches using VR

VEs and simulations offer many benefits as part of the experimental process. With
VR we have the opportunity to create any environment or scenario that is
programmatically and computationally possible, while being able to track and
monitor the user. The adntage of VR technologies is that users often get deeply
immersed in these virtual realities, that they often feel they are actually existing in
those virtual spaces (feeligesency maintaining reduced awareness of the real
space and, therefore, reiagtin a naturalistic way. There are various factors that can
influence this feeling of presence such as technology and content (e.g. head mounted
display (HMD), unobtrusive input technologies, the environmental attributes of the
simul at i on ,ure tintemctivitya etds),bas weh as tsubjective traits of the
user which can enforce or reduce the effect of [¥69]. Research studies have
suggested that those participants who feel a high level of presence in VR, will
interact in VR in a naturalistic way as in rdié& [170]i [172], which supports the
argument concerning VR suitability for psyehehavioural related research.
Therefore, eaistic emotional responses, of behavioural, physiological, and
vocal nature, are expected to be elicited in VR settings. However, the development
of methodologies focused on the detection of those in VR setngsll in its
infancy with theexcepion of eye and bodyrackingtechnologiek In recent years
we have seera drastic increase in the development of emerging wearable
technologies integrating biometric sensors, which can be worn simultaneously with
an HMD for use in VR. This sudden increase iiatptype development is coupled
with a further increase on the number studies focusing on detecting affect from
physiological signals in VR, published in the [age years. A review of the related

studies will be discussed in the next sections.

2.3.3.1, Virtual Reality as an experience: Presence and affect

VR as a medium is highly advantageous over traditional experimental protocols. VR
technologies have the potential to simulate-vealld interactions which can be
highly immersive and activate intense emotiomahctions [173]. Emotional
elicitation within VR is linked to the level of presence, the impact of immersion and
the overall involvement of the user with the mediated experi@iidé¢ VR is widely

acceped as a medium whereby the experience of presence is able tdlotsjur
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[176]. Presence is described as the subject]i
others, the HAper ceptll7@n178]Inlothes words, whilf n o n me
feeling present in VR, the userbés senses
virtual environment in a level that her awareness of the outside world disappears,

and the virtual simulation becomes the reality. In this context, the person is expected

to feel and react to the simulated situations in similar ways as in thevoddl

Howeer, the level of presence that a person can experience in VR is dependent on

various factors whose impact may vary between individuals e.g. personality and
emotional stat¢l1], [179].

Definition and assessment of Presende There are many existing theoretical
modek for measuring presence in VR. These models can be divided into descriptive
(defining the components of presence) and structural ones (focusing in the process
of the generation of presence, cognitively and mentdlB0J]. In those presence can
be measured as a result of several factors or properties \dRtk&perience. These
factors were derived from saiéport acquired from participants and notes made by
external observers. In 1988, four factors were suggestédtimer and Singejl81]
in terms of control, sensory, distraction and realism levels. Additionally the factors
of vividness, interadtity/influence on content, and user characteristics were
emphasised bteuer[177] in 1992. The division to exogenous and endogenous
factors were later suggested 8later[182] in 1993. Exogenous factors are related
to the fidelity of the simulation system and are the necessary conditions for presence
to occur, such as the qitglof the interface. Endogenous were those factors that
affect the subjective experience of the user, related to the overall interactivity, virtual
body, anticipation of action effects and consistency. Since then, many questionnaires
were constructed tangulf and measure those factors, and additional ones were also
suggested related to the social nature of the experji#&8fand the engagement or
enjoyment of the us¢t84](also seg¢185]).

Presence is howevby definition highlysubjectiveg[186], and thereforehe
effect that all these factors could have on the subjective experience of presence for
each user can varlyor example, &R simulaton where all its objective components
are prespecified, may be perceived as more or less immersive by different people.
To disassociate the subjective feeling of presence from the objective characteristics
of the simulation and the technology used, wefedd the terminologies of presence

and immersion as suggested by SIgte87], [188).

63



Chapter 2

Immersion is one of the contributing factors of presdt@é]. Slater and
Wilbur [189] defined immersion akhe objective technological qualification of the
VR related capabilities and equipment employed e.g. HMDs and trackers equipped.
Therefore, the feeling of presence is the humsabjectiveresponse to the virtual
reality experiences and to the level of iension attained by the systeih88].
Immersion has been found to increase emotional responses in simple neutral
environmentg190]. The level of immersion can be increased by several factors, as
for instance:te number of human senses for which a medium provides stimulation
(i.e. media sensory outputs), the consistency of sensory outputs, content features,
resolution, field of view, virtual lighting, motion, dimensionality, camera techniques,
aural presentationoharacteristics, interactivity, obtrusiveness of a medium, and the
capabilities of the system for social interactjd8], [191], [192]

Wi t h todayo6s technol ogy it i s possib
experiences due to the higluality portable and less obtrusive VR inploutput
technologies (HMDs, controllers, tracking sensors) and the additional processing
and graphic power of computers. Great consumady examples used in VR
research are systems like the HTC i3], Oculus Rif{194], PS VR[195] which
include highquality displays, head dnlimb tracking locomotion, as well as low
latency and higigyuality audio. Generating experiences with high interactivity and
control mechani s ms, ecol ogi cal val i dity
richness/vividneg496]) and rich narratives is easier than ever. From this
perspective, it is easier with todaybds te
build the necessary foundation for presence.

However, thismay not be the case for all VR users. Specific personality
characteristics such as imagination and empa#n}, and certain emotional states
such as fear and strgd4§6], [198], [199]have been found to be linked with higher
elicited presence levels in VR. Tlee&perience within a virtual reality can become
more realistic when a person in able to suspend their dispEeliéf and allow for
expectancies to be generaf@@0]. The ability or willingness to suspend diseEl
[201] and the suppression of the actual feelgginst the expected interoceptive
emotional statef202] are suggested to alter and intensify the effect of presence in
virtual experiences. Measuring a personos
challenging because to our best of knowledge, there is no questionnaire that
specifically addresses presence proneness or suspension of disbelief in VR settings.

As a way around this issue, researchers often tend to use fantasy proneness or
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creativity experience questionnaires and absorption scales, sUyeB3iq4205].
However, absorption is not as clearly defined as presence because it contains aspects
that are related to the bftye personality traitd206]. Witmer and Singer [127]
designed an immersive tendencies questionnaitentieasures the ability to get
involved/immersed in everyday activities as a proxy to the virtual experiences.
However, researchers argue that scores from this questionnaire accurately correlate
with presence levels only in settings of high presdhdd], and that items of this
guestionnaire in fact measure the engagement of th¢2@er

Although predicting the subjegt ability for increased presence in VR is
challenging, presence can be measured within and outside the VR experiences. Up
to this date, the level of presence in VR is commonly measured via observations and
guestionnaires, which are answered by the useysypgectively of their experience
(postexperience). Frequently used questionnaires are the Presence Questionnaire by
Witmer & Singer (QEP), SlatddsohSteed Questionnaire (SUS), Krauss et al.
Questionnaire, Presence Questionnaire (PQ), Igroup Preseesdd@oaire (IPQ),
ITC-Sense of Presence Inventory (FBDPI) and others (list of questionnaires can
be found in208]).

Alternatively, changes in physiological signals are suggested to show
changes in presencR09]. Such physiological indicators of presenceliide
galvanic skin response, heaate responses, skin temperature, muscle tension, and
pupillometry[210]. However, as physiology can be affected by various parameters
e.g, motion, emotionandstress, the reliable investigatioh the true relationship
between physiological changes and presence may be more complicated than
expected. It is possible that emotional responses and by extension physiological
changes are the fproduct of highly immersive experiences. Freeman €ta6]
alerted researchers that such correlation could be limited to arousing stimuli,
suggesting a presence model where arousal / alertness contribute to higher presence
Although this theory has not been systematically tested, significant links between
physiological measures of arousal, such as heart rate and electrodermal activity, were
found to accompany higher presence in immersive scefaipg211].

Just |l i ke with emot i-tornutaleds emetnteand s arnfo sy
evaluation are focusing on written methods and ratings, either by the participants
themselves or by external observers/perceivers. One of the caveats of using-only self
rating quesobnnaires for the evaluation of presence levels and emotional states is

that, in most cases, individual ratings take place before, rarely during and/or after the
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experience, at a dedicated and specified time window. Since a VR experience by
default require a duration of interaction (similar to watching a video or completing

a task), interrupting the experience or completing the questionnaires at the end could
provide attenuated and totalized results which are not representative of the moment
by-moment fedghgs. For example, if a positive event happened within a generally
negative experience, the overall rating of emotional valence could be affected.
Therefore, the various levels of affect and presence may be better investigated in a
fine-grained temporal iel of analysis. This way, we could also account for the
effects of highly memorable events over others e.g. events with high emotional
impact and events that happened at the beginning and towards the end of the
experience (based on primary and recency amgraffects)[212],[212]. Ideally in

the investigation of the link between affect and presence, ratings and reading should
be recorded at shorter time windows or continuously while also respecting the flow
of the experience of the user and avoiding any breaks in presence.

The relationship between emotion and presendelt is considered that during an
immersive virtual experigre users may react in a similar way as in -liéal
conditions[213], a phenomenon that potentially derives from the efféptesence
[213]i [215]. Overall, the level of presence and the intensity of emotional reaction in
VR are appearing to be correlatdd, [216], [217] In exposure therapy examples
using fear inducing stimuli, presence is found to be strongly linked to the emotional
responses (e.d216], [218). However it is unclear whether presence is a pre
requisite for enhanced emotional responses or whether emotional stimulation
enhances the feeling of presence (4870]). Perhaps those phenomena can enhance
each other in an iterative way, as long as therenisndial minimum level of
presence.

These unresolved specifics of the relationship between presence and
emotion are exciting and deserve further investigation. Research findings show that
the level of presence (and immersion) plays a significant rdteeidevelopment of
emotional stimulation in virtual experiencg80]. Parameters that can potentially
increase presence, the technologies used, the content and the congruent narrative
scenario can influence the elicitation of emotional experiences of users[ELYR
In comparison pilot studies using immersive and-momersive mediums found that
negative visual stimuli wenated as more emotionally arousing and more negative,

when presented in VR settings compared to a s¢249j. Yet many support that
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presence constitutes a régunent for emotions to be elicited and it does not play a
direct role into their intensitief220]. Nevertheless, presence in most cases is
recorded as a ordf point at the end of the experience. It would be interesting to
explore the relation of momebi-moment presence levels to intensities of the
emotional dimensions iwe develop the means to. For example, would be interesting

to assess presence using multiple assessment measures within multiple randomised

scenarios with various valenced and arousing events.

Sectionsynopsis

VR is a mediumthat unlike othershas the ability to make the users believe they

6ared part of it existing within its si
cognition, perception, and various sensorimotor exigencies are activated resulting

into the feeling of pesence. In this section we explained the terminologies of

presence and immersion used in this study, and the current issues behind their
measurement. The link between emotional stimulation and presence was described
through the prism of the related resgar

In this thesis, the link between subjective valence, arousal and presence
ratings will be investigated, via objective physiological measures anthfialjs. In
addition, potentially mediating subjective factors will be also collected and
consideredfor the interpretation of the findings. These factors are, for example,
personality traits and emotional elicitation (eajexithymia). Identifying the nature
of the correlation between presence and emotional stimulation could provide
valuable insightsdr future research.

Congruent content narrative, interactivity and naturalistic movement (in the
psychical space as in the virtual one) are some of the factors suggested to increase
presencg221]. Within the lasfive years, VR technologies have hugely improved,
allowing for capabilities which were not as easy and-etisttive to use in research
in the past. These capabilities and controlling inputs which can set high immersion
levels. They now allow rooracale inteactive experiences for large scale studies,
meaning participants can freely walk within the physical space. This can be done
using cameras that track the userdés posi
immersion level persistent across participantsilitbe interesting to investigate the
effect of firstperson, imensional, roonscale experience on presence and

emotion against statijgassive, vicarious experience.
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2.3.3.2. The effects of emotion on cognition, and the link to subjective factors

Emotions areaffecting cognitiveprocessgsuch as perception, attention, memory,
judgement and riskaking when making decisions, but this effect is not always
straight forward. These cognitions play an important role when processing mediated
stimuli [222], [223] For example, presence together with intense emotional
stimulation can affect our perception of the environment arourfextsroception),

our proprioception (sense of our body in space), locomotion, and kinaesthesia (sense
of movement The YerkesDodson Law suggests that performance increases with
physiological or mental arousal up to an optimal level. However if that Isvel
surpassed and arousal increases higher, then performance defd24kel225]
negatively affecting cognitive processes like attention and memory. This effect is
shown in behavioural studies usihgghly distracting stimuli, which capture the

vi ewer s attention and resul't i n attenuat
tasks such as task switching, inhibitory control and memory target detection tasks
[226]i [230]. The same effect applies to memory related process. For example,
affective stimuli are generally more memorable compared to neutrg2®ig$with

the exception of negative traum@82], [233] where the memory is inhibited). In

VR for example, Sutcliffeand colleaguesuggested the use of memory recall tests

to find negative effects caused by usi@pitonstrains, perceptual distortion and
interactive controlg§234]. Other studies, using VR, have reported that in healthy
populations negative arousal and anxiety can neggtiaffect the storage and
memory retrieval content of temporal and spatial informa3%], and memory
retrieval related to the actual physical wd86]. In decision makinghe appraisal

of a situation related to the avoidance of negative and the expectancy of positive
emotions can drive our decisiof337]. However, as with memory retrieval and
attention, high arousal and anxiety can hinder advantageous decision [288hg

[239].

Appraisal theories suggest that emotional elicitation can be also influenced
by subjective evaluations of occurring events (8], [74], [240], [241). Since
subjectivity forms a decisive factor on emotional experience, any sustained
variability in personality, state traits, or mood could impact on emotional processing.
For example, negative valence and high arousing states (such as anxiety) have been
postulated to affect processing effectiveness and attentional cf{id@&} [243]

Certain personality traits, such as extraversion and neuroticism, have been found to

68



Chapter 2

correlate with valence responsg44]. More specifically, people with high
extraversion tend to setite stimuli more positively and neurotic people tend to rate
more negatively.
Additionally, alexithymia levels and interoceptive awareness (inability to
identi fy an&motoasy wuld hinder sabjeetidesemotional appraisals
and therefore affect emotional reactiViBd5], [246] The term alexithymia defines
onebs ability to interpret, process and ¢
others. High alexithymia may reflect deficits in cognitive procesaimd regulation
of emotion[247]. Although, high alexithymia was not found to strongly correlate
with changes in valence, multiple studies have shown that alexithymia is linked to
reduced physiological-reaotusaltydprpfeassdss
rate awl skin conductance measuf248]. By comparison, individuals with intense
behavioural expressive tendency or else, emotional expressivity, tendretselifd
externalise their emotions effortles§®49], [250]
Therefore, the synergy of cognitive evaluation during emotional processing
with subjective covariates such as trait factors could provide crucial additional

informatondo out t he userdéds expected emotional r

2.3.3.3. Current Emerging Affect Detection Methodologies in VR & future

directions

Understanding the emotional state of the user in VR could assist in a range of use

cases. It would aid redéiime continuous affect regaoition and the awareness of the

userds state changes, affective design a
environment. Adaptive control is when specific signals can be utilised to alter the
environmental parameters, which in turn can possibly ditext user 6 s af f ect
feedback loop. In this section, we will present the current emerging affect detection
technologies for consumers and researchers that are developed to either specifically
mitigate practical issues of combining physiological sensdgrsmodern HMD VR

devices, or to provide wireless wearable capabilities with can used in VR settings.

Apart from conventional unimodal methods such as camera tracking or
heartrate sensors, recent software and hardware prototypes have emerged that
combinemultimodal approaches and affective reads specifically adapted for
reaktime applications. Commercial technologies including, Emotiv Epoc,

LooxidLabs, Enobio, Neurable and Emteqy&%1]i [255] have emerged in recent
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years to provide redime emotional feedback and affect recognition readings in VR.
Although only a small number of studies using these technologies in VR are
published, we were able to gathenmsoof the more relevant findings as well as the
practical implications of each technology.

Arousal detection in VR, and especially the detection of stress, has been
synonymised with analysing heartrate and electrodermal activity (EDA) changes
[187]. The Q sensor by Affectif256] a wireless wearable biosensor has been used
on a wide variety of studies, including one which investigated the levels of stuttering
whilst in anxiety provoking VR environmen{257]. Although he Q sensor is no
longer available on the market, Affectiva has designed and developed software
solutions for affect detection, offering a software development kit (SDK) for
developers using the Unity3D game endi2&8].

For valence detection in VR, researchers and developers can utilise
technologies that incorporate electroencephalography (EE&j)soss and
electromyography (EMG) sensors. Generally, the number of portable technologies
using EEG is higher at the moment than EMG for gaming and VR purposes. EEG
readings are extremely sensitive and
However, the majority of studies using EEG are stationary, not leveraging the full
potential of VR for spatial interaction and freedom of movement.

A recent study aiming to assess emotional responses induced in virtual
reality found statistically significant correlati@metween the reported valence and
arousal picture ratings and the EEG bands outputted from the Emotiv EPOC+ 14
channel EEG headsgg59]. The system is light and easy to use, involving a short
preparation of hydration of the sensors before usage. A limitation when using this
headset alngside the HTC Vive VR system is the difficulty of ensuring precise
localization of the electrodes which can increase variability of readings between
participants but also between sessions of the same patrticipant. Therefore, the Emotiv
EPOC+ should be uden the correct context to ensure accurate affect detection.
Similarly, the Neurable headset combines EEG sensors with the HTQMiSE
HMD to ensure consistent localization, allowing user intent to be detected and used
as interaction input in virtual environmen£60], [261]. Further to this, Neurable
have also developed an SDK for Unity 3D for develof@88]. Canbining the SDK
with the ability to measure gamma waves means there is potential fanreaiffect
detection in VR, as it has been found that gamma waves correlate with emotionality

[263]. In 2016, a study examining the effect of body ownership in virtual reality
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using a different EEG sensor technology, Enobio (32 sensap¥eted that both
augmented and virtual reality produce higher brain activity ia #\ed gamma waves
than when present in the real world, which is something to consider when using EEG
sensors in Virtual Reality resear@64]. Another technology that came out in 2018
is the LooxidLabs headset, which combines 9 dry EEG electrodes anth kayikt
tracking cameras into their own \HMD. Unfortunately, we have little evidence of
the systemdbs accuracy of detecting affect
emotion related VR research study.
Currently, emotional valence is difficult to measure in respale VR (non
seated expegince) and the current EEG approaches may add additional movement
constrains to the user. The method of measuring electromyographic signals (EMG)
from the face of the user in VR could give us a reliable indication of their affective
state[128]. In this context, another recent example of multimodal affect detection
techndogy is the EmteqVR interfacéncluding formerly know sensanask as
0 F a c ewhergby EMG and PPG sensors are embedded on a foam VR insert,
allowing its use on commercial heatbunted displays (HMDs). Studies
investigating the detection of valence amusal using this device have shown
promising resultf265], [266] EmtegVR and the aforementioned technologies could
be improved further Y the addition of eye motion tracking, to monitor the
individual 6s gaze while in the virtual en
analysis of the individual 6s affective st z¢
All the technologies presenteshowcase the growing need for multimodal
signal analysis to understand the userbs
smaller and easier to integrate, we expect a rapid growth of -dffemtting
technologies in the next years. The importance ofur@btrusive weaability and
usability in VR is paramount for VR research, as low levels of immersion and
presence are correlated with hardware related distracting factors and reduced
freedom of movemenf267]. Ideally, researchers and developers in VR would
benefit from the combination of metrics for simultaneous arousal and valence
recognition, in usecentred hardware approaches twatmote free movement and

easy integration with HMDs.
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Table 1. List of commercial systems for physiological and affective sensing and their
compatibility with VR technologies. The table is divided into two sections, one fordhsa

related methods and one for the valence relat
HMD headsets, OVR cond. 6: VR conditions testeodo

Method/Physiological Body  Commercial HMD VR VR Room
sensor area system Comb. system Conditio scale
n (e.o.u)
Arousal
Photoplethysmography Wrist, E4[268] Y - Seated n.t
(PPG) palm Y - [269] (high)
Electrodermal activity ~ Wrist, Q sensd256] Y - Seated n.t
(EDA) palm  E4[268] Y - [270] (high)
Valence
Electroencephalograph' Head  Emotiv EPOC N - Seated n.t
(EEG) [259] HTC-Vive [259], (low®)
Neurable[254] Y - [260],
Enobio[253] Y Own [264]
Looxidlabs[252] Y system
Electromyography Face Faceteg/EmtegPrc Y HTC-Vive To be
(EMG) [271], [272] tested

*high sensitivity to motion difacts
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2.4. Limitations and considerations on current affect

detection approaches in VR settings

[Extending toContext SubjeciMedium-Object]

For this project, it was important to explore:(1) ways to induce affect in VR settings,
(2) investigate the adequate methodologies for affesessment assessed during a
VR experience (subjective and objective), and (3) identify the-efetee art
classification techniques for affect detection (4), while attempting to ensure high
presence and naturalistic behaviour. In this section weowiline relevant affect
induction and detection studies using virtual reality technologies and express our
considerations for the future emotion studies using interactive VR experiences with
HMDs.

2.4.1. Affect Induction in VR settings

In section2.3.2 we presented various studies in which VR environments were used
as an emotion induction tool. Just like videos exceeded static images, immersive
interactiveexperiences can exceed conventional audioal stimuli. Due to this
highly immersive nature, virtual reality is an active method of stimulation which
when coupledwith high levels of pesence can potentially induce more realistic
emotional responses thawonventional passive methofisr0], [171], [273] The
methodological challenge for using VR settings is that the induction of naturalistic
emotional responses stimuli, and the related activation of an enhanced level of
presence, requires careful experimental design and control. However, the generation
of virtual immersive stimuli for affect induction is a relatively new area for
exploration and we are awareafly one database so far that has been developed.
This database, created by the teanj2@#] consists of immerse (360° degrees)
videos for VR with corresponding arousal and valence ratings. With a good variety
in video situations, easy replicability, and with the corresponding affective ratings,
such databases can work as an excellent assistive tool. Howeveentasned
before, attaining high levels of presence require-mggractivity options which are

not covered by a standard, passive 360° video perspective. In fact, 360 videos may

be more immersive and generate presence, but their emotion stimulatioriseffect
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closer to videos than interactive, cldsereatlife experiences. Therefore,
developing and using a validated database consistingdmh@nsional, interactive
virtual environments could potentially yield the true potential of virtual reality as an
emotion induction toal Developing such a stimuli library could facilitatesearch
from different fields and little experience with VR development to use rewatie
content in their research with little effort.

Regardless of the availalddmuli databaseshe effect of virtual reality for
emotion induction has been mostly explored for two main purposes: stress/arousal
induction and stress reduction or meditation. Virtual environments as a
psychological research tool Ve been used in conjunction with phgkgical
responses acquisition in various application areas. Recent studies in anxiety and VR
research showed that VR can be used in exposure therapy (VRET) to induce
relaxation and to reduce anxig®7], to distract users from pain (see review by
[275]) and for stress reduction in clinical contej@36], [277] VR scenarios were
also used to induce negative emotions and stress (negative arousatpnigie in
public speaking scenarig278] and by introducing phobic elements into the VE
[279]. Presence levels were reported higher in stressful VEs than neutral VEs
scenarios agreeingith the existing literatur§218], [280] Other examples include
phobia therapj281], meditation and relaxatid@82], [283], training and exergames
([25], [284]i [286]), spectrum disordef287], [288] mental healttherapie§289],
computer gameR90], presence and aesthetic experiential resdaitd], [291] In
the majority of those studies, the spectrum of arousal and valence is skewed towards
either highly arousing negative experiences or low arousing of neutral/positive
valence.The identification of a generalizable stimpliesentation protocol that can
inducesimilar positive responses across individuals is challenging, as it is difficult
to detect positive responses without knowing the cofigxtiigh positive responses
are much dependent on the context and the subjective appraisal of the stimulus (e.qg.
nonlife-threating situation, rewarding292], which can have a different effect on
individuals baed on their previous experiences|tural backgroundpersonality,
expressivityand sense diumour.Overall,the exploration of the full spectrum of
the affective dimensions and the balanced focus on positive-ahigising

experiences (e.g. generatilagighter) as well as negative is scg2%23].

Arousal and valence affect induction research involvitindensional stimuli and

spatial interactive elements in VB, limited yet very promisingOne of the most
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recent projects utilising-8imensitonal immersive content (3D spatial structure, as
static empty rooms)294] where EEG and heartbeat dynamics were employed to
detect three affective states in VR. The authors collected physiological signals and
SAM scores per scenario of whigtsual aesthetic parameters (changes in lighting,
colour, and textures) were altered to induce a certain affective state (negative,
positive, neutral). Analysis and binary classification of arousal and valence were
made for each one of the virtual envineents, which showed promising results for
the capability of immersive VEs to induce affective states. As the effects of each VE
were analysed as a whole, the individual effects of the individual aesthetics
properties used in each one of the environment® wet tested. The effects of
geometrical and aesthetic properties of virtual environments on affective states
(mostly for valence and arousal) were tested againstep@strience selfatings in
previous studies.

In other studies, certain audigisual parameters were altered to study
emotional arousal and relaxation using different version of a virtua[228k [296]
and valence properties of aesthetic parameters like colour and roomwadtyth
height ratio in indoor virtual spacd297]i[299]. Results showed promising
correlations of controlling parameters with teém affective values (e.g., ceiling
height, number of windows, enclosure/room openness, brightness, colour hues)
which could be used for the development of VR stimuli in future studies. However,
the effects of these parameters on physiological measuiésti® exception of
room openness) were not tested in these studies. The effects of room enclosure on
heartrate responses was tested in a virtual Trier Social Stress Test (commonly
referred to as VR'SST), but however not significant differences werentbu
between the groups who performed the task in the open space compared to the ones
in the enclosed spa¢800]. On this note, these spatial manipulations alone may be
insufficient to induce a wide range of spontaneous emotional responses along the
dimensions of affect.

In a realistic simulation, such parameters may change over timeeor aft
certain usero6s actions (moving from one
with an 3D object etc.). As such, the user interaction in Virtual reality with
potentially stimulating content is predominantly Aarear and dynamic. The effects
of those audievisual surrounding parameters of the virtual experience on affective
responses could be studied by analysing the melmentoment changes of the

content/stimuli in conjunction to physiological changes. As a VR user can move their
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view with a minmum of three @F when using a VR headset, the continuous
tracking of the userds gaze or eye view (f
environmental properties would be greatly beneficial. Such tracking could allow us
to correlate contextual inforat i on of the events/tasks hap]
physiological responses. Additionally, benefitting from latest VR technological
proliferations allows for active experiences, enhanced graphic representdtiens,
addition of interactive stimuli ahenhanced rooracale user movements. These
improved properties of the platforms could potentially enhance the user experience,
and result into stronger emotional elicitation and generally more naturalistic
responsef301].

The incorporation of additional modalities in VR was limited until recently,
due b the constantly iterative nature of these emerging VR technol{#p2$
Today, additional measures like pupil diameter (detected with eye tracking
technologies especially adapted for VR settings) and speed of limb movement
(measured with from motion tracking sensors) are also starting to emerge as
measuresn studies of affect detectiof303], [304] and are expected tme very

promising for the future of emotion detect in VR.

2.4.2. Spontaneous Affect classification studies using VR

Currently, only a small number of studies utilise immersive VR as an affect induction
tool. Proportionally, there is a scarce number of stud@sbining continuous
physiological data acquisition within a VR experience with Machine Lea(Mhg

for the automatic detection of valence and arousal. The majority of past research on
spontaneous affect detection used other types of stimuli presengiticar,in the

form of static images, text, audio and vid¢@8], [305]i [307]. From those studies,
when dilising physiological data to detect dimensional affect, the most common
strategy found is the simplification of the dimensional space to dimensional ranges

of interest, thus streamlining down tdimary or threeclassproblem[308], [309]

In the case of val ence, the <c¢classes com
6positivebod, and in some case[87]wW31@)h an add
For arousal, the di mensssoinved vuesrusausl yo hdiigvl
areas (e.d311]) , wi th the intr odul[8l2]).locaseswerea O mi dd

both dimensions are detected simultaneously, four classes are detected

corresponding to the quadrants of the AV space [&18]).
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Today, there is an increased interest on spontaneous affect detection
methodologies from continuous physiological signals using virtual environments
and immersive VR devices. In the last years alone, big technological advances were
accompanied by advaee on affect detection methodologies developed specifically
for immersive VR settings using HMDs. In 2010, Wu and colleagues utilised skin
conductance, respiration , ECG and EEG signals features to classify three levels of
arousal in a VRStroop Tasl{314]. A support vector machine (SVM) classifier was
used. The paper does not define whether a highly immersiugsets a virtual
reality headset or cave system, was used in the study. It is expected that a multi
monitor setup was used instead to allow thasitioning of the EEG sensors which
by design pose physical constraints. Shumailov and Gunes in 2017 classified two
levels of arousal (low/high) and valence (negative/positive) from an EMG
(positioned on the arm) during a VR gaming condition using a coosh® R HMD
(HTC Vive) [315]. The paper demonstrated high accuracy in valence and affect
detection(> 85% for both dimensions) with a SVM classifier from arm muscle
patterns using data from eight participants. This approach applies to immersive VR
gaming, where users are actively interacting with the content using hand controllers.
Interactive VR apptiations may however utilise other types of tracking methods e.g.
gaze or eye trackin§316][317]. Similarly, in 2019 Pinto and colleagu§l8]
combined physiological readings from the hand and chest (BVP, EDA, ECG and
respiration) and an SVM classifier to detect low and high levels of arousal and
valence across individuals. The teams utilised sevetwvaf€bs (from the first VR
video library ceated by[274], viewed in VR HMD) to induce different levels of
affect and collected posixperience SAM ratings, which were used for the labelling
of the classesuging the median as the cladiwisor. 1-5 for negative, ® for
positive). The system yielded 58% accuracy for arousal and 57% for valence, with
accuracies across models being higher for arousal than valence similaf3¢%.g.
More recently, MarirfMorales and colleague§294] utilised 3D immersive
environments (viewed using a commercial VR headset) in conjunction to EEG and
ECG sensors tdetect two levels of arousal and valence using SVM algorithms.
Their models reported achieved 75% accuracy for arousal and 71% for valence

across participants.
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Table 2. Table listing studies on affect detection performsihg physiological sensors in

VR settings (6Condit. 6: Recording Condition).

Physiological Detection Stimuli Labels VR system Study Sample Condit.
sensor (levels)
GSR,RSP, Arousal (3) VR stroop PerformanceNot knownWu et al.,201018 Seated
ECG, EEG task scores [314]
Myo[320] Arousal (2) VR game  Postgaming HTC Vive Shumailov an@ Standing
EMG (both  Valence (2) annotation Gunes, 2017
arms) [315]
BVP, EDA, Arousal (2) 36(° videos SAM HP Pinto etal., 18 Seated
ECG RSP  Valence (2)[274] + (postvideo) Windows 2019[318]
(hand, chest) YouTube Mixed-
videos Reality
EEG, ECG Arousal (2) Four 360 - SAM Samsung Marin-Morales36 Seated
Valence (2) panoramas (postVE) Gear VR et al.,2018
[294]

The trends on emotion classification mention the necessity for the
development of models that can apply to 4ld#al data by collecting naturalistic
spontaneous respons¢s0]. However, the data recording settings commonly
arranged for the affect detection VR studies described are closer to controlled,
laboratory settings rather thareal-world ones[321]. This is mainly because the
user os body movement and l ocation/ seatir
participants are requested to perform a set of predefined tasks/ actions, rather than
l eft to 6freely6é expl ore asobeexplitedduact wi t |
to the norinteractive stimuli/content used, such as passive videos and non
interactive spatial elements. As Virtual Reality allows for naturalistic behaviour, free
head/body movement and interaction, as well as adaptable task/scedat&s
recording settings within virtual- reality
worddéd settings. As such, virtual reality s
laboratory and challenging reabrd settings.

Affect classification studiesften mention the high variability between
individualratings (e.g[318]). These may be related to effectseafernal factors
(e.g. the environment, the technology involved, the stimuli presentation interface,
DOF), while also on the@erception ambiguity of the contéstimuli, which may be
attributed to variousubjective differencesuch as difficulty in selfating perceived

enotions, habituation/desensitisation and cultural differenf&s)) [322], [323]
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One may suggest that difference in affect ratings for example for a long VR video,
may be deriving from smaller events or details that occurred that may have generated
different affective qualities for each individual. As a result, these secondary details
may be experienceand remembered in different intensities by the individ(sde
section2.3.3.3.

Still, the most common grourtduth used in past research for the data
annotation/labelling is driven by affect seditings after the main experice (post
experience]301]. With the introductia of tools such as the Feeltrace annotation
tool [324] affectRanl{325], Gtracg326] and the Continuous Measurement System
(CMS) [327], continuous selfatings could be recorded throughout an experience.
Continuous seffatings made during the VR experience could offer a higher
resolution on the changes along the affective dimensions which could contribute to
the development ofrier-grained classification models for affect detection.

A current disadvantage in emotion detection VR research, is the lack of
common methodology, and thus reduced ability for generalisation and repeatability
Special focus could be on listing poteriiahfluencing factors. For example, the
different types of media experienced and the degrees of motion freedom (e.g., lying,
standing, walking) may naturally have a different effect on physiological data
recorded (see sectidh3.2. As such, different classification approaches may be

more suitable for different conditions.

In summary, despite the recent progress in the field, it appears that state of the art in

affect detection using VR content is still limited to:

1. Intrusive physiological sensor modalities that constrict use motion.
2. Lack of spatialstimuli datasets, that could be used in an interactivaset
3. Affective classifications based on pestperience df-ratings of an

environment rather thaslynamic changes aontinuousn-VE ratings.

4, Limited contextual information regardi
factors, and irdepth annotation ofthe VRont ent 6 s qual i ti es.
5. Use of VR for passive stiulation, not utilising full potential of current VR

systems (e.g., interactivity, dynamic changes, rsoaie locomotion).
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2.5. Chapter Discussion and Conclusions

In summary, the area of affect induction and detection in VR is in early
stages although thergwealth of potential applications including in a wide range of
fields. The dimension of arousal has been extensivakestigated with
physiological measures in VR and other interactive media. However, for the
spherical assessment of affect, valence ewian shouldoe equally measured with
continuous physiological or behavioural measur€urrent practical and
technological challenges due to the obstruction of the face (the rsxhaste for
valence sensing), underlined the need for an adapted appoveatus affective
modelling in highfidelity VR settings Specifically, these challenges are triggered
by commonly use of VR headsets and the motion difficulties in existing
cumbersome, tethered sensor devices, designed for sedentary/seated conditions.

The combination of thedetection methodologies for both affective
dimensionsn one sensor setp could provide the solution for affective recognition
in VR settings. Until recently, the practical implications of HMBased VR did not
allow the use conventioharalence measuresas used in previous ldiased
experiments (e.gwet facial EMG, cameras, EEG sensors), as the face and head
were covered by the VR headset and its ksteap(see the area covered by the VR
headset inFigure 11). In addition, VR headsets provide higiesolution head
motionto-vision mappingwhich aspires for naturalistic behaviour and interactions
as those in the a¢world However, in a classic labased sensor sap suchwhole
bodymovements are avoided or minimis@the level of ecological validity of VR,
together with high levels of subjective presence and immersion are suggested to
produce naturalistic respasThus, designing a sensor-sgt that could be applied
in interactiveVR settings, could also open avenues for physiological and affective
sensing in realvorld scenarios without the use VR headsets,(|mdree walking

and headmnoving physical task®r even during social interactions
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Figure 11. Two photos of users wearing two differesdnsume/R headsets beinghe
majority of the face is covered by the headset, while the bottom of the face is shativeved

head strp and headphones also cover the top and side of the head.

Today, immersive technologies provide multiple input and output tracking
capabilities, which combined with the virtual experiensiezulating reality offer a
powerful tool for researcherEhe dataecording settings imodern highmmersive
interactive, room scal&R would potentiallyexceed the controlled laboratory
settings (commonly used in affect recognition studbgs$imulating environments
that arecloserto the realworld. This in turn could induce more naturalistic and
spontaneous responses, thus providing rich affect dat@&radving the current
affective modelling/recognition approachgee sectio2.3.3.

To leverage the potential of current commercial VR technologies ferg.,
physical movemerand interactivity, onealsoneed to take into consideration the
unnecessary distraction and movement constrictions téthered and chunky
physiological sensors can introdues, well as related movemeantefacts that can
result in tke data.Today, more and moremergingHMD-adapted technologies
employ physiological sensorgHowever, he Faceteq prototype is one those
emerging technologies which could be applied in highly immersive settings without
hindering the interactive experienoéthe user. As our team is looking at ways to
provide affectrelated metrics into one hardware interface especially adapted for VR,
it is our aim to combine arousal and valence detection according to the dimensional
model of affect, using multimodal apprches. Therefore, for this research project,

focusedon facial muscle activation for valence (using a configuration consisting of
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multiple EMG sensors underneath the HMD), in addition to arousal measures as PPG
and ECG.

In the next chapterChapter 3, we present the affect detection system that we

propose, along with more details regarding the methodology used in three

experiments.
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Methodology & System Architecture

3.1. Introduction

The research questions of this thesis were investigated following an experimental
approach combined with quantitatiata acquisition techniques across various
datacollection modalities. The combined multimodality aspect together with the
controlled experimental approach allowed for validation and reinforcement of any
results. Based on our review, we designed a systelmitecture for affect detection
within virtual reality experiences that is illustratesl agraph model. In this chapter
we will outline this proposed system architecture, and discuss the methods,
techniques and apparatus used in the experiments disdussegters 4 and 5.

The system architecturebés key componen
main processing engine including the mapping of data to specific custom affective
labels (e.g.positive or negative valence), and the detection or prediction output.
These components will be explained in the following secti8r&si (3.5 . Al-| Guser
dependent & data types (data obtained fro
behavioural, and subjective data (selports and questionnaires) are dissal in
section 3.3 3.4. Additionally, as VR offers the freedom to coordinate and track the
interaction between the user immersed in VR and the content, the suggested
paradigm for the presentation and contro
explainal in section 3.5. In that section we will also discuss the acquisition of

additional contextual information that could potentially assist future centent

2 Quantitative approaches were preferred over qualitative for comparative research, due to
their ability to define causeffect relationships, and strengths of associatibetween
numerical dependent variables, while maintaining validity and reliability in the interpretation
of the responsg$559], [560).



Chapter 3

dependent affective studies using custbeweloped content. In section 3.6 we

discuss the data procesgipipeline and analysis methods used. The processed data

combined with selfatings of affect are used for the mapping and classification of

the participants6é affective responses to
The methodological tools andrqtocols shared between the feasibility

experiments were progressively refined based on observations and results from each

experiment. The specifics on the methodological changes will be discussed in the

Methodologysections of each study in Chapters 410

3.2. System Architecture

In brief, the system architecture suggested for this project was based on the
distinction of input data streams associated with either valence or arousal, based on
the concept that both affective dimensions can deliver a betterstemlding of the
affective state of an individual. Data modalities linked to valence such as
electromyography and movement sensors, and those linked to arousal such as heart
rate and electrodermal activif93], [328] were combined in oneath stream and

were recorded synchronously.

Additionally, VR-specific settings needed to be considered for the
unobtrusive acquisition of those signals. The majority of interactive VR experiences
nowadays, either seated or standing, require thetoderable to freely move the
limbs and/or body to interact with the content. Example types of those can be
exploratory, educational, gaming, social, creative etc. Therefore one major goal for
us was to utilise a variety of biometric signals while keepingrglsi, unobtrusive
setup, thus reducing the numbers of sensors placed on [B@B§ [330]. Further,
in order to reduce the volume of cables surrounding the user (which can distract and
create breakim Presenc§331], [332), we utilised a wearable multimodal interface
prototype, called Faceteq by Emteq Ltd (especially designed for use in VR). This
prototype desigallowed us to append additional sensor modalities and test them on
the go in collaboration with the development team of the com@dny329] (Figure
12). Faceteq, comprised of EMG sensors positioned based on the protocol proposed
by Van Boxtel, 2010122]. The prototype we first used was published and presented
in 2016[272].

From 2015 to 2017, we utilised the Faceteq interface in various prototype

versions including custom GSR, ECG and PPG sensors incorporated on the
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interface. Through extensive testing, we found that this interface offered promising
potential for unobtrusiveffect detection in VR. Certain aspects of the interface such
as the materials used, the number of sensors and the data collection paradigm were
defined in the duration of this EngD. As part of the EngD programme, the findings
originaing from extensive pots and studies assisted the further development of the
interface (hardware and software). The outcome of these experiments rendered
specific recommendations for:

(a) shape and elasticity of the wearable interface,

(b) width and type of foam utilised its construction,

(c) number, type and positioning of sensors utilised,

(d) the development of a protocol pipeline for new users on how to utilise the

interface, apply sensors and record data,
(e) the implementation of an evenarker based data coltean system, and
(f) the development of a dedicated affect detection algorithm for offline analysis.

Figure 12. Prototype version of Faceteq interface in 2016 and .2

For the proposed affect detection system entailéd@rt data stream provided from
wearables interfaces (such as Faceteq) and the successful mapping of their activation
patterns to the two dimensions of affect. arousal and valence (core affect dimensions
[64], [333]). Following this principle, the suggested system architecture is presented
in Figure 13. Thereare three streams of input data; a) continuous streams from
physiological and movement sensors, b) the-gpecific traits recorded a&iself

ratings and questionnaires, and c) streams related to the stimuli content within a
simulation environment (boxes numbered (1) and (2) in left upper and lower side of
the figure).

The continuous streams of raw data are recorded while participants a
exposed to stimuli with affective content, and during that time they are also self
rating their levels of valence and arousal on a continuous scale (bottom orange box
including our custonbuilt continuous affect self at i ng application

Collecting the levels of arousal and valence on a continuous scale from the user is
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an essential step for acquiring information on the levels of emotional stimulation, or

el se 6emoti onal [334]dkede datd canaalso be uspdanroider 1o ¢ e
verify the contentbés affective impact and
design in attaininghe intended emotional manipulations.

Once the multimodal datstreams from our sensors are collected
(predominately EMG and PPG, manent specific metrics were added later on) they
become subject to signal processing (sch
physiological signals are denoised and divided into epaelgb12 seconds was
used for Feasibility Study 2, Chapter 4). Next, viasioomponents or features of the
signals are extracted through the O6featur
(e.g., the calculation of the variability of IntBeatintervals (IBI) or peaks
distances, and the room mean square (RMS) ofEM® sigral) we can infer the
level of arousal/stress felt and valence expressed by the user. Detailed lists of the
features and specific data analysis processes are included in the experimental design
description of each study in Chapters 4 @hdThe features tagher with the
parti ci paings aré them esénf to train a classifier to categorize the
physiological patterns and affective responses into arousal and valence levels.

Finally, the outputs of the classifier can then be used to producedirtveasonal

/ Data Input \ T

Data Processing Output

& & e & [ Data filtering ]
P1 P2 PN Arousal
[ V mod J [ A mod } Data combination ]

[ User specific traits ] Mapping & Classification @

Audio-visual feat A
m u ID_VIS‘_H eatures 1. Physio-behavioural data
Interactive Events
V- \%2a Arousal & self-reports/surveys
\ y

\

2. Stimuli environment
A 3. Algorithmic environment

Figure 13. Flowchart of the proposedystem architecturéor affect detection in VF
Physiological data streams are entered (1, left) together with contextual informatio
experience (2). The data are then processed through filtering and normalisation beft
fed to a classifier (3, centre up) Usihgh e u s-eatiniyss(cestre boftom), the classi
model is trained. This model can be used to detect arousal and valence from new dat
right).
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representation of t he user 6s stat e, whi c
feedback within VR.

3.2.1. Feasibility studies

I n order to evaluat e tliheeanalysisswealesigredaar c hi t e
series of feasibility studies with human peigants (Feasibility studies for the
detection of emotional responses (FEDEM)). In the studies, physiological responses
together with continuous selitings from each participant were collected initially
using conventional contepresenting technologieand later on using virtual
environments, seleigurel4.

For the first study our plan was to record affective responses in controlled
conditions using leeady validated stimuli, with minimised head movements and
without a VR headset. The stimuli were selected to induce five affective states, which
populate the four quadrants of the affective space plus the neutral (high vialence
high arousal (HVHA), higlvalence-low arousal (HVLA), low (negative) valence
high arousal (LVHA), low (negative) valené¢dow arousal (LVLA) and neutrdl
medium arousal (NMA)).

From then we moved to the integration of supplementary modalities and the
recruitment of additiongbarticipants. Finally, after performing adjustments on the
main apparatus and the processing pipeline we designed the next study (Fedem 3)
using virtual stimuli in custorbuilt 3-D dimensional environments using
commercial VR headsets. In this study tlatigipants could either watch videos of
prerecorded explorations from matched participgipi@ssive group)or actively
explore three virtual environment (VE) scenar{astive group) three different
versions of the same environment containing stinfydositive, neutral and negative
valence and of various levels of arousal. In the VE scenarios, stimuli were presented
as Oeventsd were predefined although trig
(gaze) and time spent in the environment.

The detailedexperimental protocol and information regarding the stimuli
used for each study are presented in Chapter 4 (for studies Fedem 1 & 2) and Chapter
5-6 (for study VR study Fedem 3).
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Valence Arousal Valence Arousal & Valence
Detection Detection Detection Detection
(Pilot Study) Fedem2 Fedem3
Neutral
Negative

Positive

Figure 14. Feasibility studieslesigned to detect arousal and valence levels using af
videos and virtual stimuli. For each study the affective stimuli were chosen frc
correspondingoloured areas on the VA space (bottom left and right); blue are sta
neutral, red for agative and green for positive valence. Three valenced VR scen

designed for the Fedem3 study, containing stimuli/events of mixed levels of arous

3.3. Discrete & Continuous SelfRating Data

Subjective data, including questionnaires and interviewesaafast and loveost
dataacquisition method. In this thesis, questionnaires were administered in all
experiments conducted. We were interested in the individual differences between
participants (e.galexithymig expressivity levels) that could have @ifiect on the
responses of each participant to the stimuli used in our studies.

The subjective data sources can be diyv
responsesd <collected per participant usi
affective selfrating (CASR) data which includes Valence and Arousal ratings

collected throughout similar emotion detection studies, li{82d], [335]

3.3.1. Discrete Responses

As such, in the first category we included questionnaires on demographics, SAM
mannequins and seening questions, as well as personality traits, alexithymia, and
expressivity as they can correlate with changes in sympathetic activity, emotional
expression and inhibitioj244], [249], [336] [341].
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The demographic questionnaire included guestions on age (as aging can
increase expressive control and reduB/H[342]i [345]), gender (as sex diffanee
were found on emotional expressiviBA6], [347) and experience with immersive
technologieqsee AppendiD). Additional screening questions were adidie the
Feasibility study 3 study regarding the existence of phobias (related to the stimuli,
for instance arachnophobia), and extreme neural, medical, cardiovascular, mental
and psychological conditions which could affect our data. Examples of those wher
given, e.g., facial paralysis, stroke, aortic aneurism, anxiety, depression. The
participants were recommended to discuss this further with the experimenter if they
were unsure of their response.

For the personality we administered the OCEAN (Big S¢stjonnaire
consisting of multiple questions calculating 5 personality traits of extraversion
agreeableness, neuroticism, conscientiousness and openness to exp@f&jces
More information will be found in chapter 5.

We also used the Toronto Alexithymia Scale (TA® [339] questionnaire
whi ch quanti f if peopleamietérmet, process and ylescabe the
emotions of themselves or of others. High alexithymia can affect emotion regulation
of emotion with effects of physiological responses during affective stimulation using
audiovisual stimuli (see sectioh3.3.3.

In cases where we needed one rating per stimulus, video or Virtual
Environment scenario for valence and one for arousal we used the SAM64hles
excluding the dimension of control.

Additionall vy, t he Ber kel ey28% thejuesti on
Depression Anxiety and Stress scales (DAB8Y], [350]and the Basic Empathy
Scale (BES])351] were added as optional questionnaires in the last study (Study 3).

The responses from all questionnaires were anonymised and weretadsocia

to the raw data using numerical codes to allow for the between groups comparisons.

3.3.2. Continuous affect selfrating tool (CASR)

As the affective impact on an experience can vary during its duration, we recorded
momentto-moment ratings of valence anaasal rather than one rating overall. For
this purpose, we developed out own version of-sedft i ng t ool call ed

(continuous affect selfating tool) using Unity game engirj852], based on an
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existing tool for c¢onR24nTheGASR iatdrficewmas r at i n

integrated within our custofiuilt stimuli presentation software (sEgurel5).

Figure 15. Screenshots from the Continuous Affect Se#iting (CASR) interface; Fi
version (1, left side) during training and (2) in main study usingpaical mouse. Last versi

(3, right side) in training and (4) during main study using VR controller

The participants would first get trained into rating their affective state using the

mouse. The pointer of the mouse appeared as a blue dot appeanitigecoBASR

space (with or without emotion labels integrated within the cartesian space, pictures

1 and 3 offFigure 15). Then, within the study they waliluse the same space by

hovering over the regions of interest throughout the experience (pictures 2 and 4 of
Figurel5. On the xaxis we added the valee dimension ranging from venegative

(4o, l eft) to neutral (A0OO, middle) and t
we added the arousal dimensionemayx i s r anging fr-bon, veown) ow/
to very aroused/ acowere abke toude thé-petweep 3pacesT he wus e
using the entire cartesian space. Space limits were set to control or out ef space

border ratings. In the latest version of the interface, the participants used an input

wireless controller with an integrated cirauteackpad instead of a mouse.
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3.4. Physiological Signals & Additional Modalities

By

Figure 16. Measures used; (1he Facetegnaskwith EMG andwith (2) PPG sensors, |
external GSR, (4) ECG belt, (¥R headset from which we extracted (6) IMU data (rot:
& position).

The proposed metrics used in this project that can be linked to valence changes are
EMG and distance from stimulus (approach/withdrawal), while the ones linked to
arousal changes are the ECG, PPG and GSR. The measures used together with the
location wherghey were positioned on each user are depictdelgurel16.

Utilising the Faceteq prototyg@55]gave us the opportunit)
EMG sensors, no requiring gel or special skin preparation, fixed onto afraask
This interface (newest version known as EmtegVR) can be adjusted on camhmerc
headmounted displays (HMDs) like the HTC Vivfl93]. It utilises EMG
technology for muscleone detection to determine facial muscle activations. Unlike
standard surface EMG electrodes which require skin preparation, conductive gel and
adhesive pads, this prototype consists of eight dry integrated EMG sensbit (24
signal resolution, samplate: 1000 Hz, signal bandwidth:-280Hz). Remarkably,
there were no intesensor latency variations, thus allowing for simultaneous
sampling across sensors. The sensors are individually shielded and connected to an
ADC box (Analogto-Digital Converter)wh ch di gi t ali ses and ampl
streams igure 17, the outputted values correspond to miZaits, where typical

outputted value looks likthis: e.g., 0.0981mV.
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Reference O
Electrode
EMG sensor 1

gain x10 @

gain x10

Figure 17. The EMG sensors (N = 8) on the Faceteq device are connected to an Al

The signals are amplified and streamed simultaneously with a 1000 sampling rate.

Complementary sensorg Additional sensors integrated onto the Faceteq interface
are a 9DOF accelerometgyroscope and a PPG sensor (positioned on the left
temple). The device (the ADC box) is connected to the computer via USB cable
although in the last version we used Bluetooth cammremsteadThis multisensor
setup can enable the system to record inf
facial tension, and heart rate simultaneously while wearing a VR headset. Another
advantage of using this prototype was the existingd&i streaming solution to
Unity3D [352] (the game engine we used for the depslent of the stimuli
presentation environment/applications used in our experiments) via an API provided
by Emteq Labs.

The recordings of raw data were exported and stored in ASCII (text) format
for postacquisition data analysis. The recordings were #mahysed and filtered in
MATLAB, and the root mean square (RMS) values betweenwinedowswasbe
calculated for visualisation and further analysis. An example of the EMG trace after
transformation into RMS values while a user is performing three faqiabssions
(3-open smiles, drowns, 3 surprises) is shown Bigurel8.

The choice of the hardware allowed for quick application on the user while
also allowing freedom of movement in VR. Especially easy to integrate on wearable
solutions are the PPG sensors, which unlike the ECG sensors (both measuring heart
rate activity) can be adjusted on anywhere on the body where blood vessels exist
close to thesurface of the skin, requiring little to no skin preparation. EMG and PPG
readings were provided from the Faceteq Interface. A cubtoln ECG belt

consisting of two sensors was also used for the first experiment.
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Figure 18. Example ofEMG signal traces from a user performing 6 expressi@
consecutivesmiles, 3 frowns, and 3surprise). Upper figure shows the filtered signals,
the lower figure shown the RM$ace of the signals, across all sengdsgy.: Zygomaticus

Orb.: Orbicularis oculifront.: Frontalis, and Corrugator).

The ECG design we followed al@ad configuration (2 electrodes and 1 ground
sensor) using an elastic belt. The belt holding the éeatrodes (negative and
positive) is positioned symmetrically around the heart, in this case on the upper
abdominal area, on the floating ribs on the left and right side of each user, with
relative distance between each electrode (appr@d. ¢m,Figure19). As ground
electrode we used the ground electrode from the Faceteq interface, used for common
mode rejection (used to prevent power line ndisen interfering with the bio

signals) located on the upper forehead.
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Figure 19. (a) An ECG was applied in al@ad configuration using a belt with the gro

sensor within the headsé¢h) A PPG sensor was intergrated within the headset(c) the

two positions explored were over the left temgldue point)and the lower middle of tl

eyebrowggreen point)Graphs (d) and (e) shows the traces of the ECG and the PPG

The swecessive peak®f each steam were used to calculate ibeatintervals.

As an additional measure of valence, we measured movement tendencies of

approach and withdrawal to/from stimuli the within the virtual environment (for

Fedem 3 study). For this mose, we calculated the distance between the user and

an object/event in reélme as the user was walking within the virtual scene (Active

group,

from within the VR simulated experiene

O6Fedem36

e X p e r -ohjeet Wistance @és aextraceed

expressed

as

o0di

point a (position of user in VR) to b (position of stimulus in VR), aSigure20).

Figure 20. The distance variable was calculated betwg@gthe virtual viewpoint of th
userand(b) anobject's center's positioo (rpivai poin) in the virtual environment. Tt
metric was added in the last experiménf e d ewhe&eddimensions and s e staétir

pointare constant between scenarios

3.5.

Stimuli Presentation and Event design in VR

5) . T

St ance

Although humans perceive and interpret affective stimuli subjectively (e.g. related

to their semantic knowledge and associated memd&s), certain audievisual

parameters have been found to impact on affective stimulation. Such parameters vary
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from the lowlevel features to higlevel attributes, dynamienovements and
interaction/narrative desigri354]i [361]. Low-level featires include colour, size,

shape, texture, and opacity, while higlel attributes involve quality, composition

(level of complexity/simplicity), orientation and functional content parameters such

as, lighting and visibility (e.g., contract with backgrdunFor the FEDEM 3 study

we created the VR environments (VES) inspired by these parameters, with special

focus on dark versus bright lighted compositions (negguositive), with intense
colours and textures for theimpactovith;yi ng VESs.
immersive experiences could be investigated via systematic studies in the future. As

all constructed content, 360/ R envi ronment s provide the
construction of worlds and scenarios, falling under complete artistic anceerigm

control. Investigating the composition elements that create emotional experiences

could assist all future VR applications but was outside the scope of this EngD work.

©

o

~

Figure 21. Four models of tracking using VR: BEepence tracked outside (({@yan shape
represent the motion tracking, and (2) magenta shapes represent the action track
input devices such as controllers) and within VR (3) by tracking the view of the use
shape) and (4) the individual jelsts information of the surrounding virtual environn
(e.g. the butterfly appearing), enabling the flow of contextual information (e.g. he

- because he saw a hutterfly).

In interactive 360 experiences, the view of the user is not followindca lstear

narrative (e.g. seeing event 1, then event 2 etc.), but can vary based on the
spontaneous actiemotion of the user (usaontrolled exploration]362], [363] In

order to know which stimulus was visible to the user at any point throughout the
experience, we need to know what the user is seeing irimeal This can be

achieved by tracking the gaze of the user through their point of view (commonly
using a technique known as$ra@dchkiyngbsvti ageée

tracking technologies, e.f862], [363] see alsé-igure2l.
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In the experimental paradigm developed for FEDEM 3 (VR study), we
developed an evembarker algorithm (using Unity3[352] and the HTC VIVE
input utility plugin[364]) (explained in Section 5.3.1). Practically, the algorithm is
tracking the gaze of the user continuously (viagasting) and adds evemtarkers
in the data corresponding to the visible stimuli within the field of view oler
(Figure 22). Using this algorithm, a VE designer can link objects or actions to
specific eventmarkers. These event markers are continuously tdaakd save in
ASCII format so that they can be inspected at the end of the experience. These
markers were synchronised via systeme timestamps with the rest of the collected
data adapted from the EmteqVR application.

Virtual Object /’MII
w A

Figure 22. Integrating a custorbuilt eventmarker system for VEs

This way, not only we can track the user si
actions (via their controllersdé gestures)
VR experience. Without this algorithm, it would be difficult and tice&suming to

know what the person reacted to and which event applied the most affective impact,

as it would require to annotate numerous screeordings. Coupling the

information regarding the content with emotional responses could allow us to better

understand the otext of an affective experience.
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3.6. Experiment Variables & Data processing protocol

Chapter 4 shows a feasibility study for the inference of affective responses with a
system ready to be incorporated in VR setting. In Chapter 6 we describe the
experimentusing VR technologies designed based on and the findings reported in
Chapter 4 and 5. Both experimental designs allowed us to investigate the effect of
affective changes (cause by emotion induction via audigal stimuli) on the

metrics (dependentvarialke s) obt ai ned by our sensors
detect those changes in VR settings without impacting heavily on the overall

immersive experience of each individual (levels of presence).

3.6.1. Variables and study designs

As independent we define thvariables that can affect and cause changes on the
dependent variables across participants. For our designs we usediaudiatimuli
(pictures, videos and-B spaces/scenes) as independent variables, which we
manipulated to create different affectivenditions; either following the quadrant
model of affect or following a-Bvel valence/arousal model with (showrFigure

14). The dependent variablfsal so descri bed as i nput
architecture section) were recorded using continuousaatiys, posexperiential

surveys and physiological data. The values from those dependent variables were then
analysed in conjunction with explanatorgriables, in order to explore effects due

to the impact of the independent variables.

To account for individual differences and the effects of certain variables on
the dependent variables with little or-redation to the independent variables effect,
werecorded additional explanatory variables. As such, those variables were recorded
in the form of a demographic peequisition questionnaire, the personality traits of
the participant, alexithymia levels, expressivity levels and an objective baseline
measire of the participants physiological metrics.

In the first preliminary experiments, our goal was to measure changes
between affectivestaes induced by stimuli across participants. We therefore
followed a repeated measures witigimup design with variastimuli (conditions),
using 2 factors (Arousal and Valence) with 2 or more levels (high/ low or

positive/negative), following a 2x2 factorial design (Skable 3). Thus, each
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participant experienced all conditions in a randomised order. This design is very
common in other affeaietection studie9], [365] [367]. The main advantage of

this design is even a small sample size of participants can yield rich data for all
conditions, that could potentially divulge a more cohenmearrative. A possible
disadvantage is that the participant may develop expectations between conditions
and that the effects of each condition may be carried over on the next one (especially
for the carryover effect of negative stimulatiof§68] if an adequate break between
condition is not considered. In ourgiigns, breaks and neutral stimuli were used

between conditions.

Table 3. 2x2 Factorial design user for Feasibility study 2 using video stimuli as conditions.

Group A- Factors

Positive Valence  Negative Valence

Low Arousal Condition 1 Condition 2
High Arousal Condition 3 Condition 4

The last experiment described in this thesis (Fe@&MR study) was
designed based on a betwagoup and a withikgroup analysis approach. In the
within-onegroup design, data collected from our conditions (affective VEs) were
analysed to determine the effect of the independent variabldbe dependent
variables(valence and arousal ratingad physiological measures). Yet, we added
the independent factor of interactivity, by having two independent groups in total;
one that experienced all the conditigrendomisedgactively (Active group) and one
passvely, vicariously (Passive group), see

Table4. Subsequently between groups comparisons were explored.

Table 4. Independent grqu factorial design used for Feasibility study 3 using VE as

conditions.

Group Active Group Passive

Negative Neutral Positive Negative Neutral Positive

Arousal Condition 1 Condition z Condition: Condition 1 Condition z Condition 3
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3.6.2. Userdependent and Useiindependent classification

approaches

Both a usedependent approach and usetependent analysis approach was
conducted in our experiments.
Userdependent design allows for comparative research across conditions for each
particip a n t separat el y -ratisgs ag grountgh. Thes maind s self
advantage of this approach is that since an emotional experience is highly subjective,
we can observe changes on the dependent variables which are characterising a
particular user, abwing for the development of personalised models. User
dependent affect classification models are expected to perform more efficiently than
userindependent model823] but they hae low potential to generalise to new
users.

The usetindependent approach or the acregbjects approach is a
cumulative comparative analysis treating all subjects in a concatenated fashion. The
average changes on the dependent variables betweeriamhdit groups are used,
assuming that the manipulation of independent variables had a holistic effect on the
majority of the participants. Other researcH®&$), [365], [369], [370]have used
this approach to create affect detection modelsdan be applied to new users. High
individual variability in emotional responses make the creation of such models a
difficult task. The validation accuracies decrease especially when the testing data
originate from 6newd hesraningofthemmdel)ipsteadv i ou s |
ofusingmixeds ubj ects cross validation (where pa
both training and testing s¢§23].

3.6.3. Data Pre-Processing

The classification experiments and statistical analysis tests were made after the pre
processing of all data, including the processing of the physiological data. For each
experiment exhibited in the following chapters, specific steps for thprpoessing

of the raw data were followed including data filtering and feature extraction. The
processing steps conducted from the Feasibility study 1 and 2 are explained in
Chapt ®at & pr osectos sridrfay &easibility study 3 VR study in
Chapt eSigdbdDa6t ad6 Pr osectom ali datg dncluding questionnaire
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responses, continuoself-ratings and data streamed from our sensors, were linked
together, concatenated, and parallelised for each participant, into one large dataset.
Subsequent datasets werdracted for the different user groups related to the
analysis goals of each experiment. Final steps inditltepreprocessing of sensor

data (incl. cleaning, filtering etc.) and the organisation and concatenation into a
format for further statistical @hclassification testing. The raw data from our sensors
and the virtual environment were stored in eitbarf.csASCII, comma delimited)

or json format.

3.6.4. Quantitative analysis of responses data

The appropriate statistical methods were adopted to assess relationships between the
independent variables and the continuous dependent variables, which are experiment
dependent. Generally, for both experiments, we were interested in the comparative
evaludion of the effects of the factofer each studyn our measures, e.g., group

type (if any), conditions (stimuli), signal features on our physiological measures and
on the selratings of arousal and valence. Kolmogoef@mirnov and ShapiriVilk

tests of wrmality were performed on the data to assess whether the data were
following a normal distribution. Analysis of variance (ANOVA) was used to test the
significant differences between means of groups and/or multiple conditions (factors)
within subjects whih followed a normal distribution. Significant effects found from
ANOVA (p < .05) were examined with subsequent Bonferammiected poshoc

tests. In cases where the number of observations were above 25 and there was slight
departure from normality, ANOVAvas still usecasanalysis methotecause it is

robust to small violations to the normality assumptidil]. The ANOVA was
followed up with norparametric poshoc tests where necessarfyor highly non
parametric distributed data we wused the
significant differences between conditions (e.g., positive, neutral, negative stimuli),
followed by multiple comparisons Bonferrecrrected poshoc tests in case of
statisticallysignificant results, such as Wilcoxaigned rankest for withirusers
pairwise comparisons, andviannWhitney U for comparisons between two
independent groups. The tests were performed in SPER] and MATLAB®

[373. The significance O6alga5@H% andthld val ue
any p valueswhich was equal or less than the value were considered statistically

significan).
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Additional tests included Simple and Multiple Linear Regressions to
investigate the ability of the independent and explanatory variables to predict
changes of the continusudependent variables such as the level of arousal and
valence. We tested whether regression models were significant and concentrated on
the rsquared values (or else coefficient of determination) because it is related to the
goodnesf-fit of the regresion line. The4squared value is expressed between 0%
100% (the percentage of the dependent variable variation explained by the model).

Correlation analysis were also computed to measure relationship between
two measured variables e.g., correlatingrti@ mean square (RMS) values of one
EMG channel with the selfting on valence. Pearson correlations were selected for
data following a normal distribution (or when sample size N>=25) while Kendall's
t au or Spear manos c or r-norima distributien. Tivee r e us e
correlation coefficientr indicates the strength and direction of the relationship
between the variables.

3.6.5. Classification algorithms

We explored both usetependent and us@rdependent approaches in both
experiments. In the feasibilitstudy 2 (FEDEM 2: Chapter 4) we use a regularised
Support Vector Machine (SVM) classifier and in the feasibility study 3 (FEDEM 3:
Chapter 6) we used three classifier methods: Support Vector Machine (SVM),
Naive-Bayes (NB), and kearest neighbour (KNN)hese classifiers have been
suggested327]i[328] and used in emotion recognition studies before showing
promising results (KNN on-EMG and heartate signalg§376], [377] SVM used
for discrimination of facial muscular activatiof369], [378) [381], and NB for
affect detection from physiological signa[810], [382], [383). Automatic
hyperparameter tuning was applied to opti
kernel function parameter 0 for[3he radia
the distance metric and the k variable of the KN d t he oOwi dt hé par an
NB. To develop the model we used the internal functions of MATLAB® and the
libSVM® [385] library.

Signal features were extracted from the-precessed EMG and PPG
signals. The features selected for each experiment as specifically described in the
corresponding section of each chapter. Thesaurfemtwere used as the input

variables (predictors).
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The arousal/ valence responses from the CASRa#itfy tool were rounded
to create 2 and 3 categories (fetldsses: negative and positive for valence, low and
high for arousal, and for-8lasses: rgative, neutral, positive for valence and low,
average, high for arousal).

The classifier was then used to map the features ranges with the responses
during training. A 1€fold cross validation (CV) approach (used in FEDEM 2 and 3)
and a leav@nesubjed-out (in FEDEM 2) were adopted as explained in Chapter 6.
These methods are commonly used for supervised learning to assess the predictions
ability of one model using data which were not previously used in the training of the
model, thus avoiding overfittg [386]. Kifold CV obtains knumber of subsets
having equal number of members from the dataset which are randomly distributed
in the subsets. In practise, each of the subsets is used as a testing set in turn, and the
remaining data as the corresponding training set. The resultaittipreéccuracy
rate is calculated by the average accuracy rates of all k predictiorsf{&ample
accuracy). In the leavenesubjectout (LOSO) CV approach, the data from one or
more subjects (the number used is experirdependent) are used for thekiation
of the model, while the remaining data (from all other users) are used for the training
of the mode[294]. Therefore, the data from each participant can either be used for
the training or the testing of the model. The mégaaccuracy is the ratio of correctly

detected labels against the total testing labels expressed as percentages.

3.7. Ethical Considerations

All experiments reported in this thesis were-ppproved by the Bournemouth
University Research Governance and Etldosnmittee. Specifically, the feasibility
study 2 (FEDEM 2) was approved on 26/01/2017 (ID: 12025) and the feasibility
study 3 (FEDEM 3) was approved on 13/02/2018 (ID: 18848).

In this final section we will address a range of practical and ethical evasahs:
Data protection: The requirements of the Data Protection Acts 1988/ 2018, the
General Data Protection Regulation (Regulation (EU) 2016/679) and the data

processing requirements of Bournemouth University have been complied with. This

includes the secure collection, stogagdissemination, and retention of data.
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Numerical IDs were randomly selected, to link-piial surveys, mairstudy data

and postexperiential selratings which were collected from different devices.

Voluntary informed consent and participation: Sufficient explanation of the
experimental process and the potential risks were given to the participants before
they were required to sign a consent form either in paper or in digital format,
confirming their approval in taking part and allowing their anonymiad to be

collected.

Emotional Stimuli: Affective audievisual stimuli were selected to induce various
intensities of valence and arousal. We anticipated that they may induce negative
emotions to the viewers, and in some cases stress. To reduceelhef Istress as

much as possible, we carefully selected the stimulus material that was used based on
a) the content of the stimuli used in similar studies and validated databases and b)
subjective evaluations from individuals in our pilot and validatsum\ey) study.
However, since the affective impact of content is highly subjective, we were always
in communication with the participant, allowing for breaks within the experiment

and early withdrawal from the study in the case of fear for negative symptom

Reduce potential harm:We informed the participant about the nature of the stimuli
and entered screening questions before the experimental studies to check for
different health and psychological conditions (e.g., anxiety, depression) or phobias
relatedto the selected stimuli, such as arachnophobia (excessive fear of spiders),
together with welbeing questions (e.g., motion sickness) which was administered

before and after each block of sessions throughout the experiment.

Audio-visual recordings: For the evaluation of our measures related to the facial
muscle activity we collected visual evidence of the facial responses. The audio
visual materials were stored in a secure UK based digital environment with suitable
password protection. Transcription wasdertaken in a secure and confidential

environment and was not used in any outputs (publication, dissemination, etc.)
Compensation: Participants involved in our laboratebased studies (FEDEM 2)

were compensated for their time with voucher at a valifid 0 per hour. Participants

in our last study (FEDEM 3) were volunteers from the Science Museum in London
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(UK) who participated without the expectation of a compensation. All participants
were given a debrief postcard with the details of the studythencbntact details of

the experimenter.
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3.8. Chapter DiscussionConclusions and

Interconnections Between Chapters

In this chapter, the overarching methodology used to investigate physiological
responses to affective stimuli was descripted. The methods proposed were adapted
for integration with VR technologies. The experimeniige{section8.3- 3.5), the

study factorial designs (sectid6), and experimental procedures pursued in the
studies were also described. The overall system architecture was described in section
3.2. This system was comprised hg input methods, which recorded physiological

and selfratings data from the users, the data processing and classification methods,
which were used to generate models that mapped the physiological features to the
selfreported levels of arousal and valend@he system outputs were the detected
levels of valence and arousal in discrete, two and three cl@#$gase13).

As part of the inputnethods, we presented the prototype sensansetich
was developed and tested in feasibility study 1 comprising EMG sensors along the
frame of the VR headset for easy integration in VR settings. In the next studies, the
prototype was enriched with addital sensors, including a photoplethysmographic
(PPG) sensor for hearaite detection and an IMU, for movement tracking. Usability
factors were also investigated as part of this EngD, including comfort, fit on the skin,
sensor contact during facial movemieand integration within commercial VR
headsets. As a result, multiple iterations of the prototype were designed and informed
from the studies described in the next chagihapters 4 and 6)

The SAM ratings were used as the main method of reportifenee and
arousal levels and was later adapted into a cubtaiid tool, called CASR. This tool
developed for capturing the continuous valence and arousal ratings from the users in
VR was described. The CASR tool was developed for the HTC Vive conteoilér,
was used during the feasibility studies. The position of the@udieiger on the
controll ersd tr ackaimasionaéspase ambwere eutputtedn t o
in ASCl-formatted file together with the signal data for data synchronisation
purposes.

For each feasibility study a custdonild stimuli presentation environment
was built, which included evemarker inbuild systems for automated data
labelling. These systems were used with linear video presentation used in the studies

described in chapt 4, and also in the interactive, VR experiences used as part of

t

h

chapterds 6 VR study. The stimuli (video
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online survey studies. The statistical analyses tools and methods used were described
in section 3.6. The testwvere used to investigate the relationship of the dependent
variables and independent variables of our studies.

This system architecture allows a robust recording and analysis of
physiological responses to affective responses in VR settings. Thiceeldipllow
the integration of additional sensors as EEG for VR (see overview of emerging
technologies for affect detection in VR in sectibB.33), which could enhance the
multimodality of the set up even further. Saying that, this endeavour is outside the
scope of this EngD thesis.

The practical and ethical considerations addressed in our studies were
described in sectioBrror! Reference source not foundincluding data protection,
informed voluntary participation, compensation, thestbdn of emotional stimuli
and measures taken to reduce risk and protect the participants in our studies. The
studies reported in this thesis were reviewed and approved by the Ethics panel of the
Bournemouth University.

Figure23 shows thalesigniterations ofthe sensor seatp described in this
chapter used ithe first feasibility studies (1 & 2, explained ¢hapter 4 and the
progression of the experiment sgt towards the main VR study, described in
chapter 6. Chapter 4 discusses the two preliminary experiments for assessing the
feasibility of valence andrausal detection from the sensor-gpt proposed.
Experiment 1 focused on the use EMG sensors around the area of the face for
integration with commercial HMD devices and the development of the experimental
paradigm and event tagging system which was usetthé subsequent studies.
Experiment 2 added the integration of additional PPG sensors into the Faceteq
device. These were tested for feasibility. Many of the methods (and hardware used)
described in the current chapter were developed for these two piaymi
experiments. The final version of the device comprising the types and number of
sensors suggested by those experiments was used in the VR study described in
Chapter 6.
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outlines a separate chapter. A higkrel overview of the contents of each chapter are

described under box. Each chapter is connected to a research aim whose corresponding

number is added on the top right corner. The coatisdines reflect dependencies between

chaptersand the dotted lines represent information flows between chapters. For example, the

methodology and system agb described in chapter 3, was applied to the studies described

in chapter 4 and in chapter 6. &ier 5 was informed by the outputs of chapter 4 and was

prerequisite to chapter 6 as it provided the validation of the VR stimuli used in VR study.
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Feasibility Studies on valence and arousal
detection with the Faceteq prototype
(FEDEM) 1 & 2

4.1. Introduction

Experiencing Virtual Reality environments involves a naturalistic user behaviour,
i.e.,, free movement of the body. Recording higlality physiological responses to
affective Virtual Envirmments is still a challenge because acquiring good signals
from physiological sensors rely heavily on the sensor quality, the contact with the
skin, and the ability to deal with enhanced levels of artefacts in the data caused by
the interactive nature ohé VR set ug387]. The experiments reported in this
chapter, do address this issue by evaluating the feasibility of detecting valence and
arousal levels with our sensor-gt as described in Chapter 3, sec8dh For these
initial feasibility experiments, it was decided to conduct studies which required no
head movement by the useusinga standararisedaffectinduction paradigm. For
this purpose, we usedL2 stimuli on a virtual screen which allowed the user to look
in the same direction throughout the experiment. Videos from validated libraries
were used as stimuli for these experiments. Similar stimuli have been used by the
majority of affect stimulation studiess described earlier in Chapter 2

One online questionnaire and two feasibility studies are reported in this
Chapter. The feasibility studies investigated a) the effect of positive, neutral and
negative valence on theeMG signals, and b) the effect lofiv and high arousal on
PPG signals are described. Thus, we designed these studies to test sensitivity of our
dependent variables, the physiological signals derived from our prototype, $8t
inducing high and low activations varieties along the dinmrssiof valence and

arousal. The position of the sensors (on the mask insert), the materials used, the
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experimental paradigm used and the fit of the mask to the face of the users were also
aspects we wanted to determine for future studies.

For these feasility studies we decided to use affective and neutral videos
as stimuli because the emotional effect on physiological signals from-asdal
videos exceeds often the effect elicited by static im@gSi [391]. Indeed videos
engage auditory and visual senses simultaneously, and variably ovEt8bhaNe
also expect VR 3D stimuli to induce more intense responses than 2D stimuli.
Another reason behind the choice of videos, is that they are one step closer towards
a VR experience than static images. The narrative, dynamic nature of an unravelling
event and the experience of a continuous situation in which emotion can be
dynamically nodulated, can also exist in an experience within virtual reality. These
dynamic changes over time and the contextual background often enhance emotional
experiencg218], [392], [393]

To ensure that our affect induction would induce the different categories of
valence and arousal (positive, neutral, negative valence witkhilghw arousal
levels), we decided to use videos from a previously validated video library. The
library had videos which were new at the time and, hence, we expected that they
were also new to our participants (based on the evidence that habituation can
decrease physiologal reactivity[394]i [396]). However, because the video library
was rather new, we also decided to revalidate the stimuli in oubifégsstudies
using a video validation survey.

After careful examination of the database, we found that there was a high
percentage of videos consisting of babies in the positive category, while in the
negative category there were some videos that dmuerceived as very distressing.

In our effort, to choose the best combination of videos to represent our affective
categories we conducted this video validation survey, asking participants of our
target age group (185 years) to rate the videos in teems of arousal and valence,
indicate if they have ever seen the video before, and flag videos which they found
very distressing. From this survey, a list of 40 videos were selected and were used in
the following feasibility studies measuring valence arwlisal.

In short, this chapter will describe these three studies: (a) the affective video
validation study using an online video validation survey, (b) an experimental
feasibility study on valence detection, and (c) an experimental feasibility study on
arousal detection using the Faceteq prototype. For these studies we followed an

affect induction protocol that used videlips on a screen; a protocol which has been
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used in numerous affect detection studies,[69), [365], [397](see an explanation
of the protocol on sectioh2.]).

In Study 1, a sektion of videos originally extracted from a film database by
[397] were rated by 82 participants in terms of valence and arousal using an online
survey. Based on the average ratings per video, 20 affectiveande20 neutral
videos were selected. In Study 2, data from eight EMG sensors were recorded from
participants using the Faceteq insert (without wearing an HMD). In Study 3, a PPG
sensor together with an ECG belt were embedded on the insert. Apart from the
additions made on the apparatus, the experimentalpsahd procedure were kept
identical between the two feasibility studies, including the vidgss, the videe
presentation software, and the gelfing method.

4.2. Study 1: Affective video validation stidy: An online

survey

To ensurethe reliable inductionof affective states within our studies, we started
investigating the available stimulus databases, in particular the video databases.
Videos from a film database §97] published in 2016 were chosen for our online
validation survey study because the database had short clips of various affective
states that were previously rated on arousal and valence rating scales by 411
participants. It contained crowdsourced clips whi@re collected from online video
hosting services. The film database was published just before the start of our survey
design development.

Through initial viewing of the videos, we identified that a large portion of
the positive low arousing and high asing videos contained faces of infants.
Although the effect of infant faces has shown certain correlations to positive
attributions, and higher attention on motH&88], we were unsure whether the same
effect would be prominent in our targeted participant population, i.e. female and
male university staff and students between the ages of 18 and 35 years. Therefore,
we decided to assess the affectivpact of selected videos. As part of the conditions
for the creation of the video database, we also wanted to find out whether those
videos have been viewed by participants beforehand because they have been
circulated on online media portals in the pasevRius exposure to the videos is

likely to impact the affective ratings due to habituation effects (causing weaker
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affective responses overtime compared to new vie@d5]). Therefore, we
decided to exclude the video clips with high familiarity scores from the stimulus

material used in future studies.

A

3-LVHA 1-HVHA

+

Arousal

4-LVLA 2-HVLA

Valence  +
Figure 24. The five affective states represented in the affective space. HVHA: High V
(positive) and HighArousal, LVLA: Low Valence (negative) and Ledrousal etc. N

Neutral.

Therefore, a survey was created to revalidate the evoked valence and arousal
levels by the selected videos. The videos were originally divided in categories that
could elicit negative, positive, neutral and, and mixed emotional statef3¢83e
The valence and arousal ratings per video for each category provided byhtirs aut
were used to identify videos that could induce distinct low and high arousal
responses as well as negative, neutral and positive valence. The categories for the
video selected were five in total: four based on the four quadrants of the affective
model (High-Arousing Positive, HighArousing Negative, LowArousing Positive
and LowArousing Negative) and one for the neutradium arousal state, as shown
in Figure 24Error! Reference source not found. The most representative and
distinctive videos for each of the five categories were carefully chosen. Specifically,
eight of the mostepresentative videos for each targeted affective category and 25
neutral videos (total of 57) were selected for this survey.

As stated in chapter 2 (Secti@B.1), the choice of these video categories
was based on the dimensional model of core affect. As explained for the studies
reported in sectior.3 and 4.4, establishing these distinct videos categories as
stimulus material will allow us to record distinct physiological measures (facial
EMG, and PPG) which can be continuously and simultaneously captured, together
with the subjective arousal and valence ratings of the videos. For example, the
recording of heastate changes in neaffective (neutral) and affective (negative or
positive) seinhgs. In addition, the creation of a database specifically designed for the

study of affective responses from physiological signals will be valuable for future
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studies where, for example, effects of the extreme polarities of the two dimensions

could be inestigated.

In summary, the aims of this survey were to:

1. assess affective impact of each video using subjective arousal and valence
ratings and select five clips per affective category as well as 20 neutral videos as
stimulus material for future feasilifi studies.

2. identify videos which have been already seen by a large percentage of our
participant population. These videos would be excluded from the studies
precautionary so as to account for the effect of habituation and thus reduced affective
response.

We predicted that the selected videos would generate the expected valence and
arousal ratings in our target group as per the ratings reported by Samson et al. (2016).
We also expected that the negative videos would be more arousing that the positive
ones(as seen in studies described in seci@3.

42.1. Methods

Participants

For the survey, 82 participants from the student and staff population of Buautie
University (78% females, 22% males) with an age range-dDigears (Mge= 24.22
(x6.64)) were recruited. Participants were screened for mental/psychological
disorders (e.g., clinically diagnosed anxiety and depression). The majority of the
participants had not participated in a similar study before (78,05%). Participants

were given either SONA credits and/or vouchers (£5) as compensation for their time.

Materials and Procedure

The 54 selected videos used in the survey are listed in Table 3idElos belonged
to one of the following five categories: positivalence higkarousal (PH), positive
low-arousal (PL), negative loarousal (NL), negative higarousal (NH), and
neutratmedium arousal (NEU). The valence and arousal ratings from the drigina
study by Samson et al. [247] are visualised on the cartesian affective spapeén
25 (the individual scores are also displayed in the AppefidiXable). Since the

original mean SAM ratingare given on a range from 1 to 6, we rescaled the values
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to 1-9 using the following formula:"®"= ((x°7 1) / (5)) x (8) + 1, where R is the

value which is converte@nd X¢"is the rescalled value.

Survey design.The videos were embedded within the survey and all information
that could bias the participants i.e., titles of videos, were deleted. The survey was
designed in Qualtrics and administered vi
guestionnaire and a trang session on how to rate videos using the SAM scales
were added at the beginning of the survey using videos which were not used in the
rest of the survey. We asked participants to view the videos using speakers or
headphones. A quick audio check was addsing an audio file to ensure all
participants had the sound volume adjusted so that they could hear the sound from
the videos.

The survey was programmed to randomise the categories of the videos and
the videos within each category. A white, blank pages dedicated per video and
the selfrating scales for each were not made visible unless the participant had
watched the video in full. A-point slider was included per valence and arousal scale
with the original SAM figures on top of each scale, anddestriptions were added
above numbers 616, 6506 and 696 per scale.
instruction manual provided with the SAM sca[éd]. Under the SAM scales, a
question on whether the participants hseen the video before was added.
Participants could answer with o6yesd6 or 0
their screen. Feedback from each participant were requested on whether there was
an issue with the flow of the survey and general feddbadhe videos used, asking
specifically for any very distressing videos found in the survey. The option for

feedback was provided through the free text boxes within the survey.
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4.2.2. Data analysis plan
Mean cg;iginal SAM ratings per categot

PL
© PH
NL
~ o NH
NEU
©
Lo

Arousal
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®e - - g3

8
7%@15 ™ 2655§

Valence

Figure 25. Rescaled valence and arousal scores (rar§gbased on ratings from the fi

data base [247].
The criteria below show the conditions which the selection of videos had to satisfy
for the creation of the video database that could iadlie five categories of affect.
As part of the criteria, the selected videos per category had to fall within specific
valence and arousal score ranges, but also show reduced familiarity by our target age
group. A threshold of 30% was chosen for the faritly (i.e, if three out of 10
participants had seen the video before), above which the video would be excluded.
The ratings of the videos from the survey would indicate their ability to induce the
respected levels of valence and arousal. Since we heal ¢htegories for valence,
negative, neutral and positive, the valence scale was divided into three parts: from 1
(very negative) to 4.5 (where 5 was neutr
4.5 to 5.5 were indi c ateyposiive)wérdlindicdtedal 6 a nd
as OPositiveb. The videos of the presel ec
induce the corresponding mean valence SAM score. Similarly, the videos were
classified into two main categories of high and low arousal (basetie original
ratings, sed-igure 25) whether their SAM ratings exceeded 3.5 (high:3fery
intense), low: 1 (very calm, sleep$)5. For the newal videos, mean arousal scores
were expected to be lower than 2.5 since their affective impact was intended to be
lower than all the other categories. All the criteria for including the videos in the

corresponding category as described below:

1. Percentagef participants familiar with the video less than 30%.
2. PH (Positive, High arousing): Mean Valence>5.5, Mean Arousal>3.5
3. PL (Positive, Low arousing): Mean Valence>5.5, Mean Arousal<3.5
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NH (Negative, High arousing): Mean Valence<4.5, Mean Arousal>3.5

NL (Negative, Low arousing): Mean Valence<4.5, Mean Arousal<3.5
NEU (Neutral, Low arousing): 4.5<Mean Valence<5.5, Mean Arousal<2.5
Mean Valence scores of PL and PH are equal

Mean Valence scores of NL and NH are equal

Mean arousal scores of PL, PH, NL, NH > Nals

10. Similar difference of arousal scores between the two positive and the two

© © N o g &

negative categories.

To control for changes in arousal within valence categories, our team added
criteria no. 7 and 8. This equality between valenced categories permittestudyto
arousal changes when valence scores are of similar value. This equality could be
expected for the arousal scores between the positive and negative groups since we
did anticipate negative videos to elicit higher levels of aro(4@0], [401]
(additional studies are described in sectibB.3. The physiological impact of
arousal for the neutral videos was expected to be lower than tthe ajther
categories (see criterion P)01], [402] For each couple of categories per valence
hemisphere (positive and negative), the difference in mean arousal was expected to
be of similar value, so as to allow for the study of arousal changes independently of
valence. Thisdesign is related to the affective model theory where valence and
arousal dimensions are not correlated, and high arousal can be found in either

positive or negative (see affective model, p. 16).

4.2.3. Results

Familiarity with the videos: The qu e staduw ns edeHa vtehiys vi deo be
testing the familiarity with the presented videos. The overall familiarity was very

low (M: 4.92% N 0.10). Only two videos sc
and O6NEU56) . Detail ed per Eigue26ages per vi di
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Figure 26. Percentage of familiarity with video per clip from the survey. Acronyms ind

the name of the video (see Table 4), accompanied by the familiarity score (%).

Valence and arousal ratingsThe mean arousal and valence scores and standard
deviations foreach of the video clips are displayed in
Table5. The mean ratings for all videos per category and the mean scores across all
videos in the category are represented in AreMsédnce (AV) Cartesian Space in

Figure27 and Figure28.

Table 5. Mean AV scores per vabclip used in the survey.

ID Title of clip Mean Valence (#SD) Mean Arousa (+SD)
PL1 Babybitesbrosf 7.4 1.59 4.3 2.13
PL2 Babydoesnodtl ov 6.85 1.36 3.32 1.99
PL3 Babyshiccupandjauph 7.27 1.38 4.03 2.19
PL4 Cookiebaby 6.92 1.30 3.78 1.81
PL5 Smartbabywithp 6.64 147 2.95 1.84
PL6 Excalatorspinning 6.47 151 4.48 2.06
PL7 Beatboxbabydance 7.13 1.24 4.08 2.09
PL8 Catsucklesair 7.21 1.38 4.38 2.04
PH1 Babydancebeyonce 7.49 1.44 4.43 2.34
PH2 Babyfail shul ah 7.62 1.34 451 2.34
PH3 Babycontrol sch 7.39 1.46 4.3 2.28
PH4 Bridelauphingduringvows 7.46 1.18 4.7 2.11
PH5 Girlthrowninto 6 1.50 5.76 2.08
PH6 Pandasneezealot 7.17 1.25 4.37 2.34
PH7 Singingdog 7.17 1.95 4.6 2.25
PH8 Weedingphtographerfail 6.8 1.42 4.88 1.53
NL1 Armbentfromskateboard 3.29 1.93 5.47 2.27
NL2 Bmxfaceplant 3.86 1.57 5.28 2.02
NL3 Boyfacepl ant s 3.77 1.56 5.42 2.15
NL4 Bul l wrongtarge 3.1 1.51 5.77 2.28
NL5 Snowboardercr a 4.08 1.45 4.85 2.07
NL6 Tabl ebackflip 4.34 1.88 4.97 2.17
NL7 Skaterfallsbreakwrist 2.93 1.62 5.65 2.03
NL8 Bikeintowall 3.92 1.59 5.24 2.15
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NH1 Bikefalloffcliff -intense 3.19 1.79 6.32 2.03
NH2 Bullthrownandtrampleintense 2.96 1.92 6.13 1.80
NH3 Carhitsskatefintense 3.15 1.59 6.24 2.19
NH4 Breakdancerkickskidhtense 41 1.94 6.06 2.26
NH5 Crochitesman intense 3.01 1.82 6.79 2.10
NH6 Fatboyrollercoastei nt ens 5.68 1.35 6.26 1.75
NH7 Horribleskiaccident 3.43 2.44 5.71 1.90
NH8 Mot orcycl ej ump 3.54 1.16 5.56 1.87
NEU1 Bart 494 1.20 251 1.56
NEU2 Boydrinkingtea 4.75 1.71 1.92 1.40
NEU3 Assembly 492 1.59 2.33 1.80
NEU4 Airport2 A 4.8 1.28 25 2.00
NEUS5 Cablecar 5.03 1.37 2.37 1.46
NEU6 Café 51 1.37 2.22 1.40
NEU7 Cityinthenight 52 1.24 2.56 1.63
NEUS Denvertrain A 486  1.46 2.65 2.10
NEU9 Eatingpizza 5.01 1.74 241 1.52
NEU10 Eatingwithchopstics 491 151 2.33 1.77
NEU11l  Gilsbruthingtheirteeth 4.84 1.84 241 1.55
NEU12 Hairwashing A 5.24 141 211 1.56
NEU13  Hikinginthewood 474 1.69 2.19 1.60
NEU14  Museum 4.85 1.55 2.15 1.43
NEU15 Nystreet A 492 1.40 2.96 1.71
NEU16 Ridingthetubel 4.88 1.62 2.2 1.44
NEU17 Ridingthetube2 4.92 1.68 2.18 1.65
NEU18 Sanfran 4.85 1.36 2.35 1.60
NEU19 Sittingonthesofa 5.17 1.43 2.18 1.51
NEU20  Snow 518 1.39 2.68 129
NEU21 Swi ml aps A 5.12 1.45 241 1.70
NEU22 Tea 495 204 2.09 2.00
NEU23  Treadmill 49 1.39 2.22 1.29
NEU24  Vangoghmuseum 5.08 2.12 2.3 2.05
NEU25  Pillow 5.06 1.50 2.13 1.48
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Figure 27. Meanvalence and arousal scores per video are represented in the AV sg
the 5 affective categories PL, PH, NL, NH, NEU. The mean values per affective ¢
(four in total) are represented as Or
were selected for the studies are indicated by a square surrounding theaiittso

Video clip selection for future studiesFive clips were selected per affective category (PL,

PH, NL, NH) and 20 videos for the neutral category based the selectieniacsiét out in the
methods section (secti@gn2.2. The selected videos are displayed as framed with squares in
Figure 15. The excluded videosaramk ed wi t h a bl ank dot (A)
mean ratings were calculated for each video, and outliers per affective dimension, such as
videos PH5 and NH6, were removed to create more homogeneous groups. Based on the
feedback of our survey paipants, video NH8 was also excluded because it was perceived
as being extremely negative. The remaining videos were included or excluded based on visual
inspection with respect to the clear representation of the five categories on the AV space (see
Figure 15) and the selection criteria (see criteriEO2sectiord.2.2). The mean valence and

arousal ratings for these selected videos are displayEabie6.

Table 6. Mean valence and arousal scores for each affective category after video selection

for future studies.

Categories Mean Valence (SD) Mean Arousal (SD)
PL 7.11 (£0.23) 3.90 (+0.37)
PH 7.10 (+0.47) 4.63 (+0.16)
NL 3.26 (£0.25) 5.63 (£0.12)
NH 3.28 (x0.47) 6.30 (+0.29)
NEU 4.97 (x0.15) 2.33(20.23)
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Figure 28. The meararousal and valence scores across all selected videos per categ

vertical and horizontal lines indicate the standard deviation for each affective dimen

Afterwards, onevay repeated measures ANOVAs were performed to test whether
the valence aharousal ratings significantly differed between the five categories.

Valence ratings. The results showed that the five categories were significantly
different in their valence ratings(4,324) = 325.402 $<.001, eta.=.801). Posibc

tests with Bonferroni correction showed significant differences in valence between
the videos from théour affective categories against the neutral vidé@9 € 10.34,
p<.001), and significant difference between the positivitthe negative categories

of the same arousal (PNH: t(7)=9.936p<001, PL-NL: t(7) = 17.79p<.001). The
valence differences between #l and NHNL were found not significanpt&.426
andp=.930) which showed that they elicited the same level of valegzedless of

their level of arousal. This effect was expected per the initial selection of the videos
(criteria no. 7 and 8).

Arousal ratings. There were also significant differences between the categories for
the arousal ratings (F(4,324) = 129.164,001, eta.=.615). Pasioc tests showed
significant differences in arousal between all conditionsPPLt(7)=-2.39,p=.48),
NL-NH: t(7) = -3.74,p=.007, PHNH: t(7)= -8.66p<.001, PL-NL: t(7) = -7.30,
p<.001, PLNEU: t(7)=9.02,p<.001, NL-NEU:(7)=2637,p<.001). These results
showed that affective videos were significantly more arousing thasaffective

(neutral) videos and that significant difference were found between the valenced
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groups. The negative videos per category were found significamitg arousing

than the positive ones, supporting our initial expectations.

4.2.4. Discussion

This survey was designed to validate the selection of videos for five affective/neutral
categories (from the video databd387]), [397]), that were chosen bad on the
quadrant arousalalence model (higlarousing positive, lovarousing positive,
high-arousing negative, loxarousing negative, neutral). The results from the online
survey presented, showed that the selected video clips were able to induce three
distinctive valence states, positive, neutral and negative, and three distinctive levels
of arousal, a high and low for the affective conditions (positive and negative) and
one for the noraffective norarousing category (neutral). This design allowedus t
investigate the effect of valence and the effect of arousal independently of one
another (as per the circumflex model of affect, see Se2tihf p.44).

The videos were selected based on the category creation criteria specified in
section4.2.2 The first criterion was the familiarity with the videossvless than
30%. The response from the survey showed that the majority of the videos selected
scored very low on familiarity scores, which showed that our sample target age group
had not been previously exposed to them via other studies or types of Taslia.
effect was expected since the specific video database was recently published and
included video clips from online streaming platforms. The familiarity percentage of
the videos selected from this survey was less than 25% with the majority of videos
saoring 0% for all participants (signifying no familiarity). The mean familiarity score
across all videos was 4.92% which indicated that the videos have not been watched
by the targeted population before.

The main analysis was related to the mean valendeausal ratings for
each of the five video categories, namely PL, PH, NL, NH and NEU. The results
from the survey showed that the videos per affective category achieved the expected
valence scores which satisfied criteria 2 to 6 for valence. For arthesaigan scores
reported per category also satisfied the specified criteria, although negative
categories exceeded the expected arousal ranges, compared to the scores presented
by [397]. The neutral videos scored very low on arousal as expected, which satisfied
criterion 6. In order to westigate arousal and valence in future studies
independently, the two positive and two negative video categories were designed to

induce the same valence ratings (criteria 7 and 8). This was indeed the case. The two
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positive categories, PL and PH, achi@tke same mean valence ratings. The same
was true for the two negative categories, NL and NH.

In terms of arousal, based on previous research, it was expected that
affective videos would always have higher arousal ratings relative to neutral videos
(criterion 9). In addition, the two positive categories-fAt) were designed to have
the same arousal difference as the two negative categorig3HJP(criterion 10).

The findings were clearly in line with criterion 9, j.arousal ratings were higher for
affective compared to neutral videos. However, the negative videos induced a
stronger effect along the arousal dimension than the positive videos. The difference
between NL and NH was found significantly different, however the difference
between PL and PH ag not found significant. As a result, criterion 10 was not
satisfied. This result was somewhat expected, since negative stimuli have been
reported in the past to elicit a larger effect of on arousal than positive s{H#@3]i(

[405], due to negativity biat00] andattentional bia[406].

Overall, the survey study confirmed the creation of video database for the
induction of three discrete levels valence, negative, neutrgbasitve, and three
levels for arousal, low, medium and hidthis database enabled us to investigate the
effect of valence and arousal on the physiological signaite next studiesollected
via the sensors embedded in the hardware prototype. Theaatixins describe these
studies. As we explored the feasibility of detecting valence and arousal from the
novelseup using facial s e n s okeasipilityvsridies anl | ed t h
emotion detectiah (| FEDEM). The next section will descriibe study that
focused on valence detection and the following one will describe the study that

investigated arousal detection.
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4.3, Towards valence detection from EMG for Virtual
Reality applications (FEDEM 1)

I n 2016, we proposed a novel hardware sc
activation monitoring329] in VR, consisting of eight electromyography (EMG)
sensors. We hypothesise that such an interface can track the viafencetion
needed for continuous emotion assessment in VR. Our team designed this pilot
feasibility study to explore the effect of spontaneous facial expressions on the EMG
sensors incorporated on the Faceteq interface. To our current knowledge hihis is t
first study where integrated surface facial EMG sensors have been used for
spontaneous valence detection in VR. We investigated the feasibility of this
approach in controlled conditions, using audisual stimuli on a monitor. The

video clips were setted to induce five affective states, each per quadrant of the
affective space and one for neutral. In this study, participants watched a randomised
sequence of the selected video stimuli while -smihg their emotional state
continuously. For this stugwve only analysed the valence ratings of those videos
After a specifically designed signal ppeocessing, we aimed to classify the
responses into three classes (negative, neutral, positive). Our prediction was that the
EMG sensors on the location predefil (se8.2) would be able to read facial muscle
activations responsible for facial expressions of positive and negative affective states
(see als@.3.2.

4.3.1. Methods

4.3.1.1. Participants

For this study, 35 participants were recruited (20 females, 15 males). We excluded
the data from one participant due gnchronisation issues, bringing the total of
participants used for data analysis to 34. The ages of the participants ranged from 18
to 40 years old (Ms 22.8 (£5.2) years). Each participant was compensated by a £5

voucher for their time.

4.3.1.2. Materials

The physical spacd
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The study took place in a room (3m long x 3.5m wide) with two computer desk

spaces divided by a wall partitions, deigure 35. An infrared enabled camera

(sample rate: 60Hz) was installed on one of the desks, which allowed camera
recordings with poor lightening conditions. The camera was directed at the
participant face during the recording session. This way the experimenter was able to

contr ol and view the video presentation an
in a separated area of the room. The partd.i
420 monitor, and a foam surface for the
presentaton of the sti mul.i on the participant
application that was developed.

Stimulus presentation environmenti For the study, an application with three
environments was developed. The first one was argfy training emironment

where participants were introduced to the terms of arousal and valence. During this

training period (duration: 230 min) we asked the participants to get acquainted

with rating these two dimensions wusing tFh
Affect Selfrating (CASR) interfaceHrror! Reference source not found& Error!

Reference source not found. The second one was a grey (relaxation) scene where

the participants were asked to relax while neutral-hasalata were recorded, and

the third environment was a sedark cinema environnm¢ where the videos were

presented next to the CASR interface. The participants were asked to minimise their

head movements during the recording, to avoid metitetted signal artifacts.

Stimuli sequencei The selected videos (see Sectb? of this chapter) were
counterbalanced across participants and presented as fdHoesvideos from one

categoy, followed byfour neutral videos, then followed lhiwe videos from another

category and so on, until all videos have been played. The selected original videos

had approximately the same duration, however some of them were slightly longer or

shorter. Thevideos were therefore carefully modified tofiged duration of 27

seconds based on the timing of the affective events happening in each video. Shorter
videos were played in a | oop. Grey i mages
after every video. fie overall duration of the video presentation was 22 minute long.

The videos sequence within a category was randomised for each participant.
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Figure 29. Video presentation environment Figure 30. The CASR interfaceThe
(participantés view) blue dot is controlled by a mouse.

Monitoring Equipment and sensorsi The software solutions and hardware
devices developed for this study are described below. The Faceteq insert prototype
(Figure33) was equipped with eight surface dry electromyograpfBM() sensors

on the right and the left side of the face (Channels; 1 & 2 on Zygomatujos, 18

& 4 on Frontalis, 5 & 6 on Orbicularis oculi, and 7 & 8 Corrugator muscles) using
an adapted protocol described [i§18]. The participants were wearing the insert
throughout the study (example of userkigure34). The full sensor saip and the

area where the studydb place are shown iRigure35.

Figure 31. The Faceteq prototype used for the study.
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Figure 32. Example of participant wearing the EMG sensol

headphones while viewing videos on a screen

Figure 33. Photographs of the apparatus (right) and physical area of the study (I

4.3.1.3. Experiment procedure

The study took approximately 5D minutes per participant at our laboratory at
Innovation Centre at Sussex University. Following an introduction and exiglana

to the protocol, the participants were asked to sign the informed consent form and
get acquainted with the sep. To prevent knowledge of the recording leading to
conscious or unconscious changes in facial expression, participants were told that
we were monitoring the electrical conductivity of their skin. Questionnaires verified
that the participants were not suffering from anxiety, depression or any disorder that
can affect their facial movements at the time that the study took place. Prior to the
video presentation, participants were instructed how to rate their felt emotions in
terms of arousal and valence, through a training session using the CASR rating
system controlled by a wired mouse. Example videos were used for this session
which were notncluded in the main study. Once the participants were feeling
comfortable and confident using the system, we started the main study. During the

study, each participant watched a randomised sequence of the video clips for 22
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mins. During this time, they werasked to rate their emotions in terms of arousal

and valence using the CASR interface. They were advised to start rating as soon as

a video commenced. Af ter each video and
participants were instructed to return theitimg pointer to the centre of the CASR

interface (the neutral area). During the video presentation, video capture of the
participantdés face and physiological res

streams were synchronised with the video presentatéothei Faceteq API.

4.3.1.4. Data processing

The EMG signals from 8 channels were recorded at 1000Hz sampling rate. Firstly,
a baseline correction function was applied, by subtracting the mean EMG values.
We then removed 50Hz and their harmonics up to 350Hz Dinch filters. The
signals were banpass filtered from 30 to 450Hz. Extreme outliers caused by motion
artefacts were removed using a Hampel filter. The clean signal from the 8 channels
was then divided in epochs corresponding to the stimuli durationasriseconds
from the beginning of each video.
Next, the RoeMean Square (RMS) value per 512 samples window was
calculated. As EMG are highly variable between wearers, and since we are interested
in detecting valence states (negative, neutral, positiee)applied a Maximum
Minimum normalization functiof407]. The RMS data were used as input features
to train a GSupport Vector Machine (SVM), ingy the libSVM[408]. For e&h video
and for each participant from the data set, the ground truth was defined by the
corresponding participantdés CASR valence ¢
an SVM (RBF kernel) for classification, using-fidd cross validation for each
pat i ci pant separately. The two free param
optimized for the first participant and fixed for the rest. The low computational cost
of the implementation enabled the approach to provide a-calisited readout in

less than & seconds per participant.

4.3.2. Results
Overall, we tested the feasibility of our prototype for valence detection in VR. The

C-SVM enabled us to map the levels of activation of EMG channels with the

valenced affective ratings recorded during the video catgtor each participant.
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A model was created per user, for a total of 34 participants. Each model achieved a
categorycrossvalidatedclassification accuracy ranging from 62.8% to 96.9%, with

an average accuracy across the group of 82.5% (StdFay2)y¢36).
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20 — -accuracy per subject ——mean accuracy |

(min accuracy =62.82%, max accuracy =96.92%)
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Figure 34. Classification accuracies for all 34 participants

4.3.3. Discussion

The classification tests showed overall high accuracy in correctly matching the
recorded EMG output measures into the three valence categories (negative, neutral
and positive) on an individual level using persmecific selfratings. A GSVM
classifier wa crossvalidated for each participant, reaching an-afdsample
average accuracy of 82.5%. As these signals were collected using the novel Faceteq
hardware prototype, the results of this initial study confirmed the feasibility of our
technological setip to detect three levels of valence. These high accuracy results
were in accordanagith our expectations as the negative and positive affective states
are physically expressed on the face via distinctively different muscles (corrugator,
zygomaticus; see sgon 2.3.2.

Saying that, one of the advancements of this feasibility study is that in this
study the EMG signals were collected during muooglernvideo presentations, thus
acquiring spontaneous facial muscle activation which is more representative to the
affective responses observed in realld conditions. Other studies often posed
expressions which have been predominantly used for discriminattiemotional
expressions using EMG signdB0], [67], [309] Additionally, the seHlratings of
each participant per videoem e used as o6ground trutho
categories for each model (instead of using the same labels for all users), which are
found to facilitate increased accuracy rates, as they are suggested to be better suited

for groundtruth measuremenf409][309].
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A second advancement of the study was thedhiction of continuous affect
ratings. Moreover, the prolonged CASR training session allowed for users to rate
their emotions comfortably and effortlessly without looking at the mouse. As result,
no major motion artefacts were observed in the data, piudyto the participants
limited head movement but also to the careful fit of the sensor mask interface on the
face of each user by making slight modifications were made for each wearer. This
results in reduced signabise ratios during data acquisitiorhi§ process allowed
us to observe face shape and size differences between participants, which were listed
and explored to inform the design of the next version of the prototype. As stated, the
prototype sensor mask was tested in highly controlled and macdtiastraining
conditions to confirm the feasibility of valence detection using neutral and intense
positive and negative videos. In reedbrid conditions however, the V(Bser is
expected to lookaround and explore the environment around her in 360 deditees
effect of movement on the data was not accounted for in this initial study but was
explored in the study reported in Chapter 6.

The next section will report the arousal detection findings from sensors
embedded on the same prototype sensor mask. flidy $ollowed the same
experimental protocol but the data analysis was concentrating on the heart rate
responses recorded during the stimuli presentation deriving from an ECG and a PPG
sensor. The results from both studies provided further insights foletropment
of the system prototype, as well as assisted on the refinement of both valence and

arousal detection in designed VR applications
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44. Towards an Effedive Arousal Detetion System for
Virtual Reality (FEDEM 2)

This section describes faasibility study to explore the effect of affective video
content on heaate recordings for Virtual Reality applications. In this work, we
proposed a system for the detection of high and low arousal via capturingateart
responses from the face dfetuser using a PPG sensor. An ECG belt was used to
compare the PPG signal. Continuous-salings on arousal from participants were
used for the classification of headte responses to low and high arousal states. The
low-cost rélectedmode PPG sensand the ECG chedtelt sensor were attached

and synchronised via the Faceteq wearable interface, which was specially adjusted
to the needs of this study.

As part of the Faceteq, the PPG sensor was positioned within the frame of
the mask. However, sincegqvious research on facial locations for PPG signal
acquisition indicated higbusceptibility to head movemg#tL0], the podioning of
our sensor and o-wpwas dlso evhluated tlrdugh ithis stkdp. s s e t
Also, based on our work on EMG detection, we expected that in settings where
emotional stimuli are presented, certain muscles of the face would activate, as for
example the frontalis muscles during brow raise. This expressive behaviour of the
face could result to skin movement which would impose additional noise artifacts on
the PPG signals. Although the majority of research on-hatzridetection from PPG
on theforehead focused on recording data from-aarotional settings, our team
investigated the feasibility of HR detection from PPG on the face during stimuli
generated elicitation of affect and spontaneous facial expressions. The same
experimental procedure wéollowed for this study as described in Sectb@
Videos with affective content were used to induce five affective variations of arousal
and valece, namely higlarousing positive, lovarousing positive, higarousing
negative, lowarousing negative and neutral states (see seti#pn

Although ECG recordings have been primarily used for HRV monitoring
due to its distinct pifile of R peaksKigurel10), there might be many advantages of
measiring Pulse Rate Variability (PRV) from the PPG. The PPG is easy to use, non
invasive, coseffective, it involves less sensors and it enables continuoustdomg
recordingg411], [412] However, PPG signals are easily susceptibladgement
artefacts and the detection offRintervals from arterial pulses from distant sources

(e.g. fingertips or legs) could potentially be erroneqd$3]. Researchers have
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explored the improvement of pulse rate estimation from reflective PPG sensors, by
utilising accelerations data (thregis) to remove motion artifactgll4]. PPG
sensors have been utilisieda large variety of experimental studies and on humerous
body locations, includingingers, hands, forearms, earlobes, wrists, auditory canal,
legs, buttocks, and the badd11]. Researchers have also recorded reflected PPG
signals from the forehead using an elastic band for-het@rtand HRV analysis for
the monitoring of soldiers in the battlefigi{Ll5] and neonatal patienf$16]. PPG
forehead placement showed advantages over other peripheral body Ibeatose

it offered greater sensitivity to pulse changes during low bltad [417], and
because it was less susceptible to motion artefacts during destynmovements
[418].

PPG sensors have also been utilised in VR research. Besides placing the
sensors on common bodtycations e.gfingers[419], several attempts have been
made towards facial placement and HMD incorporation, e.g. middle of the forehead
using a headban@20], and directly placed on the face plate of the HMR1].
However, the quality of the signal was not evaluated for these approaches. As PPG
measurements could be susceptible to changes in light perfusions and movement
artefacts, we envisaged that by incorpioagaPPGs on an interface between the HMD
and the useroés skin, we could obtain a cl
detection in VR. Hence, we took this PPG placement approach for this study.

The objective of this study was to test the feasibibit arousal detection
with a PPG sensor placed on the sfiped temporal vein. We also wanted to explore
its performance étiency when compared to an ECG (conventional method) and to
the combination of both modalities, in affective video watchinginggtt Our
prediction was that PPG reading when adjusted on a wearable face frame
superimposing the superficial temporal vein, will be less susceptible to movement
generated from facial expressions, and thus provide useful insights on the level of
physiologcal arousal of the wearer, comparable to the ones provide from ECG

readings.
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4.41. Methods

4.4.1.1. Participants

For this study, the same participant pool was used as per the previous study. Due to
technical issues occurred during data collection, the -nat@rtdad from both PPG

and ECG sensors were only collected from the last 15 participants. Data from further

four participants were excluded from the analysis after data quality assessment. We
observed noise artefacts on the PPG steams related to wrong sersmeptagand

potentially facial movement during the data collection. For two participants the ECG

belt could not be well fixed to the part.i

participants were used (referred to asfa1; 5 female and 6 male), wdhmean age

of 21.5 years (£2.6). Participants did not suffer from anxiety, depression or any
disorders of cardiovascular nature which could affect their lnatrtmetrics at the

time of study Each participant was compensated by a £5 voucher for theeif tim

study was reviewed and approved by the Research Ethics Panel of Bournemouth

University (reference ID: 12025)

4.4.1.2. Materials

The software solutions and hardware devices developed for this study are described
below.
The stimuli presentationi The stimulugpresentation environment was the same as

the one use in the previously reported FEDEM 1 study (seti®h.d.

Monitoring equipment and sensors The interface prototype was equipped with a
custommade PPG sensor (reflection mode) on the upper left side of the mask (see
Figure37), correponding to the area over the sujeal temporal vein and artery.
Additionally, a custormade ECG chedielt was developed comprising two ECG
sensor s, whi ch wer e connected to the

recorded simultaneously.
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Figure 35. High-level overview of the proposed system. The Faceteq prototype is di

on the upper left side.

4.4.1.3. Experiment procedure

The experimental procedure was the same as the one use in the previously reported
FEDEM 1 study, explaied in sectiod.3.1.3 Specifically for this study, participants

were asked to avoid caffeinated drinks on the study day, as caffeine has shown to
trigger increases in blood pressure and hede422], and also decrease the eye

hand coordinatiorp423]. The latter which could affect the continuous -satfings

was an important element of the study, described earlier in se8tiasd4.3.1.3.

4.4.1.4. Data processing

Signal pre-processingi PPG and ECG recordings from all participants were
recorded using Faceteq API (sampling rate: 1000Hz). The analysis steps were as
follows: First, the recorded raw data wditered (Notchfilter: 50Hz; banepass
Butterworthfilter: 0.5Hz and 6 Hz for theA®G, 5Hz and 25Hz for the ECG; order:

2). Subsequently, thé&ltered recordings were divided in 25 seconds long time
window epochs corresponding to each video stimulus, excluding the first 2 seconds.
Each epoch was further subdivided into 4.5 secondslapeb second windows.

Next, a peak detection method was applied on the PPG and ECG epochs, to identify
the Rpeaks. The distances between peaks were calculated for all the detected peaks

within each timewindow.
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Feature extractioni The mean peak distan@@Imean) and the Rod¥lean Square
(RMS) of successive R interval distance (RMSIBI) per epoch were calculated.
The whole feature vector was transformed based on the Miniklaxmum
normalisatior[407] for each participant. The total number of processed samples per
videolength was 48 per metric, resulting for 20 videos to a total number of 960

samples per participant per metric.

Arousal Classification testsi As the automatic state recognition can be constrained
by individual user differences, two scenarios were explored: adependent and a
userindependent approach. The following tests were performed using: (1) the PPG
derived metrics, (2) .nECG derived metrics and (3) the combination of both PPG
and ECG derived metrics. The two outputs (IBImean and RMSIBI) per modality
were used as input to train aStipport Vector Machine (SVM) using a gaussian
kernel. The opesource libSVM framework408] was adopted to train theénary
C-SVM.

Table 7. Agreement scores across users per video (mean values, standard deviation and
Coefficient of Variation).

Video|M (Std), CV [Video|M (Std), CV [Video|M (Std), CV
1 0.7(73), 0.9 |8 1.0 (49), 05 [15 [1.1(.88), 0.8
2 0.4 (1.00),2.5 |9 06(74), 1.2 |16 1.4(45), 0.3
3 1.2(1.24),1.0 [10 [ 05(94), 1.8 |17 [1.5(85), 05
4 02(65), 1.0 [11 1.6(81), 05 |18 1.3(92), 0.7
5
6
7

0.7(86), 1.2 [12 [2.0(90), 04 |19 [1.7(.86), 05
0.8(62), 0.7 [13 12(73), 0.6 |20 | 1.4(84), 06
0.7(1.0), 1.4 |14 [08(66), 0.8

In theuserdependentlassfication scenario, a Hold crossvalidation was applied
for each participant separately. In tieerindependenscenario, we applied leave
oneparticipantout cross validation by pooling all 11 datasets and predicting the
rating of each participant infiwbased on the remaining 10. The two free parameters
of the method (the regularization penalty C and the standard deviation of the kernel
function) were optimized exclusively on the training data for both dependent and
userindependent scenarios.

The coresponding arousal CASR ratings per participant were used as the
ground truth d&nition. Seltreported scores across users in terms of arousal for each
video typically showed low dispersion (ctiefent of variation, CV,Table 7)

indicating high rating agreement per video across patrticipants (the lower the CV
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score, the higher the betweasers rating agreement). Videos which presented rating
disagreemenwere part of the positive emotidmducing categories (videos1D),

indicating higher rating variability during positive content.

The mean CASR value per participant for the wsyendent, and the mean value

across all p ar t iserngependert €cenaria Wererutjiseddsthe t he |
division point for the of high and low arousal classes. The total number of samples

per participant was 960 (total: 10560s). The mean number of samples for high

arousal levels for the usdependent scenario382+20 (mean = SEM; ranging from

368 to 602 samples); and 5852 for all participantsKP1). Thus, the distributions

of the high and low arousal classes were largely balanced, for botamerdent

and useiindependent scenarios.

4.4.2. Results

We tested the feasibility of arousal detection via PPG sensor from theisigber
temporal vein in VR. The S§VM enabled us to map the level of arousal with the
metrics calculated from the PPG and ECG recordings (IBImean and RMSIBI) during
the presentation fofour audiovisual stimuli categories. The results from the
classification tests performed for the udependent and usardependent approach

are presented below.

User-dependent scenarioi In Figure 38, the receiver operating characteristic
(ROC) curves per experiment performed are illustrated. The ROC curve is largely
used as a graphical nhed to show the diagnostic ability of binary classifiers, and it

is created by plotting the true positive rate (the correctly predicted labels for one
class) against the false positive rate (the incorrectly predicted labels for the same
class) of a classdr model. Generally, classifiers that give curves closer to the top
left corner indicate a better performance. In the ROC figures presented below, each
line represents a participant. The areas under curve (AUC) are included on the
bottom right corner of ach plot. The AUCs here are used to summarise the
performance of the each classifier, agemeralmeasure of predictive accuracy
considering all decision threshol{24], since in the goal of this section is to
establish a broad comparison between both recording modalillespite the

variations in performance betweprar t i ci pants, the systemods
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detecting changes in arousal is higher for the fusion versus unimodal approaches for
most of the participant$-{gure38c).
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Figure 36. ROC curves per participant per experiment perforfusdrdependent).

To evaluate the performance of each cfassion experiment, we compared the

AUC per metric in recording modality pairs (e.g. PPG against ECG) using the two
sided Bradleyds test d424],4R5 Theliequltsfrdmi c anc e
this test are reported drable 8. We denote in bold when their AUC means are
significantly different (see details {d24]). Detection performances between PPG

and ECG modalities were sidigiantly different for six out of 11 participants (see
participants 2, 4, 6, 7, 10 and Jk.05). Moreover, the combined PHEEG metric

(termed here the fusion approach), outperforms the PPG and ECG modalities
individually for 9 out of 11 subject§ éble8).

Table 8. Bradley scores between experiments per participant

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11
PPG-ECG -15 | -1.8 0.3 25 -0.7 21 7.2 13 0.2 -3.3 4.6
PPG-Fusion -5.6 -7.0 -3.9 -5.7 0.0 -2.4 7.2 -1.1 -4.3 5.7 -4
ECG-Fusion -4.0 -5.3 -4.2 -8.3 0.7 -4.6 0.0 -2.4 -4.5 -2.3 -8.8
Significance level at 5%c*significant values are indicated in bold

User-independent scenario.The system showed a similar ability to discriminate
high and low arousal levels from ECG, PPG and from the fusion of the two
modalities Figure 39). The AUC values for each experiment are included on the
bottom right corner of the plot. The performance of the system when using only the
PRG metrics was sigficantly lower than ECG and fusion. Finally, the best overall

performance is achieved via the fusion approach (significance level at &btg9.

Table 9. Two-sided Bradley scores between experiments performed.
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significant values are indicated in bold
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Figure 37. ROC curves per experimefuserindependent)

4.4.3. Discussion

We proposed a system for arousal detection in VR settings, by designing a novel

interface which incorporates PPG and ECG sensors. During the study, participants

facially expressed their emotions in response to video stithati resulted into

limited head, and therefore sensor movements. Nonetheless, using tueRRG

metrics, our system yielded a similar detection performance to thede@ed

metrics for 5 out of 11 participants in the ugdependent scenario. This ués

supports

recordi

ngs

our

assumpti on

from

t he

regarding

superficial

t he

Sy st

temporal

variability. Moreover, the fusion of both methods provides an enhanced peré@man

overall, which was expected as the fusion of physiological sensors is highly

considered for the reliable detection of heate, increased accuracy and reduction

of incorrectly detected classes cause by noise or motion artfaéis[427]

The arousal detection issues that occurred in all three classification

experiments for participant 5 suggest that changes in feartiuring audievisual

stimulation are induced and elicited in different intensdi@®ng individuals. Thus,

the detection capacity of the system was less reliable. Additionally, detection issues

coul d

have

resul

t ed

from bad

sensor

(like during laughter) which could also reposition the ses)swr to skin sweatiness.

Over al

t he

performed slightly worse than using ECG. This result could be attributed to the

observed signal quality for this participant sample, and to the aHilR{?G& sensor
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to detect heantate changes during emotional expression. In terms of signal quality,
the signal from the PPG sensor for some participants was clear, demonstrating
prominent peaks throughout the recording, while for others the peaks obsereed w
weak and often mixed with noise related artifacts. Therefore, the position proposed
in this study for the PPG sensor could be selected with caution, following careful
adjustment of the mask and sensor per user before data acquisition, while also taking
into consideration the participantsdé face
emotional expression. Alternative facial positions for the PPG sensors were explored
and used in the next studies. Although RiRgEved metrics achieved lower accuracy

than ECG, PPG sensors are affordable and easy to use, making them strong
candidates for wearable integration in practice. Likewise, although ECG sensors are
difficult to integrate at the moment, we envisage that improved ECG sensors will be
readily availabldor integration with wearable devices and clothes in future. Thus,
given the enhanced performance for the fusioupatemonstrated in this feasibility
study, the combination of both sensors for arousal detection seems a robust approach
for multiple appications incorporating immersive technologies.
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4.5. Chapter Discussion and Conclusions

In this Chapter, the first studies to evaluate the feasibility of the system designed
(including affect induction paradigm, the novel sensowugeand the physiological

data processing flow) to detect valence and arousal as parameters of affect are
preseted.

Prior to the data collection, an affect induction paradigm was designed. A
list of audievisual stimuli materials from a recently published database (at the time
of the study) were carefully selected following a validation survey with 82
participants The video clips were rated in terms of arousal and valence and were
distributed into five discrete affective areas based on the linear combination of the
valence and arousal polarities including neutral, (faur affective quadrants and
oneneutral ara). This design allowed to study the effects of high and low arousal
on our sensors, together with the effects of negative, neutral and positive valence.
As part of the selection process, the familiarity of the target age group with the videos
was also asssed, and videos which were widely known or viewed before were
excluded. This revalidation survey on the selected videos per category permitted us
to confirm the ability of certain videos of the positive category to induce the expected
levels of positivaesponses to our target age group, due to the depicted cangext (
babies), and to identify and exclude extreme negative videos. The video library
created as a result from this survey was used for the subsequent feasibility studies.

The two studies using EMG for valence detection and-BEEG for arousal
detection allowed us to evaluate positively the feasibility of our affect detection
approach in controlled laboratory conditions. A video stimuli presentation
experimental process wasdopted, in order to induce spontaneous affective
responses to participants. In the first study, the detection of positive, neutral and
negative valence was achieved with a mearofgample accuracy of 82.5% across
participants, following a usatependenanalysis and classification approach. In this
approach, a classification model was created per user, and thetisgj§ on valence
per user for each video were utilised as greurath labelling of the classes.

The same classification approach togetinvith a usefindependent one
(where al|l usersd6 data were pooled togeth
which we explored the ability of the system to detect high and low arousal from a
PPG sensor placed on the mask which covered the superfiojdbral artery and

vein, as part of the novel mask prototype. An ECG sensor was also simultaneously
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used during the study, which is censider e
rate detection. Although the sample size of this study was small (fidigeants),
the results for the classification tests showed that the overall ability of PPG to detect
arousal is in most casealghtly worse than the ECG. However, the fusion of both
modalities for arousal detection proved to be advantageous againstirtinedal
approachesconsistent with previous relevant studigs7].

The results of the data analysis for valence and arousal detemigried
with the observations and experience gathered by conducting these studies with
multiple participants offered insights to potential limitations related to sensor
placement (esp. for the PPG sensor), the materials, and the characteristics of the
proposed system. This knowledge was used to improve the equipment, experimental
protocol and analysis pipeline of the third study described in Chapter 6. Specifically
in these studies, the application of the senscugedn individuals outside the
researchteam showed some minor problems with sensor placement due to variant
head and face sizexkin foldsand face curvaturg887]. The empiical observations
combined with the need for careful signal quality assessment for each user informed
the development of the next generation of the Facetaskinterface, and the
6Emt eqVR_appd -time Signalmaniwring. BVe envisage thdamer
sample size and the enhanced technical abilities of the new prototype would enable
the system to achieve higher accuracy on valence and arousal detection, which would
allow for the development of a more robust affect detection model. More
specificaly, we aim to enhance the utilisation of the detection common facial
patterns in clusters of participants for a more accurate valence detection, and a better
PPG placement for more accurate arousal detection.

In both aforementioned studies, the controledure of the experimental
procedure allowed for the reduction of expected rarsigacts derived from the head
movement of the users, but we did not account for facial muscle movement as the
result of emotional expression induced by affective stimiile &ffect of emotional
stimulation on facial muscles was expected and measured usingM@® ensors.

The main objective of building the prototype mask was to combine multimodal
measures for detecting both dimensions of affect. Thus, the simultaneecisotet

of heartrate and facial movement (for arousal and valence) was paramount, and
therefore the noise on the PPG signals caused by facial movement was anticipated.

The highly controlled experimental paradigm adopted for these studies

allowed us to expre the sensors sensitivity to physiological changes caused by
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affectrelated variations, while maintained a clear connection between the stimulus
(as the origin point of affect stimulation) and the resulted impact on the signals
recorded. This clear linketween cause and effect is of great importance in order to
understand not only the physiological
state), but understanghat caused it, and perhaps even combine them to predict
further changes in physiology. Thisrdextrelated approach could provide a path
towards the application of componential appraisal models for emotion de{éatjon
and assist future automatic state recognition (see se&t8al). Ensuring the direct
connection beteen stimulus and effect in VR was further explored for the
development of the virtual stimuli scenarios utilised in the next g@dgpter .

As part of the next step in feasibility for affect detection in VR settings, the
same affect detection approaetas applied in active VR settings, using a
commercial HMD. Naturally, the motionless passive nature of the first feasibility
experiments, does not represent the eday usage requirements of the highly
interactive nature of immersive VR. Indeed, in ViRe user is usually free to
experience the virtual space in three dimensions and look aro86&i(depending
on the capacities of the immersive technology udedthe next study our stimuli
consisted of virtual 3Bpatial environments, specifically signed for creating a
fully immersive setup. This setting could be experienced using motion capture and
head tracking, enabling us to explore further the capabilities of our improved system
to detect affect in VR setting®¥Ve wanted to record naturally @aring affective
states within fully immersive VR scenarios, similar to contemporary VR experiences
that are available on the market. Inspired by research on the feeling of presence and
immersion(see sectior.3.3, we decided to develop a VR experience that allows
the user to explore the room naturally. That is by simply walking around, without
the need of a controller or a mouse for directing theiven@ent. The virtual
environments were custedesigned and programmed to track and control the
affective interactions with virtual stimuli and their parameters within VR, (oe.
know the origin point of the stimulation, what the participant is focusirlg on
Chapter 5 introduces next the design, development, and validation of these virtual

environments.
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Summary of key findingsfor Chapter 4

9 Online survey (Section 4.2)/alidation of a selection of 40 affectiv
videos, i.e. 20 positive and 20 negativdeos, as well as 20 neutr:

videos. These can be used for further studies.

1 Feasibility of negative, neutral and positive valence detection (Se
4.3):Valence detection was feasible as evidenced bysbedependent
(using al0-Kfold CV) classificaton accuracy 082.5% (SD:8.2).

9 Feasibility oflow vs higharousal detectiowith PPG vs ECGsensors
(Section 4.% There was aiggh intersubject variabilityandthe signal to
noise ratio was low(5/11 subjects PPG comparable to ECGhis

finding led to mask design

Chapier

Development and validation of stimulus
material for an affective VR study

5.1. Designing affective interactive VR environments

This chapter is describing the development aalidation of the VR environments

used for affect induction in the VR study. This VR study used the EmteqVR
equipment to detect arousal and valence and it was recorded in the Science Museum
in London. More details on this study, and specifically on #a dnalysis using
classifier are reported in Chapter 6. The introduction will explain the rationale behind
the choices made for the VR environment development, describes how we marked
specific events within the VR scene, and practical solutions for theriexental
protocol. Afterwards, findings from an online survey conducted on 67 participants
will be reported. As an overview, the survey was developed to evaluate videos and

images of the virtual environments as well as specific events that were progtamme
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for the VR scenes. Participants were instructed to rate their perceived level of
valence and arousal, the memorability of each stimulus, and their levels of presence
for each VE video using a Presence questionnaire. Additional questionnaires about
persomlity and alexithymia were given to the participants at the end of the survey.
The user ratings validated the stimulus material selected for each VE and assisted a
better understanding on the affective impact of each individual stimulus/event on
participans. As stated above, the findings from the online survey (see section 5.4)
were used to inform the experimental setup of the study reported in Chapter 6.

As a recap, virtual reality offers a flexible tool for the construction of affect
evoking situationgnd environments, similar to those depicted in popular libraries
of affective images or videos (e.g. IAP&5]). Actually, this tool might be more
powerful than the usually used conventional stimuli as images and videos. In fact, a
progression from using still images to videos has been ddabénvpast research.
Gross and Levensgd28]s ai d t hat AFil ms also have a
ecological validity, in so far as emotions are often evoked by dynamic visual and
auditory stimuld.i that are external to the
screen size, colour, motion, audio incorporati@®5], [429] [432] found in videos
were suggested to influence the potency of the experience thus increasing the
intensity of responses compared to still images. Today, immersive VR technologies
offer highresolution display properties, audio incorporation, high framerate for
movement synchronisation and the animation of features in the virtual space, while
also allowing the design of interactive content. If videos can therefore outperform
images in emotion lieitation, can immersive interactive VR environments
outperform videos and which features do they need to achieve this?

Researchers argue that riké experiences can evoke naturalistic
emotional responses, and so, an immersive simulation can prowdéost
environment for redlike experience$433]. One of the main differences between
noni mmer si ve and 3{usingl MRy experameesris thev levél of
presence they can elicit to the user, which is related to the type etinerthat the
user has with the content and the coherence of body actions with spatial VE structure
[332]. Other factors explained by Singer and Witrf&381] can be cagorised as

control and sensory based, such as the immediacy of control, mode and degrees of

3 Term used according to Kalaws[®61l], who speci fi edaMVRsystéri ul | y i mn

presenting a 3600 information space on a display.
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control, action responsiveness and environment modifiability. By enriching these
6interactivityéd factors in a VE, we can i
presence (see sectm.3.3& 2.4).

In other words, in conservative affect elicitation mediums, the user is asked
to passively observe a stimulus / scene or listen to a sound in a controlled linear
fashion, whereas intheinewr si ve medi um scenario the use
of the image or video, surrounded by it. Within this intricate, sensitive system, a VR
user can experience preserjd84], allowing themselves to get absorbed by the
virtual world, and respond to its content possibly in a naturalistic manner. Perhaps,
the effect of immersive stimuli derive power from not just the function of the
enabling technology (immersiy, but the fidelity of the simulation to the extent that
it covers the subjective expectations of the users within it; the link between
proprioception and sensory data on a physical (e.g., synchronisation of motion
tracking and display) but also a coneegtlevel. For example, if a user is holding a
cup full of coffee and she lets it fall on the floor, coffee should be spilt, or if a fire
starts, we expect to see smoke and feel its warmth.

Immersive technologies can provide the tool for the creationabfike or
ecologically valid, affectnducing experiences which can be implemented in
controlled laboratory conditions. Indeed, nowadays more and more researchers agree
on the effectiveness of Virtual Environment for emotion inducfibfil], [199],

[273], [282], [433] . However, would it be misleading to assume that not all

immersive experiences have this potential and that certain parameters need to be met

to succeed? Perhaps the factors for successful immersion, presence and emotional
elicitatona e | inked. The | evel of i nteractivity
can enhance the immersivity of a simulation and create the powerful sensation of

physical Presend&83]. In turn it has been suggested tavel of immersivity induce

significantly higher selfeported arousal responsgs/1] and that the level of

presence is linked with intense emoti¢2%8], [280] [435].

Unfortunately, the existing research on emotion elicitation using interactive
immersive content is scarce. Additionally, immersive content 86£ videos, also
see sectiorR.4.2, is rarely actively experienced in research studies, to the full
potential offered by the current commercial VR technologies. To be able to progress
in this area of research and development, our team was faced with two main
chdlenges. The first challenge was tlaek of existing librariesvith pre-validated

affective stimuli in highly interactive and immersive VR. Secondly etisting 3
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party applications and VR experiences were not designed to allow for the controlled
study of affective responses elicited in VR, lacked tools and solutions to successfully
evaluate the link between the cause (stimulus) and the effect (emotional impact)
required for the nature of this research. Consequently, our team decided to design
and deviop the virtual experiences required for the adaptation of our affect detection
approach in VR from scratch, giving us full creative and experimental control over
the properties of the virtual environments (VES). The ability of those environments
(and thei elements) to induce the targeted affective impact was validated using an
online survey which is described in sect®B.

As a result, four affecte VEs were designed; one intended to relax the user
(used for baseline recordings before entering the affective scenarios), and three
indoor VEs for the induction of neutral, positive, and negative valence. The three
indoor VEs shared the same room supetas the virtual replicas of a real office
room. Existing literature on the effect of ldewvel audievisual features (e.g.,
brightness, colour hue, sound manipulations) informed the design of the VEs. The
environments were populated with 3D objectsstamuli), which were designed to
enhance the overall targeted affective impact for each VE. Those objects (here are
refereed as O6events6) had various sizes a
virtual rooms, in various locations, taking advantagenefoverall virtual space and
structure of the room replicas, thus allowing the user to experience them by freely
exploring the rooms. Some of those stimuli were static objects while others were
animated. The activation of animated objects including soupide secalled
6i nt eevantdt)i weas programmed to occur based o
(i .e., based on the userodés interaction an:

An eventmarker system was developed to annotate intiea the times
when each evenvas actively triggered and made visible to the VR user. This system
was used to synchronise the timings of activated events with the data recorded from
the physiological sensors. Another key feature of the VR simulation was the
development of a gaZsase interaction system which was applied to track the
stimuli viewed in reatime by the users. This system was completely invisible to the
user, thus allowing them to explore the virtual rooms freely, at their own pace and
volition. This custormmade gazdased interaction system combined with the event
marker system provided the tools controllerfiaear stimuli presentation in VR.

The description of the environments developed together with the stimuli

tracking and evenmarker solutions are presentedhe next section. The ability of
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those VEs (and their elements) to induce the targeted affective impact on our target

age group was validated using an online survey, which is described in &8tion

5.2. Description of the Virtual Environment

In this section, the design of fourlB VEs is described. The environments were
named O6Baebakbhéeon scenebod, O0Neutr al scened
scened. The software ustg3DgameengingBbldto devel op
design the VE scenarios, and Autodesk Maya[&B5] for the design of the 3D
objects.
The first VE was abaselinerelaxation sceneusing a 360 underwater
environment and a smooth water auttack Figure40). Participants of the main
study would be entering thigene before each VE, for at least 2 minutes per visit.
This environment was designed to allow the participant to relax before entering one
of the main affective scenes, thus decreasing the physiological arousal which could
be elevated due to the noveltf the media experience@96]. The idea dér the
introduction of the water element of this VE was inspired by research on the
restorative effects of aquatic environmerg37], [438] We expected this
environment to evoke low arousal and neutral/slightly positive valence levels. The
addition of aquatic elemesitand marine biota was avoided in order to control for
high positive valence rating439].

Figure 38. Screenshot from within the VE used for relaxation and baseline recort

pre-study survey.

The remaining three VEswere based on an existing office space (see photos of
details of the actual room used in AppendiA@pendix Study Materialé ) . The
VEs were mapped according to that space and populated with virtual counterparts of

the physical objects. The virtual office room was 2.3m width x 2.90m lengg0x2.
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height with an allocated walking area of 1.6m x 2m which was consistent between
all VEs. The dimensions and the basic synthesis of the space in those VEs was kept
identical. In all settings, the room contained a bookcase, two office desks with chairs,
a window, lights, two PCs with monitors, a small cupboard with a printer, a garbage
bin, a mirror and two paper notebooks. The individual configurations for each VE
were adjusted to evoke specific affective responses. In the positive VE and the
negative VE several parameters were altered to evoke either positive or negative
affective responses, based on the-level visual modifications and the integration

of static and interactive objects (d6gure4l). The neutral VE was created to evoke

a neutral mood with low arousal levels. These configurations are discussed per VE

next.

148



Chapter 5

Figure 39. Screenshots taken of the three affe@i VES from t he wu
and top view (b, right side). The first one (1a & 1b, top) is from the neutral envirol
the second (2a & 2b, middle) is from the negative one and the third (3a &3b, bottor
positive VE. The square areastlined in the top views (1b,2b,3b) show the perimet

the walking area of the user

Neutral VE. The neutral environment contained all static basic objects of the office
synthesis without the elements that were designed for negative or positive valence
elicitation. The colour palette and temperature was kept in grey and cold faded tones,
with low contast to reduce the possibility for increased physiological arf2g4j,

[440]. No audio samples or interactivesens were planned for this VE. The lighting
conditions were soft and dimmed with smooth shadows. This way the room was not
strongly lighted or bright but completely visible for exploration by the user. A roman
blind was designed in front of the window, reduce the incoming light from the
virtual sun embedded in the scene. The space outside the room, visible through the

window was set to a grey, cloudy view with faded colour detalil.

149



Chapter 5

Negative VE.The colour palette for this room was set to intense, draroatitrasts.

The overall atmosphere was inspired from
Evi | 7 VRO6 and O[Adl]f [@4R])tThedmain lightewerk direat, r 6
switching on and off as if they were faulty using a cushwift switch with short,
randomised timentervals. The walls and floor were covered with an additional
material resembling of dirty, unpainted concrete. The synthesis of lights and textures
was based on the design experience of the research team. Multiple additional objects
(event description ieections.2.]) were placed inside the room, including interactive

and animated spiders, stressful notes, a gitasfigure in the mirror, an anined
shadowfigure appearing outside the window, an animated rat, a candle, litter placed
around the bin, a fire trigger and an alarm. The majority of those events were
triggered by the gaze of the user (see description of thebgesel interaction in
Secton5.2.3, e.g., a shadow outside the window or a ghost face in the mirror. Others

|l i ke the Ospider attackodé ewveampscawdhe be t ri
user. The rest of the spiders were activated throughout the whole VE experience by
slowly follow the users gaze in the room, climbing on walls and main virtual
furniture. Once the user had spent 65 seconds in the scene, a fire wasdyigoere

10 seconds later the fire alarm went off requesting the user to head towards the exit
and leave the room. The fire alarm included a bright, red light circling around the
room in quick intervals and a loud siren. These events were designed todrtheas
physiological arousal towards the end of the experience and intensify the negativity
of valence. Audio were incorporated in all interactive objects, including light bulbs,
the ghost event, the shadow (lightning), the rat, the fire alarm, and teess8dme

of audio were downloaded from the free sound audio lijrt$] .

Positive VE. Similarly, all audievisual paramaters were set to provoke pleasant
feelings with variations of arousal for the positive environment. Multicolour
synthesis was selected, including bright tones with intense colour hues and
saturation. All lights were set brighter across the whole roonaamtense sun light

was designed to enter through the window. The roman blinds were not covering the
view anymore allowing for the user to look outside the window. Along with static
objects including posters, pets, an apple, and pictures, multipledractive events
(descripted in Sectiob.2.1) were programmed to be activated in different time

ranges based on the gaze of the user. These interamtents were: a flock of
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butterflies entering the room through the window, birds flying outside the window,
fairy lights or star dust inside the room, a robot dancing on the table, webcam feed
of the user on the mirror, flowers growing, a plant movingj @m interactive videos

of a goat on a picture screen. Again, audio was incorporated in all interactive events
and animated objects. Approximately after 75 seconds in the room, and if the user
was not engaged with another event/object, the windows wowdd afjowing

laughter sounds to enter the room.

5.2.1. Affective stimuli: Interactive and static events

Table10 shows the list of events and objects per sceseel in the main study. Screenshots
of all objects and events are available in Appendix C. Videos of the rooms and videos/pictures
of the events were sent for evaluation via an online survey to participants (&8}idn

this section, the overall interaction design and how the events can be triggered within the

VESs will be described.

Table 10. List of objects and events for each virtual environment.

Negative Neutral Positive
1 Fire Alarm Bookcase Green plant
2 Documents Clock Baby poster
3 Window- Green Notebook Light explosion
Lightening/silhouette
4 Glitch in viewpoint Grey Notebook Reflection in mirror
5 Fire Guitar Dog poster
6 Overflowing bin Window Butterflies
7 Fl|gker|ng light (bulb News board Robot
fusing)
8 Spooky mirror Calendar/Cup Monitor message

9 Spiders in room
10 Light (bulb exploding)
11 Spilt drink (cup)
12 Rat

13 Spider attack
14  Spooky music
15 Candle/skull*
16 Office room*

17

18

19

Computer Mouse
Desks

Bin

Mirror

Carpet Floor
Monitor

Stardust (Light particles)
Guitar

Flower

Birds

Amplifier

Beach ball

Goat picture*
Backpack*

Pokemon ball*
Office room*

Window (mountains)*

Items marked witk*) were added later on and thus were not included in the survey

Every detail in the 3D VE room was designed and positioned manually Hence, all

objects and their features (such as animations) can be controlled by the programmer.
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Current available VR experiences with tasks like games or creative applications like

painting in 3D, allow the user to interact with 3D elements and control them in real

time. Similarly, in this study, we designed the VEs to allow-fiedk exploration in

3D rooms, as a more natural, innate way of environment exploration rather than
usingcontrdl er s and joysticks. This d6édnaturalist]
could promote and enhance increased feelings of immersion and presence (see
section2.3.3. As the affective stimuli were positioned in context at different

| ocations of the r oom, and since the wuser
own body movements, stimuli were activated when visible to the user or when the

user is directly lookingtahem (using a gazieased technique explained in section

5.2.3.

For this reason, all objects and featu
ani nt eractive marker®é which was activated
are met: (a) the gaze of the user is directed towards the object, and the fixation
duration is larger than 2 seconds, or (b) the time passed since the start of the VE
experiencgbased on a predefined sequence of event activation per VE). Once the
pre-defined conditions for each stimulus were satisfied, an interactive marker was
added with an o611 D6, a number correspondir
events could be active he same time, including two events activated separately by
the userb6s gaze and one event activated b
us to also track the interaction periods on the data stream, by exporting the
timestamps of the activated evetitgjether with the rest of the recorded data

(physiological signals and movement data).

5.2.2. The task and area of interaction

Figure42shows an aerial viewf the virtual office. The starting position of user was

the same across all VEs (point A) looking towards the other end of the room (point
B.) The area was designed to allow the user to approach certain areas and interactive
objects while also avoid sonm¢hers. For example, starting point A, the user could
look to the right and approach the chair and the mirror on the wall, and would avoid
walking onto the virtual tables as they would have perceived as physical obstacles.
The desks were replicas of thetual desk of the experimenter, which also placed in

the same area in the physical world. The idea behind it was to make the overall

experience more believable by giving some of the expected proprietary haptic
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feedback. For example, when the user couldhdhe virtual desk, she could actually

feel the real physical desk.

Figure 40. Top view of the scene used for the VEs. The write rectangle shows the pe
of the user's walking area. The user would start from point A (left figure) then to

while exploring the room, and back to point A (right figure) to exit the scene

5.2.3. Gaze ray-casting for event marking

I n order to find the objects that are in t
ray was casted from the middle of the use
f unc Rayaash © r oPhysitéh el i6bUnity Enging444] was used. Since

the room was overall small and the field of view set awé@e, there were only up

to 4 different interactive events visible at the same time. We prioritised the
objects/ events that were in claes¢hat proxi m
were actually visible to the user, i.e. not hidden behind another object such as a

monitor hiding the poster on the wall or the flowerpot on the desk (see example
Figure43). Figure44 shows the ragasting in real time within the positive VE. In

this figure, the camera icon is the viewpaifithe user looking towards the virtual

robot. In this particular area of the scene the affective, interactive events were the

robot and the monitor. All other objects used as decorative contextual props were
categorised as static objects, e.g., apple sequencil, coffeeup. As seen ikigure

44 andFigure45al | t hese objects and events were
view. For demonstration, regasting lines are displayed in yellow for neutral objects

and in red for interactive.
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Figure 41. 360 viewof the VE. The yellow boxmiddle) shows the area thatsvisible tc
the user.

P .
>
X obotauddy_lron

Figure 42. Side and top view of the ragasting from the viewpoint of the user tows
objecsin the VE. The raysredisplayed inyellow for staic neutralobject andin redfor
interactiveeverts.

Figure 43. Left side:Experimenter view of the sae. Right siddJser viewof the scent

Once the algorithm detected one or more ewasutkers, it activated the
corresponding evefs). For example, looking at the robot activated a specific audio

clip and the robot started dancing based on a predefined animation. The animation

and the audio clip only stayed activated
roba. Otherwise, it would automatically freeze. In addition, all surrounding visible
6staticbd objects were registered as OvVi si

exported with timestamps in separate list (ASCII format).
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Unlike the static objects, all euts were designed to be visible to each
participant for at least one time throughout the VR experience. For this purpose,
certain conditions were designed, which were applied according to the nature of the
stimuli-events. Short events (e.g., email onrttanitor, in Positive VE) were able to
replicate their animation up to 5 times once the gayewas directed at them for
longer than 2 seconds. While longer events (such as butterflies or fire) would only
happen once, following a paefined activation tima (i.e, >60 seconds in the VE).

All interactive objects and events were enriched with audio clips which especially in

the case of the longer events, attracted the attention and the gaze of the user towards

the direction of the event or object. In the cad®re two interactive events were

active at the same time, both their audio clips would be active at the same time. The
volume of the audio clips was programmed
and position, relative to the wave source. Audiosclipm interactive objects would

fade out and stop when the user would stop interacting with the corresponding
objectevent. Some more elaborate events, like fire in the negative VE, triggered a
sequence of other abstract stimuli (inoteractive) such athe fire sound, smoke in

the room, and the fire alarm with the red light. These events were all timed to be
activated within 15 seconds from the acti

6fired event and the o6fise alarmbdé had i ndi

5.2.4. Exiting the scene

Exiting a VE could be executed either manually by the experimenter or by the
participant, via the participantés direct
based VEs. Specifically, the participant could go towards theVitud o or and 6t ou
it with the controller, seEigure46. The door would only open when the participant

had spent at least 70 seconds in the VE. Oncedheipant exited a room, they

would return to the 6ébaseline VEO.
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Figure 44. 36 view of an office based VE. The virtual do@ndicated by the oran
outline, left) was interactive and could assist participants exiting ®#WE 6t oL

with the use of the hand controller.

5.3. Evaluation of elements of the affective VR

environments: An online survey study

The four VEs were designed to elicit different ranges of valence and arousal in VR
(see sectiorb.2). The effects of the design of those environmergsewalidated

using an online survey. Audidsual materials were extracted from each VE and
their corresponding events. For each VE, a whtkugh video was embedded in the
survey (each video showing a VE lasted 76 seconds), which was recorded from the
point-of-view of a VRuser. After each VE video, individual short videos and images

of each event were added (14 events in total per VE). For each VE or event,
participant was asked to rate their perceived valence and arousal using SAM rating
scales embeddeatd the survey. This way, we were able to obtain a subjective
overall valence and arousal rating (per affective dimension) for each VE scene (see
sectionl), but also a rating each stimulasent which gave us insight into the
affective impact differences in between events across multiple viewers (see section
5.3.2.), and inform the design of the VR study presented in chapter 6.

Additionally, to validate the affective impact of the event stimuli, a memory
guestion was added (see sect®8.3). Participants were asked to report whether
they remembered seeing each event in the VE-thatlugh video. We hypothesised
that the memory accuracy will be enhanced for more affective stimulirtban
affective ones. Previous work with conventional (i.e. 2D) stimuli showing that
emotional arousing stimuli are most likely to be stored in memory and recalled
against neutral stimuf445]i [448]. In section5.3.2.3 the memory accuracy scores
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were calculated for each event and threiationship to the affective scores was
analysed.

For each VE scene, a presence questionnaire was added in the survey,
resulting to three total presence scores. The IGroup Presence (IPG) questionnaire
[176], [449]wasadded to measure the expected presence scores. Since the VE scenes
were viewed via videos on a screen on this survey, the level of presence they could
induce was expected to be low. By comparison, the immersive viewing of those VEs
was expected to inducdgh levels of presence in the main VR stuayhich is
described irChapter 6). The analysis of the presence sdengresented in section
5.3.2.5

Participants wereasked to fill a basic demographic questionnaire, a
personality questionnaire (Big, 44 items]450]and the Toronto Alexithymia Scale
TAS20 (20 items]339]. High alexithymia is a trait related to the deficiency of an
individual to identify and describe emotions of their own and others, with various
effects on seffatings and differences in the expected physiological responses
induced by affective stimuli (o see sectioR.3.3 p.68). Therefore, for this survey,
we explored the effect of high and low alexithymia on the perceived valence and
arousal ratingsAdditionally, we analysed the effects of personality traits on affect
selfratings.The results of the analysis are provided on se&igr2.5

In the next sections, the affective impact of each VE and their events will be
evaluated against the intended valence and arousal scores {loeuteabusing,
negativehigh arousing and positivieigh arousing VES). The conclusions of the

analysis are presented in sectioi

5.3.1. Methods

5.3.1.1. Participants

The responses from 67 participants (out of 91) who completed the survey were used
for the following analysis. As part of the initial steps of the survey, the participants
were screened for severe psychological, mental disorders and/or enpefinal
Participants with severe phobias of spiders, fires, enclosed spaces, and of the dark
were not allowed to continue with the survey, registering an incomplete session. We
excluded in total 24 participants, 22 due to incomplete responses and 2 due to

invariant responses. 92% of the selected group of participants were female and 7.6%
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male. The mean age was 19.78 (+2.51). In terms of experience with games, 7.5%
had no experience, 58.5% had little experience (novice), 30.3 % had average
experience with gaes and 13.6% considered themselves as experts. However,
participants had little experience with virtual reality overall, with 36.3% having no
experience at all, 43.9% having little experience, and 19.7% having average
experience. None of the participamnsidered themselves experts with VR. The
participants were recruited from the Sussex Innovation Centre staff and
Bournemouth University student populations via online advertisement. Interested
participants were asked to read the information sheet wihéshreceived via email
before participating. The study was reviewed and approved by the Research Ethics
Panel of Bournemouth University (reference ID: 18848). The participants were
compensated for their time via Sona credits or £5 Amazon vouchers.

5.3.1.2. Material s & Procedure

The survey consisted of three main parts and was programmed in Qualtrics Software
[451]. The first part included a description of the study, the methods used, and the
participation consent form. This part also included a short demographic
questionnaire, on age, gender, fluency in the English language, and level of
education. The experiencépmarticipants with VR and games was assessed with two
questions which were ranged from O6novi cec¢
Questions related to the exclusion criteria of the study were added, such as questions
whether the participants were suffing from anxiety and depression,
encephalopathy, and fatigue syndrome. Additionally, to protect participants from the
exposure to stressful stimuli, participants were screened for extreme phobias to
spiders (arachnophobia), fires (pyrophobia), enclogagdes (claustrophobia) and

fear of the dark (nyctophobia), all of which were related to the stimuli presented.
Participants who responded positive to the exclusion related questions and phobias
were excluded from the study.

The second part was a practicastruction to ensure that participants were
familiar with the format of the survey and the meaning of the valence and arousal
rating scales. Examples were given using videos which were not the VE stimuli. The
participants were reminded that the ratingeath video or picture should reflect
their immediate personal experience, and no more. Then, a brief sound check was

performed using a short bell sound. This ensured that all users could hear the auditory
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information of the videos. The participants weneauraged to relax before starting
the survey and were reminded to take short breaks of up to 5 minutes throughout the
survey.

The preparation step was followed by the evaluation of the VEs. The
evaluation consisted of four main sections, one per VEthe baseline, neutral,
positive and negative VE. The sections were randomised for each participant. Each
for the VE sections consisted of a video which showed the VE from gdérson
perspective within VR (which was always shown first). With the exctusif the
baseline VE, each video was followed by the presentation of fourteen events whose
sequence was randomised. Each VE video lasted approximately 75 seconds to reflect
the duration of the experience designed for the main VR study. The participaats we
instructed to imagine their experience as if they were within the presented
environments. The arousal and valence rating scales were added after each VE video.
Time-based control was added for each VE video to ensure the participants had
watched the whe video before rating it.

Fourteen events per VE scenario (neutral, positive, negative) were extracted
as images and videos giving a total of 42 objexhs to be rated; videos were
preferred for interactive or animated objects/events involving sowars,still
images were preferred for static objects. Per stimuli, we asked the participants to rate
valence and arousal, and answer a memory question (2 levels) about whether they
remembered this event/object from the video they watched earlier. We hypathes
that three conditions were equally memorable, however the most memorable events
within each condition would also be the ones eliciting high affective rating (reported
via SAM) along the two affective dimensions. The scale used for valence ranged
from 1-very negative (unpleasant) tev@ry positive (pleasant), and for arousal from
1 low (sleepy) to 9 high (active, excited). The completion of all questions was
requested by each participant.

Once the VE video and events were rated, participants were @skai
their perceived feelings of presence within the respected VE. The option to view the
video of the VE again was given tejag their memory. The IGroup Presence (IPG)
questionnairg176], [449] was used, consisting of 14 items assessing sense of
presence in virtual environments (e.g.
wo r | ThelPQ is a popular questionnaire in the aredR{[452],[453]) as it has
exhibited good psychometric properties across multiple particigdsdy. Items

from other presence questionnaires, namely Slaseh[455], Witmer and Singer
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[181], Hendrix[456], Carlin, and Hoffman, & Weghor$#57], were also used to
construct of the IPQResponses are provided usingpoint Likert scald63]; rated
from -3 (not at all) to 3 (very muchJhese responses were then mapped to 1 to 7 for
analysis purposes.
At the end of the stimuli assessment (third part), participants were asked to
fill a personality questionnaire (Big, 44 itemgy50]and the Toronto Alexithymia
Scale TAS20 (20 item$339]. An optional comment box for participanwas added
for recording the participants6é feedback.

5.3.2. Results

The results section is divided into five sections: (a) results for each VE condition
(positive, neutral, negativel),(byfesuts anal ys
for each VE condition when analysing eveelated measures relative to the

occurrence of static and interactive objects (section , (c) memory accuracies for each

VE environment and evesstimuli, d) presence ratings for each VE environment,

and d) individual differences in alexithymia, personality traits and their relation to

arousal and valence ratings in each VE environment.

2.3.2.1.Data analysis of the entire VE video

The affective impact in terms of valence and arousal of each environment as a whole
was assessed first. The average arousal and valence scores were calculated for three
main VEs (officebased) and the relaxatitraseline VE (underwatéhemed) across
participants. As expected, the neutral VE was rated as neutral in valence (Mean:
4.81, SD: +1.48) and a low in arousal (2.55 £1.68). The ratings for the negative VE
were low in valence s (3.12 £1.66), meaning they were perceived as negative, and
high in arousalevels (6.13 £1.83). The ratings for the positive VE were high in
valence (6.18 +1.49), meaning they were perceived as positive, and moderately high
in arousal levels (4.55 +2.22). The baseline VE generated for valence ratings close
to neutral (5.54 £1.83and low arousal ratings (3.72 +£2.24). The means (M)
described along with the medians (Md.) and standard deviations (SD) for the VEs
are presented iGrror! Reference source not foundThe mean scores per VE are

also presented on the affective space diagrafgiure47.
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Table 11. Mean arousal and valence ratings for each VE as recorded in the online survey
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Arousal scores

Valence Scores

VE Mean Arousal Md. (SD) Mean Valence Md. (SD)
Neutral 2.55 2 (x1.67) 4.81 5 (x1.47)
Negative 6.13 6 (£ 1.81) 3.12 3 (= 1.64)
Positive 4.55 5 (x2.21) 6.18 6 (x1.49)
Baseline 3.72 3 (£ 2.24) 5.54 5 (+1.83)
Mean scores per condition (VE videos)

© Neutral

A Negative

¢ Positive

O Baseline

—
L
|5

mean arousal
= N w SN (6)] (e)] ~ [0¢] [(e]

1 2 3

Figure 45. MeanvalenceandArousalratingsfor eachVE conditionpresentedrom the first

4

5 6 7

Mean valence

person point of view othe user within VR.

Inter -Rater Agreement for VE videos.The coefficient of variation (CV=SD/mean)

was used as

each vide. Two CVs were calculated as percentages for each VE, one per affective

a

measur e

of

cal

cul ati

on

dimension (all results imablel2). Low CV shows low dispersion and therefore high

agreement between raters.

Overall, the videos showing the walk through in the neutral and positive VEs
designed, were rated in higigreement between participants (@\Weutra= 30.5%,

CVval_pos= 24%) for their perceived valence (CV < 50%, with criteria of 0.50%).

of

The negative scene generated a higher variation in the valence scores across

participants resulting to a lower agreem@iVvai_neg= 52.7%). The arousal scores

of the negative scene showed high agreement between raters sconge§&

29.5%, and good agreement for the positive sceng €3¢ 48.5%. The arousal

ratings for the neutral scene varied across participgitg)g a high CV (low

agreement) of 65.4%. For the baseline VE, the agreement score for valence were
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high (CWal_gaselir =33.07%) while the agreement scores on arousal were low
(CVar_Base: 6022%)

Table 12. Coefficient of Variaion (CV) scores per VE video across survey rates.

VE CV Valence scores (%) CV Arousal scores (%)
Neutral 30.56 65.38
Negative  52.70 29.53
Positive 24.04 48.50
Baseline  33.07 60.22

Valence ratings of VEvideos.As stated above the valen@ings in the negative
scene were the lowest, and ratings in the positive scene were the highest with the
other ratings in between. A ShapMdilk test of normality was performed and
indicated that ratings for both dimensions were not normally distribjpted5).
Therefore,anopar ametric Friedmands test was con
for the four VE conditions. The test showed that the ratings were significantly
different between VE conditions?(3) =91.02,p<.001. Consequently, Bonferroni
corrected posthoc Wilcoxon tests were used to compare each of the conditions.
These tests showed significant differences between most conditions. More
specifically, the valence ratings in the negative VE were significantly lower than in
the neutral VE £ = 5.39, p<.001), the positive VEz(= 6.77,p<.001), and the
baseline VEZ =6.27,p<.001). This is shown by also the significantly higher ratings

for the positive VE than for the neutral VE£ 4.706,p<.001),but not compared to

the baseline VE. The basaliVE had also significantly higher valence ratings than
the neutral VHz = 2.62,p = .036). These findings show that the three ofbesed

VEs achieved expected valence ratings. However, the baseline VE room induced

more positive valence ratings thartially intended.

Arousal ratings of VE-videos.Like for the Valence ratings, 3hapireWilk test of

normality indicated that ratings for both dimensions were not normally distributed,
andthusanepar ametric Friedmandés t easngsfovas cond
the four VE conditions. The test showed significant differences between the four

VEs, ¢3) =79.86,p<.001. Bonferroni corrected pairwise pdstc Wilcoxon tests

showed significant differences between arousal scores reported. More spegifically

the arousal scores of the Negative VE were significantly higher than the neutral VE
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(z =6.78,p<.001), the baseline VE £5.59,p<.001), and the positive V& £4.81,
p<.001), rendering the negative VE as the most arousing condition. The positive VE
had significantly higher arousal ratings compared to the neutral VE5(42,
p<.001), and the baseline VE €2.31,p = .021).Unexpectedly, the baseline VE
also achieved a significantly higher arousal ratings than the n®Eratene £ =
3.91,p<.001).In summary, arousal ratings were as expected for the VEs, except for
the significant difference between the neutral and the baseline conditions.

The results from the statistical analysis showed that the valence and arousal
ratings of the videoslepicting the experiences within the VR scenarios were
significantly different, with the neutral scene being rated as neutral in valence with
low arousal levels, while the affective scenes (positive and negative) were able to
elicit stronger affective stas in terms of high arousal and strongly antithetical
valence levels in the Arousdlalence (AV) space. However, the aquatic baseline
scene did not portrait our initial design expectations, scoring higher in valence and
in arousal ratings than the neutsadene. For this reason, the environment was
replaced by a duplicate of the neutral VE with only the basic architecture structure
of the room and no stimultie final version on the scene depictisdoresentedh
Chapter 8.

5.3.2.2. Event-related dataanalysis

Apart for the VE videos, participants rated all 14 stimuli (objects/events) per scene
(neutral, positive, negative) using the same valence and arousal SAM se@jes (1
The objects/events that were rated are iTti#e55, Appendix C Participants were

also asked whether they remembered the objects/events. The findings for the valence
and arousal ratings are presented here. The findingsdan#émory accuracy are
shown in the subsectidn3.2.3

Mean valence & arousal ratingsln Table13the mean valence and arousal scores
across stimuli were calculated per VE. For the stimuli events in the neutral VE, the
mean valence ratings (across all events) were 4.63 (+0.15) and the mean arousal
ratings were 2.61 (x0.35). For the objects / eventthénpositive VE, the mean
valence ratings were 5.72 (+0.56) and the mean average rating for the arousal ratings
was 4.06 (x0.68). For the negative scene, the valence ratings were 3.45 (+0.45) and

the arousal ratings were 5.18 (£1.04) on arousal. Ratorgsalch object/ event are
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depicted inFigure 48 based on their average valence and arousal scores averaged

across participants. As expected, the evemd objects within each condition

elicited different levels along the valence and arousal dimension, as characterised
within the AV space. The depicted 6VOd sharg

scores reported in several studis8].

Table 13. Mean valence and arousal scores across stimuli per VE

Stimuli/VE Mean Valence scores Mean Arousal scores

Neutral  4.63 (+0.15) 2.61 (0.35)
Negative  3.45 (+0.45) 5.18 (+1.04)
Positve  5.72 (+0.56) 4.06 (+0.68)
condition
@ neutral
@ negative
[ © positive
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Mean valence for each stimuli

Figure 46. Mean valence and arousal ratings for all events in the three VE conditio

x-axis (bottom) displays valence ratings and theaxig (left) displays arousal ratings

The evertbased analysis was made to inform the design fovkhetudy described
in Chapter 6. The results allowed us to find objects/event that did not induce the
required affective range, which was predesigned for each VE, or objects that were
not consstently rated, exhibiting high levels of variability. In general, the categories
were found to be well separated. No stimuli exhibiting negative valence was found
in the positive category, and similarly no positive valenced stimuli were found in the
negatve category.

From the inspection of the events whose ratings approached the neutral, low
arousing area of affective space, for the positive and negative VE, we observed that

they belonged mainly in the groucpresof O6st at
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were recalculated to observe the effect of those objects in the average valence and
arousal scores of each affective VE. It was found that for example after excluding
the static objects of o6guitard athd t he O6a
mean arousal ratings increased to 4.20 (x0.69) compared to the previous ratings of
4.06 (+0.68), bringing the mean arousal score for the events of this VE category
closer to the arousal scores of the negative VE ratings. The inclusion of the static
objects populating each VE allowed us to observe the average affective impact of
each VE from an akstimuli inclusive point of view. As the VR experience was
meant to be explored in an interactive manner, the affective impact of all static
context related gbcts per VE would be dependent on the duration and subjective
interaction per user.

Note, the most arousing stimulus in th
expl osiono ( mean arousal = 5.03) . However
6conf usi ergtéd sanme dmbiguous comments by our survey participants.
Therefore, this event was excluded from the mémstudy. Figure 49 shows the
scores per evet per VE condition in the affective space, based on their mean valence
and arousal ratings (also se&ble55 of the Appendix C).
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Figure 47. Mean valence and arousatings for eachstimulusin each of the V

conditions A list of all stimuli including static objects and animated evéntisplaye

on the right side of each figurd. neutral VE condition. B. positive VE condition.

negative VE condition.
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Inter -rater Agreement. The coefficient of Variation (CV) was computed for each
event stimulus from the SAM scores from all participants. Overall, low inter
participant variationlhigh agreement) was found for valence ratings in all three
conditions (mean_C¥i < 50%). This was also the case for arousal ratings
(mean_CW\r < 55%). Saying that, the participant agreement was a bit lower for
arousal ratings compared to the valencengat as reflected in higher CV scores.
More specifically, high agreement was recorded for valence ratings in the neutral
condition (32.36+3.02%) and the positive condition (30.92+2.97%). The variation
was slightly higher for the valence ratings in thgateve condition (49.99+10.10%).
For the arousal ratings, the highest agreement was present in the negative condition
(41.88+8.54%), followed by the positive condition (53.4+5.56), and the neutral
condition (63.4+3.06%) seBable14. Due to the size of the table, the CV results
per event are attachedTiable56, in Appendix C

The mean CV scores per dimension across all the events per VE
followed the same pattern as the CV scores per VE video ratings (see previous
section). Overall, for both scores, VE video and mean across events per VE, high
inter-rater agreement was observed for positive, neutral valence but not for negative
valence ratings. Instead, higkaterrater agreement was found in the negative
arousal ratings compared to the other two conditions. This pattern observed in the
CV scoes per VE reinforces the need for both dimensionsragifg measures in
order to distinguish between conditions, as otherwise, one rating measure would not

be sufficient.

Table 14. Mean Coefficient of Variation (CV) scores acres®nts per VE condition.

VE CV Valence scores (%) CV Arousal scores (%)
Neutral 32.36 63.40
Negative  49.99 41.88
Positive 30.92 53.40

5.3.2.3. Memory accuracy of events within each VE environment

A quick memory question was added at the e

this object/ event?0. For each stimul us

(1 or 0). All participants answered the memory questions for all events in the survey.
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The memory accuracy levels of an event would allow us to deeply evaluate the

affective impact of our stimuli and identify events which elicited stronger responses

thus leaving a stronger trace in the memory of most participants. Thus, the memory
accuracy scas for the objects/events were used an additional way to evaluate our
study design and to differentiate between affect inducting events araffactive

ones.

[e]
o

Memory Accuracy
D
o

o

Neutral VE Negative VEPositive VE

Figure 48. Mean memory accuracy scores across events per VE condition.

As a first step, the memory accuracy scores for each stimulus were calculated
(average score across participants*100) for each object/event per condition (see
Figure50). For those, we also calculated the mean memory accuracy averaged across
all events per VE condition. The results showed similar mean scetezdn
conditions. The mean accuracy across events for the neutral condition was
71.12+39.02, for the negative condition was 68.66+36.20, and for positive condition
was 76.33+37.80. The memory accuracy scores were tested for normality and
homogeneity of vdance. Thenopp ar amet ri ¢ rel ated sampl es F
average memory accuracy scores across events per VE showed no significant
differences between the VE conditions, showing that all three conditions were
equally memorable. Note, the variatyiliof the answers was high in this online
survey. These results showed an overall high average level of memory accuracy for
all three scenes.

Next, the mean memory accuracies per event across participants were
examined in reference to their correspondialgnce and arousal rating scores. The
memory accuracy scores for each event are presentédod@l5. The events per
VE condition that scored the lowtesy memory accuracy (lower 25%) and the events
that scored the highest scores (upper 25%) are highlighted with pink and green colour
respectfully.

From the stimuli used in the negative

the most memorable, which waalso the most arousing, events{\=3.76,
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Asco= 6. 66), foll owed by t hecwdddAsc®4d (ghost
and O0spider sd  a@d&t2.665 Acoreb.90p Similarly, mhe must

memorable stimuli for the positive scenewert he Obutterfl i esé, t h
6dog poster 6, wher eas, t he | east memor ab
6 b aNot durprisingly,the least memorable objects/events across all three VE
conditions were the stdaguict aorb§,e cd &g c lsmecrht
not ebook 6, and 6rubbish bind (mean memor a
all scenes, they were not expected to be memorable nor arousal eliciting. The
remaining objects and events rendered a high memorability (betwe®3% with

the exception of the o6ératd event in the 1
expected; the low memory accuracy score could be caused by the reduced visibility

of the event in the video used in the survey (located on the lower bottora of th

screen).

Table 15. Mean memory accuracy in percentage for each stimulus in each condition.

Neutral VE Negative VE Positive VE
Stim.ID M Std. Stim.1D M Std. Stim.1D M Std.
Bookcase 91.05 28.55 Fire Alarm 86.57 34.10 GreenPlant 89.55 30.59
Clock 61.19 48.73 Documents 22.39 41.68 Baby Poster 70.15 45.76
Green ) ) ) )
55.22 49.73 Lightening 91.05 28.55 Light Explosion 88.06 32.43
Folder
Grey ) ) Mirror
41.79 49.32 Glitch-View 55.22 49.73 ) 85.08 35.63
Notebook Reflection
Guitar 50.75 49.99 Fire 89.55 30.59 Dog Poster 88.06 32.43
Window 89.55 30.59 Rubbish Bin 26.87 44.33 Butterflies 95.52 20.68
Flickering
Newsboard 71.64 45.07 Light 91.05 28.55 Robot 95.52 20.68
19
Monitor
Cup 35.82 47.95 Mirror  94.03 23.69 88.06 32.43
Message
Mouse (PC) 76.12 42.64 Spiders 88.06 32.43 Star Dust 83.58 37.04
Desks 97.02 17.02 LightBulb 74.63 43.52 Guitar 44.78 49.73
) Cup (Spilt
Bin 55.22 49.73 ] 23.88 42.64 Flower 52.24 49.95
Drink)
Mirror  83.58 37.04 Rat 41.79 49.32 Birds 76.12 42.64
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Spider
Carpet 92.54 26.28 P 97.02 17.02 Amplifier 55.22 49.73
Attack
] Spooky
Monitor 94.03 23.69 Musi 79.10 40.66 Ball 56.72 49.55
usic

TOP 25% BOTTOM 259

Based on the hypothesis that the memory accuseasesare enhanced for
more affective stimuli, Spearman correlations between the memory accuracy scores
(following tests for normality, see sectiBr6.4 and the valence and arousal ratings
were analysed, separately for the positive and negative VE condition. The findings
(Table16) show that more posite or negative the valence ratings (deviation from
neutral) and higher arousal ratings are strongly correlated with higher memory
accuracy. Please note, valence and arousal ratings were strongly intercorrelated
(r(12) = .68,p = .007 for the positive VE,(12) =.94,p<.001 for the Negative VE,
andr(12) =.49p =.018 for the neutral VE) which makes it more difficult to interpret

this finding (see discussion).

Table 16. Correlations between memory accuracy and the valence and arousal ratings for

each affective condition.

Memory scores * Corr. Coef. (r) P (Sig)
Valence (Negative VE) -86* <.001
Arousal (Negative VE) .92* <.001
Valence (Positive VE) .58* .032
Arousal (Positive VE) .69* .006

*Significance at a 0.01 level

Two simple linear regressions were calculated to predict memory accuracy based on
the a) valence distance from mean and b) on arousal ratings per stimulus. Valence
distance was calculated as:

Valence Distance abs (valencémean)wheremean = 4.6.
Valerce distance scores significantly predicted memory accuracy sberd$.40,
t(1) = 3.23 p=.003. Valence distance scores also explained a significant proportion
of variance in memory scores? & 0.216,F(1,40) =10.47p = .003. Similar results
wereobserved using the arousal scdbes 7.11 ,t(1) = 4.43 p < .001, with R of
0.172 ,F(1,40) =8.31p = .006. This finding is also displayed Figure51. In line

with the previous correlational analyses, the findings from the regression analysis
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show that memory accuracy can be partially predicted by the affective value of an

object / event, as measured by the valence and arousal ratings.

9 9
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Figure 49. Leftfigure- relationship between valencatings(y-axis) and memorgccurac
for eachstimulus. Righffigure - relationshipbetweenarousalrating (y-axis) and memo
accuracy(x-axis) for eachstimulus. Red dots are representing stinpriesented in tt
negativeVE condition, green dots represent stimuli from the positive VE condition,lag

dots represent stimuli from the neutral VE condition.

5.3.2.4. Presence Ratings for each VE environment.

The IGroup Presence questionnaire was answered after each of the three affective
VE video clips (positive, neutral, negative) in the online survey. The questionnaire
is consisted of three independent subscales and a general item not belonging to a
6spati al
(the 1| e

es
VE) ,
experience in the VE)
of realism in tle VE) [449]. The additional item assesses the general feeling of
t he
for the general presence were calculated across participants for each VH aluleo.

ar e pres

subscal
t he

subscale. i e namely

present in 6i nvol vement o

reall

and Oexperience

presence as 6sense of beingd in the V

17 shows the result per VE condition.

Table 17. IGroup presence mean results per subscale and condition

Neutral VE Positive VE Negative VE
General Presence 1.75(x1.72) 1.94(+1.62) 3.06(x1.74)
Spatial Presence 1.87(x1.24) 1.96(+1.33) 2.80(+1.43)
Involvement 1.64(x1.21) 2.27(x1.25) 2.78(x1.43)
Experience realism 1.80(%+1.11) 1.38(x1.09) 1.84(x1.20)
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As expected, all three conditions scored low on presence because VE experiences
were presented as videos through-imamersive interfaces in an online survey. The
mean presence score for the neutral condition was 1.77+1.02, for the positive
condition 1.894.13, and for the negative condition 2.62+0.55 (see scores for all four
factors per condition iRigure52). In Figure53the presence scores as the expression

of the three main subscales (involvement, reality and spatial) per condition are

shown.

6

hiknd miand DEalE

Neutral Positive Negative
B General Tlnvolvement D Reality BESpatial @Mean

Figure 50. Plot showing average presence scores per condition.

Inv60Ivement

4
2

Spatial Reality

- Neutral Positive =——Negative

Figure 51. Radar plot showing average scores for each subskalelvement, spatii
presence (O6Spatiald) and experience r.

from this radar plot.

KolmogorovSmirnov and ShapirVilk tests of normality were carried over the

average presence scores for each dimenshich indicated that the presence scores

for the neutral and positive scenarios were not normally distributed. The difference

between the three conditions in terms of presence was statistically significant as
shown by a F rsamepksmdOdiby ranks ¢3(a)t= 84dl7p < .001).

Wilcoxon tests with Bonferroni corrections were conducted to evaluate whether the
participantsé scored higher average prese
others. The results indicated significant differencesveen the neutral and the

negative conditionz = 5.55,p <.001, where mean ranks in favour of the negative
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conditions was 36.57 while the mean of ranks in favour of neutral was 19.67), and
the positive against the negative scottes {5.12, p <.001, whee mean ranks in
favour of the negative conditions was 38.13 while the mean of ranks in favour of
positive was 19.03). However, the difference between the presence scores of the
positive and the neutral condition was not significant. As a result, it watuckewdl
that the negative scenario drew significantly higher feeling of presence than the other
two scenarios, even though they were all watched as-eepoeded video in this
survey.

Since the negative scenario elicited also high arousal ratings (siee &gc
we investigated the relationship of presence scores with the arousal scores for each
condition. Interestingly, we found a significapositive correlation between the
arousal ratings and the presence ratings for the negative sceraf®B62, p =
.003). The correlation between the arousal ratings for the positive scenario and the
presence scores was also tested, and was found sigthfipasitive (r = 0.257, p =
.036). These results show that mean presence scores in our sample increased with
higher arousal, regardless of the polarity of the affective context, whether positive or
negative. As a next step, the correlation between valstares and presence scores
showed a negative significant correlation for the negative condition.263,p =
.031) but not for the positive scenario (r = 0.84; .054). Once more, the results
confirm the relationship between highly affective contaml presence ratings as

discussed in sectidh3.3

5.3.2.5. Individual differences in alexithymia and personality and their

relation to arousal andvalence ratings in each VE environment.

Alexithymia. The Alexithymia scores were calculated per person and a simple,
binary categorisation of the score was made based on a division point (division point
=51) as used in previous resed@B0]. With this categorisation, alexithymia scores

hi gher than 51 were | abel | ed7parscipants,i gh o6
17 were <categorised as having Ohigho

alexithymia.
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Figure 52. Mean valence and arousal ratings per alexithymia group. Left figuear

valenceratings for each condition. &t figure: Meanarousal ratings for each condition.

The left side oFigure54shows that valence scores for people with high alexithymia
were slightly higher for the negative and neutral conditions. In other words, the
valence perceived by participants with high alexithymia was not affected by the
stimuli manipulation (affective V& as much as the participants with low
alexithymia. The effect of alexithymia on valence scores was explored with a 3 x 2
mixed ANOVA with the withinparticipant factor the three VE conditions and the
betweenrparticipant factor the alexithymia group (laxs. high alexithymia levels).
The dependent variables used was the absolute valence distances between negative
and neutral, and between positive and neutral (as in sécBdh3. The result of
the test showed that there was no significant main effect of the alexithymia group on
the valence rating$-(2,130) = 3.43p = 0.68).

In the right side of shows the mean arousal rating of each condition for the
alexithymia goups. A higher mean arousal rating was observed on the participants
of the high group in the cases of neutral and positive condition, and slightly lower
means arousal rating for the negative condition. A 3x2 mixed ANOVA was
conducted to compare the effaftalexithymia group on the arousal ratings in the
three VE conditions. There was not a significant effect of alexithymia groups on the
arousal ratingg;(2,130) = 1.17p = .314. The group division was unbalanced, since
only about 25% per cent of our par ci pant s coul d be <categ
alexithymics. Overall, the effects of alexithymia of A/V scores were not found to

have a significant impact on valence and arousal scores.

Personality Traits. In this section, findings regarding the relationsHigach trait
(extraversion, neuroticism, openness, agreeableness, and conscientiousness) with the

arousal and valence ratings from the survey are presented. Due to the sample size

174



Chapter 5

and the absence of any control metrics or supervision in place for theetiom olf
the personality questionnaire, we present the following findings as preliminary
results.

To explore the effects of those five traits on the valence and arousal ratings
reported, 3 x 2 mixed ANOVAs with the factors |[VE condition (positive, neutral
negative) and Group (low vs high personality trait). These ANOVAs were conducted
for each personality trait (5) and for each rating type (arousal vs. valence), separately.
The groups were created by using a median split to define a high and a lowycategor
Table18 shows the number of participants for each group. As in previous sections
the results for valence ratings are described first.

Table 18. Number of participants per trait category (high, low).

High category (N) Low category (N)

Extraversion 31 36
Agreeableness 33 34
Conscientiousness 32 35
Neuroticism 33 34
Openness 32 35

The findings from the ANOVAs performed on the valence ratings are presented in
Table19 andFigure53.

Table 19. Analysis results from effect of personality traits on valence ratings.

Personality Main Effect Main Effect InteractionGroup
Trait Group VE Condition x VE Condition
Extraversion - - -
Agreeableness - - -
Conscientiousnes: - - -

Neuroticism sign - sign

Openness - - -

For the neuroticism traithe analysis revealedsignificant main effect of Group
(F(2,78) = 3.95p = .023) The mean scores are showrFigure 53. Across all
conditions, people in the high neuroticism group had higher valence ratings (5.1)
compared to peple in the low neuroticism group (4.3). However, this effect was
further modulated by VE condition type. More specifically, Bonferroni corrected
independent-tests did not show significant group differences for the neu{Ga)(

= 1.40,p=0.5) and for lhe positive VE conditiong(65) = .34,p=2.2), but for the
negative VE conditiont(65) = 4.33p<.001). Here, higher valence ratings.{N=

175



Chapter 5

3.9) were given by the high neuroticism group compared to the low neuroticism
group (Now = 2.4). Note, for both neuroticism groups, valence scores were highest
for the positive VE condition, medium for the neutral VE condition and lowest for

the negative VE condition. However, the high neuroticism group rated the negative

VE as less negativéan low neuroticism group.

P NWAOOTONOOO

T

Neutral Positive Negative

m High neuroticism z Low neuroticism

Figure 53. Mean valence ratings for high and low neuroticism groups.

Following the same process, the effects of the five personality traits on arousal
ratings where analysed. The findings are preskirt Table 20 and mean arousal

ratings per group and VE condition are showFRigure54

Table 20. Analysis results from effect of personality traits on arousal ratings.

Personality Main Effect Main Effect Interaction

Trait Group Condition Group x Condition
Extraversion - - -

Agreeableness sign
Conscientiousness -

Neuroticism - - -

Openness - - -

Significant effects were found for the agreeableness trait where a significant interaction
between group and VE environment can be repofié {8) =6.33p = .003). This
interaction was further analysed using Bonferroni correctedipmsttests. First, VE
condition differences were analysed for each group separately using piaisesi tt was
found that for the low agreeableness group, sabratings were lowest for the neutral
condition (Aow-neu = 2.2), at a medium level for the positive conditiomfos= 4.1and at
highest for the negative condition ginec = 6.4). All ratings were significantly different
from each other (Neutrdositive: t(33)=5.29,p<.001, NeutralNegative:t(33) =-11,65,
p<.001, PositiveNegative:t(33)=5.95,p<.001). However, this was not the case for the
group with high agreeableness scoreggfeu = 2.9, Anighros= 5.0, Aighnes = 5.8). Here,
significant arousal rating difference were found between the positive and neutral conditions
(t(32) = 4.51p<.001), and the negative and neutral conditia(82)=7.04p<.001),
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but not between the positive and negative condititB&) = 2.2,p=.10).
The latte result showed that this group rated both negative and positive VE

conditions as high arousing. Note, there were no significant group differences
between the low and high agreeableness groups when each of the VE conditions
were analysed separately with independdssts (Neutral arousal rating$65) =
1.58,p=.33, Positive arousahtings:t(65) = 1.53p=.39, Negative arousal ratings:

t(65) = 1.13, p =.78).

P NWMOUOO N OO
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Figure 54. Mean arousal ratings for high and low agreeableness groups

In summary, two of the personality traits (extraversion, introversion, dijesess,
openness, neuroticism, and conscientiousness) were found to have affect the valence
and arousal ratings for each VE. High agreeableness was found to produce similar
high arousal ratings for both positive and negative VE scenarios. High agreeable
people are expected toollaborate[459] and perhapde more succumbed to
experiment bias, thusting the VEs in a manner that would benefit the researcher.
The trait of extraversion was not found to significantly affect with valence distance
and arousal ratings, although extraversion has been suggested to be linked to
increased experiences of positiemotions in the pag#60], [461] The tests
conducted showed a sigicéint difference on valence scores between people with
high and low neuroticism, which was significantly prominent in the negative
condition. The mean valence scores indicated relatively more positive ratings for the
members of the high neurotic group cargd to the low one. We would generally
expect highly neurotic individuals to have a tendency towards experiencing negative
emotions more intensely462], and therefore raté¢he negative videos more
negatively. These studies used different types of stimuli including realistic

photographs, human faces and intense negative featurds@og. etc. which have
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an active reference to relifie. In our case we used virtual spat&imuli of nor
human objects, which were created to represent existing objects. Thus, our stimuli
potentially do not reflect the same affective impact as the stimuli used in other
studies. Perhaps this effect could be investigated in the future stddiesver, this

effect was not visible in our valence ratings, which indicate that the vid#ute of
negative scenario did not have the expected negative effect on people with high
neuroticism. It is though worth noting that the sample size was limited and the
responses from both groups exhibited high standard deviations in their valence
ratings. Additionally, as the online survey required approximately 50 minutes for
completion per participant, it is possible that these effectthe ratings could be
influencel by fatigue ankbr boredom.

5.4. Chapter Discussion and Conclusions

In this chapter the development and the validation of the VR environments designed
to induce different variations valence and arousal were described. In &e2tithe
process of designing the environments as a replica of an existing office room was

explained, as well as the spatial elements including a balanced number of audio

visual stimuli per VE Whch were divided into O6intera
objectsd). A -spstero pvasi develapedy to deteet rand track the
apparition of stimuld:. and the userbds enga:

system permitted the tagging of eventarkers and the saving of those from within

the application for synchronisation with physiological signal data. Interaction
mechanisms were developed and incorporated within the virtual simulation in order

to a) trigger certain interactive events basechoet user 6s movement and
|l i near interaction), and to b) facilitate
so that they could explore and experience the contents of each room in a personalised
manner. Special effort was put in the desigeach environmerftom 3D objects,

3D-sounds, animations and textutegphysics and light/shadow rendering, to create

an overall realistic space for the user to feel present within. The validation of using

the designed virtual environments (as well &dtimuli which populated each) as a

method of affect induction, was made by creating and disseminating an online

survey.
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The survey (explained isection5.3) included videos of the environments
recorded from the point of view of a user in VR, as well as images from each
object/event (1 video and 14 stimuli in total per VE). The conditions (VES) were
randomised between themselves, and within eachinthges of the stimuli were
also randomised. The participants were asked to rate their perceived affect in terms
of arousal and valence using SAM scores for both videos and stimuli. The mean
affective scores for the stimuli werevalidated against memoagccuracies scores,
which were calculated by the participants
the object from the initial VE video. Additional questionnaires on demographics,
presence and individual differences in alexithymia were also added. linféota
virtual environments were validated, a baseline, neutral, positive and a negative.
With the exception of the baseline, each VE was designed to stimulate a predefined
(by design) range of valence states (either neutral, negative or positive), with
different variations of arousal evoked by various stimuli within each environment.

Responses from 67 participants, showed that the videos of Hseaftario
conditions achieved to induce the expected mean arousal and valence ratings. More
specifically, theneutral scenario elicited neutral valence and low arousal, while the
positive and negative scenario elicited highly positive and highly negative valence
respectively, and abowaverage arousal, which was found to be increased for the
negative VE (see Séch 1). With the exception of the baseline VE, the conditions
were found to induce significantly different valence and arousal scores from each
other. The baseline environment was rated as more positive and more arousing than
the neutral environment, against our initial expectations, which prompt us to redesign
this environmenfsee AppendixXC for more information).Overall, the validation of
the VEs and the individuatimuli used was an important step towards studying and
reliably inducing affect in VR. As shown by the example of baseline environment,
it is imperative that more research groups take a similar approach irieiterpret
their data more accurately before stepping directly to physiological data collection.

Apart from the ratings per VE video, the valence and arousal ratings per
event (14 intotal for each scenario) were also analysed. Primarily, the average
ratings of all stimuli per VE were calculated and analysegalidating the ratings
per VEvideo which were earlier observed. The ratings of the stimuli for each VE
allowed us to inspac¢he effect of the environmental properties in more detail, and
to find and exclude those that did not induce the affective ranges desired.

Interestingly, the stimuli which were rated as more arousing and highly valenced,
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were the VEspecific interactiveones compared to VVEpecific static objects and
other elements which existed in all VEs. The interactive events were also the most
memorable, as confirmed by the memory accuracies scores. Significant correlation
was found between memory accuracies, valeand arousal scores. Linear
regressions also showed that memory accuracy of a stimulus could be predicted by
their affective ratings. Overall, all three VEs were equally memorable, as expressed
by the mean scores across the stimuli per VBese results age with the
relationship between affect intensity and memory (see se:808.3.

Presence scores were also reported in this survey for each VE video. We
expectedthat the presence scores withing those VEs would be higher using VR
technologies in the main study. Indeed, the level of presence was rated low, which
was expected due to the nature of the experience and the type of the-content
presentation tool that wased. When the presence scores between the three VEs
were compared, a significant difference was found, with the negative VE provoking
higher presence scores than the other scenarios. Tests indicated strong relationship
with arousal ratings for both posié and negative VESs, which agrees with the theory
discussed in Sectioh.3.30n the relationship between presence araisal This
result also suggts that by utilising high arousing affective elements a VR designer
may be able enhance the presence levels that users feel within.

The individual differences in alexithymia in relation to the valence and
arousal ratings for each VE were also exploredghHalexithymia can cause
di fficulty in recognising and regulating
an influence on how physiological responses are elicited in an affect stimulating
context (see sectidh3.3. The differences between the two groups however did not
yield statistically significant resultsTherefore, he effects of alexithymia on
physiological responsaverenotfurther explored in the nestudies

In summary, the design of the affective, virtual experience comprising of
three virtual room replicas, was validated by the survey. The validation was three
fold, using SAM ratings per environment, SAM rating per stirmuand memory
accuracy scores. This affective library specifically designed for immersive
consumeiVR headset, is to our best of knowledge the first involving 3D, interactive,
virtual environments and individual objects/events which are triggered lyshe r 6 s
actions, mapped to existing physical room to allow the user to naturally walk within

it. The designed VEs were used for our next study, the Feasibility study 3 (termed
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VR study), involving physiological data acquisition from participants wearindRa V
headset at the Science Museum in Lonegplained inChapter 6

Summary of key findingsfor Chapter 5

9 Four interactive 3D VR scenarios for affect induction were created

validated using an online survey.

9 Threeof these designestearios(neutral,positive and negative scene)

were able to induce low arousing neutral, hagbusing positive and

high-arousing negative responsegarticipantsThese were compared

to the fourth baseline scenaribhis validation was threfold from

postVE ratings, réings per event/stimulus in each scene and fro

memory accuracy scores.

1 An eventdetection system was developed based on a custom

tracking for dynamic data annotation in réiahe. This system along

with the validated &enarioswvere used in the nextusly.
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Affect Detection in Virtual Environments
(FEDEM 3 study)

6.1. Introduction

In this chapter we will describe the third study designed to explore the feasibility of
our technologies to detect affect in virtual reality settings. Until recently, affect
modulation was implemented predominantly using-momersive technologies and
stimuli. Affect stimulation can be influenced by the level of involvement of the user
with the content provoking realistic responses and experi¢488k In VR this can
be in turn reflected in the level of presence the users feel, which can be affected by
the level of immersion of the technologies utilised as expldmedction2.3.3

Currently, immersive technologies offer advanced, lighight user
tracking methods combined with higlasolution graphic tools. These advanites
turn encourage the overcoming the traditional use of these technologies in seated
experiences with distractive and cumbersomeupst and move towards the
incorporation ofunintrusive, wearable technologies for naturalistic exploration and
interactionwithin VR. Currently, the number of studies that utilise virtual reality as
an emotion induction toare scarce. However, in the majority of those, ¢84],
the experience of the user with the content is often spatially andcplysi
constrained. Nowadays, multiple affective databases of images, videos, and even
360° immersive videos exist. However, all of these require passive obbkever
participation of the user, not taking advantage of tden®nsonality offered by this
constantlyadvancing VR medium. The utilisation of 3D VEs have started to emerge
in emotion research (such @94], [463], [464). However, as far as we are aware
the effect of active exploration within immersive VR settings on affective responses
(compared against pagsiobservation) has not been sufficiently investigated. The

presented study addresses this issue.
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For this, a fully immersive VR experience comprising 3D affective VE scenarios
was custorrbuilt with two modes of interaction: active and passive. The airtteo

study were: firstly, to validate the affedétection system and the proposed sensor
setup (see description of the system in secBd?) for use within virtuhreality
experiences, and secondly, to compare the ability of the system to detect voluntary
facial expressions and spontaneous affective responses recorded within directly
(inter)active and vicariously passive VR conditions. As affect detection studies i
VR were scarce at the time of the study, and existing libraries on affective stimuli
were limited to 2D content, custemade humaiscale 3D virtual environments
(VEs) were designed for the purpose of this study.

In short, the VEs developed were repdiaan an existing physical office
room. Each replica was populated with 14 awdswmal stimuli (referred to as
6events6) and decorative elements corresp
that each was indented to evoke (see section 5.2. for moits)défa allow for
naturalistic interaction and exploration in VR, the VEs were designed to be explored
using a commercial headounted display (referred later as VR headset), which
allowed the user to look and move freely in various directions, by langraigh
resolution motion orientation (via IMU sensors), and mapping that position and
orientation to the view of the 3D VE inside the VR headset (see s@cBih

In order to fully utilise the fregvalking capabilities of the VR technologies,

a usergaze based interaction tracking system and an ewarker system were

developed. These systems enabled us to track the elements of the space that the user

was looking at, and thus provide the link between affective responses and the stimuli

in nortlinear, immersive VR experiences. These systems allowed the analysis of
physi ol ogical changes in relation to the ¢
importanceof context for the interpretation of affective responses was explained in
section?2.3.1The study paradigm designed for this study could assist in future studies

utilising immersive VR technologies.

The study presented in this chapter was to our best of knowledge the first
large scale affectetection study where commercial VR technologies were utilised
(with freewalking capabilities) in conjunction to physiological data acquisition. For
this study,the affect detection system (with novel sensorupgtwas used as
described in chapter 3. The sensorgetvas designed for unobtrusive integration
with existing commercial VR devices (i.e., HMDs) leveraging the potential of fully

immersive freavalking VR experiences; a medium that has the capacity to become
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the ideal experimental tool for behavioural and affective sciences (s@cBdh
The proposed sensor sgi was mounted onto an existing higdsolution
commercial VR headset (which is fitted on the face and head, thus providing constant
contact with the skin of the wearer). Moreover, it was designed to transmit
continuous readings from the sensors wirelesdtyBluetooth connection.

For both interaction modes, active and passive, the commercial Vive VR
headset by HTC was ugdé5]. Theactive modeavas huilt in the way that allows for
users to explore and interact with the-8iaces. The active users were able to walk,
explore and even make actions to affect the outcome of an event. In the active VR
scenario, interactive stimuli were embedded within t#i& &ivironments and the
participant had the complete control over her movement and duration of interaction
with the surrounding stimuli. To control the interactititgvels between the two
groups, but also ensure that both are exposed to exactly sameicE@and events
for compatibility, prer ecor ded vi deos of real active wu
were used in thpassivemode. This way the event triggers were not influenced by
the userdés actions and the durestweren of ¢t}
merely observers in a vicarious, seated experience. The stimuli were recorded
through the point of view of participants within the active scenario and presented to
the participants of the passive scenario 6B &creen within a VR cinema
environmat. Importantly, one of the main differences between the two scenarios
was the level of interactive control that the user had, e.g., being insiflesp&ce
versus watching it through a2 video (see factors of presence described in section
2.3.3.

For the purposes of this study, three additional VEs were designed apart
from the four affective VEs, bringing the total to seven VEs. More specifically, we
designed(la oO6training CASRS83(eXRNaiandd R mdaedta
(3) a 6home cinemabéd, (4) a 6Baseline VEGO,
(7)) Megatd ve VEO) . The first t wo VEs wer
purposes. The training CASR scene was used to train participants how to use the
CASR system to rate their felt affect along thaxis of the controller corresponding

to valence and the-gxis corresponding to arousal. The VR adaptation scene allowed

4Interactivity here is used as the level of enriched interaction the user can have with the
virtual world, involving control and sensory factors explained by Witmer and Sjh8#&}
as the degree of control, immediacy, environmendiffability, multimodal presentation,

degree of movement perception and active search.
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users to perform a similar task to the main study in a dedicated virtual environment
that was not used in the main study. This environment allowed them to learn the
limits of the walking arearal view events happening all round (360°) in tHB 3

virtual space. The third was the main VE for the passive group, and the remaining
four environments were designed for the Active group (the differences between the
two groups are explained in sectiér2.4. The baseline VE was designed for
baseline recordings and to allow participants to relax between conditions. The three
remaining VEs were designed to provoke atege, neutral and positive affective
states. These three environments sharing common architecture, were populated with
events designed to stimulate various combinations of valemeesal. The selected

VEs and events were pevaluated in an online survessing videos and pictures

(see section 5.3.2). The gdzased interaction algorithm implemented for the active
mode of the study, recorded and mar ked
experience with the immersive content. These events were then usadkass for

the processing and analysis of the streamed data from both the active and passive
mode.

The main study involved the execution of both experimental protocols
(active and passive modes) at the Science Museum in London for six weeks, outside
labaratory conditions. The participants were divided into two independent groups,
active and passive group. The aim of this study was to investigate the feasibility of
the sensor saip to detect changes in affect within VR and to investigate the potential
berefit from using a highly immersive and interactive-gpt The following related

hypotheses (H) were formed:

Behavioural Rating Measures

H1: The VEs evoke the predesigned neutral, positive and negative affective states
in both groups as measured by contius valence and arousal ratings (manipulation
check).

H2: Participants in the active groups show stronger affective responses compared

participants in the passive group.

H3: Affective positive and negative VEs are more arousing and memorable than the
neutral VE.
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H4: Participant in the active group feel higher levels of presence compared to the

passive group.

H5: Affective positive and negative VE induce a higher level of presence than the
neutral VE.

Physiological Measures
H6: Our EMG sensors are sensitive enough to detect posed facial expressions.

H7: Our EMG sensors can reliably detect spontaneous valenogesha passive
and active VR settings.

H8: Our PPG sensor and the combination of EMG and PPG sensors can reliably
detect arousal changes in passive and active VR settings.

H9: Despite higher noise levels on physiological sensors, stronger affective
responses (and thus VEs should be more distinguishable) in the active group than the

passive group because of higher presence and interactivity levels.

Computational Modelling Outcomes
H10: Both valence and arousal classifiers perform well when data from participants
are used for both training and testing sets (for mix@gjects useindependent

approach against separatabjects).

H11: Training a predictive model per user (usependent) could provide higher
performance in mean classification accuracy than generalised mages (

independent ones).

This chapterds outline will describe the
conducted to investigate the described higpses. The VR study (FEDEMS3)

methods section is described in sectiér®, including information on the
participants, the materials and methods, and the experinpeotaidures. The signal
pre-processing steps for data analysis used for the recorded data in the main study

for both groups are described in Sect®B.5 The resultsrom the analysis of the

valence and arousal seltings, the memory accuracy scores, presence scores, the

expression imitation exercises (voluntary), the physiological signals based on event
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markers (evenbased analysis), and the classifications figdirof spontaneous

responses for each group are described in Segtin

6.2. Methods

6.2.1. Participants

Excluded (N=234)
Mot meeting inclusion criteria:
Age range (N=192)
Fluency (N=42)

Total eligible volunteers Selected for signal Selected datasets (N=291)
(N=730) assessment (N=496) Active group [N=138]
- Passive group (N = 152)

Figure 55. Dataset selection flowchart

Excluded (M= 205) due fo
incomplete recordings
and signal quality

A group of 730 volunteers between ages of 14 to 45 years (M = 26.25 + 10.40)
participated in the study. From those, 496 participants were initially selected because
they were within the age range of-3B years and fluent English language &pes.
The selected group suffered from neither cardiovascular, medical, or psychological
conditions. After reading the participant information sheet, written informed consent
was obtained at the beginning of the study while being introduced to the exgerime
protocols. The study was approved by the Bournemouth University Research
Governance and Ethics Committee (ID: 18848).

To assess if the participants had trouble understanding the task, we screened
them by running a short verbal rating session. In pmotie asked them to think of
four different scenarios and rate their valence and arousal for each one. Data from
participants with no fluency in English and the ones unable to follow the rating test
were not recorded. Sessions with participants of lowiEmdluency were also not
completed and the data from those participants (N=42) were not included in the
analysis. Additionally, we excluded datasets from participants with incomplete
recordings and with noisy data (e.g., intense noise artefacts on tiads sig low
signalto-noise ratio, e.g., speaking during the stimuli elicitations and chewing gum).
Data were also excluded when technical problems occurred, such as sensor
positioning (e.g., because of narrow faces or small heads), and unstable sensor
signals (sed-igure57).
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The remaining number of participants was n=291 with a mean age of 24.76
(+ 4.61), of which 163 were female (56%) and 126 werert#8.3%). The selected
participants had little to no experience with VR (81.44%). From thgs&38
participants were in the O0Actived group (
with a mean agg@ive= 25.22 (x 4.69)),andppl 52 i n O Pas$maesd group
(46. 1%), 64 males (42.1%), and 1 transgen
mean agessive= 24.35 (24.51)). The data recorded from these participants formed
the database which was used for the analysis that will be presented in thentpllow

sections.

6.2.2. Materials and Methods

Virtual Environments (VE) i Seven virtual environments were designed to study
affective responses: (1) 033 ai ni2Zng OGUARSR
adaptation VEO®, 4)3) 6 Barwarei ncei n\ebn,6, ( ¥) 6N
6Positive VEO6, (7)) O6Negative VEO) .

Thetraining CASRwvas a simple VE with a screen where instructions were given on

how to selfrate using the CASR tool, upon a wireless hand contrdfigufe 58).

Figure 56. 36 view of the CASRtraining VE. The screen in front of the user played
short videos. The AV space on the right of theesern gave vi sual

rating.

The VR adaptation VEone VE designed to assist users familiarise themselves with
the VR technologies used, the movement boundaries and the ability to explore spaces
by looking at 360 degrees. This was an outdoor VE, consisting of trees and moving
elements which the user coyactice exploring while seHating. The VE featured
a 3D path that has the exact same size as the VEs-fitieas.

The darkhomecinema VEwas used mainly for the passive mode. This VE
was also used for the recording of posed facial expresstdnsluded a screen for
video presentation visible to the participant, and a user interface button to select

videos which was only visible from the ex|
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The remaining four VEs used for active mode data collectionKgpae
59). The four affective scenarios were alterations of one 3D office room replica,
consisted of: a) theaseline b) theneutral c) thepositiveand d) thanegativeversion
of the room. In all the virtual officeoom versions, the dimensions of the room,
together with the point of entrance of the user were kept identical. Variations were
made in their content to allow for affective manipulations within VRtiSed.4
contains detailed descriptions about these VEs, their variations and the specific

events/objects.
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Figure 57. 360¢
screenshots of the VE
(1) VR adaptatiot

(2) VR cinemg

(3) Baseline VE

(4) NeutralVE,

(5) Positive VE

and (6) Negative VI
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S
L®)

Figure 58. Sk et ch of fl oor plan and photo o
the Science Museum London. The study was conducted here. The spatesigasd in

way that o sessions of active VR and two sessions of passive VR could run simultar

PhysicalSpacé The study was conducted at the
within the Science Museum in London. The area was divided into two nmeiesp
the main gallery, consisting of six desks with computers and the storage room, which
was emptied for the purposes of the study. Two sessions of active VR and two
sessions of passive VR could run simultaneously as shown in the floor representation
(left side) inFigure60. The red dots correspond to the locations of the participants
in the VR sessions. The room for movement is outlined by wakiace (blue
rectangles) for active group setups, and by sktiagn (blue circles) for the passive
group setups. The remaining desks and desktops, and four tablets were used for the
information of users, the completion of the questionnaires and additidéties
for the children of volunteers, including colouring exercises using pictorial
representations of facial expressions.

The dimension of each active VR walkable area was approximately 2.5m x
3m, including the desk where the experimenter was sitliinpse desks were
successfully masked (and thus avoided by participants wearing the headset during
the study) by positioning virtual desks and objects on the same place the physical

ones were, following the idea fro66].
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6.2.3. Apparatus and instrumentation

Four HTC Vive HMDs were used, together with 6 EmteqVR interfaces.
Additionally, to ensure participants wearing the HMDs would not accidentally touch
or hit a physical obj ecplayau @ avd dxeenat he i nt e
webcams were positioned in the corners o
movement. Two additional wetameras were positioned on the wall, in the physical
location of where the virtual mirror would be in the VEs. The feed from the camera
was used athe reflection for the virtual mirror. This effect was only visible in the
positive scenario, and when the usersodo ga:
the participant looking at the virtual mirror would see their realrag@ifored back.
The area per active VR system was calibrated using two HTC Vive base stations at
an approximate height of 2.5 m (2 base stations per headset). The passive VR
headsets were calibrated using the same base stations.

Six desktop computers (O8Vindows 10) were used overall, i.e., two for
the passive VR setup, two for the Active VR setup, and two for the completion of
forms and questionnaires. Additionally, four tablets (OS: Android) were used for the
completion of forms and questionnaires. Arpaiheadphones was connected with
each HMD using the VIVE deluxe audio strap including easily adjustable
headphone§467]. The view from each participants headset st@samed on the
experimenterdéds screen connected to each ¢
combine and record simultaneously the view of what was displayed in VR together
with the corresponding camerabs ffmed of 1t

synchronisation and detection of movement artefacts.

6.2.4. Experimental Procedure

The experimental procedure of this study entailed two main phases, i.e., the VR
experiment phase and the questionnaire phase. The order of these parts was
counterbalanced across participants (random allocation). The entire study consisted
of seven experim@al protocol steps which are outlinedRigure 62. These steps

are described in more detail below. The entire study had a duration of approximately
40 minutes.

Step 1- Introduction: Once a participant volunteered to participate, they were given

a physical or digital version of the participant information sheet and consent form.
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An experimenter was available to answer any questions and explain tles phas
the study. Participants with medical, psychological (e.g., anxiety, depression),
cardiological (e.g., arrythmia, pacemaker usage), facial related conditions (e.g.,
facial palsy, stroke) and intense phobias were discouraged from participating.
Particpant IDs were allocated to the volunteers using randomighgittnumbers
to ensure anonymity of the data.

At this stage, participants were divided into the two interaction mode groups.

The remaining steps were followed by both groups, except for Step 3.

Step 27 Setup & CASR rating: The participants wore the VR headset together

with the physiological sensors (EmteqVR). Whilst seated on a standard office chair
(seeFigure6l) they held the controller and rated four different affective videos using

the CASR tool while following the instructions of the experimenter who was in close

physical proximity. This step was introduced to assess the sound gudlity &ain

the participant in the continuous rating
arousal. This step had no predefined duration.

Figure 59. The participant is wearing the HTC Vive headset + EmteqVR and headg
hading a controller. On the left side, one of basation tripods is visible and a webhmer:
fixed on the wall. With the exception of EmteqVR, controllers and-be@ns, all device

were connected via cable to the PC.

Step 37 Active Group only: Once participants felt comfortable with rating their
affective state, they were asked to enter
from one scene to the other was controlled externally by the experimenter. Once

inside the adaptation scene, particigawere asked to stand up and try walking

around while exploring every part of the scene within their reach. For the participants
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safety the outlining of-atrreeadwalrk alblpe oari aa
SteamVR application for the Vive heatlswas activated when they stepped too

close to obstacles or walls in the physical room. After the first exploration,
participants were asked to start rating how they feel while exploring the objects

around them. This step allowed them to familiarise withlength and width of the

walking area and with the concept of continuous affect rating while exploring a VE

at the same time. This step had a duration of approximately 3 minutes.

Step 4- Baseline:Participants were asked to relax before proceedititetaffective
scenes while sitting on a chair. Following the data quality control and a recording of
one minute, the experimenter would verbally ask a set of questions. Firstly,
participants were asked whether they felt dizziness, nausea or any discenntbort
originated from the VR simulation experience. Next, they were asked how well they
remembered specific events that occurred in the previous VE. Then they were asked
to rate their experience in terms of arousal (ranging from 1 (very low) to 9 (very
high)) and valence (ranging from 1 (very negative) to 9 (very positive), end of
experience rating). Using the same rating scales, participants were also asked to rate
how much they enjoyed the VR experience and how present they felt inside the VE
[468] (1 (very low) to 9 (very high)). The baseline scene was presented before each
affective VE (total 3 times) as seenFigure62.

Step 5- VEs: The paricipants experienced all three affective scenes (i.e., neutral,
positive, negative) in a counterbalanced order following a Latin square. The
participants were not aware of the nature of the VEs before they entered them nor of
the order of presentation. Thevere instructed to relax, stand up when ready, and to
explore the VE (active group) or watch the videos (passive group) while rating how
they felt throughout the entire experience using the CASR and thecbatdller.

Once the minimum required duratiom VR had passed (75 seconds), participants
could exit the VE by touching the virtual handle of door using their controller or by
expressing it verbally. Any verbal communication with the experimenters
throughout the VE exploration was strongly discoudagexcept in the case of

sickness and discomfort.

Step 6- Expressions:After the VR experience, participants were asked to mimic

facial expressions following video displayed on a virtual monitor whilst still wearing
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the setup. Dynamic expressions conggltio static ones were suggested to enhance
facial mimicry responsd469]. Thus, a video of a person performing facial
expressions with eeesponding audio instructions was used to direct the users. The
video included a short relaxation exercise to ensure they would start the exercise
with a neutral, relaxed face. Participants performed the required facial expressions
while seated on a chain the video, a woman performed the following set of facial
expressions while sitting in front of a white background: 1) a closed mouth smile
displaying a happy expression, 2) an intense frown displaying an angry expression,
and 3) a forehead wrinkle arglyebrow raise as a surprised expression. Each
expression had three repetitions which were performed for 3 seconds each, followed
by short breaks of 3 seconds between repetitions, and 7 seconds between different
expressions. These facial expressions wkosen to record the EMG activation of

the facial muscles upon which the EMG sensors were placed (i.e., frontalis,
zygomaticus major, orbicularis oculi and corrugator,&8g

Step 77 Q2: Participants were asked to complete the second set of questionnaires
(6Q26) consi<aadnAlgxithgniia, Expressivity QB8estionnaire, and
Personality Questionnaire (as used in online study survey (séc8pnSee also
sections3.3.1 and 3.6). All questionnaires were designed using the Qualtrics
Software[451] (the surveys used are available in Appendix C. The scores from each
questionnaire were calculated immediately afterwards, and they were given to the
participants at the end of the session, together with a brief description of the

questionnaires.
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6.2.5. Signal PreProcessing for Data Analysis

Electromyographic signals (EMG)

EMG data were processedtiwthe Signal Processingpolbox in MATLAB using a
similar approach as the one described for the study in Chapter 4 (se&idror
this study, the low cut of tHeandpass filter was adjusted to 50Hz (previously set to

30Hz). The processing chart of EMG signals is showFignre63.

h J

Motch Filter (50Hz) Inspection for
J, corrupted channels

v
Band Pass Filter

(50 - 450 Hz) Exclude first and last
i second of recording

) Baseline Correction
raw EMG signal J, J,

Data epoching based Eveni-based data
on rolling windows epoching

¢ I

Mormalisation Signal RMS3

h 4

QOutlier removal

Figure 61. Flow chart of the EMG signal processing steps.

As a reminder, first, data streams from each electrode (Sampling rate: 1000Hz) were
filtered and visually inspected for malfunctions and low sigoadoise ratio which
in our case could be caudy interference with movement artefacts, bad electrode
placement, or faulty fitting of the sensors. A notch filter on 50Hz and harmonics
(from 100to 450H2 was applied on all signals prior to other-precessing steps.
Next, a Butterworth bandpass difttat 56450Hz (8" order) was applied. The lew
cut filter was adjusted relative to the Fedem2 processing protocol, to reduce
interference caused by movement. Baseline correction was applied by subtracting
the mean value of the signal per channel. Extreaikers were removed using a
Hampel filter at a 600 samples (600ms) window. The first and last 1000 samples (1
second) from each recording were excluded from the processed signal, before
segmenting data into epochs (details below).

Next, the signals wengormalised using the mimax normalisation method
(1), where the normalised signal was calculated by subtracting the minimum value

across the fourecordings per user {x 3VEs and voluntary expressions) and
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dividing by the difference of the maximum value across recordings minus the

minimum value.

Equation 1. Minimum-Maximum normalisation.

o 1 Eohohohod

ARG | Ehmmo &)

Two approaches were used to epoch the data: an@aenbased approach
and a standard rollingindow approach. In the evebased approach, data epochs
were selected based tre event markers. The epoch length has a minimum length
of 10 seconds, reaching up to 20 seconds, from the beginning of an event marker
(duration of the events was relative to
eventmarkers per recording was -1 per participant. Afterwards, the root mean
square (RMS) value of the signal of the epdeguation2) was computed

Equation 2. Root mean square of EMG signal

vov £ 6 )
V)
wherex, is the signals from the EMG channels, &g the length of x

In the standardolling window approach, rolling window epochs with the size of
5000 samples (5 seconds) with 2500 samples (2.5 seconds) overlap between
windows were analysed. Since the duration of the recording varied between
participants, the number ofpechs was relative to the overall duration of the
recording. The following descriptive statistics of the RMS signal were calculated per

epoch: median, minimum, maximum, and standard deviation.

Photoplethysmographic signal (PPG)

The PPG data from the Em¥g interface (sampling rate: 1000Hz) was
processed to reduce noise artifacts and extract information on thediegreaks
(R-R wave). The PPG data was filtered with a Butterworth bandpass filter (0.5

4Hz). A Hampel filter was applied (300 samples (88D window) to remove any
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outliers. The data were synchronised with the EMG data and epochs were created
for the EMG and PPG data in exactly the same way to create comparable data.
TheRpeaks were ddti exdtifédd@MEDLABOShE udcti ol
using custom values to constrain the detection. More specifically, the function was
applied twice. In the first run the mean peak amplitude for the whole recording was
assessed, excluding the first and last second of the recordingeddregime, we
run the peak detection function again on the whole signal, by setting the minimum
peak prominence to be equal to the previously calculated mean peak amplitude
divided by 5 and minimum peak distance set to 300 samples.
The number of beatser-minute (BPM) and the mean intbeatinterval (F
B-I) were calculated from the-R wave. In addition, the pulgate variability (PRV)
was measured by calculating root mean square of the successive differences
(RMSSD), and the standard deviation of thé R-R) intervals (SDNN) using the
HRV tool designed by Marcus Vollmé¢471]. This tool has been used in similar
studies for HRV related biometric measurements in the[$a2]i [474].

Selfrating values from CASR

The data from the CASR tool, were synchronised with the physiological
signals using the system time stamps. The data were epoched along with the EMG
and PPG signals while considering the average human respelageof 200ms
[475]i [477]. Median valence and arousal values were calculated for each epoch.

6.2.6. Machine learning strategy & approaches.

A rolling windowbased daset was constructed by combining the data
corresponding to each epoch from all modalities used, i.e., EMG, PPG, CASR. Two
different approaches were adopted (see also se&ipn
a) a usetindependent approach by building a classification model based
on the combination of data across participants, and then data is randomly
split to crossvalidate the classifiers,
b) a second usdandependent approach in which data from users were kept
separately for training and testing of the models
c) Auserdependent ficausal 0 approach, by b

per user. We used data obtained from the start of the recoetiamis
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for training the classifiers, and then validated them with the subsequent

data of the userds session (see det ai
For both approaches we used three classifier methods, i.eSupgdrt Vector
Machine (SVM), a Naivdayes (NB), and a-kearst neighbour (KNN) classifier
method. These classifiers have been suggested and used in affect recognition studies
before and they showed promising resp8&7]i [328]. More specifically, KNN was
used for fEMG and heartate signal§376], [377] SVM for the discrimination of
facial muscular activationg69], [378] [381], and NB for affect detection from
physiological signal$310], [382], [383] Thus, they were our choice in this study.
Automatic hyperpar met er tuning was applied to opti
and the kernel function parameter (2) f ol
SVM[408], the distance metric and the k variable ofthe {418], and t he O wi dt
or Kernel smoothing window width parameter of the MB9]. For binary svm
cl assi fi @itawdi ofnu ntchtd o @ i n Matl abE was use
classi ficat ificacodwef wr2dfiSonidrlg, theé MATLAB®
f u n c tfitkend481] adn ditcnkd479] were used for the optimisation of the
parameters of the KNN and NB classifier.

For the useindependent approach, 30%the participants were randomly

selected for the hyperparameter optimisation, and the remaining participants (70%)
were used for the crosalidation. This was done for each classifier. For the-user
dependent approach, the first 70% of the data of eatihipant was used as training
set, and the remaining 30% as the testing. In other words, the temporal sequence of
recordings was preserved for each user for causality purposes. The sets used for the
userindependent approach and the u$ex p e n d eny sefs sverd nermalised by
subtracting the median (Md) values and dividing by the median absolute deviation

of the training s&s) (Equation3).

Equation 3. Normalisation formula used on datasets prior to classification.

@ 00 3)
0 QSYOm s

The models were evaluated by calculating the accuracy level-aodrés.
All the algorithms were developed in Matlab© R2019b.

200



Chapter 6

6.3. Results

This section includes a description of the findings, divided into four main sections
related to the research hypothelsted in sectior6.1

1. Section 6.3.1 contain the analysis of subjectiversgbrted behavioural rating
data (hypotheses b).

2. Section 6.3.2 prenits physiological data analysis and classification data analysis
of posed facial expressions (hypothesis 6).

3. Section 6.3.3 contain the physiological data analysis from the-evamkeers in
the three VEs for both groups (hypothesey.7

4. Section 6.3.4 coain the classification of valence and arousal changes from
rolling time-windows of physiological data of the three VEs for both groups.
This section is further divided into three classification approaches: user
independent with and without pooling datanfraifferent participants, and a

userdependent prediction approach (hypothese$1)0

The postVE arousal and valence ratings per scene and the continuouatiselé

via the CASR tool are analysed in section 6.3.1.; enabling us to investigate the
affedive ranges evoked by the VEs, for the active and passive grhdypstheses

1 and 2. Additionally, the memory accuracy scores per event and averaged for each
VE are analysed across participants to allow for the comparison of affective against
neutral VEscenariosHypothesis 3. Next, the presence scores as reported in the
VR experience are compared between the two interaction modes (groups) and
between the affective and the neutral VE conditibhgobthesis 4 and .

In Section 6.3.2 the analysis of tlieree voluntary expressions (smile, frown,
surprise) the participants were instructed to perform after the VR experience are
analysed. This step was performed to test the sensitivity of the EMG sensors to detect
these posed facial expressiondypothesis 6) Additionally, three competitive

classifiers were used to detect these expressions.
In Section 6.3.3 an evebised analysis of spontaneous responses per VEs presented

using data recorded from the EMG and PPG sensors throughout the VR experience.

Thisanalysis allowed the view of the physiological changes caused bystireati,
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and the strength of the sensor measures on discriminating between the affective VEs
(Hypothesis 7,8. The differences of the measures to discriminate the VE conditions

are exarined per groupHypothesis9).

The final section, 6.3.4 includes on the classifications tests we performed on the
spontaneous responses collected via physiological data during the VR experience.

EMG data were used for the training of classification nwfte valence detection,

and PPG data were used for the arousal detection. The continuetatisgd were

used to evaluate the performance of the classifiers (additionally for Hypothesis 7 and

8). For all analyses described, the classification tesisesfermed on data from the

total participant population, and also separately for the active and passive groups.

The useiindependent classification tests were performed twice (per approach), in

order to explore the relationship between classicisatiopeaince and the ability

of the trained model to det Hypdthesssflf. ect r el |
Thesewere:auserndependent approach by po-oling us
independent by separating data from participants betweemgaind testing sets.

Additionally, the superiority of usatependent (one model per user) classification

against uséndependent models was explored in the last subsettigothesis 1).

6.3.1. Part i ci passedsmedt. Valencefand arousedtings

In this section, the participants subjective valence and arousal ratings are analysed.

This analysis relates to the hypotheses 1, 2aBHb5.

6.3.1.1. Mean valence and arousal ratings (posvE).

Table 21 and Figure 64 display the mean valencench arousal ratings that were
reported by the participants after each VE experience. The ratings are shown for each
VE (neutral, positive, negative) and the passive and active groups separately. For the
VE ratings, they seem follow the expected patternesults. These data were
analysed with mixed 3x2 ANOVA with the withjparticipant factor VE (positive,
neutral, negative) and the betwegmarticipant factor Group (passive vs. active

group) for the valence and arousal ratings separately.
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Table 21. The mean valence and arousal ratings reported by all the participants (overall), the
participants within the Active group (Active) and the Passive group (Passive). Standard
deviations are presented in brackets. Valence ranged from lativeedo 9 = positive, and

arousal from 1 = low to 9 = high.

Negative VE Neutral VE Positive VE

Valence Arousal Valence Arousal Valence Arousal

Total
(N=201)  3-39 (£1.79) 6.25 (+1.83) 4.62 (1.4 2.65(+1.85) 6.79 (£1.61) 4.98 (+2.03)

Active
(N=139) 3-8 (¥2.13) 6.50 (+1.77) 4.96 (+1.52) 2.78 (+1.89) 7.43 (x1.25) 5.41 (+2.11)

Passive
(N=152) 3.39 (£1.79) 5.80 (+2.03) 4.41 (+1.49) 2.52 (+1.78) 6.20 (£1.65) 4.51 (+2.09)

VEs (1=Negative, 2=Neutral, 3=Positive)

9 9
8 8
o7 —7
S 6 &6
25 35
S [ <4 H’[
3 3
2 2
1 1

1 2 3 1 2 3
@ Active Group [ Passive Group

Figure 62. Meanvalenceratings(left) and mean arousal ratings (righf)VEsper grouj
(VEs: 1= Negative, 2 = Neutral, 3 = Positjve

Valence Ratings: The mixed ANOVA results revealed a main effect of VE
(F(1.877,542.532) = 340.270< .001). Poshoc paired-tests showethat valence
ratings were significantly different for positive vs neutral VE8D: 6.721.61 vs
4.62+1.45 1(290)=18.285,p<.001), negative vs. neutral VEs (33080 vs
4.62+1.45 1(290)=8.674,p<.001) and positive vs. negative VEs (6I%1 vs
3.40£1.80; 1(290)=23.694 p<.001). Secondly, the main effect of group was also
significant (1, 289) = 22.044p< .001), meaning that the active group had higher
valence ratings across all VEs compared to the passive group@®29 vs
4.70:0.90. More importatly, the interaction between the factors VE and group was
also significant[f(1.877, 542.532) = 10.70p< .001). This interaction was further
analysed with parametric pelsbc ttests. For both groups, significant valence rating
differences were presehetween all three VEs, as assessed with paitests (all
tC5.309, allp<.001). Importantly, the interaction was caused by significant group
differences in their valence ratings for the positive ME230.321)=6.943)<.001),
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but there were no group tifences for the neutrat(289)=0.650,p=.516) and
negative VEst(270.001)=0.847p=.398; sedlable21 andFigure64, left panel).

Arousal Ratings: The mixed ANOVA results revealed a maiffeet of VE
(F(1.987, 574.188) = 337.599< .001). Parametric pairedtests showed that
arousalratings were significantly different for positive vs neutral VEst8D:
4.98:2.03 vs 2.6&1.85 t(290)=17.057,p<.001), negative vs. neutral VEs
(6.25t1.83 vs 2.6&1.85 t(290)=24.584,p<.001) and positive vs. negative VESs
(4.98t2.03vs 6.251.83 t(290)=9.071p<.001). Secondly, the main effect of group
was also significantq(1, 289) = 7.991p=.005), meaning that the active group had
higher arousatatings across all VEs compared to the passive group{#.38Bvs
4.431.30. The interaction between the factors VE and group was not significant
(F(1.987, 574.188) = 1.954~ .143; sedlable21 andFigure64, right panel).

Inter -rater agreement. The agreement scores between participants werdatdu

using the coefficient of variation (CV) per dimension. Higher agreement (<55%) was
found amongst participants ratings for the affective scenes (Negative VE: CV =
52.81% (valence), 29.25% (arousal). Positive VE: CV = 23.73% (valence), 40.63%
(arousal), with the exception of the neutral VE which scored high only on valence
agreement (CV = 31.26%) but low on arousal scores (CV= 69.56%). The points of
Figure 65 shows the mean arousal and valence scores per VE together with their
standard deviations (error bars). The CV is represented as the mean value between

the two axes per VE as the width of the circle.
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Figure 63. Mean agreement scores per VE represented by circles. The centre ¢
signifies the mean value for the arousal and valence ratings per VE, while th
represents the mean CV scores for arousal and valence. The vamtichbrizontal line

represent the standard deviation of ratings per axis.
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6.3.1.2. Event-related valence and arousaCASR rating scores

Figure66 shows the mean valence and arousal CASR ratings for each VE and group
(active and passive) separately. In this initial analysis, CASR ratings were averaged
for events of a specific VE.

VEs (1=Negative, 2=Neutral, 3=Positive)

2 2
1.8 18

.

Valence
Arousal
=

0.6 :
0.4 0.4
0.2 0.2
0 0
1 2 3 1 2 3
@ Active Group Passive Group

Figure 64. Mean valenceCASRratings (left) and mean arousaASR ratings (right) of
VEs per group (VEs: 1= Negative, 2 = Neutral, 3 = Positive).

CASR valence ratingsi A mixed ANOVA results revealed a main effect of VE
(F(1.905, 5B9.515) = 511.975p< .001), meaning that valence ratings were
significantly different for positive vs neutral VEs #8D: 1.410.32vs 0.920.27
1(289)=18.671p<.001), negative vs. neutral VEs (06833 vs 0.920.27 8.007,
t(289)=14.255,p<.001) andpositive vs. negative VEs (1.40.32/s 0.630.33
Z=13.560, 28.127}<.001). Secondly, the main effect of group was also significant
(F(1, 289) = 204.830p< .001), meaning that the active group had higher valence
ratings across all VEs compared to thespasgroup (1.060.17vs 0.920.20. Most
importantly, the interaction between the factors VE and group was also significant
(F(1.905, 550.515) = 16.71H< .001). This interaction was further analysed with
posthoc ttests. For both groups, significaniemce rating difference were present
between all three VEs, as assessed with paitedtt(all ©8 . 5afl <.001).
However, the groups only differed in their valence ratings for the positive VEs
(t(256.460)=7.423p<.001), but not for the neutral272263)=1.492p=.131) and
negative VEst(289)=.426p=.670), as assessed with independdasts.

CASR arousal ratings- The mixed ANOVA results revealed a main effect of VE
(F(1.977,571.386) = 246.69@< .001). Poshoc ttests showed that arousatings
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were significantly different for positive vs neutral VEs £8D: 1.060.38 vs
0.54+0.36 t(289)=18.670,p<.001), negative vs. neutral VEs (1+0B37 vs
0.54+0.36 t(289)=19.189p<.001) but not for positive vs. negative VEs (1068

vs 1.130.37 1(289)=2.163,p=.093, not significant after Bonferroni correction).
Secondly, the main effect of group was also signific#gt,(289) = 368.093,
p<.001), meaning that the active group had higher arousal ratings across all VEs
compared to the passive gro((p96t0.26 vs 0.8&0.23. Finally, the interaction
between the factors VE and group was also signifidaiit977, 571.386) = 9.472,
p<.001). This interaction was further analysed with st ttests. For the passive
group, significant arousal rating differences were present between all three VEs, as
assessed with paireddsts (allt(138)0 4 . ,7a®p&.001). This was not the case for

the active group. Here, arousal rating differences were only present between the
positive and neutral VE(L38) = 13.673p<.001) and the neutral and negative VE
(t(138) = 11.613p<.001). However, there was no arousal rating difference between
the positve and negative VE({L38)=1.605). Furthermore, independent gust t

tests comparing both groups for each VE showed the following pattern. Arousal
ratings differed between the active and passive group for the positive VE
(t(289)=5.261p<.001) but not fo the neutral VE 1(289)=2.394p=.050 and the
negative VE {(289)=0.391p=.554).

After the analysis of the mean CASR ratings for each VE and group, we
investigated thevalence and arousal ratings for each event within each VEs
(based on evennarkers) sing the CASR ratings. These eveslated valence and
arousal ratings are presented for each VE and for both groBjgpine67. The mean
arousal andralence ratings of the events are grouped by colour, within cartesian
system following the structure of the circumflex model of affect. £Asol | €ed 06V
s hape Mia8lisohbsénmdvith the iaxperience continuous ratings in the AV
space. The mean rating per event per grou,
Active group (blueou | i ne) and O6P6 for the passive gr
clearly shows that the event ratings follow the expected distribution within the AV
space, following the initial stimuli design. However, there is one exception, the
passive group rated thgositive events as less positive and less arousing and,
surprisingly, sometimes even as negative in combination with low arousal, when

compared to the active group. These group differences were not found for negative
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events, but they might explain the pog& valence rating differences between the
groups. This will be further discussed in sectiof)
Affective events in Active and Passive Groups

18

16

L4 205°
Bl 1, 20B
Bt 1 483
o0
12 35 Wi~ ©
204
= 32 265 %
31 o 33 208 7

ro
=

03

11,
2
A
os fe ﬂf’ﬁ

04

02

0 02 04 0.6 0.3 1 1.2 1.4 16 1.8 2
Valence

@ A NEGATIVE EVENTS @ A POSITIVE EVENTS

P NEGATIVE EVENTS P POSITIVE EVENTS

Figure 65. ValenceArousal coordinates for each event marker, grouped by colour fc
VE (negativepink, positivegreen, neutrablue). The event markers are divided in sc
derived from the Active ("A"Ylenoted by a blue outlirmdthe Passive group ("P") detex

by orange outtie.

The findings so far have shown that arousal and valence ratings for the positive,
neutral, and negative VEs were as expected (manipulation check). This was the case
for both the passive and the active groups. More specificallye thvas a clear
difference between the valence ratings for the three VE conditions for both the end
of-scene ratings and for the CASR evbased ratings. Valence ratings were lowest

for positive events / VEs, at a medium level for neutral events / VE$ighelst for
negative events / VEs. Interestingly, valence ratings were more positive for the active
group compared to the passive groups for the positive VE only, which can be
explained when having a closer look at the edrsied ratings. These ratingssied

that positive events were sometimes seen as positive and sometimes as negative
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(with very low arousal levels) in the passive positive condition. Concerning the
arousal ratings, these were also as expected for both the end of scene and the CASR
eventbased ratings. Saying that the CASR arousal ratings were more sensitive to the
eventbased differences in the positive condition (as already discussed above).
Reasons for these evdmsed rating differences between the passive and active

groups in the posive condition will be further explored in the discussion below.

6.3.1.3. Memory Accuracy Scores

This section links tthypothesis 3 The memory accuracy scores were calculated per
event across participants and the average memory accuracy scores calculated per VE.
As shown inFigure 68, the mean memory 36.10+12.47 for the neutral VE,
33.24+15.95 for the negative VE, and 37.19 £15.03 for the positive VE. The memory
accuracy scores are presented separately for the active and passive grigyre in

69.

60 60 . .
50 0 @ Active @Passiv
40 40

30 30 I

20 20

10 10

0 0 - L L

Negative Neutral Positive Negative Neutral Positive

Figure 66. Plot showing the mean mem: Figure 67. Plot presenting the me

scores per condition (VE) for all participai memory scores and standard devie

Error bars are standard deviations. from the Active (blue) and the Pass

group (orange) per VE.

Memory accuracy scores are normally distributed, based-smore analysis of
skewness and kurt@sivalues A mixed 3x2 ANOVA with the withirparticipant
factor VE (positive, neutral, negative) and the betwemicipant factor Group
(passive vs. active group) was conducted. The findings showed a significant effect
of VE (F(1.909, 551.595) = 38.73p< .001) showing that memory scores were
significantly different for positive vs neutral VE§Z90) = 4.09, p <.001), negative

vs. neutral VEst(290) = 3.08p=.006) and not for positive vs. negative VEH290)
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=1.30, p = .57). The main effect of growas also significantH(1, 289) = 25.111,

p< .001), meaning that the active group remembered the events better than the
passive group (Mas_active = 37.76% vs Mas_passive = 33.45%). Most importantly,
the interaction between the factors VE and group was sadguficant ¢(1.909,
551.595) = 24.214)< .001). This interaction was further analysed with gaxt t

tests (with Bonferroni Corrections).

When looking at group differences for each VE separately, independent t
tests revealed that the active group hagher memory scores for the positive VE
(t(289) = 5.19p<.001) and for the negative VEHZ89) = 4.37p<.001) compared
to the passive group. However, memory scores were similar for both groups in the
neutral VE.

The following pattern can be reporteeghen comparing VEs for each group
separately with pairedtests. For the active group, memory scores were higher for
the positive compared to the neutral MEL88)=7.57p<.001) and for the negative
compared to the neutral VE(138) = 5.99,p<.001). Howeer, there was no
significant difference between the positive and negative VE after Bonferroni
correction {(138)=1.87,p=1.89). For the passive group, memory scores were not
significantly different between the three VEs (Positive vs newfi&l) = .93,
p=1.068, Negative vs Neutrgl51) = .80,0=1.266, Negative vs Positiw€l51) =
.136,p=2.676).

This analysis shows that memory accuracy was higher in the active
compared to the passive group. Moreover, memory accuracy was modulated by VE
type in the ative group but not the passive group. In the active group. memory
accuracy was enhanced for the affective conditions (positive and negative) compared
to the neutral conditions. This effect was expected and it supports past research on
the link between enim@ed memory in conditions of affective elicitation (see section
2.3.3.2.

6.3.1.4. Presence scores

The analysis of the presence scores is relatbgigothesis 4 and Sredicting that
participants will feel higher levels of presence in the active compared to the passive
group, and higher levels of presence in the affective VEs compared to the neutral
VE. This seems to be indeed the case, as shokigumne70which displays presence

ratings for both groups and all three VE conditions.
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Figure 68. Presence scores of the active and passive group per each VE. Er

display standard deviations.

A mixed ANOVA with the factors VE (positive, negative, neutral) and group (active
Vs passive) was conducted to analyse thas® Results showed that the main effect
of group was significanf(1, 289) = 88.863)<.001), meaning that the active group
had indeed higher presence ratings across all VEs compared to the gessjve
(6.4#1.42vs 4.542.00. Secondlythe main effet of VE was also significanE(2,

578) = 13.724p< .001). Nonparametric Wilcoxon Rank signed tests showed that
valence ratings were significantly different between the positive vs neutral VEs
(M£SD: 5.65 +2.32 vs 5.11 +2.3874.734,p<.001), the negative vs. neutral VEs
(5.64 + 2.26 vs 5.11 +2.3%=4.634,p<.001) but not between the positive vs.
negative VEs (5.65 £2.32 vs 5.64 + 2.26;0.033,p=.974). Finally, the interaction
between the facts VE and group was not significar#(2, 577.964) = 0.97=
.379).

In summary, this finding shows that presence scores were higher in the
active compared to the passive group, and higher in both affective VEs compared to
the neutral VE. There was nogsence difference between the positive and negative
VE.

To summarize the findings from this section, the key finding is that we were able to
validate the use of immersive VE as emotion induction tool. VE scenes, events and
objects that were previouslyhldated with the online survey described in Chapter 5,
elicit expected valence, arousal and presence rating in thadidation within VR

settings. The three VEs were able to evoke the targeted ranges of valence and arousal
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ratings across all participem This confirmed out first hypothesis (Hypothesis 1).
Note, an exception was the passive positive VE, were some events surprisingly
evoked negative, low arousal ratings. Secondly, as expected arousal ratings were
significantly higher for the active grogompared to the passive group (Hypothesis
2). Thirdly, and in line with the previous findings, memory accuracy was higher in
the active compared to the passive group. Moreover, memory accuracy was
modulated by VE type in the active group but not the pasgioup. In the active
group. memory accuracy was enhanced for the affective positive and negative
conditions compared to the neutral conditions (Hypothesis 3). Finally, presence
ratings were higher in the active compared to the passive group (Hyp@haais
higher in both affective VEs compared to the neutral VE independent of group
assignment (Hypothesis 5).

In the next two sections, the analysis of the physiological measures will be
presented, firstly for the voluntary facial expression (se@i8t®) and then for the
spontaneous responses within the three VEs (se&{08.

6.3.2. Analysis and Classification of Voluntary Expressions

This section will report the analysis of the physiological measures from the voluntary
facial expressions. This was done to validate and explore the sensitivity of the EMG
sensors to detect volury facial expressions (hypothesis 6), the voluntary
expressions recorded after the VE experience were analysed, and the between
channels comparison per expression are presented in the next section. The three
chosen facial expressions are involved in tbvation of the muscles underlying

the EMG sensor locatiorj$22]. As a reminder, some commonly used emotional
expressions are characterised by specific facial muscle configur§@io}82].
Although, the level of activation and morphology of the expressions many vary
betweenindividuals, it is supported that in general positive and negative affect can

be reliably distinguished from the zygomaticus major and corrugator muscle activity

[124]. From those O6basicb6 or OpPrdd®im nant 6

our study we chose the facial expressions of happiness (smile), anger (frown) and
surprise (raising eyebrows). The EMG recordings of those three expressions, (step 6
of the study protocol, after the VE experiences) wereppoeessed, analysed, and

then fed into three classifiers. The expression data were extracted from the recording
of N=287 patrticipants instead of 291 (due to 2 incomplete datasets and 2 corrupted

dda sets). The average RMS of the activation of each EMG sensor (referred to as
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6channel sé) was calculated per expression
lasted 6 seconds).

For each expression, a different pattern of channel activations wasezkpec
seeTable22. Specifically, for smile we expected predominantly higher activation in
channels 1,2 (zygomaticus) and some activation ogethgors positioned next to the
eyes corresponding to channels 5 and 6 (orbicularis oculi). During frowning, higher
activation in channel 7 (corrugator), some activation on channels 5 and 6 on the
orbicularis oculi and some subsequenfactivation of the sannels 3 and 4 caused
by lowering the eyebrows (frontaljdB3] were expected. For the surprise
expression, higher activation on the sensors on the frontalis caused by the elevation
of the brows, reflected on channels 3 and 4 was anticipated. The EMG measures
were hypothesised to be sensitivel @apable at discriminating between the three
voluntary expressions (Hypothesis 6), whi
detect facial muscle activations across individuals while wearing a VR headset.

Table 22. EMG channels to corresponding facial expressions and the generated actions based
on[43], [484]

Selected Basic Corresponding

Expressions Actions expected Facial muscles involved EMG channels
Smiling haooil Closing eyelids Orbicularis oculi 5 6
g happily Pulling mouth corners Zygomaticus major 1 2
. Raising eyebrows Frontalis Levator 3 4
Surprise . . .
Raising upper eyelid Levator palpebrae superior
Lowering eyebrows  Corrugator supercilii (effect 7 (3, 4)
Anger . ) .
Closing eyelids of frontalis)
Superioris Orbicularis oculi 5 6

Physiological DataAnalysis for Voluntary Expressions

Figure71shows the median RMS activations and standard deviations per expression
for each channel. As shown in the figure, differences in the RMS activation patterns
between the expressions are obsgrwdich agree with our initial expectations.
These patterns were tested with fgamametric Friedman tests because data were

nongaussian.
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Figure 69. Bar chart showing the median RMS activations per channel for each exg

(Frown, Smile, Surprise) with their standard deviations.

RMS comparisons across channels between expressiofisr i edmanés r el af
samples test showed that the median (Mdn) activations of EMG channels per
expression wer e si2yn 41f94,p<d001), With thd snfilé e r e nt [
expression yielding the highest activation compared to the other two expressions.

The activation of the smile expression (Mdn: 0.12) was significantly higher than

frown (Mdn.:0.07) (Z =-7.95, p<.001), the activation of the surprise expression

(Mdn:0.10) significantly higher than the frown oné=(-6.08, p<.001) and the

median activatio during the surprise expression significantly lower than the smile

expression (Z =3.57, p<.001).

Comparison between channels per expressioo determine the differences

between expressions based on the individual EMG channel activation, +related

sample Wilcoxon tests were conducted to compare the median RMS values of the

three expressions separately for each channel. The results from the tests are reported

for channel pairs (e.g., c hamnel als arhde seh
sensors havieeen placed in mirrored locations, i.e., on the left and right facial muscle

of the same type (e.g., Zygomaticus Major left, Zygomaticus Major right), with the

exception of channel 7 which is located on the corrugator supercilii muscle.

EMG channels 2. Channel 1 (Zygomaticus left) was found to be significantly
higher in the smile expression (Mdn: 0.19) than the frown (Mdn: 0.03) and the
surprise (Mdn: 0.02) (Smi#8urprise:Z=14.46,p<.001, SmileFrown: Z=10.79,
p<.001, FrownSurprise:Z=9.43, p<.001). Smilarly, Channel 2 (Zygomaticus
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right) was also found to increase significantly in the smile expression (Mdn: 0.19)
against the surprise (Mdn: 0.02) and the frown (Mdn: 0.03) (S&uhprise:
Z=14.40, p<.001, SmileFrown: Z=11.00, p<.001, FrownSurprise: Z=10.215,
p<.001).

EMG Channels 34. Channel 3 (Frontalis left) was found to activate higher during
the surprise expression (Mdn: 0.24) than the frown (Mdn: 0.07) while remained low
during smiling (Mdn: 0.03) (SurprisBmile: Z=14.10, p<.001, FrowrSmile
Z=10.74, p<.001, FrownSurprise: Z=-13.30, p<.001). Similarly Channel 4
(Frontalis right) was also significantly higher during the expression of surprise (Mdn:
0.24) against frown (Mdn: 0.07) and smile (Mdn: 0.03) (Surpgisele: Z=14.30,
p<.001, FrownRSmile:Z=11.49,p<.001, SurpriseFrown:Z=13.35,p<.001).

EMG Channels 56. Channel 5 (Orbicularis Oculi left) was significantly higher in
the expression of smile (Md:0.12) than frown (Md:0.04) and surprise (Md: 0.03)
(Smile-Surprise: Z=13.92, p<.001, Smile Frown: Z=9.75, p<.001, Frown
Surprise:Z=4.96,p<.001). Channel 6 (Orbicularis Oculi right) followed the same
pattern as channel 5, activating significantly higher in the smile expression
(Md:0.11) than the frown (Md:0.04) and surprise (Md4) expressions (Smile
Surprise: Z=13.73, p<.001, Smile Frown: Z=9.66, p<.001, Frown Surprise:
Z=4.45,p<.001). These channels were expected to activate predominantly during

smiling, as in genui2a*). 6Duchenned smile (

EMG Channel 7: Channel 7 (Corrugator supercilii) was activated significantly
higher in the frown expression (Md:0.09) against the surprise (Md:0.08) and smile
(Md:0.02) exressions (SurprisBmile: Z=12.85,p<.001, FrownRSmile: Z=13.18,
p<.001, Frown SurpriseZ=3.33,p=.001).

Overall, the results showed significantly higher RMS activation of channels 1,2,5,6
during the smile expressions, channels 7,3,4 for the fromessipn and 3,4 for the

expression of surprise which was in alignment with our expectations.

Comparisons between the activand passive groups.

As a next step, RMS activations were compared by averaging the three expressions

across channels but for thetige and passive groups separately. Notably, median
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RMS activation were significantly higher across expressions for the active group
(Mdn: 0.12) compared to the passive group (Mdn: 0.09), as assessed with-a Mann
Whitney U test (U: 6457.00, p <.001). Wheonmparing the groups for the
expressions separately, the following results were found. The-Méritmey U tests

per expression determined that indeed the activation during the expression of smile
(Active Mdn.: 0.16, Passive Mdn.: 0.08, U=5,375,06,001) and surprise (Active

Mdn.: 0.12, Passive Mdn.: 0.08, U = 6,806.p€.001) were statistically higher
within the active group by comparison to the passive. There was no significant group
difference in median activations for the frown condition (Active M@rQ8, Passive

Mdn.: 0.07,p>.05).

Figure72shows the median RMS activation for each channel and expression
while comparing the active and the passiveug. Group differences in RMS
activations seem to be enhanced for the
channel 1 and 2 (Zygomaticus) and channel 5 and 6 (Orbicularis oculi) during
smiling. These group differences were tested using Mahitney U tess and
significant differences were found between the two groups on channels 1,2,3,5.6 for
the smiling expression, channels 1,2,3,4,7 for the frowning expression, and channels

2,3,4,5,6 for the surprise expression (see

Table23).
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Figure 70. Bar plots showing median activation of each channel per expression for eac

(Active (orange), Passive (blue).
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Table 23. Table presenting the findings for the comparisons of the active and passive groups

for each EMG chareis and for each of the three expressions. Data were analysed using

MannWhitney U tests.

Expression Channels U Sig.(p)
EMG_channel 1 5,278 <.001
EMG_channel 2 5,821 <.001
EMG_channel 3 8,422 .009
Smile EMG_channel 4 10,272 .995
EMG_channel 5 6,646 <.001
EMG_channel 6 6,144 <.001
EMG_channel 7 9,265 153
EMG_channel 1 12,912 <.001
EMG_channel 2 12,308 .004
EMG_channel 3 7,352 <.001
Frown EMG_channel 4 8,335 .006
EMG_channel 5 11,379 114
EMG_channel 6 11,288 .146
EMG_channel 7 6,294 <.001
EMG_channel 1 8,932 .057
EMG_channel 2 8,675 .023
EMG_channel 3 6,368 <.001
Surprise EMG_channel 4 7,441 <.001
EMG_channel 5 7,532 <.001
EMG_channel 6 7,880 .001
EMG_channel 7 9,093 .094

Bold at asignificance level of .05 / Asymptotic Sig.-§ed)

Due to the nature of the experiment participants completed the voluntary expression

mimicry step after the VR experience. We did not expect to observe significant

differences on the overall EM@ctivation between the two groups, as the group

selection was randomised, and the experimental procedure was followed similarly

for both groups. It is possible that the overall EMG activation differences between

the participants was due to the effect & ¥R experience and the interactivity it

entailed. Participant of the passive group could be less inclined to perform salient

expressions with respect to the participants of the active group. Perhaps such

activation difference in the active group couldrbsulted from the intense muscle

activat

i on

to those that actors do before a show).

during the

VR

experience,

whi c|

To investigate further this between group difference, correlation analysis

was conducted betweenetimean activation across channels and mean scores of

enjoyability

(1 val

ue

ra

nging from

1=061 (

presence scores, the overall duration spent in the VR experience (which was variable

for each individual; expressed seconds), and the expressivity scores for all users.

A
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cally
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between the mean RMS activation and the mean presence scores (rp=.05Q)

and a significant positive correlationvith the mean enjoyment scores (r = .120,
p=.042). The mean RMS activation was not found to significantly correlate with the
duration of the experience and the expressivity scores. These observations allow us
to assume that participants who attained &igbvel of presence (as in the active
interaction mode) and the ones who enjoyed the VR experience were more inclined
to perform stronger facial expressions, regardless of the time spent in VR or their

expressivity scores.

Classification of voluntary expressions

Having analysed the effect of voluntary expressions of the EMG signals which
served as a test for the equipment up#b], we examined the feasibility of
distinguishing the three voluntary expressions withhierrtclassification tests. A
standard classification protocol was tested using the voluntary expression. The role
of this first analysis was to evaluate the feasibility of decoding facial activations form
our EMG signals data before applying it to the spoabus affect detection data
(section6.3.9 collected during the VR experiences in the VEs. The classification
tests and critical results for the automatic volunexgression detection within VR

will be presented in this subsection.

Procedure. The mean and standard deviation of the RMS activation values per
expression across all participants were labelled based on corresponding expression
(1=smile, 2=frown, 3=sumse) and were fed into three competitive classifiers,
namely a Support Vector Machine (SVM) with radial basis function (RBF) kernel, a
K-nearest Neighbour (KNN) and a Naive Bayers (NB). The performance of the three
classifiers was tested through viafbld cross validation.

To assess the importance of the features derived from the EMG channels
towards the classification of the three expressions, the Minimum Redundancy
Maximum Relevance (MRMR) algorithm was udd86]. The aim of the MRMR
was to measure the ability of the predictors (features) to identify the classification
label, by quantifying the redundancy amtervance of the features. These concepts
are defined bythe mutual informationof the features. In short, the mutual
information measures how much uncertainty of one variable that can be reduced by
knowing the other variablel86]i [488]. More specifically, in this approach ade

MRMR score represents confidence in the selected feature for predicting the class
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label. In practice, by reducing the number of features in a subset, the required
computation cost can be significantly reduced. This algorithm has been used in
similar sudies, e.g[489], [490]

Classification results.The outof-sample, 18old crossvalidated accuracy for the
detection of the three expressions achieved was 80.02% using SVM, 79.67% using
KNN, and 75.38% using NB, using all features from all the EMG chanfaldd
24) . The features included average ampl it
(mean value for channel 1), and the stanc
(stardard deviation of values for channel 1). Reducing the features (the predictors)
to 8 out of 14 (by setting a threshold based on the standard deviation of the predictor
MRMR scores, seEigure73) minimally reduced the accuracy per each classifier to
79.09% with SVM, 79.21% with KNN, and increased the accuracy to 75.61% with
NB (

=] =]
s = = ]
- o L&) (5]

Predictor importance score

o
=]
o

mCH1 mCHZ mCH3 mCH4 mCHS mCHE6 mCHT sdCH1 sdCH2 sdCH3 sdCH4 sdCHS5 sdCHE sdCHT
Predictor rank

Figure 73. Predictor ranks as computed with MRMR feature selection algorithm. 1

selected features are the ones above the threshold (line, red filled bars).

Table25). Overall, the accuracies of the classifiers ranged from 75% to 80%, with
the SVM classifier tending to provide the best classification accuracy. These
classification rates indicate that th®& data recorded across individuals from the

interface prototype can be used to discriminate and classify the voluntary facial

expressions of smiling, frowning and surprise.

Table 24. Confusion matrix and owdf-sample accuraciesep classifier (expressed in
percentages) together with the correspondisgdres.

Confusion Matrix (%)

Classifier Expressions Smile Frown Surprise Accuracy F-scores

Smile 90.24 6.27 3.48
SVM 80.02  [0.84,0.73,0.83]
Frown 20.56 68.99 10.45
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Surprise 4.18 14,98 80.84

Smile 89.90 5.92 4.18
KNN Frown 20.21 64.11 15.68 79.67 [0.84, 0.71, 0.83]
Surprise 3.480 11.50 85.02
. Smile 83.97 1498 1.05
Naive
Frown 1742 66.90 15.68 75.38 [0.83, 0.65, 0.78]
Bayes
Surprise 1.74 23 75.26
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Predictor rank

Figure 71. Predictor ranks as computed with MRMR feature selection algorithm. 1

selected features are the ones above the threshold (line, red filled bars).

Table 25. Confusion matrix and owutf-sample accuracies per classifier after feature selection
(expressed in percentages) along with the correspondéogtres.
Confusion Matrix-50% features (after MRMR)

Classifier Expressions Smile  Frown Surprise Accuracy F-scores

Smile 92.68 3.83 3.48
SVM Frown 24.04 64.81 11.15 79.09 [0.84, 0.71, 0.82]
Surprise 5.23 14.98 79.79
Smile 88.85 6.97 4.18
KNN Frown 2230 66.20 11.50 79.21 [0.82,0.71, 0.83]
Surprise 4.53 12.89 82.58
Smile 82.93 16.03 1.05
Naive
Frown 15.68 71.08 13.24 75.61 [0.83, 0.67, 0.78]
Bayes

Surprise 1.39 25.78 72.82

To summarise the data analysis of the physiological measures and the classification
analyses for the voluntary facial expressionsréiselts were as expected. The facial
expressions of smile, surprise, and frown elicited distinct patterns of EMG channel
activations when using the EmteqVR device. These differences between channels
were statistically significant between the three expoassiand they allowed for the

classification of those facial expression with 80% accuracy across multiple users
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(Hypothesis §. Additionally, the classifiers performed equally well when using only
a subset of the data, deriving from the higher rankedrie=a{id9% accuracy), which
could reduce computational cost in automatic expression detection in the future.

The active and passive groups showed significant differences in the overall
EMG, with the active group achieving an overall higher EMG activation for all three
voluntary facial expressions. This effect was unexpected, as there was not variation
in the proedure for both groups. This effect might have been induced by the VR
interaction mode, which in turn affected
scores, along with potentially their motivation to perform stronger emotional facial
expressions.

The olserved effects for voluntary facial expressions informed the analysis
and processing of the spontaneous physiological responses within VR, the analysis
of which is divided into two sections, starting with the data analysis of physiological
measures in séon 6.3.3 followed by the classification tests in secttf.4 More
specifically, as facial muscle activation can be subjected to interindividual
differences due to potential variation in musculafd2?] as well as experimental
conditions (as in the <case of active vs
difference, see sectidh3.2, a subjeckpecific normalisation method for EMG was
chosen for the classification of spontaneous muscle activations. The data recorded
during the three voluntary facial expston (which targeted the facial muscles
underlying the skin when the EMG sensors were positioned) were used to inform the
subject specific normalisation method, following the process of utilising maximum
voluntary muscle contractions for the normalisatddrEMG signals suggested by
[248] and [342]

Next, the effects of spontaneous affective responsephysiological
measures within VR are investigated. The affective impact of the VE events on the
EMG and PPG measures was examined for the active and passive groups, related to

Hypotheses 79.
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6.3.3. Event-based analysis of continuous physiological data from
naturalistic affect elicitation in VR

In this section, three main hypotheses are investigated: (a) that EMG sensors can
reliably detect spontaneous valence changes in passive and active settings
(Hypothesis 7, (b) that PPG and/or EMG sensors celmbly detect spontaneous
arousal changes in passive and active VR setthigsathesis §, and (c) that affect
detection is more reliable in the active compared to the passive group due to higher
presence and interactivity levels, despite higher neigeld expected due to roem

scale locomotion Hypothesis 9.

For this section, the evehtaised analysis approach was taken. This means
that signals were epoched based on ewesets (epoch duration based on start and
end of event e.e250ms tomin +100@ms) and then averaged across all events
within each VE. Afterwards, a database was created consisting of mean activations
for each physiological measure (referred to as features) for each VE. Please note, out
of the 291 data sets, 288 were analysed figrghysiological data analysis due to
technical difficulties, i.e. no evemtarkers were recorded in three EMG data sets.

Tests of normality showed that all EMG data were-parametric. Initial
ANOVA results are also reported given its robustnessrgelaample sizes against
moderate violations of normality (explained in sect®.4. Significant findings
were followed up with noparametric Friedman tests, Wibon signed rank/Mann

Whitney U tests. All correlations were Spearman correlations.

6.3.3.1. EMG analysis comparing VE conditions in active and passive groups

Figure74 shows the EMG activity for all channels combined. The data show EMG
activity for all three VEs as a total across both groups but also separately for both
groups. When looking at the figure one can see that EMG activity is less strongly
modulatedby VE in the passive group compared to the active group. In the active
group EMG activity increases from the neutral to the positive to the negative VE

condition. This raise is less pronounced or absent in the passive group.
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Mean EMG activations across channels per VE

0.14
0.12
0.10
~ 0.08
E 006
0.04
0.02 -
0.00
Neutral VE Positive VE Negative VE
WAl (total) 0.034 £ 0.025 0.049 + 0.037 0.057 + 0.049
B Active Group 0.041 £ 0.025 0.066 £ 0.039 0.083 + 0.056
Passive Group ~ 0029 + 0.023 0.034 + 0.027 0.033 + 0.025

Figure 72. Mean EMG activation across channels per VE (Neutral, Positive and Ne
for (a) all users (Grey outline), (b) users in the Active group (blue outline), (c) subj
the Passive group (orange outlinE)e table under the figure shows theans and stand:

deviations (also depicted in error bars).

The combined EMG activity across all channels, was analysed using a mixed 3x2
ANOVA with the factors VE Condition (neutral, positive, negative) and Group
(active vs. passive group). Thealysis revealed a significant main effect of Group
(F(1,285)=87.268p<.001) meaning thaEMG activity was higher in the active
compared to the passive grouphere was also a significant main effect of VE
condition (F(1.642,468.037)=73.93%<.001), shwing that for both groups
combined the EMG activity was lowest in the neutral condition, intermediate in the
positive condition, and highest in the negative conditidhthree conditions were
significantly different from each othetn addition, the intection between the
factors VE condition and Group was also significant (F(1.642, 468.037) = 48.320,
p<.001) showing thathe modulation of the EMG activity across VEs was more
pronounced for the active compared to the paggivep.

In the next step, wenalysed all EMG channels separately by using mixed
3x2 ANOVAs with the factors VE Condition (neutral, positive, negative) and Group
(active vs. passive group). The findings are showiidhle 26. In short, for all
channels there was a significant main effect of Group (aklkes >=7.614; alp
Value<=.006) showing thaEMG activity was always higher in the active compared
to the passive grouprhere wasalso always a significant main effect of the VE
condition (all Fvalues >=5.940; all p <=.003). The nparametric poshoc tests for

both groups combined are presented in table 25 below. Finally, there was also a
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significant interaction between the faogroup and condition (all-Falues >=
5.443; allp<=.006), with the exception of the findings for EMG channel 7. Here, the
interaction was only marginally significant (F(1.693, 484.124)= 2.p81)65) but

it showed a similar pattern as seem for all ottfeannels. This pattern was already
described above, EMG activity showed a stronger modulation by VE condition in
the active compared to the passive group. A detailed description of the non
parametric poshoc tests for the active and passive groupsedsemted in section
6.3.3.3

Table 26. Mixed ANOVAs findings for each EMG channel.

Main Effect Main Effect Interaction
EMG Channel » N
Group VE Condition VE Condition x Group
Combined EMG  Sign (<.001**) Sign (p<.001**) Sign (<.001**)

Channel 1 Sign (<.001**) Sign (<.001**) Sign (<.001**)
Channel 2 Sign (<.001**) Sign (<.001**) Sign (<.001**)
Channel 3 Sign (<.001**) Sign (<.003**) Sign (<.006**)
Channel 4 Sign (<.006**) Sign (<.001**) Sign (<.001**)
Channel 5 Sign (<.001**) Sign (<.001**) Sign (<.001**)
Channel 6 Sign (<.001**) Sign (p<.001**) Sign (<.001**)
Channel 7 Sign (<.006**) Sign (p<.001**) n.s. £=.065)

* significance levep <.05, ** significance levep <. 01

6.3.3.2. PPG sensor analysis comparing VE Conditions between the active and

passive group

The activity of the PPG sensor was analysed by extracting several HR related
features such as IBI (N intervals), RMSSD (RMS of W intervals), SDNN (SD

of N-N intervals), and rBPM (BPMbaseline BPM). Initial ANOVA analysis were
conducted to determine wiher these features can dissociate between the VE
conditions and whether this effect is different for the active and passive groups (see
Table 27). For all features, the main effect of Group was significant (all F
values>=12.895; ajp<.001) meaning that enhanced values for the active compared
to the passive group. The main effect of condition was only significant for the IBI
(F(1.827, 522.659) = 9.66Pp<.001) and the rBPM feature (F(2, 572) = 19.706,
p<.001). This will be further explored with Friedman and gust tests below and

in Table 26. The interaction between VE Condition and Group was only significant
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for the IBI (F(1.827, 522.659) =3.75p=.028) and the rBPM feature (F(2, 572)
=3.774,p=.024), meaning that the features behave differently for the active and
passive groups across VE conditions. This was further evaluated when conducting
Friedman and positoc tests for the active and passive geosgparately. The
findings for this are presented Table29 and 28.

Table 27. Mixed ANOVAs findings for the PP®&atures.

HR Feature Main Effect Main Effect Interaction
Group VE Condition VE Condition x Group
IBI Sign (<.001**) Sign (<.001**) Sign. £=.028%)
RMSSD Sign (<.001**) n.s. =.417) n.s. £=.087)
SDNN Sign (<.001**) n.s. 0=.245) n.s. =.094)
rBPM Sign (<.001**) Sign (<.001**) Sign (=.024%

6.3.3.3. Comparisons between VEs per sensor / feature (both groups

combined).

In order to investigate the Main Effect of Condition for all EMG channels and HR
features in more detail, Friedman tests fmtidw up Wilcoxon tests were conducted

for each separately. They are presenteflable28. To facilitate the interpretation

of the findings median scores for each VE environment are provided and significant

findings are displayed in bold.

Table 28. EMG andHR analysis for the combined data from the active and passive groups.

Results of Friedman tests and pbet pairwise comparisons between the three VE

conditions when significant differences are found for the Friedman tests. Significant post

hoc tests areli spl ayed in bol d. Neutral (6Neu. 6) , P c
Descriptives include the median (Mdn) scores for each VE.

Fri edmands Te s Descriptives Pairwise comparisons
(Wilcoxon, Bonferroni corr.)
Features Chi-Square  Sig.() VE Mdn Pairs Stat. p
(@) : @

EMG sensors

Neu. .015 Pos.-Neu. -9.84 <.001**
EMG Channell 92.79 <.001 Pos. .028 Neg.-Neu. -8.85 <.001**
Neg. .027 Neg.-Pos. -1.31 .189
Neu. .015 Pos.-Neu. -9.11 <.001*
Pos. .029 Neg.-Neu. -9.11 <.001**

EMG Channel2 108.67 <.001

225



Chapter 6

Neg. .030 Neg.-Pos. -1.83 .194

EMG Channel3 2.650 .266
EMG Channel4 3.092 213

Neu. .019 Pos.-Neu. -10.0 <.001*
EMG Channel5 124.55 <.001 Pos. .035 Neg.-Neu. -9.69 <.001**
Neg. .034 Neg.-Pos. -1.34 .180
Neu. .021 Pos.-Neu. -2.54 <.001*
EMG Channel6 123.83 <.001 Pos. .032 Neg.-Neu. -10.07 <.001**
Neg. .038 Neg.-Pos. -9.24 .033*

EMG Channel7 3.43 .180
PPG
sensor

Neu. .88 Pos.- Neu. -2.66 .024*
HR. IBI 25.86 <.001 Pos. .86 Neg.-Neu. -6.33 <.001**
Neg. .85 Neg.-Pos. -3.01 .009*

HR. RMSSD 2.63 .268
HR. SDNN 4.42 110

Neu. 2.30 Pos.- Neu. -2.79 .015*
HR. rBPM 28.46 <.001 Pos. 5.33 Neg.-Neu. -6.23 <.001**
Neg. 7.18 Neg.-Pos. -3.27 .003**

* significance levep <.05, ** significance levep <. 01

Overall, affective conditions (positive and negative VE) were related to
enhanced EMG activations for the channel®d Zygomaticus LefRight), 5- 6
(Orbicularis Oculi Left and Right), reduced IBI intervals and enhanced rBPM levels
when compared to theeru t r a | condition (see OPairwise
section ofTable 28, see also descriptive section). This finding aligns with reports
from previais research suggesting that affective stimuli increase-tstast and
enhance the activation of facial muscles (¢492], [493] extended review of
externalisation mediums of affect in Chapt
not significant for EMG channels 3 and 4 even whennian effect of the VE
condition was significant for these channels in the ANOVAs presentEahile 26.
As our data are neparametric, we decided tcsel the findings from the more
conservative Friedmanods test. Secondl vy, t
physiological measures were able to dissociate between affective and neutral VEs
(EMG measures, IBI, rBPM), they were also able to dissociateeka the affective
positive and negative VEs (EMG channel 6, I1BI, rBPM).

6.3.3.4. Comparisons between VEs per sensor / feature per group.

We decided to compare VE conditions for each group separately to gain a closer

understanding of the significant interactions between VE environment and Group
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that were present for all but one EMG channel. For each analysis, Friedman tests
were conducted.fIthey were significant, they were further followed up with

Wilcoxon posthoc tests.

Active Group. In this section, we test the sensitivity of our physiological sensors
and features to the VE manipulation for the active group. There was one additional
measure called distance (Dis) because participants of this groups were able to walk
towards or away to/from a stimulus in the virtual space, the mean distance from
stimulus O0Di s6 was cal cul assgevehn)ipEsftsatt S€Tr i n
of event)).

Following the same approach described in the previous section, the results
from related sampl es Fr i Tmoen28. rBongerronie st s ar
corrected pairwise comparisons Wilcoxonos

tests were significant.

Table 29. EMG and HR analysis for the O6activebd gro
hoc pairwise comparisons tesen the three VE conditions when significant differences are
found for t he Fri edman tests. Neutr al (6 Ne L

Descriptives include the median (Mdn) scores for each VE.

Fri edmands Te Descriptive Pairwise comparisms
Sensors/Features & Sig(p) VE Mdn Pairs z p
EMG Sensors
EMG Channell  106.50 .001** Neu. .022 Pos.- Neu. -8.88  <.001**

Pos. .048 Neg.- Neu. -8.70  <.001**
Neg. .056 Neg.- Pos. -2.60 .018*
EMG Channel2  117.228 <.001** Neu. .025 Pos.- Neu. -8.57  <.001*
Pos. .057 Neg.- Neu. -9.07  <.001**
Neg. .069 Neg.- Pos. -5.73  .036*
EMG Channel3  9.304 .010* Neu. .051 Pos.- Neu. -1.91  .168
Pos. .049 Neg.- Neu. -3.23  .003**
Neg. .052 Neg.- Pos. -2.58  .030*
EMG_Channel4 12.194  .002** Neu. .043 Pos.- Neu. -1.27 618
Pos. .042 Neg.- Neu. -3.43  .003**
Neg. .049 Neg.- Pos. -2.97  .009**
EMG_Channel5 114.978 <.001** Neu. .025 Pos.- Neu. -8.77  <.001**
Pos. .052 Neg.- Neu. -8.99  <.001**
Neg. .057 Neg.- Pos. -2.71  .021*
EMG_Channel6 105.555 <.001** Neu. .028 Pos.- Neu. -8.44  <.001*
Pos. .061 Neg.- Neu. -8.92  <.001**
Neg. .071 Neg.- Pos. -3.18  .003**
EMG_Channel7 19.388 <.001* Neu. .016 Pos.- Neu. -2.66  .024*
Pos. .017 Neg.- Neu. -451  .003**
Neg. .026 Neg.- Pos. -2.76  .018*
PPG
Sensor
HR. IBI 24826  <.001* Neu. .930 Pos.- Neu. -3.16  .006**
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Pos. .915 Neg.- Neu. -5.58  <.001**
Neg. .885 Neg.- Pos. -1.32 561
HR. RMMSD .391 .822
HR. SDNN 1.696 428
Neu. 3.50 Pos.- Neu. -3.50 <.001**
HR. rBPM 25.739 <.001* Pos. 9.83 Neg.- Neu. -5.55  <.001*
Neg. 10.57 Neg.- Pos. -2.26  .072
Movement
Distance 5.666 .059

The RMS signal calculated from the EMG channels showed significant differences
between the three affective VESs, as showFahle29. As expected, significant RMS
differences were found between all VE conditions for most channels (1, 2, 5, 6 and
7). EMG activation on channel 3 and 4 (positioned on the frontalis muscle, whose
activation is linked to mental workload and fatig[#32]) were found to be
significantly different between thdfactive conditions (positive and negative), and
also between the negative and the neutral VE. They could not, however, significantly
discriminate between the neutral and the positive VE conditions.

Continuing to the analysis of the hegate features of 1Bl andBPM (BPM
i baseline BPM) showed significant differences between affective and arousing VEs
and the neutral, low arousing VE. Unfortunately, both HPV features extracted
(SDNN, RMSSD) did nobffer any discriminatory differences between the three
conditions. The distance feature (distance of user from events) was also not
significantly different between conditions (p = .059).

Since the active participants required to explore by physicallkinea
around the area, the physiological signals recorded were expected to carry higher
body and head movemerdlated noise which could also potentially result into
crosstalk between sensors. However, the results for the active group showed larger
changesetween all three VE conditions compared to the results across all users
described earlier. This additional sensitivity effect could be resulted from the overall
emotional intensity that users could have in the active group experience, which was
overall nore energetic and exciting for the users than the passive group. These

findings support Hypothesis 9.

Passive GroupAs for the active group, the ability of each sensor/feature to
discriminate between the VE conditions was tested for the passive greup. A
reminder of hypothesis 9, for this group we expected weaker affective changes

between VEs on both EMG and PPG measures despite the reduced noise levels.
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Table 30 pr esent s results from the related s

corresponding pairwise pekbc comparisons with Bonferroni corrections.

Table30. EMG and HR analysis for thestsandpostsi ved gr
hoc pairwise comparisons between the three conditions VE when significant differences are
found for t he Friedman tests; Neutr al (6 Neu.

Descriptives include the median (Mdn) scores for each VE.

Fr i e dsmasts 6 Descriptive  Pairwise comparisons (Wilcoxon)
Features & Sig.®) VE Mdn. Pairs Z p
EMG Sensors

Neu. .008 Pos.- Neu. -4.11 <.001**
EMG Channell 13.276 .001** Pos. .014 Neg.- Neu. -2.66 .008*
Neg. .013 Neg.- Pos. -1.07 .285
Neu. .010 Pos.- Neu. -4.40 <.001**
EMG Channel2 18.893 <.001** Pos. .015 Neg.- Neu. -3.72 <.001**
Neg. .013 Neg.- Pos. -.51 .613

EMG Channel3 .487 .784
EMG Channel4 2.913 .233

Neu. .013 Pos.- Neu. -4.83 <.001**
EMG Channel5 27.013 <.001** Pos. .018 Neg.- Neu. -3.80 <.001**
Neg. .016 Neg.- Pos.  -.927 .354
Neu. .014 Pos.- Neu. -4.08 <.001**
EMG Channel6 32.437 <.001** Pos. .019 Neg.- Neu. -4.48 <.001**
Neg. .020 Neg.- Pos.  -.004 .997

EMGChannel7  3.139 .208

PPG Sensor

HR. IBI 9.566 .008** Neu. .843 Pos.-Neu. -.12 .903
Pos. .819 Neg.- Neu. -2.95 .003**
Neg. .821 Neg.- Pos. -3.24 .001**

HR. RMSSD 6.171 .046* Neu. .218 Pos.-Neu. 1.73 .083
Pos. .237 Neg.- Neu. .044 .965
Neg. .240 Neg.- Pos. 1.45 147

HR. SDNN 8.895 .012* Neu. .162 Pos.-Neu. 2.22 .026*
Pos. .178 Neg.- Neu. .15 .882
Neg. .174 Neg.- Pos. -1.91 .056
Neu. 1.69 Pos.-Neu. .099 921

HR. rBPM 6.493 .039* Pos. 3.46 Neg.- Neu. 3.06 .002**
Neg. 4.28 Neg.- Pos  2.57 .010*

* significance levep <.05, ** significance levep <. 01

RMS signal differences were observed between the affective, high arousing VE
conditions (negative and positive) ahe neutral, low arousing VE condition for the
EMG channels 1, 2 5, 6. Interestingly, none of the EMG channels showed significant
differences that would enable discrimination between the positive and the negative
condition, including channels8and chanel 7. In general, we saw lower activation
differences between VE conditions for the passive than for the active group for all
EMG channels.
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Concerning the PPG features, significant differences between the positive
and negative affective conditions were etved for the IBI and rBPM features in
the passive group. These differences were not present in the active group. Results
showed that heartate features IBl and rBPM also revealed significant differences
for the negative condition compared to the neufialconditions. In addition, the
SDNN activity was significantly lower in the neutral VE compared to the positive
VE. This difference was not found for the active group. The low SDNN found in the
neutral stimuli relates to lower variability caused by ungdea stimuli compared to
pleasant ond#94], [495] However, the difference between the neutral and negative
events was not pronounced for this measure, rendering it less reliable compared to
the other HR measures. By comparison, the IBI and the rBPM showed good
discriminatory ability for the negative avis against positive and neutrals. This may
be explained by the higher CASR arousal ratings found on the negative events
compared to the positive and neutral ones for this grous (3€led. The differences
indicated that these measures showed similar sensitivity for the passive group as for
the active group in detecting increases in negative affect (as a parameter of arousal)
but not for the positive events. As segareviously in sectio%.3.1.2 the affective
impact of the positive events was reduced for this passive compared to the active
group, which can explain the reduaidcriminatory power of the HiReasures.

In summary, the analysis above clearly shows that physiological measures
are able to detect spontaneous affective changes in VEs. We did show that all EMG
channels were able to dissociate betweencWiditions and that this dissociation
was even more pronounced for the active compared to the passive group, despite the
enhanced activity (or noise) levels in the EMG channels. In the active group, all
EMG channels showed significant differences betweErcohditions while for the
passive only channels 1,2,5,6 were found to show significant differences between
affective and neutral conditions. These results show that spontaneous affect and
specifically valence detection in VR settings can be reliable détin hctive and
passive conditiondHypothesis 3. The HR features (1Bl and rBPM) showed higher
discriminatory power for the affective / high arousing VEs vs the low arousing,
neutral VE condition for both groupddypothesis §, especially between the
negaive and the neutral VE condition. Additionally, the 1Bl and rBPM features
differ between the two affective conditions for the passive group, showing an overall

weak affective manipulation for the positive VE condition. This agrees with the
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effect observedh the CASR valence and arousal ratings for the positive events for
the passive group (see sect®f.1.2 Figure67).

The majority of studies detecting affect outside VR record data from users
in seated positions facing one direction (4. [333], [366], [496). In our study,
despite physical movement, the ability of physiological features to detect
discriminate betweethe VEs was stronger overall for the active group compared to
the passive Hypothesis 9, which makes the active setting a potential better
candidate for future affect elicitation studies. Physical movement can directly affect
the physiological signals @ raise heartrate) and degrade signal quality by
introducing undesired variations and artefacts in the sigted], especially in
upright positiong498]. This effect was found predominantly in the HR and PRV
related features whose computation can be severely affected by the motion noise
[487][499] which can explain the weak effect found on PRV features for the active
group. Thus, the computation of PVR measures in VR igraensitive to motion
changes compared to IBI, rBPM and EMG features.
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6.3.4. Valence and Arousal Classification from spontaneous
affective responses recorded within VEs

In this section we will address the general case, which is the automatic identification

of sppntaneous affective states which can involve a wide range of expressions using
classification methods. Spontaneous expressions can differ drastically from posed or
voluntary expressions, and in some cases were found to be less intense and form
different mwscle configurations (see secti®3.20 nF abc i al Exphe@&@ms si ons 06
of this section is to validate the ability of the detection systerautomatically

distinguish affective changes in valeneypothesis § and arousalH{ypothesis

in both active (standing) and passive (seated) VR settings from continuous
physiological measures. There are several advantages for such an automated affect
detection system.

Firstly, the222eventbased datavindow approach allowed the analysis of
physiological activations for certain events. This exmaged approach accdarfor
only the data collected during the userbés
simulation, which allowed the confirmation of the study design to induce the
predesigned affective states. However, such approach could be proven difficult to be
apgied for automatic affect detection in VR as it relies on developers/content
creators to tag the events of interest, while potentially interesting data windows
(including the transitions between events) would be overlooked. For this reason, a
continuous rling time-window data segmentation approach was applied for the
calculation of physiological features recorded per VE condition.

Secondly, machingearning (ML) classification approaches allow for
automatic human affect recognition, bringing us a stegpedlowards natural human
computer interaction. ML methods enable computers to learn directly from data
examplesovercoming the requirement to provide an explicit md@en], while
taking the simultaneous activity changes and regularities across channels into
account Today, with automatic data analysis and macleaening approaches we
can map data feat® combinations to certain labels (i.e., ground truth), thus
developing the models which can be deployed to automatically detect those labels in
new data (in a dynamic manng¢sp1]. As such, machine learning approaches can
be used to predict future events and to classify existing data. Such techniques have
been commonly used in Affective computing, where have shown promise in building

automatic detection systems from ploysgical datg305].
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For the purpose of the classification analysis, three clasgificapproaches
were performed for the detection of each affective dimension (valence and arousal),
as explained in Methods: a)ausen dependent approach where
pooled together and then randomly divided for the training and testihg wfodels,
here referraesdbfjfectiso iimi-ikdgpdndentaagpoachid user
which data from users were kept separately for training and testing of the models
referred tesud$ el s epa Hypoeedisr@, and C)iagiset e
dependent approach in which a model was created for each participant (to investigate
Hypothesis 1). The classifications tests were performed, firstly, on the data from
the total participant sample and afterwards for each group in order to explore the
performance of affect detection for each interaction mode (active against passive

group) Hypothesis 9.

Following this structure this section is divided in the subsections below:
a) Userindependent Classification (mixeibjects).
b) Userindependent Classificatin (separatedubjects).

c) Userdependent Classificatioii for each participant separately.

Data structure and Classification Procedure. For these classification tests,
additional features were calculated from the EMG and PPG sighalde 31
contains the list of features extracted from the PPG and the EMG signals which were

used for the classification of arousal and valence responses.

Table 31. List of features and features measures extracted per modality

Original signal Extracted features Measures from individual features
IBI Mean (average) value
RMSSD Maximum value
PPG SDNN Minimum value
BPM Standard Deviation
Peaks (loc) Mean ofprevious 5 seconds

Mean (average) value
RMS for Maximum value
EMG EMG Channels4&  Minimum value
Standard Deviation

Mean of previous 5 seconds
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After filtering (see sectior.2.5, the data were segmented into rolling
windows, where each epoch contained 5000 samples (equal to 5 seconds) with 2500
samples overlap (forward step). Since th&ration of the recordings and the
interaction with the VE per user was different, the number of epochs per participant
also varied.

The oOdumnsdependentdepamdendtubsec! assi ficati
performed separately for binary (two levels: pesithegative) and three levels
(negative/ neutral/positive)alenceclassifications an@drousalclassification. Each
test was run using three classifiers, @M, KNN, and NB as executed for the
expression classification.

By compari son,subpet tirmépendest@mmoach, thel
10-fold cross validation was devised by splitting the dataset into folds while also
keeping the entirety of each participantd
turn for testing while training with the rest0®), until all subjects have been tested.

For the usedependent approach, a model was trained per participant, using
the first 70% of the data for training and the subsequent 30% for testing that is, the
validation respects causality as it is performaduiure data. The means accuracies
across models overall and per group were calculated. Thisested approach
cannot be generalised to new users, it however was expected to provide a better

performance accuracy for valence and arousal detection.

Model testing.As explained in Sectiob.2.6(Machine learning strategy gthe data

were divided into sets. In the mixaedbjectuserindependenapproach (a), a random

selection of 30% of the participants were used to tune the hyperparameters of the

classifiers and the 70% were used to classify valence and arousal ufitg)d0ss

validation, by concatenating all data from the subjects. This means that during the

data division, parts eapinthe tpaingtsetandthea nt 6 s d

remaining in the testing sets. This approach was expected to yield géardnaeice

accuracy but have | ower general3@Gability
In the userindependentseparateesubjectsapproach (b), after tunindné

hyperparameters with the 30% of the participants, the remaining users were divided

into 10folds. Each fold (10% of total participants) was used as testing set while the

remaining 90% of the subjectsd day,a were

the entirety of each participantds data w
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until all users were tested. This approach is expected to have high generalisability
yet to yield lower accuracies than the msadjects approach.

In theuserdependenpipeline (c), data form each individual subject is tested
separately and preserving causality in the data. That is, the first 70% of the data
recorded per subject is used as training, whilst the following 30% for testing. The
accuracy from the tdag sets was calculated (together witldores and area under

curve AUC per model which are available in the Apperdix

Ground-truth class labels. The CASR selfrating scores of each participant were
used as thetddgr damwel | i ng for the valence
binary classification of arousal and valence, the CASR scores were bipolarised in
high/positive and low/negative ugj the median (Mdn) score (low< Mdn >high) of
each dimension across all subjects. The median division point for valence was 1.05
and for arousal was 1.11 (both ratings ranged from [0 to 2]). The number of time
windows corresponding to each label (class} Walanced: 51% negative and 48%
positive valence; 51% for low arousal and 49% for high arousal. For-tlesSes
classification the scores were divided using the median plus and minus the standard
deviation (Sd: 0.53) divided by 10 (i.e., negative/loassl corresponded to ratings
between 0 and Md(Sd/10), neutral/medium between M@Bd/10) and
Mdn+(Sd/10), and the positive/high between Mdn+(Sd/10) to 2). The number of
segments per class were also balanced for valence (negative 33%, neutral 29%,

positive38%), and for arousal (low 36%, average 30%, high 33%).

Normalisation. The training data sets were normalized by subtracting the median
value and dividing by the mean absolute standard deviation over each feature column
[294]. The testing data were normalised similarly, using the median values and
absdute standard deviation of the training data. The same normalisation approach
was followed in the 1old cross validation (mixedubjects) and the 90:10 split
folds (separatedubjects, and uséndependent). The results for the classification

sessions arpresented in the following sections.

6.3.4.1. User-Independent Classification (mixedsubjects)

A total of 45 models were developed and tested with data from users from the active

and the passive group. The -@iftsample accuracies achieved per model are
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descriled inTable32andTable33. The best performanadassification for Zlasses

of valence was 93.62% in the Active and 93.33% in Passive group, while for 3
classes our models reached 88.91% in the Active and 90.17% in the Passive. For 2
classes arousal detection, our models performed similarly when asinwgPPG
features (86.10% Active, 80.54% Passive). The fusion of features from both EMG
and PPG vyielded similar accuracies to unimodal approaches (i.e-bdde@
features) for the arousal detection but not for the valence detection, as Biggmen

75. Interestingly, when EMG features were used alone for the classification of
arousal, the classifiers were able to perform arousal detection with higleaac

than when using PRBased features (90.93% Active group, 91.71% Passive group).
The fusion with PPG features for arousal detection slightly lowered the accuracy
performances (80.86% Active, 80.67% Passive).

Table 32. Outof-sample accuracies per classifier (SVM, KNN, NB) for binary (2 cl) and
ternary (3 cl) valence detection using-fbld cross validation (uséndependent, mixed

subjects)
Valence detection Accuracies (%) (€¥serindependent)
All subjects Active group Passive group
3cl 2cl 3cl 2cl 3cl

2cl (EMG) (EMG) (EMG) (EMG) (EMG) (EMG)

SVM 84.19 73.95 71.89 63.65 80.61 75.75

KNN 94.71 90.95 93.62 88.91 93.33 90.17

NB 72.36 58.88 62.97 53.58 68.49 57.58

Table 33. Out-of-sample accuracies per classifier for arousal detection usHfigid @ross

validation (usetindependent)

Arousal detection Accuracies (%) (QVserindependent)

All subjects Active group Passive group
2cl 2cl 2cl 2cl 2cl 2cl 2cl 2cl 2cl
(PPG) (EMG) (fusion) (PPG) (EMG) (fusion) (PPG) (EMG) (fusion)
SVM 66.79 8345 7422 69.63 7228 67.98 67.70 80.09 75.68
KNN 8353 93.37 8147 86.10 90.93 80.87 8054 91.71 80.67
NB 61.36 7152 5923 6225 6284 5353 6250 63.82 5892
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Figure 73. Accuracies per classifier (combined groups) for valence detection (lef
arousal detection (right) using unimodidrived features against the fusion of both fea
(EMG and PPG).

Paired itests withBonferroni corrections showed significant differences between
the three classifiers on the mean accuracies for all subjects, with KhNIN£BB.06)
achieving a significantly higher accuracy than the SVM (Msvm = 73(88) =
10.35,p<.001) an the NB (Ms=61.99,1(14)=20.33p<.001), and SVM achieving a
higher accuracy than NB({4) = 11.25p<.001). In summary, the KNN classifier
achieved the best performance for this classification approach. The classifiers

performed statistically equal for the active ahe passive group.

6.3.4.2. UserIndependent Classification (separategubjects)

A total of 45 models were trained, only this time following the sepacatiejgcts
splitting approach.
Table34 shows the mean accuracies achieved per classifier for valence and arousal
detection. The resulted means (and standard deviations) were calculated from the

accuracies achieved for all the folds.

Table 34. Mean detectionaccuracies across folds (separatabjects, leavenefold-out)
per classifier (SVM, KNN, NB) for all subjects and for each group, Active and Passive.

DetectionAccuracies (%) (Standard Deviation)

All subjects Active group Passive group
Valence SVM  63.29 (+x2.71) 56.43 (£2.02) 54.13 (£3.23)
KNN  53.19 (+6.21) 55.71 (£7.17) 56.98 (+5.41)
NB 65.28 (£3.57) 55.49 (+4.87) 55.08 (£3.07)
mean 60.59 (+4.16) 55.88 (+4.69) 55.40 (£3.91)
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Arousal SVM 60.70 (+4.17)  53.76(+2.65) 51.58 (+3.30)
KNN 51.99 (+4.95)  55.21 (+4.47) 52.18 (+3.77)
NB  61.24(x0.78)  54.31 (+1.61) 51.79 (+1.55)
mean 57.98 (¥3.30)  54.43 (+2.91) 51.85 (+2.87)

To compare the effects of the classifier and the affective dimension on the
classification performances a repeated measures ANOVA was used on the accuracy
scores from all users (both groups combined) (classifier (3 levels) x affective
dimension (2 levels: valence, arousal)). The results yielded significant main effects
(F(2,18) =13.607,p<.001). Indeed all pairs compared with pairwise comparisons
with Bonferroni correction showed significant difference with each other (val_svm
T val_knn:t(9) = 5.10,p=.009, val_knri val_nb:t(9)=5.69,p<.001, arou_svri
arouknn: t(9)=6.15,p<.001, arou_knii arou_nb1(9) =-6.32,p<.001). The SVM
and NB were found to perform similarly well for both valence and arousal
classification, yielding no significant differences between their performances
(p>.05).

The main effects of the affective dimsion detected (valence and arousal)
on the <classifierso6 perfor maFil®es89 wa s
p=.054). The test however indicated a strong interaction effect between the
classification performance and the affective dimensk(2,(8)=31.01,p<.001).
Pairwise comparisons between the performance for valence and arousal detection
did not yield significant differences on any of the classifiers. A second repeated
measures ANOVA on the accuracies scores between the two groups (active and
passive) with 3 factors (group (2 levels: active and passive) x affective dimension (2
levels: valence, arousal) x classifiers (3 levels)) showed that the effect of the group
was not significantg>.05).

These results showed that when comparing the peafoces of the
classifiers, the KNN and the NB performed better than the KNN for arousal and
valence detection. Using this classification approach, no differences were found

between the detection accuracies for the active and passive group.

6.3.4.3. User-DependentClassification

Six models for each participant were trained: three for binary valence detection

(negative, positive) and three binary arousal detection (low, high) using the three
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classifiers: SVM, KNN, and NBTable 35 shows the mean prediction accuracies,
using the testing sets of each user (the last 30% of each recording session). The
averaged accuracies across participants are presented for all users combined, and for
each group (active, passive), accompanied by the standard deviation of the

accuracies dgeved across users.

Table 35. Mean prediction accuracies across users per classifier, for (a) valence detection
and (b) arousal detection. The columns correspond to the database used (from all users, the

active and the passiveaup).

Prediction Accuracies (Standard Deviation)

All subjects Active group Passive group
Valence SVM  66.51 % (+22.10) 65.81% (+23.84) 67.28 % (+20.67)
KNN  69.76 % (+21.06) 69.25 % (+22.94) 70.31 % (+18.84)
NB  69.67 % (£19.51) 69.42 %(+20.88) 69.93 % (+17.94)
mean 68.65 % (+20.90) 68.01 % (+22.66) 75.68 % (+16.28)
Arousal SVM  72.33 % (£19.36) 72.83 % (+20.93) 71.65 % (+16.69)
KNN  77.80 % (+16.65) 76.60 % (+16.40) 79.68 % (+16.95)
NB  71.96 % (+16.96) 69.49 % (+18.13) 75.84 %(+14.18)
mean 74.03% (+17.66) 72.98% (+18.76) 76.5%% (+16.30)

We observe a consistently similar performance between classifiers for all groups,
with KNN achieving slightly higher accuracies. To compare the performance
differences between thehr ee cl assi fi er s, Friedmanos
accuracies for all users combined (as the data werepa@metric), firstly for
valence and then for arousal. When significant effects were found, the tests were
followed up poshoc Wilcoxon tests.

The mean differences between the accuracies achieved on Valence detection
for each classifier were significantly different*(@)=10.97, p=.004). Pairwise
compari sons us i n-gankdMest showed sighificantsdiffgreaneecsl
between the accuracies of the KNN and the SVM classifier (Z = @5&0) and
between the NB and SVM classifier (Z = 2.p4.25), with the SVM performing
lower than the other two classifiers. The accuracies achieved for each classifier for
each group (active and passive) were also compared using\Miammey U tests,
yielding no significant difference®$.05).

Similarly, the accuracies achieved between theethblassifiers for arousal

detection were significantly different?(2) = 28.06p<.001). Pairwise comparisons
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indicated that the accuracies achieved by the KKN classifier were both significantly
higher than SVM Z= 4.21,p<.001) and NB (Z = 4.18<.001). The difference
between NB and SVM was not found significap® (05). The accuracies achieved

for the active and the passive group were compared using-Whitney U tests,
showing the arousal detection accuracies for the passive group were higher than the
active group for the NB classifier (U = 5949.56:.010).

In summary, the usetependent approach yielded high valence and arousal detection
performances. For the three classifiers used, the KNN was found to achieve the best
performances for both valen@nd for arousal detection. A similar finding was

observed for the mixedubj ect s o generalised classif
outperformed the competing classifiers. By comparison, the KNN performed poorly

for the separatedubjects generalised approach, whiako yielded the lower

performance accuracies. Additional investigation on classification methods and
optimisation techniques could be used to improve the attained accuracies, although

they were comparable with previous results in different setf2fyyd, [313], [323],

[502]. The splitting method used for the sepamatbjects approach yielded a lower
classificatonpedr mance but i s more appropriate to
data, as the testing sets included the entirety of new participants data not seen by the
classifier (Table 32). By comparison, the mix@djects approach although

performing significantly bet e r required an initial subse
used for the training of the model (Tables 30, 31). Thedegendent classification

results showed that developing a usentred model provides the high prediction

results to future data reactd by the same user (Table 33), albeit requiring an initial

subset for the training of each moddlost importantly, these findings confirm the

feasibility of automatic affect detection from the physiological features recorded

from the system prototype.
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6.4. Chapter Discussion and Conclusions

The purpose of this study was to explore the feasibility of automatically detecting
the affective states evoked while a user is immersed in Virtual Reality using head
mounted wearable technologies. Threevakdated vrtual experiences were used

as tool for the induction of neutral, positive and negative affective states. The
experiences contained interactive and static events which were triggered by the gaze
of the user. Two interaction modes for the VR experiencas wgplored: the
interactive firstperson participation in roomscale VR (active participant group),

and the passive observation of virtual stimuli from a thiedson perspective in VR
(passive participant group). The physiological senseupetused (io. EMG and

PPG sensors) and the movement tracking sensors were the same across groups.
Participants reported their felt valence and arousal levels in two ways for each VE;
firstly, throughout the VE experience using the continuousrattig tool (CASR)

and once at the end of the experience usingai rating scale (postE).

Using the data recorded from this study, we investigated the validation of
the study design, the effects of the used interaction mode (active vs passive group),
and the sensitity of the sensor modalities to detect changes in expression and affect
along the dimensions of valence and arousal. Lastly, the development of a valence
detection system and an arousal detection system were also investigated.

Firstly, the seHratings d#a were analysed to assess the ability of the three
VEs and their events to induce the predefined variations of valence and arousal to all
participants in VR. This step served as a manipulation check. The findings showed
that the VEs induced the targeteshges of valence and arousal across individuals
which confirmed our first hypothesisi{).

Differences were found between the two groups as reflected in their self
ratings. In line with our expectations, the passive group was less susceptible to the
affective manipulations, reporting overall lower arousal ratings than the active group
(H2) reduced memory accuracy scord8) and reduced presence scotdg)( The
affective VEs, positive and negative, were found to be generally more arousing and
more presete inducing KI5) than the neutral VR. These findings confirm the
relationship between affect and presence in VR (se@i®rd. In the case of this
study, the ir¢raction modes examined showed to have a significant effect on a
personb6és experience with VR content, t hus

induction.
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Notably, the continuous affect setting (CASR) method for sethting
was more sensitive thalne postVE ratings, revealing additional difference between
the two groups. More particularly, the pd4E ratings across individuals showed
that the negative VE was rated as the more arousing than the positive VE for both
groups. This asymmetry was sontew expected as suggested by the evaluative
space modgB7], [88] as negative stimuli generate higher arousal response$ithan t
equivalent positive onefp03], [504]due tothe se al | ed Odénegative bi
Interestingly, this asymmetry wa®tas prominent for the CASR ratings of the
active group because the active group did rate the positive events more positively
and more arousing than the passive group.
ratings were sometimes positive but also sames slightly negative with very low
arousal levels. This was surprising because all of these events werdigated
with our online survey (see sectibrB). So, why did this effect occur in the passive
condition? There are several explanations.

Firstly, valence and arousal ratings are likely to be modulated by the
interactivity of the experiaze. As such, it appears that the interaction mode had a
detrimental impact on the perception of positive stimuli and the positive valenced
ratings. An advantage of CASR is that physiological measures anditiedfs can
be measured in parallel. Hence haege in ratings over time or with specific events,
should also be seen in the physiological data. As such, future studies could
investigate in depth the effect of interactivity on the perception of positive stimuli in
VR, and potentially analyse the segqitarclusters of events in the positive VE to see
whether these differences are also reflected in the physiological responses.

Secondly, differences were observed between the mean facial activation of
the two groups during the pegR voluntary expressionshowing reduced overall
EMG activation for the passive group. This unexpected difference in the findings
was analogous to the effect of fatigue on facial muscles, where reduced EMG
activation overall is observgd05]. Therefore, the effect of the interaction mode not
only showed overall decreased affective stimulation for the passive group and
increased negative stimulation (which especially affected some of low arousing
events of the positive VE), but also had long lasting effects on the overall the
expressivity intengies of the participants.

The virtual objects and events within those VEs evoked mean valence
arousal rating combinations which when graphed into tie &fective space

followed a \tshape relation which was extremely prominent for the ratings of the
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activegroup. Thevs hape r el at i on [606]camdiderabimevidenn g s hap
on rating of the IAPS picture library, e.g405], shows that arousal reflects the
intensity of valence, towards higher pleses (positive) or displeasure (negative).
Interestingly, a similar effect was observed in the physiological data recorded during
the spontaneous affect elicitation within the three VEs. Haastmeasures which
were traditionally used for the detectiorf arousal responses, had good
discriminatory power between high arousing VEs against the low arousing neutral
VE (esp. for the passive group). Similarly, the EMG channel activation measures not
only discriminated between the positive and negative conditiesp. for the active
group) but also between the affective conditions and the neutral one for both groups.
These findings not only agreed with our hypothes$¢s énd H8) but showed a
potential for valence and arousal detection from EMG alone. This alisgrwas
further confirmed in the classification experiments, showing high accuracy for
valence and arousal using only EMG derived measures.

This study was one of the first to include 3D interactive events in free
walking VE using HMDs for affect stimufi@n, as the affective libraries with
affective content were limited at that time to 2D stimuli. Notably, the evased
analysis of physiological signals showed that data from the active group allowed for
stronger discrimination between the VES, compé#wdte passive group, despite the
increased noise level$1®). This, together with the stronger affective responses
observed from selfatings in the active group, suggests fhet-walking interactive
VR experiences can outmatch traditional passiveedestperiences when it comes
to affect elicitation in VRThis finding also suggests that emotion stimulation in VR
using virtual passive stimuli, and potentially 360 degree videos (as used in previous
VR research, see sectioBs8.3and6.1), could be hampered by the choice of the
stimuli presentation medium and the reduced inseractivity. The findings for this
feasibility study suggest that future research in affective stimulation, can not only
manipulate lowlevel audievisual features but also use interactive events and objects
with affective contextual information to eveldifferent intensities of valence and
arousal. Based on our findings, we would certainly strongly recommend the usage
of these interactive VR environments over passive video and VR settings in future
studies.

This study also tested an automated detecfion voluntary facial
expressions and spontaneous affective responses using classification methods.

Starting with voluntary expressions, the three posed expressions analysis (smile,
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frown and surprise) showed distinct EMG channel activations patterrdingi®0%
classification accuracy across participant#6) These findings confirmed the
feasibility of detecting voluntary expressions of positive and negative emotions, as
expressed by the activation of zygomaticus major and corrugator (see 2etlpn
From the three classification experiments, the -usdgpendent mixedubjects
approach Table32, 31) yielded the best accuracy in detecting two and three levels
of valence, and two and three levels of arousal for both active and passive groups
(H10). The best competing classifier was KNN achieving 95% accurabinary
valence, and 93% for arousal detection. Interestingly, arousal detection was achieved
from EMG measures alone, at an average 91% accuracy for both groups.

By comparison, the uséndependent separatasdbjects approachléble
34) showed reduced accuracies for both dimensions, with an average out of sample
accuracies of 65% in binary valence, and 61% in binary arousssafalds, with
NB being the best performing classifier. This approach although less performing,
provides more conservative results for new unknown users (generalisation) since the
entire data from the user 06s waopnsentofn i s
generalised models from spontaneous physiological signals, still presents challenges
when applied to new subjects. This difficulty has been argued in past research using
physiological signals for naturalistic affect detectjB8@3]. Nevertheless, the user
independent experiments show promising potential for noisy, naturalistic settings,
where users are freely moving their heads and their bddwe current
experimentations were made using out of box classifiers commonly used in
automatic expression detection due to their ease of execution and swiftness in
training. Additional exploration of more sophisticated supervised and unsupervised
detection models, and optimisation approaches could be applied to yield better
performing models.

To mitigate the issue observed in the-irsdependent approachesnavel
userdependent approa¢B23] was presenteih which causality was preserved.
model was trained per user, using continuous sequences of data recorded in the study,
and using the remaimg data of that user for the testing of the model. Overall, high
accuracy scores were observed, with all three classifiers performing 69% prediction
accuracy on average for valence and 74% prediction accuracy on average for arousal.
For this approach, hKKN classifier yielded the higher performing models (70% in
binary valence, 78% for binary arousal). Similar performances were observed for

both active and passive groups. This approach was further reenforced by preserving
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the sequence of the data poinoting the training, thus preserving causality. The
accuracies were higher than the dselependent approach with separated subjects
(H11). The findings from these experiments confirmed the feasibility of developing
usercentred affect detection approaster VR-based settings.

The introduction of such wearable sensorgetould open new avenues in
affect detect in different settings, including extended realities. Their unintrusive,
integrated, miniaturised and mobile nature makes them perfect casdiolatirtual
reality as they are neinvasive and less distracting than traditional tethered versions.
In this study, we showed how virtual experiences could be used efficiently as a mood
induction tool. Such experiences could be used in future ressiadies to elicit
naturalistic, spontaneous responses, in passive but also in interactive settings. Future
work could investigate the performance of different classifiers in different settings,
such as when using different locomotion techniques and iereiff contexts such
as in simulations involving cognitive tasks. Additionally, ensemble and
unsupervised ML techniques can be employed to deal with the complexity of
physiological data mapping to affective states in adaptive seti@ig, [500]
Further to this, affect detection in VR could be benefited fomterstanding more
about the effect of subjective traits on the affect elicitation such as alexithymia and
expressivity. Most importantlywe demonstrated the feasibility of designing
contextaware system architectures for automatic affect detection M in
addition to automatic affect detection can assist future applications in entertainment,

simulation training and healtare interventions using VR, by providing an

objective assessment of the userds state.
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Summary of key findingsfor Chapter 6

9 Thiswasone of the first VR studies to run in fully #p-date

immersive settings with free walking capabilitiekile comparing

behavioural and physiological responses to affective virtual scenari

1 The studyachieved the coll¢ion of one of the largs biometric

datasets outside laboratory settibg®ur current best knowledge.

Participants were recruited fromdiverse populatioand they were

highly motivated.
9 Participants who actively experienced the VR environment (by free

walking and exploring) had a stronger affective experience and hig

feelings ofpresenceompared to the passive group.

9 The negative scenarios elicitbayher intensities of arousal théme

positive scenarios which was expected duetotheaol | ed 6 n

bi aséb.

T Most importantly, we showed thedsibility of detecting affective state

in VR settings with the novel sensor-sgt Userindependent

classification experiments vield&@-94% accuracy when using mixedq

subjects CVreduced to 555% when using separatsdbjects CV

(high-generalisability) A userdependenépproach achieveriean

prediction accuracy of 680% for 2levels of valence and arousal,

showcasing the robustness obgctspecific modelglow-

generalisability).
 We onfirmed fasibility to detect affect in seated and in fveking

VR settings.
f VR can indeed be used as a reliable affect induction tool
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Conclusions & Future work

7.1.  Summary of findings

Virtual Reality (VR) is an excellent way to extent cognitive, affecteved
behavioural research to laboratory settings that are closer to real life environments.
One of the key questions in VR research is how people do perceive emotions in this
setting and how does that affect the interaction between emotion, cognition and
behaviour. One of the key challenges is to develop a VR system that can detect
affective responses without having to rely on subjective affective ratings by the user.
These ratings can be rather disruptive.

The aim of this thesis was to overcome this e@mge by testing the
feasibility of combining physiological readings and machine learning approaches to
reliably detect changes in affect for VR users. Changes in affective states were
explored as a function of valence and arousal. We saw VR as a platfocinaan
offer the ideal laboratory for cognitive and behavioural sciences. As part of our
collaboration with Emteq Labs, our team contributed towards the development and
testing of the EmteqVR prototype system. This system comprised of a wearable
sensornterface and software development tools specifically designed for use in VR
settings. As part of this thesis, we proposed that the EMG and PPG integrated sensors
on this interface could reliably contribute towards the detection of valence and
arousal.

Towards this goal, three complementary feasibility studies were conducted
with human participants. The first two feasibility studies explored the detection and
sensitivity of the sensor sap in controlled laboratory conditions using conventional
2D video simuli. After a series of improvements on the prototype system, a third,
larger study was conducted, this time using custeadle 3D interactive virtual
environments. As such, the existing methodology was applied in seated anrd room

scale exploratory VR setigs. The findings from this work, not only confirmed the
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potential use of VR as an affect induction tool, but also corroborate the use of the
wearable sensor sap for valence and arousal detection in VR settings.

In the subsection 7.1.1 we describe aisduks the development of the initial
theoretical design of the first affect detection system framework, to the
implementation of this system architecture. The early prototype of the system was
tested in the first two feasibility studies which are disedsn section 7.1.2. As part
of that section, we also describe the video validation study. The application of the
system in highimmersive VR settings, the creation of the VR stimulus materials,
and the findings from the last feasibility study are disedsn sections 7.1-3.1.5.

7.1.1. Affect detection system architecture for VR settings.

The first research aim of this thesis was the identification of an affect
recognition model and potential measures for affective state inference in VR for

our research(for the complete list of aims, please refer to Chapter 1). The affective
sciences literature uses two categories of models to describe emotions/affect. The
first model is heavily rooted in disti
emot i on sai@ detevtdd ifrarhfacial configurations and behavioural patterns.
Emotions are highly personal experiences with complex patterns and connections to
cultural contexts, which are difficult to be broken down to smaller parts. This model
was recently heavilyriticised in the affective neuroscience literature and it has been
shown that physiological and neuroscience measures are often not able to clearly
distinguish specific emotions. By comparison, a more commonly used model to
describe emotions in the affeaai computing and affective neuroscience literature
are the dimensional valence and arousal m@f#)]. Affect is the core function of
emotional responses, the energy flow that precedes and produces those altogether
experiences. In the dimensional model, physiological and psychological changes can
be measures with valence (positive to ra@uts negative), and an arousal intensity
(low to high) (see sectich3.1). This way of defining affect, is more useful as it can
better relate to other models amdated evidence, such as the conceptual act model
(see section2.3.1.3. These models are supported by a recent neuroscientific
evidence[507]. Our team decided to mostly build their research on valence and
arousal detection nfeodologies and metrics, with the ultimate aim of combining
and applying them in VR settings. Thusr first affect detectiorfor VR system
framework was designed.

Past research on affect detection proposed multiple methods, ranging from
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audicvisual, tophysiological and motion data for the measurement of the core affect
dimensions, valence and arousal (secto®.d. However, until now, only few
studies have utilesd those methods for arousal detection in VR and even less for
valence detection (sectior2.4). Valence can be determined from facial
configurations, e.g., positive xpressions versus hegative expressions, and
behavioural cues, such as approach or withdrawal from stimulus. In fact, the face is
visibly for most people one of the richest sources of valenced emotional information
on our bodyf508]. Although, advances in computer vision have brought novel ways
of automatically detecting changes on facial configuratiortd) approaches are not
easily applicable in HMEenabled VR. An alternative approach is the usage of
surface EMG sensors to effectively detect the activation of the facial muscles and
facial configurations (sectio®.3.1). Thus, in our experiments, eight EMG sensors
were positioned on the HMD frame on the positions suggested by Bb2&lto

infer affective states. For the measurement of arousal, a PPG sensor was embedded
onto the sensor sep to provide continuous measurement of the heart systolic peaks,
as a parameter of the autonomous nervous system (s2ai@m)). The proposed

system architecture was depictedrigure13, explained in sectin3.2

7.1.2. Confirming sensitivity of sensors to affect changes

The second aim of this thesis was to design a system architecture including an
experimental protocol for affect induction in VR. VR was a novel technology at

the time when the thesis started, thus only a few potential affect detection
methodologies could be applied in VR (see sectihf.3.3. Besides the
technological constraints of working with early prototypes, out team experienced
challenges in designing a controlled affect induction paradigm for the study of affect
using VR. This was mainly due to the lack of exigimmersive VR environments

for emotion induction, and the uncertainty over the effect of VR as a technological
medium on the affective impact of stimuli material.

For the initial testing of the VR headset prototypes, our team designed a
paradigm using &kct eliciting stimuli in traditional settings with the prototype
sensor setip. Affect selfratings tools and audigisual stimuli materials were
explored, and the CASR seliting tool was designed for our studies. This tool
included visualisation ofthe f f ect i ve scal e onto the wusero

to an input device (later implemented using a VR controller). Video stimuli were
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chosen instead of images/sounds as the closest validated stimuli to the nature of VR
experiences (see sectidrb). Moreover, videos from a validated video libr§@97]

were carefully selected using an online survey based on their ability to induce
affective qualities corresponding to the four quadrants of thetiaffemodel and
neutral low arousing affect. This careful approach allowed us to evaluate the data
quality of the physiological sensors and their ability to detect different affective
states in a systematic way, before using more complex virtual enviranmiith

was the third aim of the thesis.

The third aim was to conduct quantitative studiedo study the effect of
affect changes on the physiological readingfor the sensor setp, and pilot
automatic valencarousal detection. In the feasibility studgiscussed in Chapter
4, we attempted to systematically check the sensitivity of the physiological measures
to affective changes induced by the selected video stimuli. We started with
conventional video clips, before advancing 1B &nimated objects in VR a later
study.

In the first study (Fedem 1) we recorded 35 seated participants and their
physiological responses to 40 video clips, and mapped those responses to their
valence selfatings, achieving a mean mixedbjects accuracy of 82.5% when
detecting 3 levels of valence (negative, neutral and positive) usiS8yK (section
1154.2.3. This finding confirmed the sensitivity of the EMG sensors to spontaneous
valence changes using traditional stimuli.

In the second study (Fedem 2, sectdof), the location and sensitivity of a
facial PPG sensor to arousal changes was investigated. Data were collected from a
subgroup of participants in the same settings described in Fedardy. Readings
from the PPG sensor incorporated on the frame along with an ECG belt were
recorded from 11 seated participants following the same experimental protocol as in
Fedem 1. We chose to position the PPG sensor on the VR insert frame over the
temporal artery and vein which was a-getthat had not been tested before. As ECG
is the golden standard in detecting heate changes, we compared the
performances of the ECBased and PRBased derived features.

Our findings showed that as expecteel BCG outperformed the PPG in the
userindependent approach (across all subjects). However, théoB§8 measures
offered a similar or improved performance against the ECG for 9 out of 11
participants when developing classification model per user -fependent
approach). As expected from similar previous work on valence and arousal detection,

userdependent models performed higher than -us#gpendent (generalised)
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models (see sectioB.6.4. This effect is attributed mainly due to subjective
differences in physiological responses to similar stimuli but also in highsabgect
variability when selrating affect levels. Additionally, differences were observed in
the actual fitting of the interface on different individuals which was relative to facial
features, musculature, and bone structure. The main drawback identified was the
sensitivity of the PPG sensor to different mask fits on each individual, due to
variaions in the face shape and sizes observed. Therefore, these findings concluded,
albeit from a small sample, that arousal detection from & is possible but the
setup needs some improvements. Further pilot studies were executed as part of the
protd ypeds devel opment to improve the mask
studies were not included in this thesis but the improvedsetas used in future
studies.

The first two studies validated the feasibility of the prototypeaupedesign
for valerce and arousal detection in reddy-VR settings. The empirical
observations acquired from these pilot studies, combined with the need for careful
signal quality assessment for each user informed the development of the next
generation of the Faceteq irftea ¢ e , the OEmtegVRO6 insert (
and different forehand curvatures were added onto the interface) and the
OEmMt eqVR_appo dimef sigmabh moaitorihgo After rcenfirning the
sensitivity of our sensor sep and the performance thfe system architecture, we

continued by applying them in immersive VR settings.

7.1.3. Validity of the approach in immersive, freewalking VR

The fourth aim of this thesis was to investigatdhe effectiveness of VRin
inducing emotionalresponsesand the efficiently of reading those via our system
setup (Aims a-d). To this goal, we custom designed and developed a selection
roomssized stimuli and environments, given the aforementioned lack in-scaia
immersive affect stimulus library €stion5.1). Four versions of -B replica of an

office room (where the first studies took place) were designed and were populated
with contextbased P affective eents (involving visual, audio and usgiggered
animations). A custom gagmsed interaction system and an evaatker
annotation system were developed. These systems allowed the continuous tracking
of the userodés attent i omanent famddche automatc t he s u
annotation of the physiological data with object/events specific markers. This

i nteraction systems facilitated-stabe users
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environments. Special effort was put in the design of each envirdrinoen 3D
objects, 3Bsounds, animations, and textures, to physics and light/shadow rendering,
to create an overall realistic space for the user to feel predenttee following
section,we discuss our findings oviR beinga powerful mood induction magh

and that interactivity plays a large role in the affect intensity induced

7.1.4. Creation of stimulus materials for affectinducing VR.

Three VEs were developed for the VR study, aeneutral, a positive and negative
affect inducing VE. Each VE consistefltbe same 3D spatial structure and 14 VE
specific objects/events. The VEs and the event stimuli were validated using with an
online surveywhere the VE and the individual object/events for each VE were rated
by 67 participants on their perceived valeaoel arousal levels. Participants were
also asked which objects/events the memorised for each VE. These memory
accuracy scores as a second level of validation, since affective stimuli tend to be
more memorable than neutral, see sec®@:3.2 The ratings from the participants
showed that the videos of the \8Eenario conditions induced the expected mean
arousal and valence ratings, which were significantly diffdrem each other. More
specifically, the neutral scenario elicited neutral valence and low arousal, while the
positive and negative scenario elicited highly positive and highly negative valence
respectively, and abowvaverage arousal. The negative VE was thost arousing
condition, as expected due to tHhHe dbébnegat i’

The valence and arousal ratings for thec#fic objects and events within
each VE allowed us to inspect the effect of the environmental properties in more
detail, and to find and exclude those objects and events that did not induce the desired
affect. Interestingly, the stimuli which were ratesl more arousing and highly
valenced, were the \Bpecific interactive events compared to-$fecific static
objects and elements that were present in all three VEs. The interactive events were
also the most memorable, as confirmed by the memory accusaores. Significant
correlation was found between memory accuracies, valence and arousal scores, in
line with past literature on the link between memory recall and affect (see section
2.3.3.2.

Presence ratings were assessed in the online survey and in the VR study
because thpart of the forth aim (4c)was to assess relationship between presence

and affective intensities As expected, presence ratings of the VEsh@a dnline
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survey were low, due to the nimmersive medium used for their presentation. Still,

the negative VE provoked higher presence ratings than the other scenarios. The
finding also suggest a strong relationship between presence and arousal ratings fo
both positive and negative VEs, which is in line with the previous findings
suggesting that presence increases in physiologically active and arousing
experiences or tasks suggesting that presence increases in physiologically active and
arousing experiems or tasks (see secti@rB.3. This finding also strengthens the
existing work on the link between emotion elicitation and presence (see section
2.3.3. It also suggests that future work on immersive VR may be able to manipulate
presence levels in VR by incorporating affect inducing elements into the VR
simulation.

In addition, subjective difference such as alexithymia levels wgpected
to have an impact on sathtings and physiological readings (see seci@3.3.

Hi gh alexithymia causes diffi cmdiidngy i n
which was expected to influence the affect -salings. We used the TAZ)
guestionnaire to assess alexithymia levels in our study. Interestingly, alexithymia
levels were not found to have any effect on the valence and arousatisey$.
Hence, further investigation on the effect of alexithymia on affect ratings and
physiological responses was not followed as part of this thesis.

In sum, the online survey validated the stimuli and the VEs and three ways:
firstly, by confirming the mean VE ratisg secondly, by acquiring seliting per
stimulus/event, and thirdly, by recording corresponding memory accuracy scores.
Our next step was to test the affect induction approach in immersive settings using
HMD-enabled VR.

7.1.5. Achieving automatic affect detetion in seated and room

scale VR.

Finally,Aim 4.d. of this thesiswas to investigate the feasibility of applying
automatic affect detection in immersive VR.To achieve thigoal a large VR
study was conducted at the Science Museum in London. The olbgdativkis study

were to validate the use of immersive VR scenes as a reliable affect induction tool,
explore the effects of affect, presence and interactivity on physiological readings,
and confirm the feasibility of automatic affect detection in seatedr@ewalking

VR settings. The prgalidated VE and stimulus materials from the online survey
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were used in this VR study. Two interaction modes for the VR experiences were
explored: the interactive firgterson participation in roomscale VR (active
paricipant group), and the passive observation of virtual stimuli from apleirson
perspective in VR (passive participant group). Continuous physiological readings
from the sensor setp, along with subjective continuous skdfings (via CASR) and

postVE ratings were recorded from 291 participants.

The effect of interactivity on subjective ratings.The selfratings revalidated the
reliability of the VEs for affect induction, agreeing with what was previously
reported in the online survey, making inténae virtual scenes a powerful affect
induction tool As expected, the ability of rooestale, freely moving (compared to
vicarious passive viewing) amplified the affective respon3dss was shown
through differences in arousal seditings, between thab groups, but also through
memaory accuracy scores and presence, with the active group achieving higher scores
than the passive group (see sectd®d. This findng was not directly due to the
level of immersion imposed by the medium, as both groups experienced the stimuli
using the same HMD technologies. The difference was perhaps rather in the overall
visual perception of the 3D world, the interactivity (he@elv coordination) and
high fidelity in the simulated world which allowed for a more naturalistic exploration
in active conditiorf509]. Perceptual biases in perceivindd¥hapes and spaces can
be eliminated in moving observes, fgpared to static observes), which in turn
increases ecological validity of the simulated environment. This in turn can permit
an overall more naturalistic interaction with the content, which can reflect how we
reach with the world (see secti@r8.3.

The effect of interactivity was not the only factor inducing stronger affective
responses and stronger presefite selfratings also showed that theensity of
the affective content itself was found to be linked to higher levels of presemmcs:.
study, the positive and negative VEs were also the most arousal and presence
inducing across all users, agreeing with the suggested relationship beffeeen a
and presence (secti@m3.3. Again, in the VE examples we explored, the neutral VE
contained notinteractive, neutral objects compared to the affective VES$s
possible that interactive events add another dimension in affective elicitation, in a
similar way that moving pictures do compared to static imggesdescribed in

section®2.41 and4.1). The results suggest that interactive affective experiences hold

a better potential in eliciting higher intensity responsesand atiggen s e of O bei

thered6 i n VR.
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Continuous ratings can reveal finergrained and eventrelated differences.We
developed a continuous CASR rating scale to assess subjective valence and arousal
changes throughout the usercléwaseasyga act i on
use. As expected, CASR ratings showed a higher sensitivity to affective changes
compared to posYE ratings. When averaged per VE scene, the mean CASR ratings
showed similar arousal levels between the positive and negative scene fdivihe ac
group, showing no effect of negativity bias on the ratings.

More importantly, we were also able to link affective ratings to individual
events which were visible to the user at certain points during the experience (gaze
based detection, explained section5.2.3, because of the nature of the CASR
ratings. For example, the evesgecific analysis showed that the passive interaction
mode affected the experience o posi ti ve sti mul . The pass
ratings were more negative compared to the active group ratings. This was because
several positive stimuli reported as slightly negative and low arousing in the passive
environment, despite being rated asifos in the online survey. Low arousing
negative ratings are usually attributed to tiredness and boredom (see dimensional
model inFigurel).ltishardt o pi npoint the reason why tho
rated so differently than the others but potential explanations could be (1) inhibition
of approacH510] generated by the passiveness of the condition, and (2) cognitive
inhibition in stimulus recognitiof511] due to perceptual biases and method of
visualisation. Passively observing a virtual experience through the eyes of someone
else may also pertain to subjective traits (e.g. empathy levels) and ottier me
related ramifications that were not controlled f6t2], [513] These media type
effects should be further and systematically explored in future studies.

Overall, the virtual objects and events within those VEs evoked mean
valencearousal combinations, which when graphed into tHe &ffective space
followed a \tshape relation. This was most prominent for the ratings of the active
group. TheVs hape r el ation, or assh aopfetdd56]uarl vseod c a l
is considerably evident on the ratings of the IAPS picture lilj4@%] which shows
that arousal ratings increase with the intensity of valence towards higher pleasure
(positive) or displeasure (negative). Theref arousal may be expressed as a
function of valence and they are not truly independent; although this relationship can
be affected by the individual parameters, and the context in which they were reported

(in this case e.qg., interactive versus passixgérenments).
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Validity of automatic detection of voluntary facial expressions recognitionAs

part of the VR study, our team explored the sensitivity of tBMG sensors in

detecting posed, voluntary expressions in a facial emotion mimicry exercise. Data
from the voluntary expressions, of smile (
andb ow raise (as Obeing surprised6), wer e
were carefully chosen to induce intense activations on the facial muscles underlying

the fEMG sensors (zygomaticus major, corrugator, orbicularis oculi and frontalis)

(see sectio 6.3.2. From those expressions, we computed the maximum muscle
contractions were which were used for the normalisation of the spontaneous EMG
responses. The volumya expressions analysis showed distinct EMG channel
activations patterns for each expression. For example, positive and negative
expressions were distinguishable, as expressed by the activation of zygomaticus

major and corrugator (which agreed with pregioesearch, discussed in section

2.3.D).

More importantly, as expected, the expressions were distinguishable from
all users using a generalised classification ehogielding 80% classification
accuracy across participants. The performance scores are comparable to expression
classification work by Hamedi et a[514] using EMG RMS feature with SVM
classifier (85.5% accuracy). Direct comparison with other studies is difficult, since
the number of sensors, the facial expressans features vary between different
studies[515]. Our work was further improved in a differenudy in 2019[516]
where we achieved 86% accuracy in detecting five expression using the same sensor
setup. These findings confirmed the feasibility of detecting voluntary exjmes

with this setup with high accuracy.

Validity of spontaneous affect detection in VR settingsin the final study
participants of the active and the passive group experienced the three VEs while
wearing the sensor sap. We wanted to assesise oveall feasibility of inferring
spontaneous affective changes from physiological readings within VR, which was
thelast researchim of this thesisTherefore, pysiological data recorded from EMG

and the PPG sensors were analysed to validate the relialdanereant of affective
states in different VEs, for both the passive and the active group. Anlsassd
analysis of physiological metrics showed changes between the VE conditions, which
were more prevalent for the active group. Despite the increasedacoimgnted by

the movement of thearticipants in the active scenario, EMG measures showed

strong detection potential for the negative, positive, and neutral conditcts can
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be attributed to valence changes (explained in se@i8ml) in spontaneous,
naturalistic settings.

By comparison, thdHR measureslissociated between the affective and
neutral conditions for both groupshowing closer link to arousal rating differences
(see sectior2.3.2.). This differentiatbn was stronger for the negative versus the
neutral VE, which was expected as the negative VE was rated as overall more
arousing than the other conditions (pw& ratings, sed-igure 64). The PRV
measures showed good discriminatory power for arousing against neutral condition
in the passive group but did not provide a similar effect in the active group. One
reason for this could be the method of datauiea¢xtraction. More specifically, the
extraction of those features was made using short time windows which have been
suggested to be sufficient for tirg®main HRV calculation metrid®17]i [521].
However, these metrics could have been heavily affected by movement noise in the
active scenario, rendering th&R metric calculation erroneous (further explained
in section2.3.2.1and 4.4). Therefore, the calculation of PRV metrics in active
(walking) settings should be further improved in future studies, potentially by
applying an averaging approach between multiple short time windowq%ik7in
Nevertheless, our result show that the features of I1BI, rBPM (and potentially EMG
RMS) could be used instead to detect changes in affect intensity in future which is

an encouraging first step in thight direction.

Automatic affect detection can be attained in seated and fregalking
conditions using classification methodsThe feasibility of employing classification
methods for the detection of valence and arousal changes was explored. Such
methods allow the mapping of physiological responses teratitigs of valence and
arousal, via the identification of patterns in the data. In our classification
experiments, continuous EMG measures from both groups were used to classify two
and three classesf valence and arousal using classifiers commonly used in
physiological data processing. For the training and validation of the classifiers for
this study, we devised a usedependent approach as it is commonly used for the
creation of generalisable meld (see sectio.6.4, applying a mixedubjects
crossvalidation (CV) and a separatsdbjects cross validation (CV) (the later has
been supported that can getise better to new incoming data although the
accuracies may be reducd], [323]). Additionally, we deviseda user dependent

approach, by developing a personalised model per user.
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Our findings for such uséndependent models showed that the best
classifier can discriminate between two and three levels of valence and arousal with
77-94% accuracy wén using mixeesubjects CV. The accuracies however drop to
55-65% when using separatedbjects CV. This demonstrates the intricacies of
detecting naturalistic affective states in figalking VR conditions (similar to
[323]). Additionally, we computed the cof-sample classification for each user
separately (usalependent approach) (sectiér8.4.3. The temporal sequence of
the data was preserved when fed to the classifiers to account fdyased changes
on the data (e.g., impedance, casuer effects etc.) as well as preserve the causality
of the changes. The best classifiers reached a meslic{ion accuracy between
participants of 680% for 2levels of valence and arousal, showcasing once again
the robustness of subjespecific models, which lack the ability however to
generalise for new users (secti®6.4 6.2.6.

Between the three classifiers which were chosen based on previous research
(see review by[10]), we observed that the KNN performed higher for the-user
independent across mixeders CV, NBperformed higher for separatsdbject CV
userindependent approach (for discrimination of valence) and KNN performed
significantly higher than other two classifiers in the tependent prediction
approach. The results from the classification of valear# arousal demonstrated
the feasibility of automatic affect detection using wearable technologies in free
walkingimmersiveVR settings which to our best knowledge, has not been explored
before.

Affect detection from naturalistic, nestationaryphysiolajical signalgpose
many challenges, however understanding their nature could open new avenues for
deployment in realvorld affective computing applications. Therformance of such
automatic affect detection systems could be improved withdbef ensenmé[522]
and deep learningdDL) methods Increasing number of researcm affective
computingpromote the use of deep artificial neural network architecturesiene
and arousal recognition from imag®23], speec[b524] and physiological
signal$525]i [527] in controlled conditions outside VR hese methods overcome
the difficulties of manual atloc feature extraction arthve the ability to reduce
signal resolutia across different layers, potentially saving computational resource
[528]. Existing datasets with physiological data recorded in controlled conditions
(e.g, DEAP[365], AMIGOS[529]) were classified with high accuracies (>75%)
using convolutional and deep neutral netw¢839], [531] However, such methods

perform lower (~65%) irdata recorded inon-stationary settingfs32]. Recently,
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DL approaches have started to emerge for stress and fear detection systems using
immersive VR technologiefs33], [534] The future investigation of successful
employing DL approaches for retiine affect detection in VR could allow for affect
responsive applications and enhartbe capabilities of VR based therapies and
training applications.

Futurework on affective computing in VR could be enriched by exploring
the effect of(inter)active experiences, outside controlled seateshditions By
accounting for the factors contributing to the feeling of presence and embagdiment
affective responses in VR could reliably reflect revakld, naturalistic responses.

As sensor methods are miniaturising, becoming less obtrusive and even wireless, the
physical movement constraints will be reduced, allowing for more realistic user
interaction with content. Overall, the active conditiorour studyinduced stronger
affective responses visible on sedtings, and in spontaneous and voluntary facial
muscle ativations. The larger changes between conditions noted in the active group,
could be the effect of realistic affective responses as a result of place illusion
(presence) and plausibility illusion and the factors pertainifipi]. Generally, the
findings $1ow that there are inherent differences between the two modes of virtual
stimuli presentation that can influence the participants responses drastically.

Overall, these results agree with previous research using VR stimuli against
video clips, and videglips against static imag§294], as VR can indeed be usax
a reliable affect induction tool. Our findings suggest that moving experiences, as in
roomscale VR, and the interactive element of features inside the simulated world,
cannot only induce negative and positive affect but show stronger arousal responses
to stimuli overall compared to nanteractive passive experiences. Additionally,
sensor data recorded from the prototypeugetan be used to dissociate affective

conditiors, and ultimately detect valence and arousal.

7.2. Discussion

The detection of involuntary, naturalistically elicited emotional states is a
challenging task which is still in early stag8k [68]. Most of the studies in the past
focused on the detection of affect in controlled laboratory conditions, which was a
neessary step for the investigation of suitable methods for automatic affect
detection. However, it is argued that such constrained elicitation may not generalise
to reatworld conditions[323], [536], [537] The detection of spontaneous elicited

affect in nauralistic conditions is superior to voluntaf$38] (e.g, posing or
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imitating an actor expressing an emotion) and controlled laboratory induced affect
[323], [539] as they can represent more realistically the effectéstofal emotions
on our behaviour and physiology in rdif.

In our work, we employed physiological methods for the detection of two
dimensions of affect (EMG on facial muscles for valence, and-hegarsensors for
arousal) on a novel wearable insext ¥irtual reality (VR) that had not been tested
before. Physiological changes are less sensitivedincedaffective states and the
influence of social maskin@22], and the methods generally utilised to detect them
are of high temporal resolution which can show subtle changes that are not visible
by eye otherwis§l28], [537], [540] We envisioned that this novel interface could
continuously record physiological responsesy iwl e becoming 6invisi
senses of the wearer who is being immersed in VR. Today, as sensors are becoming
increasingly smaller, we are witnessing of large expansion into wearable
technologies which are incorporating physiological sengfjrsThese sensors are
progressively more cosfffective and less intrusive to the wearer, making them
perfect @andidates for evergay intervention$541], potentially applied in areas as
education, entertainment, wdleing and healthcare treatments, social and computer
interactions, adaptive control and security. Although the hardware technologies are
evolving, we have still to enlarge our understandimghe intricate factors (e.ff],

[542]) and the nnremotional influences (e.g. coughing, walkiig28], [543] (or

lack thereof) underlying phiaogical activation during data collection. One of the
main challenges is inteaubject and mixedubjects differences on affect elicitation
and detection75], [322], [323]. Several external and internal factors could play a
role. External factors couldhclude the environmentthe task performedthe
technology involved, the stimuli presentation interface, and the degrees of freedom
of the setup (standing, movinggated, lying). Examples for internal factomuld
include personality, gender, cultalrbackgroundalexithymia levels, andenerally
theindividual differences inthe quality,intensity,and latency of affeatxpression

as a response to the same stimuAs such, future work will try to address the effect
of individual differences on naturalistic affect elicitation and experiences in virtual
reality.

The development of automatic affect detection models for application in
realworld scenarios, will bergatly benefited by more systematic investigation of
suitable and best performing classification methods tailored towards the detection of
affective states from physiological signals in naturalistic conditidi®§. For

example, it is difficult to determine which is the best classifier for the different types
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of physiological signals for each datallection condition and degrees of freedom
[323]. Additionally, there is a big discrepancy between the data collection conditions
(e.g., contextual information), protocols and methodologies (e.g., classification
models) used between studies, a lack in aviailphblic databases for naturalistic
affect elicitation and only a small body of research on affect elicitation in VR using
different types of stimuli. These together with the fact that technologies change
rapidly (even within a year), makes the replicatiaf such studies complicated
Effort should be put for future classification experiments on attempting developing
classification models that can apply in the +walld scenarios, either for user
dependent models or for usadependent models, emphasisimolistically on the
factors that could influence emotion elicitation and how those models developed
could be used for the classification of new data from the same or many new users.

Past research on spontaneous affect detection within and outside VR
rewlved around the detection of two or three level of valence and arousal from
physiological signals (similar to our studies) by utilising pogterience selfatings
and ratings from external observers, in controlled laboratory conditiong2@4g,.
[333], [638], [544] [546]). Our work attempted to expand the scope of past research
by (a) inducing spontanequstimuli and context induced, affective states in
naturalistic conditions, (b) not limiting movement involving walking in space in VR,
(c) bringing the research study to the participants (Science Museum) instead of
taking them to the laboratory, (d) usilng the immersive abilities of VR to induce a
state of Presence, (e) testing the feasibility of novel sensor equipment fer head
mounted tracking using EMG, and (f) allowing for triple labelling of the data-(self
rating throughout the experience, retrosjwec (postVE) scores per user,
experimenispecific labels via validation from online surveys). Finalkypart of this
thesiswe also classified physiological responses in distinct levels of valence and
arousal (two and three) frol) seated laboratorased affect induction from videos,
4) passiveseated VRbased vicariously induced affeanhd we took one step further
attempting affect detection in 3) activelalking VR-based naturally induced affect.
Our findings showed overall the superiority ofirgctive immersive experiences for
spontaneous, naturalistic affect elicitation in VR, and its effects on presence.
Enabling reliable automatic affect detection in such condifiorecast a promising
future in applyingsuch affective systems into reabrld applications

Such affectenabled sensing VR technologies could be applied in three main
contexts, in research, healthcare and commercials applicalih<an enable

researchers and developers to directgsignthe experience of the wearbey
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providing direct control overwhat is seenheard,and interacted withResearchers
could study the effects of different parameters (e.g., changes in colours or shapes) or
scenarios VR, whichauld enhance our understandiofjthe emotional impact of
those parameteon differentusers andacilitate the development of better practices
Immersive VR can also provide high ecological validity which can in turn induce
naturalistic responses in users. For this reason, VR hasbeesssfully adapted in
clinical research settings and for mertiahlth therapies and meditation
interventionsin thosesettings affect detection could provide an additional layer of
information on the emotional state of a patient, which for exampilel @oform and
assist therapists and mental care practitioners delivering VB&EA]sThesesensing
metricscould alsobe used as adaptive feedback to the simulation, thus providing
more personalised content to the needs of the Asesuch training and educations
applications could also benefit from such methodologethe postCOVID-19era,
where new practices and regulations are develfipét], we expect VR to play a
bigger role in delivering those therapies and personalised content to th@]user
[549]. Similarly, the quantification of affective changesuld be applied in

commercial applications including market reseamwtientertainment.

7.3. Limitations & Challenges for Future Work

Reliability of self-ratings. Mapping thephysiological responses to the adequate
labels or annotations is typically challengihgour studies, we used the CASR self
ratings throughout the virtual experiences for the labelling of the Gataerally,
selfreported labels may not occur simultangly with the physiological responses,
due to delaysand/or errorsn reporting whichmay not be easy to locate nor fix
([228], [477). Althoughwe tried to compensate for simple reactione delays by
adjusting the CASR and physiological data synchronisation during processing, the
exact and precise localisation of the labels could be subjected to individual
differences (e.g. cognitive load, attiem deficit disorders, mental fatigyg50]i

[552]). Perhaps we could next complement the -ilhgs with additional
judgements from external observers and by investigatingti@ual selfrating
processing models such ias[325]. Without doubt, continuous saléting without
pretraining could also increase the cognitive load to the U884 and distract
them from the main task with potential impact on the feeling of presence. Future

research could investigate the effect of simultaneous rating on the feeling of
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presence, and the effect of VR on reactione8mNext, in our work we plan to
compare the presence levels of users who wergat#ify their affect against users

who only rated retrospectively, from multiple shorter virtual stimuli experiences.
Note that recording of the selitings is important fothe development of the
automatic affect detection systems. Once the system is successfully deployed, such

ratings will not be necessary.

Generalisation to open environmentsin our VR study, we used contexased
stimuli in indoor virtual environments (office replicas). It is unclear whether the
results could generalise to different environmeamtdifferent stimuli e.g.using
avatarsAs such further research could focusramorporating additional VR corpora

that can simulate various situations and environments (e.g., outdoors, involving low
level architectural elements, additional sound, abstract synthesis, realistic social
environments). Additionally, in our study the etsstimuli were activated by the
user 6 s g adasedalgouithm ceuldda greatly benefited from the addition
of accurate ey#racking technologies which are currently emerging in the market
([553]i [556)).

To allow the users to move naturally and explore the virtual spaces, we
wanted to reduce the number of factors contributing towards their distraction and
discomfort. This led to the develment of a wireless version of the main apparatus
used for physiological signal detection, which was foundintmsive nor hindering
movement. However, the HMD VR headset with motion tracking we used, was
heavy and required connection via cable to theprder. VR technologies are now
launching wireless, smaller headsets with motion tracking capabilities which could
greatly enhance the overall user experience. Additionally, the insertion of
supplementary sensorimotor contingencies, a.girtual body (aatar) in the place
where the userds physical one should be
embodiment and the subjective feeling of presefde], [557] which could

augment naturalistic affect elicitation.

Limitations of recordings and analysis approaches.The feasibility studies
showed an overall promising result for valence arudisal detection. We used only

a subset of features which are commonly utilised in existing related literature, in
order to control for complexity added from feature multidimension{8i&g]. The
careful addition of extra features and additional modalitesd potentially improve

the accuracy performance, and as such it will be explored in our future work. Further
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solutions to increase robustness and accuracy of our models will be investigated,
such as the implementation of other classification modelstimuadal fusion
techniques, deep learningand ensemble combination strategifsb8], on
spontaneously elicited responses in naturalistic conditions.
Another challenge inhis area of research can lmbtaining reliable
annotation of affective stat¢334] and data filtering from lon¢éerm recordings in
VR. Movement and neemotional influences can cause artefacts issues and data
missing occurrences in the data streams, which can naturally be increased with the
addition of multimodal sensors. Future reshasitould not only systematically study
the effectiveness of classifications methods on affect detection in various settings,
but also tackle common datallection issues such as corrupted and missing data.
We have observed that detection accuracies amtapeously elicited
affective responses decrease, especially when usbeparatedisers validation
approach. Natural expressions are involving subtle changes and are highly-context
sensitive and subjecependent. VR as a method of induction is vergmgcand
thus could have additional, unexplored effects on the experience of distinct and
complex affective states. For that reason, we anticipate a substantial volume of future

research will be dedicated for this endeavour.
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Summary of all key findings

In this EngD thesiswve have

9 Developed and validated a novehser setup specifically designed

for headmountedVR settingsusing physiological sensors. This-set

up was able toeliably detect valence and arousal responses in sed

and active/walkingonditiors using affective videos

9 Designed a system architecture for automatic affect detection in \

(utilising the dimensional model of affect).

1 Created and validated affective VR 3D scenarios and stimiich

were able to successfully induce vapoas of valence and arousal

levels.

9 Conducted on of the largest WRita seto our knowledgen fully up-

to-date immersive settings with free walking capabilities outside

laboratory settingwhilst recording affective stateBhysiological

responses from this studgnfirmed the feasibility of automatic affeq

detection in fully immersive VR settinggR can indeed be used as

reliable affect inductiomnd detectiorool.

Future directions:

1 PPG and EMG sensor placement improeats

1 Investigate effects of the intricate factors amemotional

influences

1 Employ different VR environment® extend the range of setting

confirming reliable affect detection.

Investigation of suéble and best performing classification methods

Explore additional featuresnodalitiesand usemewer, lighter VR
HMD headsets
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A. Appendix

Chapter 67 Additional material:

A.1 Presence correlations to other subjective ratings per VE

The relationships between presence scores, end of VE valence and arousal ratings,
and memory accuracy were investigated separately for each VE, Rsargons
correlations.

For the positive VEpresence scores were positively correlated with-post
VE valence ratings (r(291)=0.496<.001), postVE arousal ratings (r(291)=0.311,
p<.001). Presence scores were also positively correlated with the QAIBRce
ratings (r(291)=0.341p<.001) and CASR arousal ratings (r(291)=0.313,001).

The weak positive correlation between presence ratings a memory accuracy was also
significant (r(291)=0.133)=.023).

For the negative VE, a different pattern emerdemt. the posiVE ratings,
presence scores were only significantly correlated with arousal ratings
(r(291)=0.541p=.001), but not with valence ratings. For the average CASR ratings,
presence scores were correlated with valence ratings (r291%, p=.01) and
arousal ratings (r(291)6.185,p=.002) but these correlations were much weaker.
There was no correlation with memory accuracy (r(291)=00873,.87).

Finally, for the neutral VE, presence scores were positively correlated with
postVE valence ratigs (r(291)=0.217p<.001) and the posfE arousal ratings
(r(291)=0.210p<.001). The same pattern was found for the CASR ratings. Here,
presence scores were also positively correlated with the CASR valence ratings
(r(291)=0.183,p=.002) and the CASR araaisratings (r(291)=0.182p=.002).
However, there was no relationship between presence ratings and memory accuracy
(r=-.005,p=.395).

The relationship betwegpresence and enjoymentvas also analysed for
this study. Generally, the significant correlatidietween presence and enjoyment

scores were highest for the positive VE (r(291)=0.¢k0001), at a medium level



Appendix A

for the neutral VE (r(291)=0.470p<.001), and lowest for the negative VE
(r(291)=0.279p<.001).

For the positive VEgenjoyment was correlatel with all valence and
arousal measurs  ( al | r ( 29.00)) O6ud theBednds no eofrdlation with
memory accuracy (r=0.07B=.185). For the negative VE, enjoyment was correlated
withpostVE val ence and arousal me1d suutmeres ( al |
were no significant correlations between enjoyment scores and mean CASR valence
ratings (r=0.095p=.105), CASR arousal ratings (r=0.09250.110) and memory
accuracy (r=0.02&=.635). For the neutral VE, enjoyment was correlated with all
vaence and arousal me a spd.00&)sbut tharé was no( 29 1) OO0
correlation with memory accuracy (r=0.093;.112).

Taken together, these findings show that there is a clear relationship between
feeling present and affective value of a VE fdrthfee VEs, meaning the more
valence or arousal in a VE the higher was the presence rating too. Interestingly,
higher presence levels were only related to higher memory scores in the positive VE.
Presence was correlated with enjoyment score$his relatioship was strongest
for the positive VE, less strong for the neutral VE, and least strong for the negative
VE. As for the presence scores, there walear relationship between enjoyment
and the affective value of a VE for all three VEsHowever, enjoymenwas not

correlated with memory accuracy.
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A.2 Classification Experiments

A.2.1 UserIndependent mixedsubjects

Figure 76 shows the highest owlf-sample accuracies reached for valence and
arousal detection for binary{2asses) and ternary-(asses) classification. These
include the accuracies achieved for the active, the passive and the combination of
both groups. The blue bars represent theractes for binary classification and the

red bars for ternary. For both dimensions, the active group was achieved the highest
accuracies.

Accuracies achieved with KKN classifier for Valence detection  Accuracies achieved with KKN classifier for Arousal detection

100 (2 and 3 classes) using only EMG features (2 and 3 classes) using only PPG features
100 : . .

80 20

60 60

Accuracy (%)

40 40

20 20

0
Active Passive Both Active Passive Both

Groups Groups

Figure 74. Best accuracies achieved per group (active, passive and combined grc
valence detection using EMG features (left figure), and for arousal detection usii
features (right figure).

A.2.2. Userlndependent (mixedsubjects): Valence Classificatio

In this section, we present the confusion matrices and the Roc curves per classifier,
firstly for all the subjects and then for active and the passive groups for all valence
classification experiments.

Combined groups (2classes) Table36 show the confusion matrices per classifier
for two classes valence (negative, positive) from data of both groups, toé& out
sample accuracies obtained and theasponding Fscores. The best performing
classifier was KNN with 94.71% accuracy and the lowest-obgample
misclassification rate ¢kossnn = 0.05, kLosssym =0.16, kLosse = 0.28).Figure

77 shows the ROC curves per classifier with their corresponding area under curve
(AUC).
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Table 36. Confusion matrixes for the SVM, KNN, NB classifiers for valence, together with

their equivalent CV accuracy percentages anstcdtes, using data from both groups

combined. Values are expressed as percentages

Confusion Matrix-2 classes
Negative Positive Accuracy F-Scores

Classifier Valene

Negative 79.50 20.50
SVM N 84.19 0.83,0.85
Positive 11.11 88.89
Negative 4.03 6.55
KNN N 94.71 0.95, 0.95
Positive 5.47 95.97
Negative  76.90 23.10
Naive Bayes . 72.36 0.73,0.71
Positive 32.16 67.84
1 A _ T — — ?___—___— —
08 |
o .'
E |
o 06|
=
% II
8 |
o 04F]
= .
|_ ]
02 1 SVM (AUC: 0.84)
=/ KNN (AUC: 0.85)
|/ NB (AUC: 0.72)
0
0 0.2 0.4 0.6 0.8 1

False positive rate
Figure 75. ROC curves per classifier (focombined groups-2 classes valen

classification).

Combined groups (3classes) Table37 show the confusion matrices per classifier

for three classes valence (negative, neutral positive) using EMG features from data
of both groups, the ouif-sample accuracies obtained and theesponding F
scores. The best performing classifier was KNN with 90.95% accuracy and the

lowest outof-sample misclassification rate-{ossnn = 0.09, kLosssym =0.26, k

Lossie = 0.41). Figure 78 shows the ROC curves per classifier with their

corresponding area under curve (AUC).

Table 37. Confusion matrixes for the SVM, KNN, NB classifiers for 3 classes of valence,

together withtheir equivalent accuracy percentages argtdtes, using data from both

groups combined. Values are expressed as percentages.

A-4



Appendix A

Confusion Matrix-Valence-3 classes

Classifier Valence Negative Neutral Positive Accuracy F-scores

Negative 79.27 8.69 12.04

SVM Neutral 15.33 48.43 36.25 73.95 0.80, 0.57,0.78
Positive 5.57 7.41 87.03
Negative 92.24 4.31 3.45
KNN Neutral 5.59 83.96 10.46 90.95 0.94, 0.85, 0.92
Positive 0.44 4.86 94.70
Negative 71.95 9.23 18.82
Naive
Neutral  35.53 23.23 41.24 58.88 0.65,0.32, 0.66
Bayes

Positive 20.14 7.94 71.92

1

0.9t
0.8
07t
06}
0.5 ,

047

True positive rate

03

02
SWM (AUC: 0.7)

o1t / KNN (AUC: 0.94)

NE (AUC: 0.63)

/

0! N
0 0.1 02 03 04 05 06 07 08 09 1
False positive rate

Figure 76. ROC curves per classifier (faombinedgroup-3 classes valence classificatic

Active group (2-classes)

Table 38 show the confusion matrices for the three classifiers per valence class
(negative, positive), the culf-sample accuracies obtained and theesponding F
scores. The best performing classifier was KNN with 93.11% accuracy and the
lowest outof-sample misclassification rate-{lossnn = 0.06, kLosssym =0.28, k
Lossie = 0.37). Figure 79 shows the ROC curves per classifier with their

corresponding area under curve (AUC).

Table 38. Confusion matrixes (2lasses) of the testing set for the SVM, KNN, NB classifiers
for valence, together with their equivalent CV accuracy percentagessuaids. Values are

expressed as percentages.
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Confusion Matrix of testing set2 classes

Classifier Valence  Negative Postive Accuracy F-Scores
Negative 83.53 16.47
SVM N 71.89% 0.74, 0.69
Positive 39.05 60.95
Negative 95.19 481
KNN 93.62% 0.94,0.94
Positive 7.86 92.14
Negative 63.51 36.49
Naive Bayes . 62.97% 0.62, 0.63
Positive  37.54 63.49
1 —— —
o —
081 | 7
& |I ’.__,--""/./
o 06| -
2 . -
© 047
=
0.2 ff VM (AUC: 0.67)
|/ KNN (AUC: 0.93)
NB (AUC: 0.62)
0 0.2 0.6 0.8

False positive rate

Figure 77. ROC curves per classifier (for Active gro@ulasses valence classification).

Active Group (3-classes)i Table 39 shows the confusion matrices, the -oft
sample accuracies anesEores per optimised classifier for detection of 3 classes of

valence, negative, neutral and positive. The best performirgifetasvas KNN with
88.91% accuracy and the lowest-ofisample misclassification rate-fossnn =
0.11, kLosssvm =0.38, kLossis = 0.46). Figure 80 shows the ROC curves per

classifier with their corresponding area under curve (AUC).

Table 39. Confusion matrixes of the testing set (3 classes) for the SVM, KNN, NB classifiers

for valence, together with their equivalent CV accyrpercentages anddeores. Values are

expressed as percentages.

Confusion Matrix-Valence Testing Set3 classes

Classifier Valence Negative Neutral Positive Accuracy F-scores
Negative 62.75 6.63 30.61

SVM Neutral 21.67 50.21 28.13 63.65% 0.64, 0.58, 0.65
Positive 20.13 6.67 73.20

A-6



Appendix A

Negative 90.75 8.29 0.97
KNN Neutral 4.54 86.58 8.88 88.91% 0.93, 0.82, 0.90
Positive 1.15 10.09 88.76
Negative 61.27 14.56 24.18
Naive
B Neutral 30.94 45.15 23.91 53.58% 0.54, 0.50, 0.56
ayes
y Positive 33.05 13.46 53.50

=1 =1 =1 =1
=1 - @ w -

True positive rate
o (=1
s o
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w

o
N
—
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-
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KNN (AUC: 0.94) | |

NB (AUC: 0.63)
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False positive rate
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Figure 78. ROC curves per classifier (for Active group classes valence classificatiol

Passive group (Zlasses)i Table 40 show the confusion matrices for the three

classifiers for two valence classes (negative, positive). The best performing classifier

was KNN with 93.33% accuracy and the lowesta@fusample mislassification rate
(k-Lossnn = 0.06, kLosssym =0.19, kLossies = 0.32).Figure 81 shows the ROC
curves per classifier with their corresponding areateucurve (AUC).

Table 40. Confusion matrixes of the testing set of passive gfoughe SVM, KNN, NB
classifiers for valence, together with their equivalent CV accuracy percentageseos:

Values are expressed as percentages.

Confusion Matrix of testing set2 classes

Classifier Valence  Negative Positive Accuracy F-Scores
Negative 68.43 31.57

SVM 80.61 0.77,0.83
Positive 8.93 91.07
Negative 91.93 8.07

KNN N 93.33 0.93,0.94
Positive 547 94.53
Negative 59.55 49.45

Naive Bayes - 68.49 0.64,0.72
Positive 23.82 76.18
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Figure 79. ROC curves per classifier (ffrassie group2 classes valence classification’

Passive group (Xlasses) Table41 show the confusion matrices for three classes

valence (negative, neutral, positive) from data of the passive group., tHoé& out
sample accuracies obtained and the correspondsapiieés. The dst performing
classifier was KNN with 88.39% accuracy and the Ilowest-obigample
misclassification rate (kosswn = 0.10, kLosssvm =0.24, kLossies = 0.42).Figure

82 shows the ROC curves per classifier with their corresponding area under curve

(AUC).

Table 41. Confusion matrixes of the testing set of passive group for the SVM, KNN, NB

classifiers for 3 classes of valence, tihge with their equivalent CV accuracy percentages

and Fscores. Values are expressed as percentages.

Confusion Matrix-Valence Testing Se8 classes

Classifier  Valence
Negative
SVM Neutral
Positive
Negative
KNN Neutral
Positive
Negative
Naive
Neutral
Bayes -
Positive

Negative Neutral

84.04
19.10
14.65
90.96
5.99

0.50

66.90
31.43
28.22

11.32
69.01
12.48
8.25

87.76
7.62

19.65
51.76
19.41

4.64
11.88
72.87
0.79
6.25
91.88
13.44
16.81
52.38

75.75

90.17

57.58

Positive Accuracy F-scores

0.79,0.72, 0.76

0.92, 0.86, 0.92

0.62, 0.54, 0.56
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Figure 80. ROC curves per classifier (foombinedyroup 3 classes valence classificat)c

Valence Classification with fusion of EMG and PPG feature$ In Table42 the
confusion matrices, accuracies anddéres and misclassification rates shewn

per classifier using the combination of features from the EMG and PPG sensors
(fusion).Figure83 shows the ROC curves per classifier when data footh groups

are combined.

Table 42. Confusion matrixes and performance metrics per classifier using combined

features (fusion), per group (active, passive and all combined). The confusion matrix and

accuracy peclassifier are expressed in percentages.

Confusion Matrix-Valencé 2 Classes from EMG & PPG features (fusion)

Group Classifier Arousal Neg. Pos. Accur. F-scores k-loss
Negative 74.72 25.28
SVM N 73.42% 0.75,0.72 0.27
Positive 28.03 71.97
All Negative 72.87 27.13
) KNN N 80.87% 0.80,0.82 0.19
(combined) Positive 10.22 89.78
Negative 65.37 24.63
NB N 59.31% 0.61,0.57 0.41
Positive 47.46 52.54
Negative 58.25 41.75
SVM N 69.57% 0.63,0.74 0.30
Positive 21.27 78.73
) Negative 75.04 24.96
Active KNN . 76.88% 0.74,0.79 0.23
Positive 21.64 78.36
Negative 46.29 53.71
NB N 60.38% 0.54,0.53 0.40
Positive 28.24 71.76
) Negative 81.92 18.08
Passive SVM N 75.74% 0.79,0.71 0.24
Positive 32.15 67.85
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Negative 83.38 16.62
KNN - 81.86% 0.84,0.79 0.18
Positive 20.07 79.93
Negative 65.09 34.91
NB N 61.86% 0.66,0.57 0.38
Positive 42.27 57,73
1 m—
0.8
© 06 1/
2 //
5 1/
S04t J/
[= i
o2l / ———8VM (AUC: 0.73)] |
|/ ——KNN (AUC: 0.81)
/" NB (AUC: 0.58)
0 . . . .
0 0.2 0.4 0.6 0.8 1

False positive rate

Figure 81. ROC curves per classifier foe valence detection (2 classes) from all parti

(both groups combined).
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A.2.3 User independent (mixeesubjects): Arousal Classification from
PPG features

Combined group (2-classes)

Table43 shows the confusion matrixes, accuracies aaddfes of the testing set for
three classifiers for two arousal classes, from PPG features from data of both groups
combined. The KIN achieved the higher accuracy (83.53%), and the lowesifout
sample misclassification rate-gosswn = 0.16, kLosssym = 0.33, kLossis = 0.39).
Figure84 shows the ROC curves per classifier with their corresponding area under
curve (AUC).

Table 43. Confusion matrixes per classifier for 2 classes of arousal, together with their
equivalent accuracy percentages anscéres (using data from both groups). Values are

expressed as percentages

Confusion Matrix-Arousali 2 Classes (Combined groups)

Classfier Arousal Low High Accuracy F-scores
Low 60.23 39.77

SVM ) 66.79% 0.63,0.70
High 27.16 72.84
Low 93.93 6.07

KNN ) 83.53% 0.85, 0.82
High 26.03 73.97
Low 58.41 41.59

Naive Bayes 61.36% 0.59, 0.63
High 35.93 64.07
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Figure 82 ROC curves per classifier forcombined groups (2-classes Arous

classification).

Combined group (3-classes)

Table44 shows the confusion matrixes, accuracies aaddfes of the testing set for

three classifiers for two arousal classes, from PPG features from data of both groups
combined. The KNN achievedethigher accuracy (76.89%), and the lowestaiut

sample misclassification rate-ossn = 0.23, kLosssym = 0.48, kLossys = 0.55).

Figure87 shows tle ROC curves per classifier with their corresponding area under

curve (AUC).

Table 44. Confusion matrixes for 3 classes of arousal, together with their accuracy

percentages and$cores (combined groups). Values are expresseddemages.

Confusion Matrix- Arousal-3 classes (Combined groups)

Classifier Arousal Low Medium High Accuracy F-scores
Low 56.30 18.90 24.80
SVM Medium  26.22 45.96 27.82 54.41%  0.55, 0.48, 0.53
High 24.43 21.44 54.13
Low 90.80 7.29 1.86
KNN Medium  25.15 65.55 9.30 76.89%  0.78,0.71, 0.80
High 18.84 8.39 72.77
Naive Low 43.44 27.25 29.31
Medium  27.44 44,74 27.82 44,98%  0.45,0.43, 0.47
Bayes High 26.96 26.30 46.74
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Figure 83. ROC curves per classifier for combined groupslé&ses Arousal classificatio
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Active group (2-classes)i Table 45 shows the confusion matrix fdahe three
classifiers (2 levels of arousal, lelwigh), the ouof-sample average accuracies per
model tested and the $cores distinguishing two arousal classes (low, high), from
PPG features of the active group. The KNN achieved the higher accurady¥86.1
and the lowest owbf-sample misclassification rate-gossnn = 0.14, kLoSSvm
=0.30, kLosss = 0.38).Figure 86 shows the ROC curves per cldigs with their

corresponding area under curve (AUC).

Table 45. Confusion matrices for 2 classes of arousal, together with their equivalent accuracy

percentages ands$cores for the active group.

Confusion Matrix-Arousal-Testing Sei 2 Classes (Active)

Classifier Arousal Low High Accuracy F-scores
Low 75.38 24.62
SVM ) 69.63 % 0.74,0.64
High 37.97 62.03
Low 93.61 6.39
KNN ) 86.10 % 0.88, 0.83
High 23.82 76.18
Low 66.92 33.08
Naive Bayes 62.25 % 0.67, 0.56
High 43.92 56.08
1 -
081
E f -
o 06 |
= .
= |
g | /
w 0.4/
o .
02t /
[/ SVM (AUC: 0.69)
.'/ KNN (AUC: 0.85)
0 NB (AUC:D.61)
o 0.2 0.4 0.6 0.8 1

False positive rate

Figure 84. ROC per classifier for Active group{@asses Arousal classification)

Active group (3-classes)

Table46 shows the confusion matrices, the-ofisample accuracies andsEores
per optimised classifier for detection of 3 classes of arousal (low, average and high),
from PPG features of the actiggoup. The KNN achieved the higher accuracy
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(76.93%), and the lowest eaf-sample misclassification rate-fosswn = 0.23, k
Losssym = 0.40, kLosss = 0.50).Figure 89 shows the ROC curves per classifier

with their corresponding area under curve (AUC).

Table 46. Confusion matrixes for the SVM, KNN, NB classifiers for 3 classes of arousal,

together with their equivalent CV accuayapercentages anddeores (active group) . Values

are expressed as percentages.

Confusion Matrix-Arousal Testing se3 classes (Active)

Classifier Valence Low Medium High Accuracy F-scores
Low 63.57 26.39 10.04
SVM Medium  25.56 63.33 11.11 59.63%  0.60 0.60, 0.57
High 25.45 24.11 50.45
Low 92.19 6.32 1.49
KNN Medium  27.04 65.19 7.78 76.93%  0.79,0.73,0.79
High 18.30 8.89 72.77
Low 55.76 28.25 15.98
Naive
Medium  26.67 53.33 20 50.20%  0.56, 0.50, 0.43
Bayes ]
High 21.43 38.84 39.73
1 —
0.8 |
g T T
[ T
o 06 | 7
= , ,..»--’
% | -
2 |
© 04|
c
02 lf SVM (AUG-0.7)
|/ KNN (AUC: 0.82)
NB (AUC: 0.62)
Du 0.2 0.4 0.6 0.8

Passive group(2-classes)

False positive rate

Figure 85. Roc curves per classifier for Active group (3 classes Arousal classificati

Table47 shows the confusion matrixes, accuracies anddfes of the testing set for

three classifiers for two arousal classes, from PPG features of the passive group. The
KNN achieved the higher acacy (80.54%), and the lowest eaftsample
misclassification rate (kossnn = 0.19, kLosssym = 0.32, kLossis = 0.38).Figure
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88 shows the ROC curvgser classifier with their corresponding area under curve

(AUC).

Table 47. Confusion matrixes per classifier for 2 classes of arousal, together with their

equivalent CV accuracy percentages argtéres (passive groupyalues are expressed as

percentages

Confusion Matrix-Arousal-Testing set 2 Classes (Passive)

Classifier Arousal Low High Accuracy F-scores
Low 69.06 30.94
SVM ) 67.70 0.68, 0.67
High 33.68 66.32
Low 91.82 8.18
KNN ) 80.54 0.83,0.78
High 30.94 69.06
Low 65.70 34.30
Naive Bayes 62.50 0.64, 0.61
High 40.75 59.25
1 —
0.8 — -
o o
&8 e
:%g 0.6 f‘,’
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8 /
o 0.4 V4
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02t I,/f SV (AUC: 0.68)
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Figure 86. ROC per classifier foPassie group (2classes Arousal classification)

Passive group (Xlasses) Table48 show the confusion matrixes, accuracies and

F-scores for three classes arousal (low, medium, high) from PPG features of the

passive group. TheMN achieved the higher accuracy (77.30%), and the lowest out

of-sample misclassification rate-{lossnn = 0.23, kLosssym = 0.38, kLosss =

0.49).Figure89 shows the ROC curves per classifier with their corresponding area

under curve (AUC).

Table 48. Confusion matrixes for 3 classes of arousal, together with their equivalent CV

accuracy percentages andg¢ores (passive groupjalues are expressed as percentages.
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Confusion Matrix- Arousal Testing seB classes (Passive)

Classifier Arousal Low Medium High Accuracy F-scores
Low 68.28 14.19 17.53
SVM Medium  24.86 55.54 19.60 61.81%  0.64, 0.59, 0.62
High 21.54 17.36 61.10
Low 92.82 5.83 1.34
KNN Medium  25.70 68.97 5.99 77.30% 0.77,0.76,0.79
High 24.37 6.18 69.45
Low 53.26 21.87 24.87
Naive ) [0.53, 0.49,
Medium  25.41 48.46 26.13 51.23%
Bayes ) 0.52]
High 25.04 23.21 51.75
‘I ] __é_“..-f
0.8 e
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o 06
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Figure 87. ROC per classifier for Passive groualasses Arousal classification).
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Arousal classification with fusion of EMG and PPG features In . The Roc

curves are presentedkigure90.

Table 49the confusion matrices, accuracies argtbres and misclassification rates

are shown per classifier using the combination of features from the EMG and PPG

sensors (fusion). The Roc curves are presentEijiure90.

Table 49. Confusion matrixes and performance metrics per classifier using combined

features (fusion), per group (active, passive and all combined). The confusion matrix and

accuracy per classifier are expressed in percentages.

Confusion Matrix-Arousali 2 Classesrom EMG & PPG features (fusion)

Group Classifier Arousal Low High  Accur. F-scores  k-loss
SVM :I’g"’;’] ;;éz 53:22 7422 074,075 0.26

(cor:tlJlined) KNN I:?g\;;/1 Séi ;ggg 8l1.47 080,083 019
NB l:?g‘r'] iggg ggg; 50.23  0.61,0.57] 0.40

SVM l:?g‘r'] 22;22 22:;2 67.98 0.70,0.66 0.32

Active KNN h?g;'] 22:;2 ;23? 80.87 0.83,078 0.19
NB h‘l’;’;’] f’é:g; gz:gf 53.53 054,053 0.47

SVM h‘l’g;’] (152:3;1 22:;2 7568 072,079 0.24

Passive  KNN l:?g‘r’] 1822 :g:gi 80.67 0.77,0.83 0.19
NB l:?g‘r’] 23:32 gg;i 58.92 060,058 0.41
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Figure 88. ROC curvesper classifier for combined groupsing EMG and PPG deriv

featureq2-classes Arousal classification).

Arousal Classification from EMG features

Combined groups(2-classes)

Table50shows the confusion matrices, accuracies aaddres of the testing set for
three classifiers for two arousal classes, from EMG features fateroéiboth groups
combined. The KNN achieved the higher accuracy (93.37%), and the low@$t out
sample misclassification rate-gosswn = 0.07, kLosssym = 0.17, kLosss = 0.28).
Figure91 shows the ROC curves per classifier with their corresponding area under

curve (AUC).

Table 50. Confusion matrixes and performance metrics per classifier using combined
features (fusion), for all users combined for arousaldtiete (2classes) using only EMG

features. The confusion matrix and accuracy per classifier are expressed in percentages.
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Figure 89. ROC curves per classifier for-@asses arousal detection using E

features (all users).
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Confusion Matrix-Arousali 2 Classes (Combined groups)

Classifier Arousal Low High Accuracy F-scores
Low 81.38 18.62

SVM ) 83.45% 0.84, 0.82
High 13.98 86.02
Low 95.37 4.63

KNN ) 93.37% 0.94, 0.92
High 9.11 90.89
Low 76.81 23.19

Naive Bayes 71.52% 0.75, 0.67
High 35.04 64.96

Active group (2-classes)

Table51 shows the confusion matrixes, accuracies aaddfes of the testing set for
three classifiers for two arousal classes, from EMG features from the Active group.
The KNN achieved the higher accuracy (90.93%), and the lowesif-gaimple
misclassificatiomrate (kLosswn = 0.09, kLosssvm = 0.28, kLosss = 0.37).Figure

92 shows the ROC curves per classifier with their corresponding area under curve
(AUC).

Table 51. Arousal classification using EMG features (Active group)

Confusion Matrix-Arousali 2 Classes (Active group)

Classifier Arousal Low High Accuracy F-scores
Low 58.75 41.25

SVM 72.28 0.89, 0.75
High 13.27 86.73
Low 89.69 10.31

KNN 90.93 0.91,0.91
High 7.74 92.26
Low 65.11 34.89

Naive Bayes 62.84 0.64, 0.61
High 39.58 60.42
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Figure 90. ROC curves per classifier for-2lasses arousal detection using EMG feat

(active group)

Passive group(2-classes)

Table52 shows the confusion matrixes, accuracies aaddfes of the testing set for

three classifiers for twarousal classes, from EMG features from the Active group.
The KNN achieved the higher accuracy (91.71%), and the lowesif-@ample

misclassification rate (kosswn = 0.08, kLosssvm = 0.20, kLosss = 0.36).Figure

93 shows the ROC curves per classifier with their corresponding area under curve

(AUC).

Table 52. Arousal classification using EMG features (Active group)

Confusion Matrix-Arousali 2 Classes (Active group)

Classifier Arousal Low High Accuracy F-scores
Low 76.21 23.79

SVM ) 80.09 0.80, 0.81
High 15.85 84.15
Low 92.93 7.07

KNN ] 91.71 0.92,0.91
High 9.57 90.43
Low 74.98 25.02

Naive Bayes 63.82 0.67, 0.58
High 47.87 52.13
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Figure 91. ROC curves per classifier for@asses arousal detection using EMG fea

(passivegroup)
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B. Appendix: Glossary

Accuracy:The extent to which a systemdbs detect

given -bgpubbéddgiven by the participants in

Affect: A general property of experient®at has at least two features: pleasantness
or unpleasantness (valence) and degree of arousal. Affect is part of every waking
moment of life and is not specific to instances of emotion, although all emotional

experiences have affect at their core.

Agreement. The extent to which two people provide consistent responses; high

agreement produces high intarbject consistency.

Appraisal: A psychological feature of experience (e.g., experiencing an event as
unexpected). The word appraisal is commonly usecesearch as the cognitive
assessment of a feature of an experience (e.g., the judgement of whether the event

was unexpected or novel).

Approach/avoidance: A fundamental dimension of motivated behaviour towards

an event or stimulus.

Arousal: Thei nt ensity of the physiological comp
is one dimension of affect, and it is independent of valence. For example, someone

can be happy and serene (high in valence but low in arousal) while watching the sea

waves and they can bappy and excited (same level of valence but high in arousal)

when receiving a good surprise gift.

Consistency: An outcome that does not vary greatly across time, context, and

different individuals.
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Emotional expression: A facial configuration, bodily movement, or vocal

expression that reliability and specifically communicates an emotional state.

Facial action coding system (FACS)A system to describe and quantify visible

human facial movements.

Facial expression: A facial configuration caused by wwactions of the facial

muscles that is often inferred to express an internal state.

Generalize/generalizability High venerability means that findings can be
replicated or a detection model can be applied to new users, across different settings.

Multim odal: Combining information from more than one of the senses (e.g., vision

and audition). Similarly, with sensor multimodality researchers refer to the
integration of various types of sensors to collect data for a certain task.
Perceiverdependent:An obsrvation that depend on human judgment.

Prototype: A new, preliminary version of a model, for example of a type of
technol ogy. Prototypes are often used to
creation or performance of such model is possible.

Reliability: An observation that is repeatable across time, context, and individuals.
Sensitivity - Refers to the ability of a system or a being in detecting changes around

them. High sensitivity can provide with fingrained detections. In binary
classifcation test, sensitivity is the ratio of correctly detected true positives.

Specificity: A measure of evaluating how well the system can correctly detect true
negatives, or o6false alarmsé. A balanced,

of speciftity as sensitivity (see sensitivity).

Universal: Something that is common or shared by all humans, across cultures.
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C. Appendix: Study Materials

Chapter 4: Video validation study (Sectiord.2.3.

Table 53.Videos clips selected from the film database by Samson E&4al]. The video
clips are sorted by targeted affective category, with their rescaled mean valence and arousal

scores per video (scaled fromblio 1-9). The video names are extracted from the original

list.

Category ID Video Titles Vee  Ar
1 Babybitesbrosfingers 711 2.89

2 Babydoesné6tl ovehis dad 626 241

3 Babyshiccupandjauph 6.65 2.81

PL 4 Cookiebaby 6.57 2.68
5 Smartbabywithpacifier 6.81 2.33

6 Excalatorspinning 6.36 3.05

7 Beatboxbabydance 6.70 2.82

8 Catsucklesair A 7.16  3.00

1 Babydancebeyonce 7.37 3.82

2 Babyfailshulahoop 745 3.83

3 Babycontrolscheers 791 3.80

PH 4 Bridelauphingduringvows 6.84 3.59
5 Girlthrownintobasketballhoop 575 3.93

6 Pandasneezealot 6.89 3.80

7 Singingdog 7.30 3.93

8 Weedingphtographerfails 6.30 3.45

1 Armbentfromskateboard 276 2.74

2 Bmxfaceplant 287 2.49

3 Boyfaceplants 3.02 2.60

NL 4 Bullwrongtarget 3.26 3.03
5 Snowboardercrashes 3.72 281

6 Tablebackflip 3.13 292

7 Skaterfallsbreakwrist 231 3.08

8 Bikeintowall 282 295

1 Bikefalloffcliff 258 4.06

2 Bullthrownandtrample 2.65 4.07

3 Carhitsskater 257 4.02

NH 4 Breakdancerkickskid 287 3.90
5 Crocbitesman 223 4.18

6 Fatboyrollercoaster 3.58 3.99

7 Horribleskiaccident 274 3.90

8 Motorcyclejumperfriuiflesshort 290 4.01

1 Bart 444 151

_ 2 Boydrinkingtea 422 134
s 3 Assembly 426 1.45
5 4 Airport2 430 150
4 5 Cablecar 454 167
6 Café 466 1.35



Cityinthenight
Denvertrain
Eatingpizza

Eatingwithchopstics
Gilsbruthingtheirteeth

Hairwashing
Hikinginthewood
Museum
Nystreet
Ridingthetubel
Ridingthetube2
Sanfran
Sittingonthesofa
Snow

Swimlaps

Tea

Treadmill
Vangoghmuseum
Pillow

C-2

4.34
4.65
452
4.66
457
4.47
4.65
4.30
4.28
431
4.50
4.06
4.02
457
457
4.33
4.47
4.65
4.81
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1.48
1.83
161
1.83
1.62
1.56
1.69
1.69
1.88
1.56
1.56
154
1.50
1.70
1.48
1.37
151
1.83
191
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Chapter 5: Construction of the Virtual Environments.

Photos of office room were used to recreate the VR office replicas. The following pictures
were taken from the physical room in order to desligitails used for the development of the

virtual replicas.

ON HEARING THE FIRE

ALARM

C-3
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Table 54. This table contains pictures of the targeted stimuli used in the VR scenes. All other

static objects and events of the scenes were also tracked but were omitted from this table.

Tracked
objects/events per| Scene /VR_Object/EventID Picture

The bookase

scene

All /15
The clock All /24
o o -

e o

o - -
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The window All /17
The newsboard All /16
The cup All/0
The mouse All/5
The desks All /37
The bin Neutral / 9
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The mirror

All /22

The carpet

All /18

The fire alarm

Negative /34

The documents

Negative / 42

The lightening
/shadow on the
window

Negative /39

The glitch in
viewpoint

Negative /36

The fire/smoke

Negative /32
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Theoverflowing
rubbish

Negative /9,53

The flickering light

Negative /33

The mirror Negative /39

The spiders Negative /818
The light bulb

fusing Negative /33

The spilt drink
(coffee-cup)

Negative / 28

C-7
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The rat

Negative /100

The spider attack

Negative /37

The green plant

Positive / 2

Poster of a baby

Positive /0, 201(sound)

The light explosion
(Changed Event
"Light Explosion"

) Positive /9
to "Light and
Laughter".)
The mirror
. Positive /4
reflection
Thedog poster »
Positive / 39
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The butterflies Positive /6
The robot .
Positive /1
The monitor Positive /205
message
Star dust in the
room Positive /7
The guitar Positive /25
The growing flower .
on the desk Positive /3
The birds Positive /203
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The amplifier

Positive /7

The ball

Positive /34
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Correlation of Coefficient per stimulus used in survey (Section 5.3)

Table 55. List of video and object stimuli used in survey prior to main Fedem3 study. For
each stimulus the mean (M), standard deviation (Std.) and Coefficient of Variation (CV) are

reported for valence (V) and Arousal (A).

Neutral Condition Negative Condition Postive Condition
M Std cv M Std CcVv M Std Ccv
Video_V 4.806 1.468 30.555(Video_V 3.119 1.644 52.697| Video_ V  6.179 1.486 24.041
Video_A 2552 1.669 65.382|Video_A 6.134 1.811 29.526| Video_A  4.552 2.208 48.498
Neu_ 1 V 4750 1.199 25.241|Neg 1V 3.209 1.570 48.915| Pos_1_V 5.388 1516 28.130
Neu 1 A 2373 1534 64.642|Neg 1_A 5.851 2.053 35.097| Pos 1 A 3.343 1.974 59.047
Neu 2 V 4.478 1.353 30.225|Neg_2_V 4.075 1.696 41.613| Pos_ 2_V 5.746 1.624 28.260
Neu 2 A 2179 1.424 65.345|Neg 2. A 3.776 1.991 52.731| Pos 2 A 3.358 1.906 56.757
Neu 3 V 4537 1.605 35.380|Neg 3 V 3.254 1.713 52.658| Pos 3 V 5403 1.924 35617
Neu 3 A 2388 1.545 64.693|Neg 3 A 6.090 1.991 32.687| Pos_ 3_A 5.030 2.178 43.309
Neu 4 V 4343 1531 35.256|Neg 4 V 3.612 1.476 40.857| Pos 4 V 5657 1.881 33.256
Neu 4 A 2493 1705 68.400|Neg 4 A 4.821 1.977 41.007| Pos 4 A 4.373 2.101 48.037
Neu 5V 4612 1.666 36.119|Neg 5 V 3.299 1.612 48.860| Pos 5.V 6.537 1765 26.995
Neu 5 A 2940 1.803 61.314|Neg 5 A 5.776 1.786 30.915| Pos 5 A 4.448 2.469 55.520
Neu 6 V 4776 1.544 32.319|Neg 6 V 4.000 1.574 39.351| Pos 6 V 6.881 1.881 27.337
Neu_6_A 3.119 1.825 58.491(Neg_6_A 3.433 1.941 56.545| Pos 6_A 4.761 2419 50.815
Neu 7 V 4.418 1.468 33.218|Neg 7.V 3.522 1587 45.051| Pos 7 V 5776 2043 35.369
Neu_7_A 2.642 1562 59.115(Neg_7_A 5.328 2.003 37.589| Pos_ 7_A 4.925 2377 48.265
Neu 8 V 4.612 1564 33.914|Neg 8 V 2.761 1.845 66.835| Pos 8 V 6.015 1.732 28.795
Neu_8 A 2418 1575 65.158(Neg_8 A 6.433 2.228 34.628| Pos_ 8_A 4.522 2160 47.772
Neu_ 9 V 4701 1526 32.459(Neg_9 V 3.104 1.854 59.716| Pos 9.V 6.269 1.833 29.244
Neu 9 A 2567 1.538 59.903|Neg 9 A 5.896 2.395 40.622| Pos_ 9 A 4.896 2.293 46.838
Neu_10_Vv 4.761 1.436 30.163Neg_10_\ 3.776 1.794 47.510(Pos_10_V 4.955 1.559 31.464
Neu 10 A 2.463 1.587 64.425Neg 10 / 5.030 2.246 44.651|Pos_10 A 3.149 1.910 60.660
Neu 11 \ 4597 1.649 35.865Neg 11 \ 4.075 1.558 38.236|Pos_11 V 5537 1.765 31.870
Neu 11 A 2.388 1.555 65.096Neg 11 / 3.343 1.936 57.905(Pos 11 A 3.627 2.218 61.161
Neu 12 VvV 4.791 1.626 33.932|Neg_12 \ 3.761 1.754 46.640|Pos_12_V 5.910 1.690 28.601
Neu_12 A 3.507 2.083 59.392|Neg_12 / 4.463 2.146 48.095|Pos_12_A 3.821 2.137 55.918
Neu 13 V 4597 1.394 30.315|Neg 13 \ 2.627 1.953 74.365|Pos 13 V 4.731 1589 33.584
Neu 13 A 2.373 1.601 67.451Neg_13 / 6.657 2.328 34.972|Pos_13_A 3.284 1.802 54.885
Neu 14 \ 4.881 1.399 28.655[Neg_14 \ 3.209 1579 49.210|Pos_14 V 5299 1.820 34.357
Neu 14 A 2761 1.763 63.839|Neg_14 / 5.567 2.132 38.290(Pos 14 A 3.343 1951 58.364

M_CV_V 32.361 49.987 30.920
Std. 3.018 10.104 2.967
M_CV_A 63.376 41.838 53.382
Std. 3.056 8.538 5.556
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Table 56. Mean selfrating valence and arousal scores of static objects per VE scenario. ID
is for the identity number of the object, M for mean, Sd for standard deviation, CV (%) for
coefficient of variation

ANV Positive VE Negative VE Neutral VE
ID M. SD. CV. ID M SD CV ID M. SD. CW.

V. 1 096 0.27 27911 081 0.34 41971 0.73 0.25 34.01
A. 0.93 0.35 37.41 0.51 0.43 84.13 0.41 0.31 76.64
V. 2 0.95 0.27 28.56| 6 096 0.29 3052|5 1.00 0.29 29.50
A. 0.93 0.35 37.28 0.88 0.31 35.69 0.86 0.27 31.72
V. 3 0.96 0.27 27.92| 8 096 0.27 28.17|6 099 0.27 27.19
A. 0.93 0.34 36.65 0.92 0.40 43.33 0.98 0.42 43.16
V. 4 095 0.27 2854|9 098 0.25 25.16( 7 1.01 0.25 25.20
A. 0.93 0.35 37.29 0.88 0.35 39.70 0.89 0.33 37.34
V. 5 0.96 0.27 28.58| 10 0.97 0.26 26.93| 8 1.01 0.26 25.56
A. 092 0.35 37.78 0.89 0.38 42.62 0.94 0.40 4272
V. 6 097 0.26 27.23| 11 093 0.24 2592|9 0.95 0.23 23.97
A. 0.90 0.31 34.04 0.90 0.41 45.08 0.96 0.44 45.72
V. 7 096 0.27 27.92|12 095 0.29 3054|10 1.01 0.28 28.29
A. 0.93 0.34 36.65 0.89 0.33 3741 0.89 0.31 34091
V. 8 0.97 0.27 27.85|13 097 0.26 26.93| 11 1.01 0.26 25.56
A. 0.90 0.31 34.74 0.89 0.38 42.62 0.94 040 4272
V. 9 096 0.27 27.92|14 097 026 2693|12 101 0.26 2556
A. 0.93 0.34 36.65 0.89 0.38 42.62 0.94 040 4272
V. 10 092 0.27 289217 097 0.26 27.24(15 100 0.26 25.89
A. 0.90 0.33 36.56 0.89 0.39 43.26 0.94 0.41 43.26
V. 11 095 0.27 2856(18 1.00 0.24 2415(16 1.02 0.25 24.13
A. 0.93 0.35 37.28 0.93 0.36 39.20 0.96 0.39 41.03
V. 12 094 030 31.60(20 0.97 0.26 269317 101 0.26 25.56
A. 0.92 0.38 41.44 0.89 0.38 42.62 0.94 040 4272
V. 13 097 0.26 26.74(22 096 0.26 27.03(18 1.00 0.26 25.65
A. 0.95 0.34 3553 090 0.39 4284 0.94 0.40 4277
V. 15 094 0.27 29.02(24 099 0.26 26.33(20 1.03 0.25 24.24
A. 0.92 0.35 37.87 0.89 0.37 42.08 0.93 0.39 42.09
V. 16 095 0.28 29.23( 23 0.97 0.27 2736(21 101 0.26 25.95
A. 0.93 0.36 38.24 0.89 0.39 43.32 0.94 0.41 4333
V. 17 097 0.27 281325 097 0.26 269322 101 0.26 2556
A. 0.95 0.35 36.82 0.89 0.38 42.62 0.94 0.40 4272
V. 18 094 0.26 28.02| 26 1.00 0.27 275123 1.02 0.29 2820
A. 0.94 0.35 36.72 0.84 0.34 40.45 0.81 0.32 39.23
V. 19 093 0.23 25.09(27 0.99 0.28 27.89(24 103 0.27 26.24
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20

21

22

23

24

25

31

34

35

37

38

39

40

41

42

43

44

0.93
0.96
0.88
0.95
0.94
0.96
0.93
0.96
0.93
0.96
0.91
0.96
0.93
0.99
0.97
0.95
0.93
0.96
0.92
0.96
0.93
0.95
0.93
0.95
0.93
0.96
0.93
0.94
0.88
0.97
0.93
0.96
0.93
0.96
0.93

0.38
0.28
0.31
0.28
0.37
0.27
0.35
0.27
0.34
0.27
0.33
0.27
0.34
0.27
0.36
0.27
0.35
0.27
0.35
0.27
0.34
0.27
0.35
0.27
0.35
0.27
0.34
0.29
0.34
0.27
0.35
0.27
0.34
0.27
0.34

40.44
28.55
34.63
29.71
39.91
27.91
37.41
27.92
36.65
28.46
36.31
27.92
36.65
27.59
36.99
28.56
37.28
28.58
37.78
27.92
36.65
28.54
37.29
28.57
37.45
27.92
36.65
30.39
39.01
27.78
37.46
27.92
36.65
27.92
36.65

0.86 0.39 45.05
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Mean scores for object per scenario
2

@ Objects in Negative Scenario

© Objects in Neutral Scenario

15 © Objects in Positive Scenario
©
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Figure 92. Mean scores of objects per VE scenario on the AV cartesian spe

5 Mean CV across objects per scenario

© Mean Negative
Mean Neutral

Mean Positive
1.5
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0 0.5 1.5 2
Valence

Figure 93. Mean scores of objects per scenario and their standard deviations. The mean CV
score is represented by the scale of the bubble
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Chapter 5-6: Design amendments in VES

The results and feedback obtained from this survey were used to improve and finalise the
design of the VEs, including the objects/events that were present in the VESs. In particular,
we decided to change the timing between certagntsv(additional 6 seconds were added
between timecontrolled events) to allow additional time for the user to inspect the room and
to further differentiate the stimuli activation times. We changed the design and the animation
of the O0r at @maergalestcand slightly nmara kegative, so that it can attract
the userod6s attention. The event could now be
visibility by the user. The light explosion camegfiect event in the positive scenario was
replaced by an event where the window opened and laughing sounds from outside the room
were activated. Small lighting touches were applied in all three rooms to improve the
visibility of the stimuli and to improve the shadow displays. This was achieveddey ah

office lamp on the desks of all three VEs and by using performance effective light baking
when appropriatg¢445]. In the case of the negative scenario, in order to keep the dark
atmosplere of the room, an additional candle in front of skatiking sculpture was added

on the second right shelf of the bookcase.

As the underwater baseline environment elicited higher levels of valence and
arousal than expected, we replaced it with an effigsed room, from which all potentially
stimulating objects and events were excluded
containing only the bookcase the walls and the window, which we used in the main study to
relax our participants and record baseliia¢a.

To improve the positive valence ratings of the positive scene, we added a few
objects. Firstly, an audio soundtrack of a bab
The sound is only triggered when the participant looked directly towaedpdkter. The
sound was implemented to bé3with a centre at the baby poster when the sound is stronger,
reaching towards the window and the end of the room. Its sound volume was decreasing with
distance from the poster. Additionally, a picture of atgeas added on the second right self
of the bookcase, which when triggered by direct gaze of the user, it would automatically play
a short video of a goat laughing from an online repository. The window view was also
improved by using tree imagesand3Dplas. A small second ball, O6po
on the second desk and the initial o6(beach) ba

were kept as initially designed.
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D. Appendix: Questionnaires

Demographics®é Questionnaire

No. Time : Date:

Please answer to the following questions and select by ticking or circling your response where appropriate.

1. How old are you?

2. With what gender doyou identify?

Prefer not to say
3. Do you speak English fluently?

Yes
No
4. What is the highest level of education you have completed?

Secondary School

Technical School (2 years)
College

Bachelor's degree

Master's degree

Doctoral degree

Professional degree (MD, JD, etc.)
Other:

5. Are you left or right-handed?

Left-handed

Righthanded

| use both hands equally well

6. Have you participated in a similar experiment before?

Yes
No

7. On a scale from 110, please rate your experience with virtual redty?

(Not at all experienced) (Very experienced)

8. Do you suffer from any mental/psychological disorders (e.glinically diagnosed anxiety and depression)?

Yes No



Appendix D

9. Do you suffer from any cardiovascular conditions?

Yes No

10. Are you aware of having any conditions that are affecting facial movements such as facial palsy or stroke?

Yes No

11. Do you suffer from any of the following?

excessive fear of snakes (ophidiophobia),

excessive fear of insects (entomophobia) or excessive fear of spiders (arachnophobia),

excessive fear of fire (pyrophobia),

excessive fear of enclosed spaces (claustrophobia),

excessive fear of the dark (nyctophobia)

intense motion sickness (hausea, sweating, vertigo, dizziness etc.) while traveling or during a Virtual
reality experiencé only for VR task participants

OO0OO0OO0OO0O0O

Yes No
| f vou selected fAYeso i n -hAlhwe stmigly te¢ommeadavodiag tdkiogpartique st i ons (

this study. (*Please do not continue with the survey (for online survey)
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VR Environment Survey

Note, the SAM figures, the vimte figures and skip/show question logics were omitted from this

version of the questionnaire.

Q217 Participant Agreement Form

Title of Project: Online Survey- Evaluation of emotional responses in Virtual Reality

In this online survey you will be asked to rate how different events and/or objects that appear in
three Virtual Reality environments' videos make you feel.
The total time required to fill the questionnaire can range from3@®0minutes.

In this form we ask you to confirm whether you agree to take part in the Project. You should
only agree to take part in the project if you understand what this will mean forlfygou
complete the rest of this form, you will be confirming to us that:

1. 1. You have read and understood the Project Participant Information Sheet and
have been given access the BU Research Participant Privacy Notice which sets out how we
collect and use personal information
(https://www1.bournemouth.ac.uk/about/governance/adoéssnation/dataprotection

privacy)
2 You have had the opportunity to ask questions;

3. You understand that:

a. Your participation is voluntaryYou can stop participating in research activities
at any time without giving a reason, and you are free to decline to answer any particular
question(s).

b. If you withdraw from participating in the Project, you may not aisvee able to
withdraw all of your data from further use within the Project, particularly once we have
anonymised your data and we can no longer identify you.

C. Data you provide may be included in an anonymised form within a dataset to be
archivedatBl6 s Online Research Data Repository.
d. Data you provide may be used in an anonymised form by the research team to

support other research projects in the future, including future publications, reports or
presentations.

Q218 | agree to takgart in the project on the basis set out above

Yes (1)

No (2)

Q13 How old are you?

Q15 How do you identify yourself?
Female (1)

Male (2)

Other (3)

Q17 Which hand do yopredominantly use?
Left (1)

Right (2)
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Either (ambidextrous) (3)

Q19 Do you speak English fluently?
Yes (1)
No (2)

Q21 What level of Education do you have?
Less than high school (1)
High school graduate (2)

College (3)

Degree (4)

Masters (5)

Doctorate (6)

If other, please specify (7)

Q23 Please rate your experience in any immersive experiences, particularly virtual reality.

No experience (1) Novice (2) Average (3) Expert (4)

Experience in
immersive reality

@

Q25Please rate your experience with video games

No experience (1 Novice (2) Average (3) Expert (4)

Experience in
gaming (1)

Q27Do you suffer from any mental/psychological disorders (such as anxiety/depression)?

Yes (1)

No (2)
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Q29 Do you suffer from chronic fatigue syndrome (extreme fatigue that doesn't go away with
rest or sleep)?

Yes (1)

No (2)
Q241 Do you suffer fromreeephalopathy (a disease that affects the structure or function of your
brain)?

Yes (6)

No (7)

Q242 Do you suffer from any cardiovascular disorders (any problems with the heart or blood
vessels)?

No (1)

If yes, please be more specific: (2)

Q35 Do vyou suffer from any of the following psychological phobias?

If yes, please give a number from 1 to 10 to indicate how much this phobia affects you (above 5
meaning a severe phobia). If no, tHeave the space blank.

Yes (:10)

Spider phobia (Arachnophobia) (1)

Entomophobia (excessive fear of insects) (2)

Pyrophobia (excessive fear of fire) (3)

Claustrophobia (excessive fear of enclosed
spaces) (4)

Nyctophobia (excessive fear of thark) (5)

Q37If you have scored higher than 5 for any of the stated phobias then please don't continue
with the study.
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Q345Instructions

Here we will add an example of what the survey looks like.

You will see a video window and underneath that, you will find 1 question.

Once you have watched the video and answered the question, you will be able to cliek'the "
or " next" button ¢ view the next pagén the next page, you will find 2 sets of 5 figures. We
call them SAM figures.

SAM shows different kinds of feelings: Happy vs. Unhappy and Calm/Bored vs.
Excited/Aroused.

You will be asked to rate the emotion you felt usingséhevo scales/sets of figures for the
video you just watched.

There are no right or wrong answers, so simply respond as honestly as you can.

Q347 (EXAMPLE) Please watch the entire video and report how you felt using the sliders
below.

Q348Please rate how you felt watching this video

Each SAM figure varies along each side. In this illustration the first figuretiappy
/frowning (annoyed, unsatisfied, melancholic, boradyl the last one is smiling being very
happy(pleasd, satisfied, contented, hopéful

If what you saw made you feel very unhappy, you can select 1 or if you feel very happy you can
select 9.

Q349 Example: Please select valengau(can change the rating by clicking and dragging the
slider to your peference)
from happy/smiling to unhappy/frowning

1 2 3 4 5 6 7 8 9

0 '

Q350Please rate théevel of excitement

Now you can select the excitement/intensitghe emotion you felt during the video.

This scale ranges froncalm (relaxed, sluggish, dull, sleepy, unarousedto aroused
(stimulated, excited, frenzied, jittery, wideawaked).
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The descriptions on the scales will remain for the duration of the survey.

Q351 Please select arousal
from calm/unaroused to excited/aroused

0 '

Q352 You will be asked to watch a video (4 videos in total) and rate how specific objects/events
appearing in the video made you feel. Some of the videos may prompt emotional experiences;
others may seem relatively neutral.

We want to remind you yourating of each picture should reflect your immediate personal
experience, and noore.
Please rate each one as you actually felt while watching tkigeo. It is important for the
completion of the survey that yowvatch and rate all the videoxluded in this
survey. Important events may be found in the middle or even at the end of a video clip
soplease watch the whole duration of each video.

Feel free to take breaks before each video throughout the survey, however if possible pidase av
taking breaks until all questions per video stimulus are answered (14 in total per video).
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Q353Part 2: Main Survey

Please take a short break before the start of the main survey to ensure you are feeling relaxed and
that your computer/phone has enough battery, and your headphones are connected.

When you are ready to begin, click "yes" in the following question.

Q354 Would you like to begin?

Yes (1)

Q356 Important noticéVe want to remind you that traiders for the video ratinwiill be
available after you have watched the entire vidmply press the video to play and once it has
ended click the "next" or -%" button at the bottom of the page to continue.

Q243 Before starting to watch the videos, we would like to adjust the audio volume for the rest
of this survey to a level that it is comfortable for you. The following sound check is required in
order to set an optimal volume levfel you regarding the overall audio tracks included in the
videos of this survey.
Instructions:

1) Set your Audio volume to ~50%

2) Play the following video and adjust the volume so as to barely hear the synchronous
tones.

*If you cannot hear the audio of this video, please ensure that the mute switch is not enabled, the
headphones or speakers are connected, and that the volume level of the YouTube player is set to
100%. We recommend a volume range betweerb28o.

When you omplete this step, please press the "next" button to continue with the survey.
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